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Mechanical Engineering

Wind tunnel experiments are used to investigate the dynamics of small inertial particles (wa-

ter droplets ≈ 5− 150µm in diameter) in homogeneous, isotropic, slowly decaying grid tur-

bulence (Reλ ≈ 350, ε ≈ 0.1 m2s−3). Phase Doppler Particle Analyzer (PDPA), high-speed

imaging measurements and a new 4-frame N+2 Best Estimated Position Particle Tracking

Velocimetry (PTV) algorithm are used to determine droplet locations in space and time.

Experimental evidence is found of droplet preferential concentration and enhanced rela-

tive velocity resulting from the droplets’ inertial interactions with the underlying turbulence.

The Radial Distribution Functions (RDF) have strong peaks at small separation distances

that indicate the preferential accumulation of droplets in the flow. This result is confirmed

by Voronoi analysis results that show droplets with small Voronoi areas (high local concen-

tration) are present with a probability higher than that predicted by a Random Poisson

Process (RPP). The 2D RDFs show a consistent trend where the results from the horizontal

imaging configurations are always lower than those from the vertical planes. The Voronoi

PDFs indicate the same anisotropic particle clustering. This observation that the 2D RDFs

and Voronoi PDFs are sensitive to orientation is likely the first experimental evidence that

clustering is anisotropic and stronger in the direction of gravity.



Droplet settling velocities are conditioned on Voronoi areas to assess the relationship

between settling and local droplet concentration. The settling velocity data, for all but the

largest droplets, presents a clear dependency on Voronoi area: as the Voronoi areas decrease

(local concentration increases), collective settling effects result in enhanced settling velocities.

The non-dimensional Closing Time ratio is proposed as a new way to interpret droplet rel-

ative velocity data that incorporates the fact that the particle collision probabilities depend

on both a large relative closing velocity and a small separation distance. The Closing Time

shows that once the relative velocity joint PDF is re-framed in the correct non-dimensional

ratio, it provides a more meaningful representation of the inertial droplet dynamics. Be-

yond the ability to provide qualitative understanding, the main benefit of the Closing Time

statistics is that they can be used to compute collision probabilities from experimentally

measurable quantities of separation distance and relative velocity. This is a novel contri-

bution that provides significant new understanding and quantifying capability for inertial

particle dynamics leading to collisions.
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Chapter 1

INTRODUCTION

The process of rain formation is a multiscale and multiphysics problem that, despite hav-

ing been studied for centuries, still defies successful quantitative modeling. Droplet collision-

coalescence is a key element of warm rain formation—an element that is necessary to explain

the rapid growth of condensation droplets beyond small diameters (on the order of 10µm)

and the spectrum broadening where droplet diameter distributions grow wider with long

tails that reach tens or even hundreds of microns as observed from radar backscattering field

measurements. This area of multiphase turbulent flows still presents multiple important

open questions.

The human relationship with rain is complex, since rain is simultaneously a nuisance

and a necessity, so an interest in the rain formation process should not be surprising. The

motivation to understand rain is strong enough that scientists have persevered despite the

ever-increasing complexity that each new study uncovers. The earliest studies were conducted

prior to fully understanding the turbulent fluid environment that is a defining characteristic of

rain clouds. Thankfully, the explosion of advanced experimentation has allowed researchers

to probe more deeply into the complexity that air turbulence adds to the rain formation

problem. Even today, despite the sustained exponential growth of computer processing speed,

the range of scales encompassed by the precipitation process requires computing power that

will not be available for many decades. Experimental observations are equally challenging.

Making precise measurements of the small-scale precipitation processes from a platform that
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must survive violent cloud environments is hazardous and expensive. But it is exactly these

types of challenges that make this problem so interesting, and why this interest has endured

for decades. Today, the scientific community has a solid qualitative understanding of how

precipitation forms, but portions of the process still lack the understanding necessary to

make accurate quantitative predictions. This dissertation contributes results from laboratory

experiments on droplet behavior in turbulence that are relevant to the collision-coalescence

process during warm-rain formation.

1.1 Background on Turbulent-Induced Collisions and Rain Formation

The first study done on the role of turbulence in rain formation was that of Arenberg (1939).

Using a sinusoidal representation for the turbulent velocity fluctuations, this seminal study

considered how turbulence could bring droplets together, but not the conditions necessary

for actual collisions. East and Marshall (1954) took the work on droplet collision efficiencies

by Langmuir (1948) and applied it to a model of collisions that included both random

turbulent motion and gravity. East and Marshall found that drops with similar sizes have

similar responses to turbulence, but drops with differing sizes can develop significant relative

velocities due to turbulent fluctuations in the carrier flow. They concluded that the random

motion of turbulence can be regarded as being equivalent to increasing the acceleration due

to gravity. As a result, their model predicts zero increase in the collision rate of similarly-

sized drops, but a significant increase for dissimilarly-sized drops. This is due to the fact that

their model does not account for spatial variation in the turbulent fluctuations, which would

impose differing velocities on neighboring drops even if their size or inertia was similar.

Saffman and Turner (1956) performed what is regarded as the seminal work on the prob-

lem of turbulence-induced collisions. They improved on the analysis of East and Marshall

(1954) by including a mechanism that would allow equally-sized drops to collide. Saffman

and Turner proposed that there are two mechanisms by which turbulence creates the relative
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velocities between drops that lead to collision: (1) relative velocities due to spatial variations

in the turbulent air motion, and (2) relative velocity created by different drop responses to

turbulent motions owing to their different inertia. Saffman and Turner (1956) dismissed the

use of the collision efficiencies reported by Langmuir (1948) since they were calculated for

drops in a steady, laminar flow around a fixed, large sphere. Instead Saffman and Turner

assumed collision efficiencies of 1.0 for all their drops.

de Almeida (1976, 1979a) performed a battery of Monte Carlo simulations to study the

increase in the geometric collision efficiency resulting from turbulence. These studies then

applied those results to calculate the evolution of cloud droplet size spectra (de Almeida,

1979b) and found that the coalescence process was greatly enhanced by turbulence. However,

Grover and Pruppacher (1985) suggested that the work by de Almeida (de Almeida, 1976,

1979a,b) used the wrong part of the turbulent energy spectrum for the drop sizes considered

and, for this reason, underestimated inertial effects in the calculations. While this does not

totally disqualify those early results, it does question their quantitative validity.

Reuter et al. (1988) published a novel study that incorporated a stochastic model of the

drop-collision process in the turbulent carrier flow. In addition to shear and inertia effects,

turbulence was thought to create collisions via an “over-lapping eddy” mechanism. In short,

this mechanism can be described as the interaction between two turbulent eddies carrying

with them droplets entrained in their circular motion. When the eddies collide, the droplets

they are carrying may collide as well. Reuter et al. (1989) then developed a probabilistic

collection kernel that included the effect of overlapping eddies and used it to calculate the

evolution of a cloud droplet spectrum. Those studies concluded that turbulence contributes

to the broadening of the droplet spectra, and increasing turbulence intensity increases spectra

broadening, but the droplet growth rate remained slow even for the most vigorous turbulence

studied.
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Khain and Pinsky (1995) studied the increase in volume swept by a drop falling in a

number of different shear flows. Pinsky and Khain (1997) increased the complexity level of

the previous study to a full two-dimensional (2D) Batchelor turbulence model and studied

the relative motion of inertial drops with respect to the fluid. In a companion paper (Khain

and Pinsky, 1997), those results were used to study the increase in swept volume with

simulated turbulence, and the effects on the collision kernel and the collision-coalescence

process as a whole. This was the first application of these concepts to flows with turbulent

dissipation rates and droplet radii relevant to cumulus clouds. Pinsky et al. (1999) performed

a computational study on the collision enhancement factor in turbulent flows, which they

calculated using the superposition method. This method involves calculating the number

of droplet collisions per unit time per unit volume that occur in a turbulent flow seeded

with a certain number of droplets of certain sizes and comparing the number of collisions

to the number that would occur in a purely laminar flow where relative velocity is due

only to gravitational settling. In general, they found that the collision enhancement factor

is a random variable in time and space, but that the mean value is greater than that for

gravity-induced collisions in laminar air. Pinsky et al. (2000, 2001) showed that the effects

of turbulence and inertia influence the collision kernel by increasing the swept volume of

a collector droplet and increasing the collision enhancement factor. Most important, they

showed that the collision enhancement factor is very sensitive to increases in relative velocity,

and creating relative velocity between drops is exactly what turbulence does.

1.2 The Dynamics of Inertial Particles in Turbulence

Taylor (1921) was the first to consider how a particle might behave in a statistically homo-

geneous turbulent fluid. Assuming that the particle has no inertia and therefore follows the

turbulent velocity fluctuations perfectly, Taylor (1921) derived an equation for the distance

traveled by the particle as a function of time, the root mean square of the turbulent velocity
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fluctuations, and the correlation coefficient for the particle velocity at two instances in time.

Effectively, Taylor’s equation describes how inertia-less particles will diffuse away from a

point source as a result of turbulent fluctuations.

Starting from first principles, Maxey and Riley (1983) derived an equation of motion

for a rigid spherical particle in a turbulent air flow that includes particle inertia. Their

work has contributed significantly to the turbulent collision problem by allowing researchers

to use their computational tools to study, in detail, particle-turbulence interactions. As

a result, a number of interesting phenomena have been discovered. Maxey performed a

series of 2D simulations studying particle motion in simplified representations of turbulence

(Maxey and Corrsin, 1986; Maxey, 1987a,b) and found that inertia caused heavy particles

to concentrate in regions of high strain and low vorticity, an effect known now as preferential

concentration. Another phenomenon found for particles in turbulent flows is that turbulence

increases particle settling velocity by preferentially sweeping the particles into downward-

flowing regions (Maxey and Corrsin, 1986; Wang and Maxey, 1993).

1.2.1 Preferential Concentration

Preferential concentration is the name given to the tendency of particles to accumulate in

certain regions of the flow, among other reasons, because they move away from regions of

high vorticity and collect in regions of high strain (Figure 1.1). Squires and Eaton (1990)

found this tendency in their results from Direct Numerical Simulations (DNS) of isotropic

turbulence and reported that it was most pronounced for an “intermediate time constant”.

Wang and Maxey (1993) used DNS to show that preferential concentration is the result of

the small scale motions of turbulence. For this reason, the Kolmogorov scale was shown

to be the correct scale to define the fluid time constant, and they found that preferential

concentration was most pronounced when the Stokes number (Eq. 1.1) of the particles was

approximately 1. When the results from Squires and Eaton (1990) are rescaled using the
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Figure 1.1: Inertial dynamics resulting from fluid flow structures. A cartoon depicting how
particles move away from the center of high-vorticity regions (left) and towards the center
of high-strain regions (right).

Kolmogorov time scale, their numbers agree with those of Wang and Maxey. The Stokes

number is a non-dimensional parameter that quantifies the effect of a particle’s inertia on

its interactions with the turbulent flow structures. The Stokes number (St) is defined as the

ratio of a particle’s viscous relaxation time (τp) to a turbulent time scale (τf ). Following

Wang and Maxey (1993), the Kolmogorov time scale (τκ) is used for a turbulent time scale.

St =
τp
τκ

(1.1)

The time scales are defined as follows:

τp =
d2 ρp/ρair

18 νair
, (1.2)

τκ =
(νair
ε

)1/2

, (1.3)

where d is the droplet’s diameter, ρp is the droplet’s density, ρair is the density of air, νair

is the kinematic viscosity of air, and ε is the turbulent kinetic energy dissipation rate in the

turbulent carrier flow.
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1!c"# suggests that the regions with little or no particles are
on the order of 1/10 the box length, making the size of these

regions on the order of 10$.

III. MODELING CONSIDERATIONS

A. Radial distribution function

Consider a canonical ensemble of systems, each of vol-

ume V , containing N indistinguishable particles of diameter,

%, and density, &p . For such an ensemble, the joint probabil-
ity that each of the N particles lie within volumes dx1 cen-

tered at x1 ,. . . , through dxN centered at xN is defined as

P !N "!x1 ,. . . ,xN"dx1 .. .dxN , !7"

where the standard normalization applies, i.e.,

!
V

¯!
V

P !N "!x1 ,. . . ,xN"dx1¯dxN!1. !8"

The two-particle distribution function is then obtained by

integrating out the dependence on the remaining particles

P !2 "!x1 ,x2"'!
V

¯!
V

P !N "!x1 ,. . . ,xN"dx3¯dxN . !9"

The two-particle radial distribution function is then defined

as32,33

g!x1 ,x2"!
N!N"1 "

n2
P !2 "!x1 ,x2", !10"

where n'N/V . For a statistically homogeneous and isotro-

pic volume, particle positions can be expressed in terms of a

relative separation distance, r'"x1"x2", and P (2)(x1 ,x2) re-
duces to P (2)(r)/V to give the working definition of g(r)

used in this study

g!r "!
N!N"1 "

n2V
P !2 "!r ". !11"

As the rdf is near unity for a uniformly distributed system, it

is convenient to define a residual rdf !rrdf" as

h!r "'g!r ""1. !12"

A physical interpretation of g(r) is the number of par-

ticle centers located in a spherical shell between r and r

#dr about a central particle divided by the expected number

of particles given a uniformly distributed particle field.

Based on the definition of the rdf shown in Eq. !11" and the
integral relationship given in Eq. !8", it is easy to show that
the rrdf must satisfy the following integral constraint34

n!
V

h!r "dr!"1. !13"

B. Parametric dependence

Isotropic turbulence is characterized by the fluid density,

&, kinematic viscosity, v , turbulence intensity U!, and ki-
netic energy dissipation rate, (. In dimensionless terms, this
reduces to the turbulent Reynolds number, defined here in

terms of the Taylor microscale

Re)'U!2!15

v(
. !14"

For a monodisperse suspension, the particle phase introduces

three additional variables, viz., the particle density &p , diam-
eter %, and total number N. In terms of dimensionless vari-
ables, these can be expressed as the volumetric loading *
'+%3N/6V , nondimensional size parameter %̂'%/$ and

particle Stokes number St ,see Eq. !1"#. This implies that the
most general form of the rdf in isotropic turbulence can be

expressed functionally as

g! r̂;Re) ,* ,%̂ ,St", !15"

where r̂'r/$ is the dimensionless independent variable and

the variables after the semicolon are the dimensionless pa-

rameters.

C. Simplifying assumptions

The large parameter space shown in Eq. !15" would
make it difficult to interpret and correlate the results from the

numerical simulations. It is, therefore, advantageous to con-

sider the sensitivity of the rdf to each of the parameters, and

search for simplifications where applicable.

FIG. 1. 2d slices of ghost-particle simulations at: !a" St!0.0; !b" St!0.2;
!c" St!0.7; !d" St!1.0; !e" St!2.0; and, !f" St!4.0. Dots correspond to
particle center locations.

2533Phys. Fluids, Vol. 12, No. 10, October 2000 Effect of preferential concentration on turbulent collision rates

Downloaded 21 Mar 2010 to 128.95.104.66. Redistribution subject to AIP license or copyright; see http://pof.aip.org/pof/copyright.jsp

Figure 1.2: Particle clustering as a function of Stokes number. These two-dimensional images,
each corresponding to a different Stokes number, show that clustering is most evident when
St ≈ 1. Reprinted from Reade and Collins (2000), with the permission of AIP Publishing.
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Figure 1.2 from Reade and Collins (2000) is an illustration of how preferential concen-

tration is a function of the Stokes number. When St ≈ 1, the particles tend to cluster

tightly together into streaks, as opposed to St = 0 or St = 4.0 when the particles are much

more evenly mixed throughout the simulation volume. Eaton and Fessler (1994) measured

preferential concentration in their experiments with particles in a turbulent channel flow,

providing experimental validation to the DNS results published up to that point.

1.2.2 Enhanced Gravitational Settling

When gravitational forces are considered, heavy particles have a vertical velocity relative

to the turbulent fluid that causes them to interact with vortical structures via a process

known as the “crossing trajectories” effect (Wells and Stock, 1983). The particles are swept

preferentially to the downward regions in the flow and, as a result, the mean effect of the

turbulence on the particles is an increased settling velocity (Wang and Maxey, 1993). Aliseda

et al. (2002) conducted an experimental study of the settling rate enhancement for inertial

particles in turbulent flows. Aliseda et al. found that the heavy particles they injected into

homogeneous isotropic turbulence settled significantly faster than they would in a quiescent

fluid, validating this same result from earlier computational simulations, but also discovered

that there is a collective effect that enhances this settling velocity increase beyond what had

been predicted theoretically or numerically (as point-particle simulations in the dilute regime

can not reproduce this type of behavior).

1.3 The Turbulent Collision Equation

Sundaram and Collins (1997) studied the cloud drop collision problem by running a full DNS

of stationary, forced turbulent flow with particle motion determined by a simplified form of

the equation of motion from Maxey and Riley (1983). Using a development analogous to

that of the kinetic theory of gases, Sundaram and Collins developed the following equation
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for the collision frequency of a monodisperse particle population:

Nc =
1

2
πσ2 n2 g(σ)

∫
wP (w |σ)dw (1.4)

where σ is the particle diameter, n is the particle number density, g(σ) is the particle radial

distribution function (RDF) evaluated at contact (the separation distance between two par-

ticles at the instant of collision, which in a monodisperse particle population is a distance

equal to the particle’s diameter), w is the relative velocity, and P (w | σ) is the relative

velocity probability density function (PDF) conditioned on the contact distance.

1.3.1 The Radial Distribution Function

Sundaram and Collins (1997) were the first to use the RDF to quantify the local concentra-

tion of particles in a multiphase flow as the result of preferential concentration. The RDF

measures the probability of finding a droplet in a spherical shell of thickness dr and radius

ri, centered on the position of each droplet. The RDF is normalized such that a population

of drops that are separated by a totally random distribution of distances will have an RDF

that is equal to 1 everywhere. If the droplets concentrate preferentially, the RDF will reflect

this local concentration by having a value greater than 1. Originally derived for the field

of solid mechanics to describe the distribution of atoms in crystalline or glassy structures,

Sundaram and Collins (1997) showed that this statistic is directly proportional to the rate

of collisions in a monodisperse droplet system (Eq. 1.4).

1.3.2 Collision Enhancement

Wang et al. (2000) conducted 3D direct numerical simulations (DNS) of particle-laden tur-

bulent flows with the intent to study the separate contributions to the collision kernel from

relative velocity enhancements and preferential concentration. Wang et al. referred to the

increases in particle relative velocity due to turbulence as “the turbulent transport effect”,



10

and to the tendency of particles to preferentially concentrate in turbulent flows as “the ac-

cumulation effect”. They confirmed that the turbulent transport effect is a result of the

large scale turbulent motions (scales around the flow integral timescale, Te). The turbulent

transport effect enhances collisions by a factor of u′/vκ, where u′ is the root mean square of

the velocity fluctuations and vκ is the Kolmogorov velocity scale. This effect peaks when the

particle inertial response time is the same order of magnitude as the flow integral timescale

(tp/Te = O(1)). Wang et al. showed that the accumulation effect enhances collisions by a

factor of (1 + 0.14Reλ), and this enhancement is most significant when tp/tκ = 1, where tκ is

the Kolmogorov time scale used to characterized the small scale fluid motions.

Wang et al. (2006) calculated droplet sizes and growth rates using a Monte-Carlo ap-

proach to capture the stochastic nature of droplet growth from collision events. They stud-

ied three aspects related to the influence of air turbulence on stochastic coalescence: (1) the

enhancement of geometric collision rates, (2) the changes to the collision efficiencies, and (3)

the stochastic fluctuations and correlations in the collision-coalescence process. Wang et al.

(2006) showed a 40% reduction in the time for drizzle formation to occur with a turbulence

dissipation rate (ε) of 400 cm2/s3 as compared to the time for drizzle formation due to solely

gravity-induced collisions (ε = 0 cm2/s3).

In 2008, the same group from the University of Delaware published two studies on the

turbulent collision problem related to rain formation: Ayala et al. (2008); Wang et al.

(2008). Ayala et al. presented a DNS study of the geometric collision rates of cloud droplets

in homogeneous isotropic turbulence that focused specifically on the parameter range rel-

evant to clouds in terms of the droplet sizes (d) and turbulent energy dissipation rates

(ε = 10 − 400 cm2/s3, d = 20 − 120µm). Ayala et al. showed that air turbulence enhances

the geometric collision rate for cloud droplets over that for gravity-induced collisions alone,

and they attributed this enhancement to both the increase in radial relative velocity and

preferential concentration that result from inertial droplet interactions with turbulent flow
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structures. Wang et al. (2008), on the other hand, focused on the turbulent collision efficiency

calculated using a novel hybrid DNS technique (HDNS). Their HDNS approach combines a

pseudospectral simulation of the air turbulence with an improved superposition method to

account for both the local and large-scale flow disturbances created by the droplets. Un-

derstanding the local flow disturbances around the droplets is very important because they

have been shown to explain how small droplets on collision trajectories with larger drops

can flow around the large drops and avoid the collisions. Using their HDNS, Wang et al.

calculated increased collision efficiencies due to turbulence. They attributed this efficiency

increase to the air turbulence reducing the aerodynamic interactions between droplets that

can sometimes disrupt collisions.

In summary, multiple studies from different groups and with different methodologies have

shown that turbulence enhances the collision kernel for cloud droplets in the following ways:

(1) shear and differential acceleration increase the relative velocity between droplets; (2)

preferential accumulation increases the values of functions that depend on pair statistics,

like the RDF and the relative velocity, which determine the collision kernel (Pinsky et al.,

1997; Sundaram and Collins, 1997; Wang et al., 2000; Zhou et al., 2001; Ayala et al., 2008);

(3) selective changes in the settling rate increase the relative velocity between drops (Wang

and Maxey, 1993; Aliseda et al., 2002); and (4) turbulence increases collision efficiency (Pin-

sky et al., 1999, 2000; Wang et al., 2005; Wang et al., 2008). Many of these studies, however,

were conducted outside the parameter range relevant to cloud microphysical processes (Vail-

lancourt and Yau, 2000).

1.4 Warm-Rain Formation

Even today, the warm-rain formation process is not fully understood. We know that clouds

form when water vapor in the air condenses onto condensation nuclei, forming tiny droplets.

The condensation process is the dominant growth mechanism for these nascent drops until
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they reach a size of approximately 10µm. These small drops would grow very slowly if only

via collision and coalescence because they have negligible settling velocities.

Condensation is a well-understood process that can be modeled accurately. The conden-

sation growth rate per unit volume is inversely proportional to the droplet’s radius. As a

droplet grows in size, the speed with which it grows slows down. Over time, the condensation

process creates a population of droplets with similar sizes (“spectrum narrowing”). Since set-

tling velocity is a function of droplet size, these drops rarely grow via gravitationally-induced

collision and coalescence because they all fall with similar speeds. Droplets larger than

100µm have significant settling velocities and therefore large relate velocity with the con-

densation droplets. Consequently, fast drop growth is the result of gravity-induced collisions

of collector drops (in the 100µm range) with smaller droplets (in the 10µm range)—another

well understood and accurately modeled process.

Once a drop grows large enough to settle with centimeter-per-second speeds, it collides

with the smaller droplets surrounding it. The drop grows quickly as it falls, colliding with

more droplets at an increasing rate as the drop continues to grow and its settling velocity

increases. Due to the runaway nature of the gravity-induced collision process, only a small

number of “lucky” collector droplets need to grow to 100µm in order to start this fast

collision process and initiate precipitation in a cloud. The size range between 10µm and

100µm is known as the size gap. The primary mechanism for fast growth through the size

gap is debated and the uncertainty surrounding size gap droplet growth is a large source of

uncertainty in the current physical models of warm-rain formation. One hypothesis is that the

inertia of the condensation droplets interacts with the turbulence to enhance their naturally

slow collision rate and allows the droplets to grow across the size gap. Computational

simulations have shown this is true in idealized cases. This dissertation explores the validity

of this hypothesis using laboratory experiments that cover the range of turbulent dissipation

rates and droplet sizes that are relevant to warm rain formation in cumulus clouds.
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1.5 The Scope of this Dissertation

This dissertation documents wind tunnel experiments aimed at improving the current un-

derstanding and quantitative modeling of the interaction between turbulence and inertial

droplets. These experiments were conducted in a parameter range relevant to cloud mi-

crophysics. Chapter 2 includes a description of the wind tunnel experiment, as well as the

characterization of the disperse (droplets) and carrier (air) phases of the flow. Details con-

cerning our particle tracking velocimetry (PTV) measurement techniques can be found in

Chapter 3. Chapter 4 presents results and analysis of our measurements of preferential con-

centration. Chapter 5 focuses on droplet velocity measurements, including settling velocity,

relative velocity, and both of these conditioned on local particle concentration. Chapter 6 is

a summary of the main conclusions of this dissertation.
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Chapter 2

EXPERIMENTAL SETUP

The experiments in this dissertation were conducted in a horizontal, blow-down, low-

speed wind tunnel. Water droplets were injected into nearly homogeneous and isotropic grid-

generated turbulence. The characterization of the turbulence in the carrier flow was done by

Constant Temperature Hotwire Anemometry (CTA or HWA). Droplet sizes, velocities, and

one-dimensional spatial distribution measurements were carried out with a Phase Doppler

Particle Analyzer (PDPA). High-speed camera images and Particle Tracking Velocimetry

(PTV) were used to measure droplet velocities and spatial distributions in two dimensions.

2.1 Description of the Wind Tunnel

The wind tunnel has an 8:1 ratio expansion section containing wire mesh and honeycomb

screens that break down possible turbulent structures and eliminate the large-scale rotational

motion of the air flow created by the axial compressor. The air flows into a plenum (2.25 m

long and 1.2 m × 1.2 m square) to dampen the remaining anisotropic turbulent fluctuations.

At the end of the flow conditioning section, the flow goes through a dual-purpose grid: it

generates homogeneous, isotropic, slowly decaying turbulence; and serves as the support for

the droplet injection system.

The experiments presented here were conducted in two different test sections. The first

test section was replaced with a newer test section that is 50% longer and has redesigned

access windows. The new wind tunnel test section (1.05 m × 1.05 m constant cross section

and 4.5 m long) is formed by acrylic panels to allow optical access to the flow. There are

seven tall and slender windows, regularly spaced along on the side of the tunnel, that allow
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Figure 2.1: The wind tunnel. An illustration of the wind tunnel experiment showing the
main components and the test section dimensions. Adapted from Bateson and Aliseda (2012)
with permission from Springer.

for instrumentation to be inserted into the flow. The locations of these window define our

measurement stations along the length of the tunnel. Figure 2.1 shows the locations of

the measurement stations for both the first and second wind tunnel test sections. Where

necessary, a note regarding whether the measurements were made in the first or second test

section is added to the discussion in this dissertation. At the downstream end of the tunnel,

a large diffuser decelerates the flow and discharges it into the atmosphere through a filter

that captures the water droplets as they leave the tunnel.

2.2 Carrier Fluid Phase

The air that flows through the tunnel acts as the carrier phase for the multiphase fluid me-

chanics experiments presented in this dissertation. The wind tunnel generates homogeneous,

isotropic, slowly decaying turbulence; a well-understood and easily simulated canonical flow

that serves as an excellent background for the study of droplet dynamics in turbulence.



16

Station
#2

14M

Station
#5

29M

Station
#3

17M

Station
#4

22M

Station
#1

6.4M

Grid
0M

0.0 m

Rain
Catcher

Station
20M
2.0 m

Station
25M
2.5 m

Station
30M
3.0 m

Station
35M
3.5 m

Station
40M
4.0 m

Wind Tunnel Test Section

Station
10M
1.0 m

Station
15M
1.5 m

Developing
Region

Initial
Period

Figure 2.2: Measurement station locations. An illustration showing the measurement sta-
tions used throughout these experiments. The newer wind tunnel test section is shown in
black along with its measurement stations. These were the locations used for the hotwire
measurements and the high-speed imaging. For reference, the measurement stations from
the first wind tunnel test section are shown in blue. PDPA measurements were made at
these locations.
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2.2.1 The Turbulence-Inducing Grid

The turbulence-inducing grid used for the experiments is a 9×9 bi-planar array formed

by 1 inch (2.54 cm) diameter aluminum tubes. The water and air supply lines run inside

the hollow tubes to each of the eighty-one droplet injectors that are integrated into the

intersections of the tubes. The geometry of a turbulence-inducing grid is characterized by

the shape of the bars (round tubes), the diameter (d) of the grid tubes, and the grid spacing

(M) resulting in two non-dimensional numbers: the grid Reynolds number and the grid

solidity (S). The grid spacing, defined as the distance between the center of two adjacent

parallel tubes, is 4 inches (10.16 cm). The non-dimensional solidity parameter, defined as the

ratio of the obstructed area to the total area of the grid, describes the degree of obstruction

the grid creates in the flow. The grid solidity is equal to 0.39 in our experiment. Corrsin

(1963) suggested that, in order to avoid the influence of the walls on grid turbulence and

ensure that an appreciable part of the tunnel satisfies the criterion for homogeneity, the ratio

of the width or height (H) of the wind tunnel to the mesh size (M) should be much greater

than one; in the wind tunnel used in this dissertation the value is H/M = 11.8. Similarly, for

this “active grid” experiment, the ratio between the gas flow rate injected in the jets and the

wind tunnel flow rate is very low (J = Qj/Qwt ≈ 1− 2%) (Gad-el Hak and Corrsin, 1974).

The homogeneous, isotropic, slowly decaying flow behind a grid can be characterized

with the grid Reynolds number, (ReM), which is defined as ReM = UoM
ν

, where the grid

mesh size (M) is the length scale, Uo is the mean free-stream velocity, and ν is the kinematic

viscosity of the fluid passing through the grid. The grid mesh size, M, is the same length

scale used to non-dimensionalize distances behind the grid. Downstream locations in the

flow are described in terms of x/M (i.e. x = 20M), where x is the position along the length of

the wind tunnel test section, with x = 0 at the grid. Table 2.1 summarizes the dimensions

and non-dimensional parameters that describe the active grid used in this dissertation.

The carrier fluid flow downstream of the grid can be divided into two regions. In the
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Table 2.1: Important grid dimensions and non-dimensional parameters.

Description Value

Rod Diameter (d) 2.54 cm

Mesh Size (M) 10.16 cm

Solidity (S) 0.44

Wall Influence (H/M) 11.8

ReM 10,000

Injection Ratio (J) 1-2%

first, the developing region, the wakes behind the grid bars are growing and interacting with

each other, and the flow is inhomogeneous and anisotropic. In the second region, the initial

period, the non-linear interactions between the different fluid structures coming from the grid

have given rise to a fully developed turbulence with a continuous spectrum. The resulting

turbulence is nearly homogeneous, isotropic, and slowly decaying. All of the measurements

for our experiment were made within the initial period, which is known to extend from

approximately 10M to 150M downstream from the grid (Wells and Stock, 1983).

2.2.2 Manipulating the Test Section Velocity Profiles

The velocity profiles in the wind tunnel’s first test section originally exhibited very thick

regions of slow flow near the tunnel walls. These regions were not traditional boundary

layers because the slow flow extend out too far into the tunnel, in a manner inconsistent

with being caused only by the walls themselves. A noticeable velocity deficit was measured

as far as 30% of the width of the tunnel from the walls. The velocity profile in the first test

section more closely resembled a parabolic profile than the expected uniform mean profile.

The high-speed air jets from the droplet injectors, flowing parallel to the free stream,
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were found to have a tendency to coalesce into a single jet. As the jets develop downstream,

entraining air, they merge until the high momentum fluid injected by the jets is biased

towards the tunnel center region. The flow near the walls, where there is no source of

injected momentum, is biased towards the slowest velocities.

Dealing with this problem was not straightforward since the atomizing air jets could

not be modified without changing the droplet size distribution in the tunnel. Instead, a

secondary air jet system was added along the inside surface of the walls. Literature shows

evidence that jets located close to walls and surfaces tend to stay close to the wall or surface

(the Coanda effect (van Dyke, 1969)), growing as they entrain the outer layer fluid. Thus,

by tuning the strength of the wall jets, the tendency of the injector jets to migrate toward

the center of the tunnel was corrected by providing enough mass and momentum near the

tunnel walls to feed their entrainment. This produced a more uniform velocity profile over

a wider region of the wind tunnel test section.

To supply air to the wall jets, four pressure manifolds were designed, constructed and

installed just upstream of the grid frame (Figure 2.3). Fed by the laboratory’s high-pressure

air supply, the manifolds deliver equal flow rates to thirty-six wall jets (nine along each wall

so as to align with the grid atomizers). Since the pressure manifolds were size-limited by

the dimensions of the grid frame, the manifolds are fed from both ends in order to halve the

velocity of the air inside the manifold, thus minimizing the pressure drop along its length.

All four manifolds are plumbed together to form a continuous ring. The primary air supply

hose is split into four secondary supply hoses that connect to the manifold ring in between

each manifold in order to distribute the air equally to the system. The wall jet nozzles consist

of 3 in. lengths of 1/8 in.-O.D. stainless steel tubing. The tubes are glued to flat aluminum

bar stock that is attached to the inside of the test section’s walls immediately downstream

of the grid. The bar stock was selected to be as thin as possible while still being able to fix

the wall jet nozzles in place (Figure 2.4).
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Figure 2.3: Wall jet manifolds. A photo of the manifolds tucked upstream of the grid. The
air supply configuration can be seen in the corner.
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Figure 2.4: Wall jet nozzles. A photo of the wall jet nozzles in the aluminum bar used to
hold them on the tunnel wall.

2.2.3 Facility Characterization: Velocity Profile and Wall Jet Optimization

After installing the wall jet system, the flow rate that produced the most uniform velocity

profile in the tunnel test section had to be selected. Hotwire anemometry had been used to

measure the velocity inside the wind tunnel, but this technique proved too time consuming

for the iterative task of adjusting the wall jet flow settings and detecting the response to

these changes in the measurements of the velocity profile across the test section. The HWA

velocity profiles had to be measured point by point, a maximum of only four HWA channels

are available, and the results needed to be post-processed before changes could be quantified.

Instead, a rake of pitot tubes that could be deployed all the way across the tunnel to measure

the entire velocity profile at one time was designed, built and tested to work around the

HWA’s slow turn-around time.

The pitot rake has twenty-one stagnation pressure tubes equally spaced 5 cm apart along
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Figure 2.5: The custom-built Pitot rake.

a slender support beam. Flexible tubing connects the pitot tubes to a Scanivalve pressure

tap selector switch that allows for quickly cycling through up to forty different pressure

sources. The outlet from the Scanivalve is connected to a very sensitive differential pressure

transducer selected specifically for its ability to measure low differential pressures under

10 Pa. A LabView Virtual Instrument (VI) was programmed to read out and average the

velocity measurements directly, allowing for all the pitot tubes in the rake to be read in less

than three minutes. Previously, a single velocity profile with the HWA could take up to

an hour. A characterization of the error in the pressure measurements across the taps in

the pitot rake is included in the Appendix D. The systematic error across the twenty-one

measurement points in the device was less than 0.2%.

The pitot rake was used to optimize the velocity profile at Station 30M in the test section

by varying the flow rate supplied to the wall jets. The new velocity profiles are a significant

improvement over the previous tunnel’s velocity profiles, as can be appreciated in Figures 2.6,
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Figure 2.6: Horizontal Velocity Profiles - Station 20M. A plot of the horizontal profiles of
the wind tunnel velocity normalized by the mean (V/Vavg) measured with the pitot rake at
x = 20M. Measurements were made from just below the center of the tunnel (Z = 0.48H)
to the maximum height allowed by the tunnel windows (Z = 0.86H).

2.7, and 2.8. When the velocities closest to the walls are excluded, all the profiles deviate

less than ±8% from the mean. Previously, the average velocity had varied approximately

±14% from the mean, but the measurement region had to be restricted to a 40 cm-wide band

at the center of the tunnel.
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Figure 2.7: Horizontal Velocity Profiles - Station 30M. A plot of the horizontal profiles of
the wind tunnel velocity normalized by the mean (V/Vavg) measured with the pitot rake at
x = 30M. Measurements were made from just below the center of the tunnel (Z = 0.48H)
to the maximum height allowed by the tunnel windows (Z = 0.86H).
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Figure 2.8: Horizontal Velocity Profiles - Station 40M. A plot of the horizontal profiles of
the wind tunnel velocity normalized by the mean (V/Vavg) measured with the pitot rake at
x = 40M. Measurements were made from just below the center of the tunnel (Z = 0.48H)
to the maximum height allowed by the tunnel windows (Z = 0.86H).
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Table 2.2: Hotwire anemometry settings.

Setting Value

HWA System A.A. Lab Systems AN-1005

Sampling Frequency 10 kHz

Number of Samples 2.5× 106

Wire Diameter 3.8µm

Wire Length 1.27 mm

Operating Resistance (Rop) 9.50 Ohms

Overheat Ratio (OHR) 1.5

2.2.4 Characterization of the Carrier Phase

In order to characterize the homogeneous, isotropic turbulence in the wind tunnel, hotwire

anemometry∗ measurements were collected at each of the primary measurement stations (x =

20M, 30M and 40M). At each of these three stations, HWA data was collected on the tunnel

centerline, as well as at locations coincident with the high-speed imaging measurements.

Since the presence of water drops in the flow is incompatible with hotwire measurements (the

water droplet impacts destroy the thin resistive wire at the heart of the fast-response hot wire

system), the HWA velocity measurements were done with air flowing through the droplet

injectors. Under the low water-air momentum ratio and mass loading at each injector, the

droplet formation process does not affect the turbulence levels inside the tunnel significantly.

Table 2.2 included details about our HWA system and the settings used.

In order to characterize the turbulent flow in the wind tunnel, and to verify that the

turbulence is indeed isotropic and homogeneous, velocity data collected at five measurement

∗Hotwire calibration information can be found in the appendix (C.1).
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stations were used to calculate the statistics of the turbulence. The average velocity (U), the

root mean square (RMS) of the velocity fluctuations (u′), the longitudinal one-dimensional

energy spectrum (E11), the turbulent kinetic energy dissipation rate (ε), and the Kolmogorov

and Taylor microscales were computed.

The flow downstream from the grid can be divided into four important regions, with two

of them found in the wind tunnel test section used in this dissertation. The first region is

where the flow is still developing. The wakes behind the grid are growing and interacting,

and the flow is inhomogeneous and anisotropic. This region, referred to as the “developing

region” is not useful for experimentation. In the second region, which is known as the “initial

period,” the flow is nearly homogeneous and isotropic, and the turbulence is slowly decaying.

This second region is where the study was conducted.

The RMS values of the velocity fluctuations can be used to characterize the intensity of

the turbulence and how this intensity decays as the fluid flows downstream from the grid.

Multiple studies have investigated the nature of the decay of grid-generated turbulence.

Analytical derivations and experiments have all shown that the decay follows a weak power

law with an exponent between 1.0 and 1.5. For the sake of simplicity, and since the range

over which the measurements in this dissertation were made is rather small (x = 20M–40M),

the turbulence in the wind tunnel was expected to exhibit a linear decay (n = 1).

In the graph included as Figure 2.9, the values of (U/u′)2 for this experiment are plotted

versus the distance from the grid. Two linear regressions to the data were made, one with all

five data points, and a second that excluded the data from the first station (x/M = 6.4, x =

0.65 m) since this point does not fit the definition of the “near region.” The regression to the

data from the last four measurement stations shows that the decay is indeed nearly linear,

matching one of the distinguishing characteristics of homogeneous, isotropic grid-turbulence.

Longitudinal 1D turbulent energy spectra (E11) were computed using the velocity mea-

surements collected with hotwire anemometry. Figure 2.10 shows E11 plotted as a function of
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Figure 2.9: Turbulence Decay. A plot showing the linear decay of the turbulence intensity
(U/u′)2 as a function of distance (x/M) downstream from the grid.

frequency (ω) along the wind tunnel centerline. A dashed line with a slope of -5/3 is included

as a visual reference to the slope predicted for the inertial range of turbulent energy spec-

tra by Kolmogorov’s theory (Kolmogorov, 1941). The well-defined inertial range matches

another characteristic of slowly decaying high Reynolds number turbulence. The monotonic

decrease in the spectral densities from 20M to 40M shows the rate of decay of the turbulence

intensity and dissipation rate.

The second turbulence spectra figure (Figure 2.11) shows the spectra for the three differ-

ent HWA measurement locations at Station 30M. The agreement between the three locations

is excellent, with the spectrum at the horizontal high-speed imaging location nearly indis-

tinguishable from the spectrum at the tunnel centerline. The similarity between these three

spectra is a statement of the degree of transverse homogeneity in the wind tunnel.

Table 2.3 contains the relevant flow parameters and scales describing the carrier fluid
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Figure 2.10: 1-D Longitudinal Spectral Density - Wind Tunnel Centerline. A plot of the
turbulent energy spectrum from hotwire measurements made at the tunnel centerline for
Stations 20M, 30M, and 40M. The dashed line, with a -5/3 slope, is included as a visual
reference for the slope predicted by Kolmogorov’s theory for the inertial range of turbulent
energy spectra.
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Figure 2.11: 1-D Longitudinal Spectral Density - Station 30M Measurement Locations. A
plot of the turbulent energy spectrum from hotwire measurements made at the tunnel center-
line, as well as the measurement locations of the vertical and horizontal high-speed imaging
planes at Station 30M. The dashed line, with a -5/3 slope, is included as a visual reference
for the slope predicted by Kolmogorov’s theory for the inertial range of turbulent energy
spectra.
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conditions inside the wind tunnel. These include the RMS of the velocity fluctuations (u′);

the turbulent dissipation rate (ε); the Kolmogorov length (ηκ), time (τκ), and velocity (uκ)

scales; the Taylor microscale (λ); and the Reynolds number based on the Taylor microscale

(Reλ).

Taking the integral of the energy spectrum, an approximate value for the turbulent kinetic

energy dissipation rate (ε) was calculated.

ε = 15 ν

∫ ∞
0

k2E11(k) dk (2.1)

This estimate of the dissipation rate is limited in its accuracy by the lack of detailed infor-

mation about the smallest scales in the turbulent kinetic energy spectrum. For this reason,

the Taylor microscale λ (used to characterize the turbulence through the Reynolds number

Reλ) was computed from a correlation that uses the integral length scale L11 (Eq. 2.2) rather

than the value of the turbulent dissipation rate.

λ/L11 =
√

10/ReL (2.2)

From the dissipation rate, the rest of the Kolmogorov microscales (Equations 2.3, 2.4,

and 2.5) are calculated as follows:

η = (ν3/ε)
1/4

(2.3)

τκ = (ν/ε)
1/2 (2.4)

uκ = (νε)
1/4 (2.5)

An analysis of the sources of error in the HWA measurements can be found in the Ap-

pendix.

2.3 Disperse Phase

2.3.1 Droplet Delivery System

The droplet delivery system (Figure 2.12), consisting of separate air and water pressure

manifolds that supply the two-fluid atomizers embedded in the turbulence-inducing grid,
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Table 2.3: Relevant flow parameters and scales describing the conditions inside the wind
tunnel: the turbulent dissipation rate (ε); the Kolmogorov length (ηκ), time (τκ), and ve-
locity (uκ) scales; the Taylor microscale (λ); and the Reynolds number based on the Taylor
microscale (Reλ).

Station U (m/s) u′ (m/s) U/u′ ε (m2/s3) ηκ (µm) τκ (ms) uκ (m/s) λ (mm) Reλ

20M 2.88 0.30 0.105 0.221 352 8.2 0.043 17.5 353

25M 2.87 0.25 0.086 0.123 407 11.1 0.037 21.3 350

30M 2.85 0.21 0.074 0.077 457 13.9 0.033 24.8 348

35M 2.87 0.19 0.065 0.053 503 16.9 0.030 28.3 353

40M 2.89 0.17 0.060 0.038 546 19.9 0.027 32.1 373

Pressure
Manifolds

Air and Water 
Tubing

Grid

1

2

3

4

5

6

7

8

9

ΔH

z

y

Figure 2.12: The droplet delivery system. An illustration showing how the separate air and
water pressure manifolds supply the atomizers embedded in the grid. The height difference
(∆H) between each row of atomizers creates a hydrostatic pressure head for which the
manifolds have been designed to compensate. Reproduced from Bateson and Aliseda (2012)
with permission from Springer.
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Figure 2.13: Two-fluid atomizer. Also referred to as injectors, the atomizers are used to
create droplets in the wind tunnel.

fills the wind tunnel test section with water droplets that resemble those found in warm-

rain clouds at the onset of precipitation. At each droplet atomizer, the high-momentum

air jet impinges on the low-momentum water jet at a large angle, atomizing the liquid and

producing a very dense spray of small droplets (d = 5− 150µm). The grid was designed to

equally distribute eighty-one identical atomizers across the cross-section of the wind tunnel.

The atomizers were installed in the grid so that the air jets exit parallel to the mean flow in

the wind tunnel (See Figures 2.13 and 2.14).

Droplet size distribution and liquid mass fraction of a two-fluid air-blast atomizer can

be controlled by the air supply pressure and the water flow rate, as shown by Lázaro and

Lasheras (1992). First, the water and air are fed into pressure manifolds to ensure equal

pressures (and volumetric flow rates) at each of the eighty-one injectors. Then, polyurethane

tubes run from the manifolds, through holes in the top of the wind tunnel, and down inside
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Figure 2.14: Two-fluid atomizers, as installed. Two photos of one of the two-fluid atomizing
droplet injectors. (a) One of the grid’s eighty-one droplet injectors that are integrated into
the intersections of the grid tubes. (b) A close up of the atomizer integrated into the grid.

the tubes of the grid where they are attached to the injectors. All the atomizers are connected

to the manifolds with equal lengths of tubing to ensure the same pressure loss between each

atomizer and each manifold.

Due to the weight of the water column, the height difference between the tops and

bottoms of the feeding manifold and injector grid (∆H) creates a non-negligible hydrostatic

pressure head between the different injector rows. This is a problem, because in order to

create a homogeneous spatial distribution of droplets in the tunnel, the flow rate to every

injector must be equal. To solve this problem, short lengths of stainless steel microtubing

were installed in the manifold outlets. These microtubes alter the pressure drop across the

outlets to compensate for that hydrostatic pressure difference (Figure 2.15). A detailed

description of the process used to determine the exact dimensions of the microtubes can be

found in (Bateson, 2010). As installed, the microtubes equalize the water pressure exiting the

manifold so that the same flow rate of water reaches every atomizer regardless of its position
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a b

Figure 2.15: Pressure manifold outlet microtubing. Two photos of one of the pressure
manifold tube fittings that serve as the outlets to the water manifold. (a) End view of a
fitting installed in the manifold. This view shows the small inner diameter of the microtubes.
(b) Side view of a fitting just after gluing in a microtube.

or its height in the grid. For the preliminary characterization of the experiment, a volumetric

flow rate of 3 LPM of water was used. This flow rate was selected as the result of a trade-off

between two competing factors that affected PDPA data collection: (1) Increasing the liquid

water content increases collisions and preferential concentration; (2) The higher the volume

fraction of water droplets, the faster the droplets deposit on the walls of the test section

where they scatter the laser light passing into the tunnel and adversely affect the PDPA

measurements. Ultimately, 3 LPM maximized the PDPA data rate during experiments and

represented a high volume fraction of water in the flow without jeopardizing the quality of the

measurements or the length of the time series necessary to obtain fully-converged statistical

turbulent variables.

At 3 LPM of water and a wind tunnel flow rate of approximately 3.2 m3/s, a volume

fraction (φV ) of 1.5 × 10−5 is produced in the tunnel test section, which is equivalent to a

Liquid Water Content (LWC) of 15 g/m3. While this value is an order of magnitude higher

than typical for cumulonimbus clouds, the resulting mass loading and volume fraction of
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Table 2.4: Fluid flow rates to the grid atomizers and the wall jets

Setting Value

Atomizer Air Flow Rate 37.75 SCFM @ 80 psig

Atomizer Water Flow Rate 37 mL/min per atomizer

Wall Jet Air Flow Rate 475 LPM @ 45 psig

water are low enough to assume that no turbulence modulation by two-way coupling occurs.

Therefore, the analysis of the data and its implications for the behavior of inertial droplets

in turbulence are applicable to cloud processes. The high LWC conditions allow for building

well-converged statistics of turbulence-induced droplet dynamics. They also facilitate the

experimental characterization of collision processes by increasing the probability of collisions

during the short time the droplets have to interact inside the wind tunnel.

2.3.2 Characterization of the Disperse Phase

Phase Doppler Particle Analysis (PDPA)

Phase Doppler Particle Analysis (TSI Inc., Shoreview, MN.) is a non-intrusive, light inter-

ferometry system used for measuring the motion of particles (solid particles, liquid droplets,

or gas bubbles) immersed in fluid flows. A pair of laser beams, shifted in frequency (40 MHz)

from each other by a Bragg Cell, are focused at a small incidence angle on a specific point

(the probe volume) inside the particle-laden flow. Measurements of the velocity and diam-

eter of the particles are made by analyzing the frequency and phase shift, respectively, of

the light scattered by these particles. Long time series of these measurements are used to

calculate statistics of the liquid droplet distributions. Details of PDPA measurement theory

and operation can be found in Bachalo (1994); Albrecht (2003). For the results presented in



37

this dissertation, data was collected using the PDPA optical and operational settings listed

in Table 2.5. PDPA measurements were made at five different locations—or stations—along

the first tunnel test section: x/M = 6.4, 14, 17, 22, 29. At each station, measurements were

made at the same position relative to the height (H) of the wind tunnel’s square cross section

(See Figure 2.16).

The presence of the wind tunnel walls presents challenges in the collection of large data

sets of PDPA measurements under the relatively high volume fraction of droplets and high

turbulence intensities of these experiments. Water droplets collecting on the inside of the

test section walls scatter the laser light, both coming from the transmitter into the probe

volume and, more importantly, leaving the probe volume after being refracted by the droplets

crossing it. This creates the potential for the measurements to miss the signal from some

droplets crossing the probe volume, and this data loss would be biased against the smallest

droplets that produce a weaker signal (the droplets scatter a fraction of the incident light

proportional to the diameter squared, I/I0 ∝ d2). To minimize this effect, an auxiliary air

flow system (air curtain) was designed and manufactured, consisting of a flat, fan shaped

nozzle attached to the inside of the test section walls using suction cups, and supplied with

high pressure air via a tube that runs along the inside corner of the tunnel. The air exits the

nozzle and creates a thin curtain of air along the wall that the water droplets in the core of

the wind tunnel cannot cross. This air curtain inhibits the deposition of drops on the tunnel

wall in a small region about 1/2 inch in diameter. This area is just large enough to allow

the light to propagate through the walls in and out of the test section without significant

attenuation.

After the installation of the new tunnel test section, water accumulation on the tunnel

walls was avoided by shutting off the water to the atomizers closest to the walls and adjusting

the water flow rate to the grid proportionately to the number of active atomizers. Due in

part to the wall jets and their effect on the tunnel velocity profile, simply turning off the



38

Table 2.5: PDPA operational settings.

Setting Value

PMT Voltage 500–600 V

Burst Threshold 30 mV

Bandpass Filter 0.1–1 MHz

Signal to Noise Ratio (SNR) High

Downmix Frequency 39.5 MHz

Laser Power 1–1.5 W

Beam Expander Ratio 0.5

Transmitter Focal Length 250 mm

Transmitter Beam Width 0.885 mm

Transmitter Beam Separation 10 mm

Fringe Spacing 12.865µm

Measurement Volume Dimensions 0.19 x 0.19 x 0.19 mm

Receiver Slit Aperature 150µm

Sample Size (each location) 75,000 drops

Range of Measurable Diameters 1.47–590.07µm

Intensity Validation None
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Figure 2.16: PDPA orientation with respect to the wind tunnel. An illustration of the
PDPA system showing the relationship between the receiver and the transmitter and their
orientation to the wind tunnel. The laser beams leaving the transmitter are represented by
dashed lines, and their intersection locates the measurement volume. The dotted line is the
light scattered by the droplets that pass through the measurement volume. Measurements
were made at the same position relative to the height (H) of the wind tunnel’s square
cross section (y/H = 0.21, z/H = 0.82). Adapted from Bateson and Aliseda (2012) with
permission from Springer.

water to the atomizing nozzles nearest the walls completely solved the droplet deposition

problem. All of the high-speed imaging was conducted in this configuration. To preserve

the droplet diameter distributions and the local droplet volume fraction at the measurement

locations, the water flow rate supplied to the grid was reduced proportionately to the number

of fully active atomizers. For all of the experiments reported in this dissertation, each active

atomizer received 3 LPM÷ 81 = 37 mL/min of water.

The PDPA receiver was positioned at a 70◦ angle to the direction of light propagation

from the transmitter to collect forward-scattered light in the first mode of diffraction, while
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maximizing the range of measurement positions within the wind tunnel with a fixed focal

lens (250 mm). This means that the receiver looks into the tunnel at an angle with respect

to the tunnel wall (Figure 2.16), which introduces a problem with the refraction of light as

it propagates through the acrylic wind tunnel walls. Two triangular acrylic prisms, with a

matching 70◦ angle between their faces, were built and attached to both sides of the top

test section wall, creating a rigid body whose surfaces are perpendicular to the receiver’s

lens, thus minimizing the effects of light refraction through the tunnel walls. One prism sits

on top of the tunnel, and the other prism is suspended on the inside of the tunnel using

magnets. A thin layer of glycerol, which has an index of refraction similar to acrylic, is used

between the surfaces to minimize the light scattered at the interfaces between the prisms

and the tunnel walls.

For the diameter measurements based on Mie scattering, the droplets are assumed to

be spherical. The Weber number for the droplets, based on the droplet diameter and the

turbulent velocity RMS, is on the order of 10−2. Therefore any deformations resulting from

unsteady pressure forces in the flow field are quickly dominated by the restoring effects of

surface tension. For this reason, it is assumed that the droplets remain spherical throughout

the experiments.

To recreate a physical environment similar to that of clouds, the experiments were de-

signed to be in the same range of the relevant non-dimensional parameters that control

droplet inertial dynamics: Stokes number, droplet terminal velocity ratio, turbulence dissi-

pation rate, droplet volume fraction, and Reλ. The dissipation rate (Table 2.3) and volume

fraction in the experiments are higher than the values found in cumulus clouds. However,

since these values are the same order of magnitude as the cloud parameters, the physics of

inertial droplet interactions with turbulence observed are still applicable to cloud processes.

The Reynolds numbers in clouds cannot be recreated in the laboratory, but the experiments

in this dissertation are at a high enough value (Reλ ≈ 350) that the results are characteristic
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of a very high Reynolds number flow in the asymptotic Re regime.

The first purpose of the turbulence-inducing droplet injection grid is to create homo-

geneous and isotropic turbulence inside the wind tunnel. The second purpose is to create

a homogeneous distribution of micron-sized droplets. The homogeneity of the droplet size

and spatial distribution is primarily determined by the atomization conditions at the grid.

After the droplets are introduced into the tunnel air flow, their distribution will quickly be

modified by their interactions with the turbulence. To avoid introducing an unwanted source

of inhomogeneity into the experiment, it is important that the initial droplet dispersion is

homogeneous.

As mentioned previously, the water manifold’s tube fittings were retrofitted in order to

equalize the pressure head available to each atomizer. The manifold design aimed to provide

a homogeneous flow rate of water to each atomizer, with a maximum difference of 5%.

However, there are multiple sources of uncertainty in the physical implementation of the

manifold and water distribution system that could increase the inhomogeneity in water flow

rates to the atomizers beyond the theoretical prediction of 5%. In order to quantify the grid’s

homogeneity, a simple experiment was conducted to measure the actual flow rate through

each atomizer. In this experiment, the grid water supply was turned on while keeping the

air supply off, so that no atomization occurred, and the mass of water coming out of each

injector was collected for a constant interval of 10 seconds, weighing it with a high precision

balance. This measurement was repeated three times to account for the variability in the

collection system and the possible unsteadiness of the water injection system. The results

are tabulated in Table 2.6.

For each atomizer, the data from the three experiments were averaged and the intra-

measurement variability was found to be less than 19%. The average for all the injectors,

17.27 g, was 2% higher than the theoretical value of 16.98 g. This is a good estimate of

the accuracy of the model for the pressure loss in the water supply system. The standard
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Table 2.6: Statistics calculated for the grid flow rate homogeneity characterization measure-
ments. The values quantify the variation across each row of atomizers in both grams, and
the percentage of the row’s mean. By design, the atomizers in each row should have identical
flow rates. The maximum difference between the mean value of any two rows was 1.6 g (9%
of the mean value for the entire grid).

Mean Std. Deviation Max. Difference

Row (g) (g) (%) (g) (%)

1 16.81 0.70 4.2 2.13 12.7

2 16.57 0.91 5.5 3.08 18.6

3 16.57 0.86 5.2 2.67 16.1

4 17.14 0.87 5.1 2.71 15.8

5 17.43 0.43 2.5 1.27 7.3

6 17.29 1.02 5.9 3.68 21.3

7 17.75 0.64 3.6 1.85 10.4

8 17.73 0.89 5.0 2.87 16.2

9 18.15 1.04 5.7 3.34 18.4

deviation in the average values, computed for the entire grid, was 0.95 g or 6% of the mean,

and the maximum deviation from the mean for a single injector was 2.14 g, or 12% of the

mean. An equally distributed water supply does not guarantee homogeneous atomization.

So, the PDPA measurement system was used to characterize the droplet diameter and veloc-

ity close to the air/water injectors. The PDPA was traversed vertically across the sprays at

two locations downstream from the grid (x/M = 0.75 and x/M = 3.75). Figure 2.17 shows

the mean droplet velocity profiles at the two x/M locations. The high velocity jets issuing

from the injectors are visible at x/M = 0.75, while at x/M = 3.75 the velocity profiles are

nearly uniform across both sprays showing the quick development of homogeneity. The same
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Figure 2.17: Mean droplet velocity near injectors. Vertical profiles of mean droplet velocity
from PDPA measurements at x = 0.75M and x = 3.75M. Reproduced from Bateson and
Aliseda (2012) with permission from Springer.

conclusion can be drawn from Figure 2.18. This plot of the mean droplet diameter shows

very small droplets near the center of the jets in the x/M = 0.75 profile due to the more

efficient atomization created by the high jet velocity. At x/M = 3.75 the mean diameter

is nearly uniform across the profile. Figure 2.19 is a plot of all the droplet diameter PDFs

calculated at each Z-location in the x/M = 3.75 traverse. The similarity in each of the

thirty-three PDFs shows that the entire size distribution of the droplets becomes homoge-

neous very quickly. All of the results in this dissertation were calculated from measurements

made no closer than x/M = 20.

Since the intent of the experiments in this dissertation is to relate our results to the evolu-

tion of cloud droplet size spectra, measurements were made to verify that the water droplets

created had an appropriate size distribution by the time they reached the measurement loca-

tions. Figure 2.20 shows the typical Probability Density Function (PDF) of droplet diameter
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Figure 2.18: Mean diameter near injectors. Vertical profiles of mean droplet diameter from
PDPA measurements at x = 0.75M and x = 3.75M. Reproduced from Bateson and Aliseda
(2012) with permission from Springer.

at x=14M, which is just upstream from the first measurement location. The diameter PDF

plot highlights the relative position within the distribution of the arithmetic mean diameter

(D10), the Sauter mean diameter (D32) and the diameter corresponding to a droplet with a

Stokes number† of 1.

Since the diameter corresponding to a droplet with a Stokes number of 1 is well within

the range of the droplet sizes in the flow, it is clear that droplet inertia will be the key

parameter that determines how the droplets will interact with the carrier flow turbulence.

Therefore, the influence of turbulence and inertia on droplet collisions can be studied in

this experiment. The typical value of the Kolmogorov length scale (ηκ) is 350–550µm (See

Table 2.3), which is much larger than the size of the droplets. The theoretical background

used in this dissertation’s analysis (Maxey and Riley, 1983) is justified by the limit d/η � 1.

†The Stokes number is defined in Section 1.2.1
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Additionally, the Reynolds number for the droplets studied (based on diameter and droplet

settling velocity) ranges from Re� 1 to Re ≈ 1. Both the Reynolds number range and the

small ratio between droplet size and Kolmogorov length scale support the formulation of the

Stokes number in terms of the Kolmogorov time scale and the particle relaxation time based

on Stokes flow.

In clouds, droplet size spectra exhibit wide variations due to the large range of conditions

that occur in nature. It is worthwhile to note that the size distribution in these experiments

exhibits the important general characteristics of the spectrum of a nearly precipitating cloud.

The majority of the droplets have diameters under 30 microns, which is comparable to cloud

droplets. A second characteristic that the droplet diameter spectrum shares with cloud

droplet size spectra is a narrow distribution centered around 20µm that, in clouds, is the

result of the cloud droplets’ condensational growth mechanism. Additionally, the tail in the

experimental spectrum has large diameter droplets that correspond to the few collector drops

that are necessary for rain formation. This tail in the spectrum allows for the simultaneous

study of collisions between cloud droplets (< 60µm) as well as between collector-sized drops

(> 100µm) and cloud droplets within the same experiment.
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Figure 2.19: Droplet diameter PDF (x = 3.75M). The superposition of the droplet diameter
PDFs calculated at each of the thirty-three PDPA measurement locations in the vertical
traverse at x = 3.75M. Reproduced from Bateson and Aliseda (2012) with permission from
Springer.
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Figure 2.20: Probability distribution of droplet diameters measured with the PDPA at Sta-
tion 2 (x/M = 14, y/H = 0.21, z/H = 0.82). From left to right, the black vertical lines
corresponds to the arithmetic mean diameter (D10), the diameter of a droplet with a Stokes
number equal to 1, and the Sauter mean diameter (D32). Reproduced from Bateson and
Aliseda (2012) with permission from Springer.
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Chapter 3

MEASUREMENTS AND METHODS: PARTICLE TRACKING
VELOCIMETRY (PTV)

In order to investigate the relationship between turbulence and inertial droplet dynamics

in the wind tunnel, high-speed camera images and Particle Tracking Velocimetry (PTV) are

used to measure droplet velocities and spatial distributions in two dimensions. Using a light

source to illuminate a thin plane in a fluid flow seeded with particles and a high-speed camera

to record the motion of the particles as they pass through the plane, PTV identifies and tracks

individual particle positions through consecutive images to determine their trajectories. PTV

measurements of droplet velocities and accelerations are made at multiple locations along

the length of the tunnel in order to examine the influence of turbulent dissipation rate on

droplet dynamics. At each of these measurement stations, data are collected using both

horizontal and vertical imaging planes to capture the influence of gravity. The high-speed

movies are processed using a home-made custom PTV code that connects the positions of a

given droplet together into a track based on its most probable trajectory through multiple

images. PTV results are post-processed by fitting a univariate cubic spline to the droplet

coordinates in each track. The splines allow for the calculation of smooth derivatives of

the droplet trajectories. After filtering the resulting velocities and accelerations to remove

non-physical and noisy results, the data collected under a given set of turbulence conditions

are ready for further processing to calculate descriptive statistics of the droplet dynamics.
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3.1 Droplet Illumination

The droplets in the tunnel test section are illuminated using an argon-ion continuous laser.

A 1.5 W laser beam is directed through a series of mirrors and lenses to create a planar

laser sheet. The laser sheet is generated using two lenses: a 50.2 mm focal length spherical

convex lens followed by a 38.1 mm cylindrical flat-convex lens. Figure 3.1 shows the lens

arrangement and nominal spacing. The lenses are positioned relative to each other so that

the resulting laser sheet slowly converges to a focal line. Making fine adjustments to the

lens positions, the focal line is located just beyond the measurement region to keep the laser

sheet as thin as possible. The measurements reported here were made with a laser sheet

approximately 8 mm wide × 1 mm thick at the measurement location.

3.2 High-speed Camera

High-speed images of the water droplets are made with a Vision Research Phantom v12.1

camera, a Zeiss 100 mm lens and a 2x Teleconverter attachment to increase the magnification

and improve the resolution of the droplet positions. The camera is mounted onto a 2-axis

traverse. To preserve the same optical settings (aperture and focal plane) for the camera lens

throughout all our experiments, the lens is set to the smallest f-stop and the high-precision

movement of the traverse is used to focus the camera rather than the camera lens. The

camera frame rate and exposure settings are selected based on a trade off between droplet

illumination, resolution of droplet motion, and camera memory. With the camera settings

listed in Table 3.1 and with typical wind tunnel settings, a droplet moves approximately 1.5

pixels during a 20µs exposure and 30 pixels between frames.

3.3 PTV Measurement Locations

PTV measurements are collected at three different stations along the length of the tunnel:

20M, 30M, and 40M. At these three stations, high-speed movies are made in vertical and
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Figure 3.1: PTV lens configuration. An illustration of the lens configuration used to generate
the laser sheet that illuminates the droplets for high-speed imaging and particle tracking
velocimetry. The spherical lens has a focal length of 50.2 mm and the cylindrical lens has a
focal length of 38.1 mm.



51

Table 3.1: Information about the camera, lens and the operational settings used to make
high-speed images.

Description Value

Camera: Vision Research Phantom v12.1

Lens: Zeiss 100 mm

f-stop: f/2

Frames/second: 5000

Camera Exposure: 20µs

Image Resolution: 1280× 800 pixels

Frames/movie: 5270

horizontal orientations. Four movies at each of the three stations are made using the hor-

izontal laser sheets. For the vertical laser sheet orientation, the count is increased to ten

movies at each station for better statistical convergence of the particle concentration field,

as well as the relative and settling velocities conditioned on the local concentration. Fig-

ure 3.2 shows the exact measurement locations with respect to the wind tunnel walls. The

maximum magnification of the high-speed images coincides with the shortest distance to

the lens’ focal plane. This presented a trade off between high resolution images that allow

for more accurate measurements of droplet positions at the expense of being able to make

measurements at the center of the tunnel. The maximum magnification of the lens is used

even though this means that the focusing plane (measurement location) has to be away from

the center of the wind tunnel and relatively close to the wind tunnel walls. The resulting

imaging locations are far enough from the tunnel walls to be in the homogeneous core of the

flow, as shown in Figure 3.2.
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section geometry.
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3.4 Image Processing

ImageJ, an open-source image processing program created by the National Institutes of

Health (NIH), was used to measure droplet positions and geometry from the individual

images in the high-speed movies. During the initial processing, it was noticed that the

camera sensor has a bias that results in higher numbers of droplets being detected in some

regions than others. This bias can be seen in Figure 3.3, which is a 2D histogram of all

droplet coordinates for a single movie. The histograms for all of the movies have the same

feature and the coherent shape of this bias is independent of measurement station, laser

plane orientation and laser intensity, but is dependent on camera orientation. This led to

the conclusion that the source of the bias is the camera sensor’s non-uniform sensitivity. To

avoid the possibility that this bias affected any of the spatially dependent statistics (e.g.

RDF), the raw images are corrected using a technique proposed in Tropea et al. (2007).

In the case of uneven illumination or uneven sensitivity, images can be corrected using the

following equation:

G′ = c
G−B

R−B
(3.1)

where G′ is a 2D array of corrected pixel intensities, G is the original image, B is a black

reference image created with a covered lens to measure the sensor’s response to zero illumi-

nation, R is a white reference image created with a constant illumination source, and c is an

arbitrary proportionality factor used to readjust the pixel intensity values to an appropriate

16-bit range.

Equation (3.1) works by rescaling each individual pixel intensity based on the dynamic

range measured for that pixel. The dynamic range is determined by subtracting the back-

ground noise resulting from the fact that the pixels have non-zero intensities even when there

is no source of illumination (this is the black reference image – B) from the response of all

the pixels to a uniform illumination source (this is the white reference image – R).

Lacking a uniform illumination source of the size and intensity needed for this calibration,
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Figure 3.3: 2D histogram of droplet detection counts as a function of X- and Y -coordinates.
This plot shows the baseline spatial distribution of droplet detection positions prior to any
correction. The histogram bins are 10 × 10 pixels square. The color bar represents counts
per bin and is centered (white color) about the mean value. The two boxes inside the plot
show the average value of the counts inside the box relative to the overall mean for the entire
area (800 × 1280 pixels).
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(a) Raw image. (b) High contrast image.

Figure 3.4: White reference image (R) used for image intensity corrections. (a) shows the raw
16-bit image intensity. (b) uses high contrast to display the coherent shape of the intensity
bias.

a white reference was created by imaging a very dense cloud of droplets created inside the

tunnel. Using a long exposure setting on the camera and then averaging all the frames in

the movie, the image created is a good approximation to a constant illumination source

(Figure 3.4).

As for the black reference image, ideally this would be created immediately before or after

making a movie. This is especially critical with our Phantom v12 camera since the camera

sensor noise is known to be highly dependent on time and camera operational settings. Since

black reference images were never created during the process of making the movies, the

black reference images were approximated by measuring the noise directly from the movies

themselves. Attempts to reproduce black reference images did not result in successful image

corrections.

To automate the application of Eq. (3.1) to the high-speed droplet visualization images,

the correction equation was rearranged into the following form:

G′ = CF (G−B) (3.2)
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where CF is a Correction Factor constant for each movie and defined as

CF =
c

R−B
. (3.3)

After creating the white reference image, the post-processing undergone by the high-speed

movies is described in the next section.

3.4.1 Steps Used to Determine Droplet Coordinates and Geometry

1. Calculate and remove background noise from the images. G−B

A built-in ImageJ function is used to add all the movie images together, summing up

the individual pixel intensities and then returning an image where each pixel has an

intensity value equal to its average intensity across all the images in the movie. This

image is an approximation of the background noise that is used in place of the black

reference image (B) from Eq. (3.1). The background noise is then subtracted from all

the images in the movie. The image subtraction process rounds to zero any pixel for

which it results in a negative intensity. The average background intensity values are a

very small fraction of the intensity of an illuminated droplet, so the detection of real

droplets is not adversely affected by the background subtraction.

2. Apply Correction Factor (CF ).

Using a python script written to automate the process, the images for a single movie

are loaded into memory and the image intensity values are multiplied by the correction

factor calculated for that particular movie.

3. Determine the movie’s intensity threshold value from a subset of the images in the

movie.

Every 100th image is opened up in ImageJ and the minimum threshold value is adjusted

until all residual image noise disappears. The minimum threshold value varies across



57

images and over the length of a movie, so to be conservative, a threshold value that

eliminated noise in all the images in the subset was chosen.

4. Apply the final threshold value to all the images in the movie.

The threshold value determined in the previous step is then applied to the entire movie.

The resulting images have grey-scale illuminated droplets on a pure black background.

5. Run ImageJ’s Analyze Particles routine to determine droplet coordinates and geometry.

ImageJ produces a large data file containing the image number, X- and Y -coordinates,

intensity values, and geometric shape measurements for each and every “particle” in the

movie. To show the efficacy of the correction factor technique, a 2D histogram of all the

droplet coordinates was plotted again for the same movie, although this time they were

determined from the intensity-corrected images.

3.5 A New 4-frame N+2 PTV Algorithm

The particle tracking velocimetry (PTV) code used for this research is based on the method

published by Ouellette et al. (2006), referred to as a 4-frame Best Estimated Position Tracking

Algorithm. The algorithm uses a droplet’s position in three previous images to calculate

an acceleration. The droplet’s position in the next image is determined by finding the

droplet whose position minimizes the change in acceleration along the trajectory. Building

on Ouellette et al.’s ideas, but allowing for multiple options in the second and third images

to compute velocities and accelerations, a routine was implemented that chooses the most

likely next position of a droplet in a trajectory by evaluating all possible trajectories two

images (N + 2) into the future.

This new PTV code uses the data generated by ImageJ, eliminating all the droplets

with areas less than two pixels. It was found that most of the fictitious droplets resulting
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Figure 3.5: 2D histogram of droplets detection counts as a function of X- and Y -coordinates.
This plot shows the spatial distribution of droplet detection positions after the images have
been corrected for intensity or sensor sensitivity to remove the camera sensor’s bias. The
histogram bins are 10 × 10 pixels square. The color bar represents counts per bin and is
centered (white) about the mean value. The two boxes inside the plot show the average
value of the counts inside the box relative to the overall mean for the entire area (800 × 1280
pixels).
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from noise in the images had areas equal to one pixel. Consistent with this observation,

even the smallest droplets in the images should move at least 1.5 pixels during the camera’s

exposure time. For these reasons, the algorithm eliminates all droplets with areas less than

two pixels before matching the positions to tracks, greatly reducing the computational effort

and uncertainty in the track assignation.

To describe how the PTV code works, the process used to determine the trajectory for

a single droplet across multiple images will be described in detail. This process is used

recursively for all droplets that have not yet been matched to a track. The PTV code

vectorizes this process to determine trajectories for all the droplets in an image.

For this description, N is the number of the current image. An arbitrary droplet i in

image N has position XN
i . That same droplet in image N−1 has a known position XN−1

i ,

but in image N+1 in the “future,” the droplet has an expected position X̃N+1
i . An array of

the positions for multiple potential matches, called candidate droplets, is denoted using bold

typeface: XN+1
j . The time between frames is ∆t and is equal to the inverse of the camera

frame rate. In this analysis, (5000 frames/sec)−1 = 20µs.

3.5.1 PTV Processing Steps

1. Calculate a predicted position in image N+1.

(a) If droplet i is not currently part of a trajectory, a new trajectory is started and the

droplet’s expected position in image N+1 is calculated using a velocity prediction∗.

X̃N+1
i = XN

i + Uavg ∆t (3.4)

(b) If droplet i is in a trajectory and its position is known back through image N−1,

∗The mean velocity of the droplets (the streamwise velocity in the wind tunnel) was used in all velocity
predictions. The first time through the code, the mean velocity is approximated by the mean carrier fluid
velocity measured with the Pitot rake. Subsequent runs use the mean velocity from the most recent set of
PTV results.
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its expected position in image N+1 is calculated assuming the droplet moves with

constant velocity.

X̃N+1
i = 2XN

i −XN−1
i (3.5)

(c) If droplet i is in a trajectory and its position is known back through at least image

N−2, its expected position in image N+1 is calculated assuming the droplet moves

with constant acceleration.

X̃N+1
i = 2.5XN

i − 2XN−1
i + 0.5XN−2

i (3.6)

2. Once an expected position has been calculated for image N+1, find all the droplets in

image N+1 that are within a radial distance equal to ∆t times a predefined number

of standard deviations of the droplet velocity fluctuations.

For the results presented here, the search area was defined using five standard deviations

of the velocity fluctuations. All the droplets within the search area are considered

candidate droplets (XN+1
j ).

3. Calculate an array of multiple expected positions in image N+2 using all the possible

trajectories that pass through the candidate droplets’ coordinates.

(a) If droplet i was not previously part of a trajectory, its expected position is calcu-

lated assuming constant velocity.

X̃
N+2

j = 2XN+1
j −XN

i (3.7)

(b) If droplet i is already part of a trajectory, its expected position is calculated

assuming constant acceleration.

X̃
N+2

j = 2.5XN+1
j − 2XN

i + 0.5XN−1
i (3.8)
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4. Find the trajectory that minimizes the separation between its expected position and

one of the droplets in image N+2. The droplet that this trajectory passes through in

image N+1 is considered the best match and it is added to the trajectory for droplet

i from image N .

The PTV code output is an additional column of data, appended to the ImageJ results,

that contains the trajectory number for each droplet in the file. To find all the droplets in a

particular trajectory, one needs only to search for all the droplets in the file that share that

same trajectory number. The order of the droplets can be determined by the image number

associated with each droplet in the trajectory. Velocity and accelerations are determined in

a post-processing step described in the following section.

3.6 PTV Post Processing

3.6.1 Spline Fits to the Droplet Trajectories

Rather than calculating velocities for each droplet using a forward or backward difference

formula, a univariate cubic spline was fit to the droplet coordinates for each trajectory.

The advantage of the spline fit is that it enables the calculation of smooth first and second

derivatives of the resulting function to compute velocities and accelerations for the droplets.

Even at the maximum magnification, when using a finite difference formula, the pixelization

of the droplet positions resulted in a high prevalence of particular velocity values. This was

especially problematic in the transverse† velocities since their relatively small magnitudes

exacerbate the pixelization problem. Many droplets had transverse displacements of exactly

one, two, or sometimes zero pixels. This produced very strong peaks in the probability

distribution functions (PDF) of the velocities, causing it to be unphysically not smooth

regardless of the binning strategy used. Despite being a computationally intensive process

†vertical or spanwise, depending on the orientation of the illumination plane.
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due to the large number of trajectories, differentiating the spline fits produced much smoother

results and, thus, justified the computational cost.

The post processing first eliminates any trajectory shorter than four images long. These

short tracks do not represent actual trajectories in a robust way. The remaining trajectories

are processed through a univariate spline fitting routine that fits the data to a series of

polynomial segments. A positive smoothing factor (S) is prescribed as an input, and this

value is used to determine the number of polynomial segments in the spline fit. The number

of polynomial segments is increased until the smoothing factor condition given by (3.9)) is

satisfied. If xi and yi are a set of i coordinates to be fit with a spline, and s(x) is the spline

function, then the smoothing factor condition is given by

S ≥
N∑
i

[
yi − s(xi)

]2
. (3.9)

To determine an appropriate value of the smoothing factor, an acceptable fit must produce

a spline that passes within a reasonable distance from each droplet centroid location. The

purpose of the spline is to compensate for the fact that the camera’s sensor takes the droplet’s

true position, which exists on a continuum of possible positions in space, and forces it to fit

into a particular discrete position (the pixel map). The camera discretizes the image space

into a finite number of possible positions that correspond to the center of each pixel. The

spline fits are intended to counter this pixelization by allowing the droplet coordinates to

relax to a position within the pixel where it was detected, but the spline fit must not be

so flexible so as to avoid returning droplet positions that are far away from the detected

position. The spline fit is forced to pass within 0.25 pixels of each original particle centroid

location, or alternatively, a maximum error is specified such that yi − s(xi) <= 0.25 for all

i. The smoothing value is then calculated to be S = L× (0.25)2, where (L) is the trajectory

length, which is equivalent to the number of images in the trajectory. A maximum error of

0.25 is used, rather than 0.5, in order to decrease the probability that a spline fit solution
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Figure 3.6: PDFs of the streamwise (X) velocity and acceleration prior to the data filtering
used to remove the noise floor in the data. This floor is easiest to see in the acceleration
PDF.

will have an error greater than 0.5 for one coordinate by having very small errors at the rest

of the coordinates.

3.6.2 PTV Results Filtering

One of the drawbacks of polynomial regressions is that they can develop very steep derivatives

very quickly, especially near the ends of the range of data fitted. This leads to unrealistic

velocity and acceleration values. For some trajectories, the spline fitting routine completely

fails to find a spline that can satisfy the smoothing condition. Both of these scenarios are

dealt with by filtering the data set.

The first filter simply removes the trajectories with failed spline fits as well as any of the

velocities or accelerations that are more than ±7 standard deviations from the mean. This

removes the non-physical values that are large enough to skew the mean value of the data

set despite their relative infrequency. The next round of filtering involves plotting PDFs of

the velocities and the accelerations to determine where the noise floor in the data occurs.

Figures 3.6(a) and 3.6(b) show representative plots of the velocity and acceleration data
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with this noise floor. For each of the PDFs of the X- and Y -velocities, as well as the X-

and Y -accelerations, a range of data was determined in terms of standard deviations from

the mean, that clipped off most of the noisy data. This final filtering process is iterative as

the mean values of the PDFs shift slightly as data is removed. Eventually, the mean values

converge and at this point the filtering is considered complete.

The final adjustment made to the data corrects for any misalignment between the camera

and the direction of gravity. The relatively small settling velocities are particularly sensitive

to camera alignment due to their small magnitudes. Alignment of the camera axis with the

wind tunnel test section within 1◦ is not feasible in this high Reynolds number laboratory

environment. To account for any misalignment, the vertical velocity data are corrected

in post-processing. The details of the theory behind this correction will be described in

more depth in Section 5.1.2. In short, assuming that droplets with small Stokes numbers

should behave like perfect flow tracers, and assuming that droplets with large Voronoi areas

(small local concentrations) will not exhibit enhanced settling velocities, then the subset of

droplets that fit both those categories should have zero mean vertical velocity just like the

gas carrier flow. At all three measurement stations, the mean vertical velocity for this subset

are non-zero. To correct the data, the mean vertical velocity of the subset is subtracted from

all the vertical velocities in the data set. The result is that the spread between the mean

vertical velocities was reduced from 4.82 cm/s to 0.33 cm/s. The vertical velocities are shown

in Table 3.2.

3.7 PTV Measurement Results and Statistics

Table 3.3 compares the results of the streamwise component of the velocity measured with

PTV to the hotwire anemometry (HWA) and the Pitot rake velocity measurements. The

mean velocities from the PTV analysis agree well with the other two measurement techniques,

supporting the common finding that the particles have the same mean streamwise velocity
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Table 3.2: Vertical velocities before and after the adjustment to correct for camera misalign-
ment.

Before After

Station 〈Vy〉 cm/s 〈Vy〉 cm/s

20M 3.77 -2.30

30M 0.39 -2.38

40M -1.05 -2.63

Spread: 4.82 0.33

as the carrier gas in the wind tunnel and that the RMS of this velocity component is close

to, but lower than, the carrier gas urms. Plots of the particle velocity and acceleration PDFs,

in both the streamwise (X) and vertical (Y ) directions, are shown in Figures 3.7– 3.12. The

acceleration PDFs show the signature of the limits of the image resolution in the periodic

spikes in the probability density. This is due to the pixelization creating discretized droplet

positions. The spline fits do a good job of smoothing the velocity PDFs, but the second

derivatives are much more sensitive to the pixelization and preserved a little of this effect.

The X-velocity PDFs at 30M and 40M both share a prominent, non-Gaussian feature.

They have a higher than normal probability of negative velocity events from about 3σ out

to where the data are limited by the noise floor at 4σ. The current interpretation of this

phenomenon is that the high-speed movies, each one extending only over ≈ 1 s in time,

captured one or more large‡ coherent structures passing through the field of view. These

structures reduced the velocities measured for all the droplets in that portion of the movie

enough to alter the statistics of the entire data set. This hypothesis is corroborated by the

presence of significantly-long sequences of images in which the number of droplets matched

‡but still much smaller than the integral length scale of the turbulence
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Table 3.3: A comparison of the mean and fluctuating velocities measured at various points
in the test section using PTV, HWA, or a Pitot tube rake. H, V, and CL are used to identify
measurements made at horizontal, vertical or centerline measurement locations, respectively.

Station Particle Tracking Velocimetry Hotwire Pitot Rake

x/M U (m/s) u′ (m/s) v′ (m/s) U (m/s) u′ (m/s) U (m/s)

20H 2.88 0.29 0.21 2.67 0.30 2.74

20V 2.84 0.24 0.22 3.09 0.33

30H 2.87 0.21 0.17 2.73 0.22 2.70

30V 2.77 0.20 0.17 3.05 0.26

30CL 2.93 0.22 0.17 2.85 0.19

40H 2.82 0.22 0.16 2.68 0.19 2.63

40V 2.70 0.18 0.16 3.00 0.24

to trajectories by the PTV algorithm suddenly drop. This decrease in trajectory matches

happened because the slow velocities fell outside the PTV search area, which was defined as

±4σ deviations from the mean velocity calculated from all the movies.

This issue was solved by increasing the size of the search area in the PTV algorithm to 5

standard deviations of the velocity fluctuations. This change resulted in a significant increase

in the number of particles successfully associated with a track, but introduced these non-

Gaussian “bumps” on the velocity PDFs. The wind tunnel can occasionally eject coherent

regions of slow velocity fluid out into the edges of the core region of the flow where the PTV

measurements are taken. The lack of integral-scale sampling homogeneity notwithstanding,

the good agreement between the Pitot rake, PTV, and HWA velocities validates the use of

the new PTV code to investigate the droplets settling and radial velocity behavior.
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Figure 3.7: Streamwise (X) and vertical (Y ) velocity fluctuation PDFs at x = 20M. Gaussian
fits to the PDFs are shown with a solid and dotted blue line. The solid portion of the curve
identifies the range of the PDF data what was used to calculate the standard deviation for
scaling the Gaussian fit.
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Figure 3.8: Streamwise (X) and vertical (Y ) acceleration PDFs at x = 20M.
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Figure 3.9: Streamwise (X) and vertical (Y ) velocity fluctuation PDFs at x = 30M. Gaussian
fits to the PDFs are shown with a solid and dotted blue line. The solid portion of the curve
identifies the range of the PDF data what was used to calculate the standard deviation for
scaling the Gaussian fit.
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Figure 3.10: Streamwise (X) and vertical (Y ) acceleration PDFs at x = 30M.
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Figure 3.11: Streamwise (X) and vertical (Y ) velocity fluctuation PDFs at x = 40M. Gaus-
sian fits to the PDFs are shown with a solid and dotted blue line. The solid portion of the
curve identifies the range of the PDF data what was used to calculate the standard deviation
for scaling the Gaussian fit.
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Figure 3.12: Streamwise (X) and vertical (Y ) acceleration PDFs at x = 40M.
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Chapter 4

PREFERENTIAL CONCENTRATION

4.1 Radial Distribution Function (RDF)

4.1.1 Background on the RDF

Sundaram and Collins (1997) were the first to use the Radial Distribution Function (RDF) to

quantify the local concentration of particles in a multiphase flow as the result of preferential

concentration. The RDF measures the probability of finding a droplet in a spherical shell

of thickness dr and radius ri, centered on the position of another droplet. The RDF is

normalized such that a population of drops that are separated by a Random Poisson Process

(RPP) distribution of distances will have an RDF that is equal to 1 everywhere. If the

droplets concentrate preferentially, the RDF will reflect this local concentration by having

a value greater than 1. For an illustration, see Figure 4.1. Originally derived for the field

of solid mechanics to describe the distribution of atoms in crystalline or glassy structures,

Sundaram and Collins (1997) show that the RDF is directly proportional to the rate of

collisions in a monodisperse droplet system (Eq. 1.4). The RDF is, by definition, a three-

dimensional function. Due to experimental limitations, 1D and 2D versions of the RDF are

computed in this dissertation. These lower-dimensional RDF results are associated with the

3D RDF values via relationships derived by Holtzer and Collins (2002).

4.1.2 1-D RDF Results and Analysis

The 1D RDFs are computed from Phase Doppler Particle Analyzer (PDPA) measurements.

By assuming the experiment is statistically stationary and employing Taylor’s frozen tur-
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Figure 4.1: A cartoon illustrating the RDF scaling. On the left, a random Poisson distribu-
tion results in no preferential concentration (RDF = 1 for all r). On the right, an obvious
cluster of particles results in a RDF > 1 for r ≈ r1.
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bulence hypothesis∗ (Taylor, 1938), the wind tunnel’s mean convective velocity is used to

convert the temporal information from PDPA measurements of droplet arrival-time into a

droplet separation along a line oriented in the streamwise direction. From this separation

information, the probability that two droplets are within a certain distance along this line

(the equivalent in 1D to the spherical shell in 3D) can be computed. The 1D RDF is the

distribution of that probability as a function of the separation distance.

To determine the 1D RDF, the number of droplets found at increasing radial distances

from the location of a central droplet are calculated. This process is repeated with each

droplet in the data set serving as the central droplet and the results are averaged and

normalized with the total number of droplet pairs found within the sample. The result is

a large set of data that characterizes the separation distances between all possible droplet

pairs within a certain maximum distance at which the statistics lose their physical meaning.

At a large enough separation distances, a spatial correlation is no longer expected to exist

between two droplets. Physically, this would occur for the separation distances that are

larger than the largest scale in the particle concentration field and, in a turbulent flow that

interacts with the inertial particles, this length scale corresponds to the largest scale of the

turbulence: the integral scale. To present the RDF data, a histogram plot is produced with

the probability of finding particles at a given separation as a function of that separation

distance. In three dimensions, the width of the histogram bins corresponds to the thickness

of the spherical shell surrounding the central particle. In one dimension, the length of the

sampling shell and the size of the histogram bins are identical. Once the separation distances

have been sorted and counted in the histogram, the 1D RDF is calculated by the equation

∗Taylor’s hypothesis allows us to convert point measurements collected over time into spatial information
about the structure of the turbulent fluctuations for homogeneous, shearless, grid turbulence at u′

/Uavg � 1
(Pope, 2006). In the center of the wind tunnel, u′

/Uavg is always approximately 0.1 or less. It has been
shown from theoretical analysis (Lumley, 1965) that, for a turbulence intensity of 0.1, Taylor’s hypothesis
introduces an error of approximately 5% to the turbulent dissipation rate and approximately 1% to the
Kolmogorov scales.
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from Holtzer and Collins (2002) as follows:

g1D(ri) =
P̂i/Li

P̂ /L
(4.1)

where P̂ is the total number of particle pairs in a data set, P̂i is the number of pairs with

separation distances between ri − ∆r/2 and ri + ∆r/2, L is the total spatial extent of the

sample, and Li = ∆r is the length of the sampling shell.

Figures 4.2 – 4.4 show the RDFs at three places along the length of the wind tunnel (x =

14M, 17M, and 22M)† calculated out to 30η. If the droplets in our flow were separated by a

perfectly random distribution of distances (i.e. the RPP) then the RDF would be equal to 1

everywhere. Our RDFs are much greater than 1 at small separation distances indicating that

the droplets accumulate in close proximity to each other due to the turbulence. The length

scale of this accumulation relates to the Kolmogorov scale of the carrier flow, but extends

down to separations on the order of the diameter of the droplets. This is the key result that

links preferential concentration of droplets by turbulence to the collision kernel: the droplet

RDF—a measure of the preferential concentration of droplets that the collision kernel is

directly proportional to—has a large peak at a spacing below the Kolmogorov scale (η). With

this, previous results of inertial droplet clustering at scales around 10η are extended to much

larger Reλ and lower turbulent dissipation rates—a parameter range more representative of

cloud conditions. The RDF does not decay to a value of 1 until calculated for separations

on the order of the integral length scale (approximately 2000η) at this Reynolds number

(Figure 4.5). This is in conflict with some previous experimental measurements of the (2D)

RDF, but fully consistent with the view that preferential accumulation for a polydisperse

particle population occurs throughout the inertial range, with the purely random spatial

distribution being recovered only at very large scales that integrate over lengths larger than

†The data used to compute the 1D RDFs was collected in an older version of the wind tunnel test section
that was shorter and had irregularly spaced windows. This is why the locations of these measurements do
not correspond with others reported in this dissertation.
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any correlation length of the turbulence. This aspect of the particle concentration field will

be analyzed in detail in the context of the 2D RDF measured from imaging in the wind

tunnel under almost identical conditions as the ones presented here for the 1D RDF.

The PDPA probe’s finite cross section defines the width of the volume of fluid that is

measured as it passes through its cross section. This size-limitation introduces a distortion

in the RDF computed for very small separations (comparable to the dimensions of the probe

volume). As a result, the 1D RDF can not computed with sufficient accuracy at separation

distances smaller than 0.19 mm, or about 0.5η based on the Kolmogorov length scale at

Station 2 (x/M = 14). For this reason, the smallest bin used when calculating the RDF is

centered around an inter-particle separation of 1η.

The data obtained for the 1D RDF are fit to an exponential law, following (Reade and

Collins, 2000),

g(r̂;St) = 1 + c0r̂
−c1 exp[−c2r̂], (4.2)

where g(r̂) is the RDF, r̂ = r/η, and c0, c1, and c2 are fit coefficients. This allows for extrapo-

lation of the measurements to separation distances smaller than experimental limits; all the

way to the separation distance at contact that is the value of interest for the computation

of the collision kernel. Additionally, this exponential law fit provides a means of comparison

between the different conditions measured in this dissertation and in other studies, and the

fit provides quantitative information that can be used to validate future DNS studies.

Figures 4.2 – 4.4 show that Eq. (4.2) fits the experimental data well, except at the

smallest separations where it under-predicts the degree of preferential concentration. This is

consistent with the fact that droplet-droplet interactions (through collisions or aerodynamic

perturbation as computed in four-way coupling models), intrinsically present in this disser-

tation’s experimental data, were not present in the DNS data from which the exponential

law fit expression was developed, but are critical to the behavior of the droplets at these

small separations distances.
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Figure 4.2: The RDF at Station 2 (x/M = 14) and the regression to Equation 4.2 shown at
small separations. The RDF was calculated from PDPA measurements. Reproduced from
Bateson and Aliseda (2012) with permission from Springer.
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Figure 4.3: The RDF at Station 3 (x/M = 17) and the regression to Equation 4.2 shown at
small separations. The RDF was calculated from PDPA measurements. Reproduced from
Bateson and Aliseda (2012) with permission from Springer.
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Figure 4.4: The RDF at Station 4 (x/M = 22) and the regression to Equation 4.2 shown at
small separations. The RDF was calculated from PDPA measurements. Reproduced from
Bateson and Aliseda (2012) with permission from Springer. Reproduced from Bateson and
Aliseda (2012) with permission from Springer.



78

0 200 400 600 800 1000 1200 1400 1600 1800 2000
0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

5.5

r/!

g
1

D
(r

/!
)

RDF ! Station 3 (x=17M)

 

 

RDF

Regression

Regression
Coefficients
c0 = 1.5084
c1 = 0.2631
c2 = 0.0017
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the separation distance normalized by the Kolmgorov length scale. The solid line shows the
regression to Equation 4.2. Both were calculated out to 2000 η to show the complete decor-
relation of droplet separation distance. The RDF was calculated from PDPA measurements.
Reproduced from Bateson and Aliseda (2012) with permission from Springer.
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4.1.3 2-D RDF Results and Analysis

Saw (2008) derived a formulation of the RDF equation that allows for the calculation of the

RDF for a subset of the total population of particles. This is particularly useful for determin-

ing the RDF from a data set derived from images of particle locations in a turbulent flow (2D

RDF). An RDF calculated for particles near the edge of an image will be distorted by the

absence of particles beyond the image’s extent. To avoid this distortion, a maximum radial

separation distance is defined such that the RDF is computed only out to that separation.

This maximum separation is used to compensate for the limitation imposed by the image

field of view by defining a rectangle centered in the middle of the image that it is offset

from the edges on all sides by this maximum distance (Figure 4.6). The RDF calculation is

limited to only those drops inside the rectangle in the center of the image and the RDF is

calculated using Saw’s equation adapted for restricted areas instead of volumes:

g(r) =
ψ(r)/Nt

(N − 1) δAr/A
(4.3)

where ψ(r) is the ‘sum over number of particles found at distance r’, and δAr is the infinites-

imal annular area centered on the particle, Nt is the total number of particles considered

in the calculation (the number of particles inside the box, in our case), and (N − 1)/V

is the average particle density, calculated here as an average for all the images in a given

experimental sequence.

The algorithm to compute the RDF from the particle locations extracted from the images

starts by identifying the X- and Y -coordinates for all the droplets in a single movie frame

or image. Separation distances between each droplet i and every other droplet j in the

image are then computed. The algorithm then moves on to the next frame, calculates all

the separation distances for that image, and appends the resultant vector onto the vector

from all the previous frames. After this process has been performed for all the frames in

a sequence, the entire vector with the separation distances for all particles are sorted into
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Figure 4.6: Calculating 2D RDFs from finite-sized images. An illustration of how the max-
imum radial separation distance chosen is used to define a box in the center of each image
that will contain the subset of the image’s droplets that will be used in the calculation of
the RDF. The subset of droplets is used to avoid edge effects influencing the RDF statistics.

histogram bins. These bin counts represent ψ(r) from (4.3). The bin counts are divided by

the total number of droplets found in the central box summed up for the entire movie (Nt).

Finally, the RDF is calculated by normalizing the bin counts, first by the annular area of

the histogram bins (δAr), and then by the bulk average particle density for all the images

taken at a single measurement station ((N − 1)/V ).

Figure 4.7 is a plot of the 2D RDFs for each of the three measurement stations (20M, 30M,

and 40M) as well as for both the horizontal and vertical high-speed imaging configurations.

These RDFs were calculated using a maximum separation distance equal to 25% of the
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shortest dimension of the image, which was a compromise between calculating the RDF out

to larger radial distances and maintaining a large enough number of droplets inside the box

to have converged statistics.

Figure 4.7 shows evidence of preferential accumulation for the smallest separation dis-

tances, peaking between 1.4–1.65 times the average particle concentration, and decaying

towards a value of 1.0 for larger separations. Due to the size of our images relative to the

flow scales, the RDF can not be computed out to the separation distances needed to see

the function decay all the way to 1.0. The peak values of the RDFs are not as high as the

values that have been reported in literature for DNS studies. This is partly attributable to

the poly-dispersity of the droplet population (Saw et al., 2012) as well as the relatively low

Stokes numbers for the majority of the droplets. The percentage of droplets in the experi-

ments that have Stokes numbers close to 1.0 is small enough that the degree of clustering is

lower than reported for monodisperse particle populations with St ≈ 1.

The measurements at the three different stations are statistically indistinguishable, but

the RDFs from the horizontal imaging configurations are all lower than those from the

vertical configurations. This is consistent with the intuition that clusters of inertial particles

under the effect of gravity are not isotropic and that particles accumulate (and therefore

spend more time) on the downward side of eddies than on the upward side. To the best

of our knowledge, this observation is the first experimental evidence (using two imaging

orientations on the exact same flow conditions and locations inside the flow chamber) that

clustering is stronger in the vertical direction than in the horizontal direction. Gravity does

indeed play a role in the concentration of inertial particles as evidenced by this increase in

the maximum value of the RDF in vertical planes compared with horizontal planes under

the exact same experimental conditions.
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Figure 4.7: 2D Radial Distribution Function - All Stations. A plot of the 2D RDF (g2D)
as a function of separation distance in terms of the Kolmogorov length (r/ηκ) from all three
measurement stations (20M, 30M, and 40M) for both the horizontal and vertical high-speed
imaging configurations.



83

4.2 Voronoi Analysis

4.2.1 Background on Voronoi Analysis

A Voronoi diagram is a mathematical technique used to divide a 2D space into a group of

cells, or tessellations, determined by distances measured to a set of predefined points in the

space. Each Voronoi cell is made up of the region of space that is closer to a predefined

point than all the other points in the image. As such, Voronoi diagrams are a useful tool

for analyzing the clustering, or accumulation, of the points in the diagram since the area

of a tessellation is inversely proportional to the local concentration of points. The closer

the points are together, the smaller the resulting area of the tessellations. Figure 4.8 is an

example of a Voronoi diagram. By calculating Voronoi diagrams for droplets in the exper-

imental images, this technique provides an alternate method for assessing the preferential

accumulation of inertial particles in the turbulent flow. One of the disadvantages of the

RDF is that it only gives statistically significant information on the preferential concentra-

tion as a global or intrinsic property of the multiphase flow. Additionally, the computational

time increases exponentially as one calculates the RDF out to larger and larger separation

distances. Not only are the Voronoi analysis computations relatively quick in comparison

to the RDF, but since the Voronoi areas are associated with particular particles at every

time step, Voronoi analysis provides local concentration information that can be tracked

through multiple images. This information can be leveraged by conditioning statistics of

individual droplet dynamics (for example their settling velocity) based on the droplet’s local

concentration, as is done in the following chapter in this thesis.

4.2.2 Voronoi Analysis Results

Following the methodology used by Monchaux et al. (2010), after computing the Voronoi

cells for any given image, all particles whose areas share a border with the edge of the image
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Figure 4.8: An example of a Voronoi diagram. Reference: By Balu Ertl - Own work, CC
BY-SA 4.0, https://commons.wikimedia.org/w/index.php?curid=38534275
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are discarded. These areas are unbounded on at least one side and are infinite as a result

(See Figure 4.9). Voronoi results in this dissertation are presented, as in Monchaux et al.

(2010), in terms of the normalized area (V = A/〈A〉) and compared to the results of a Random

Poisson Process (RPP) as a way of quantifying preferential concentration. The properties

of the Voronoi area distribution of a set of particles located spatially according to a RPP

were published by Ferenc and Néda (2007); including an expression that approximates the

Probability Distribution Function (PDF) of Voronoi areas resulting from an RPP. To date, no

exact analytical expression has been found, but the approximation is sufficiently accurate for

the purpose of comparing data from inertial particles in turbulence to a random distribution.

Since turbulence tends to cluster inertial particles, the distribution of Voronoi areas is

expected to deviate from that of an RPP, as can be see in Figures 4.10 and 4.11. The two

points where the Voronoi area PDF crosses the RPP PDF can be used to define clusters

and voids (Monchaux et al., 2010). Particles forming clusters can be defined as particles

with Voronoi areas below the crossover point where the probability of having a small area

is higher in the experimental data than in the RPP PDF. Similarly, voids can be defined

as the region of the plot where particles have Voronoi areas larger than the crossover point

where the probability of having a large area is higher in the experimental data than in the

RPP PDF.

Like the RDF results, comparing the horizontal and vertical data reveals evidence of

non-isotropic droplet clustering. This is most easily seen in the data in Table 4.1. The table

shows the A/〈A〉 values where the Voronoi PDFs intersect with the RPP curves. These are

the same values used to define voids and clusters as discussed previously. The “diff.” column

shows the spread between the intersection points. This spread can be used to quantify the

amount of preferential concentration in the flow: the larger the spread, the more obvious

the segregation between clusters and voids. The consistently larger spreads in the vertical

Voronoi PDFs support the interpretation that there is non-isotropic clustering in the flow
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Figure 4.9: Voronoi analysis results. An example of the results of a Voronoi analysis on a
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Figure 4.10: A plot of the Probability Distribution Function of the normalized Voronoi area
(V = A/〈A〉) from vertical imaging data collected at each of the three measurement stations (x
= 20M, 30M, and 40M). The dashed line is the PDF for a Random Poisson Process (RPP).
Clusters can be inferred by the higher than random probability of small areas and voids by
the higher than random probability of large areas.
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Figure 4.11: A plot of the Probability Distribution Function of the normalized Voronoi area
(V = A/〈A〉) from horizontal imaging data collected at each of the three measurement stations
(x = 20M, 30M, and 40M). The solid line is the PDF for a Random Poisson Process (RPP).
Clusters can be inferred by the higher than random probability of small areas and voids by
the higher than random probability of large areas.
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Table 4.1: A comparison of the horizontal and vertical normalized Voronoi areas A/〈A〉 cor-
responding to the intersection points with a Random Poisson Process PDF.

Vertical Horizontal

Station Cluster Void Diff. Cluster Void Diff.

20M 0.664 2.171 1.507 0.637 2.049 1.412

30M 0.652 2.228 1.576 0.617 1.949 1.332

40M 0.647 2.218 1.571 0.602 1.906 1.304

favoring the vertical direction.

Additionally, the data in Table 4.1 and Figures 4.10 and 4.11, show that clusters are

larger for the vertical images: more particles with small areas, and this increased probability

extends to larger areas. The voids—understood as the distance between clusters—are also

larger. It makes sense that voids are larger in the vertical data. Since the clusters are

elongated, there is more space between them than in the horizontal planes, where they are

more round and therefore have less space between themselves.
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Chapter 5

DROPLET DYNAMICS AND VELOCITIES

5.1 Settling Velocity

When gravitational forces act, heavy particles have a vertical velocity relative to the turbulent

carrier flow that causes them to interact with vortical structures in an anisotropic way, giving

rise to preferential sweeping caused by this “crossing trajectories” effect. The particles

are swept preferentially to the downward regions in the flow, and as a result, the mean

effect of the turbulence on the particles is a downward drag leading to an increased settling

velocity (Wang and Maxey, 1993). Aliseda et al. (2002) conducted an experimental study

of the settling rate enhancement for inertial particles in turbulent flows and found that the

heavy particles injected into homogeneous isotropic turbulence settled significantly faster

than they would in a quiescent fluid. For the lowest volume fraction of droplets in the

flow, the observations validated the results from earlier computational simulations (Maxey

and Corrsin, 1986; Maxey, 1987a; Wang and Maxey, 1993). But a new phenomenon was

uncovered where for higher particle concentrations, but still well under the volume fraction

for which two- or four-way coupling effects are expected, the settling velocity of particles

increased significantly over the value predicted for isolated particles in turbulence. This

novel collective effect was attributed to preferential accumulation forming clusters where the

particles are locally close enough to interact aerodynamically and enhance their respective

settling velocities by falling as a heavy structure in a light fluid.

To examine these phenomena experimentally, the Probability Density Function (PDF) of
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the settling velocity is measured and analyzed∗, conditioned on the distance to the droplet’s

nearest neighbor. Then, for further insight, the average settling velocity is computed condi-

tioned on both Voronoi area and droplet size.

5.1.1 Settling Velocity Conditioned on the Distance to the Nearest Neighbor

The settling velocity of each inertial droplet in the flow is associated with the radial distance

to its nearest neighbor, computed from the location of all the droplets in an image. The

array with the droplet vertical velocity and nearest-neighbor-distance information is then

sorted, binned by inter-particle distance. Then, the mean settling velocity for each group

of particles with a neighbor at a certain distance is computed. The intent is to use the

inter-particle nearest-neighbor distance as a substitute for local concentration. Figure 5.1

shows the settling velocity plot from x = 40M.

The PDF of the settling velocity is plotted as a function of the vertical velocity (Vy), non-

dimensionalized by the Kolmogorov velocity (vκ). The PDFs are conditioned on separation

distance into seven bins spanning 0− 10η. The legend shows the number of droplets used in

each bin as well as the average vertical velocity for the droplets in that distribution. Only one

wind tunnel location (Figure 5.1) is included here as a representative of all the data collected

in the experiments. The data from the other two measurement stations are presented in

Appendix A. To examine the dependence on turbulent dissipation rate and/or turbulence

length scales, Taylor and integral, the settling velocity PDFs from all three measurement

stations (with corresponding different turbulence characteristics) are shown in Figure 5.2

using the same range on the axes.

A trend in the height and width of the settling velocity distributions can be seen clearly.

The curves at 20M are narrowest and with the highest peak, while the curves from 40M

∗The settling velocity is defined as the vertical component of the droplet velocity. A droplet with a
negative settling velocity is moving down in the same direction as gravity.
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Figure 5.1: Settling velocity PDFs measured at x = 40M. The PDFs are plotted as a function
of vertical velocity (Vy) scaled by the Kolmogorov velocity (vκ). The data are binned accord-
ing to distance to the nearest neighboring droplet measured in multiples of the Kolmogorov
length (η). The legend shows the number (N) of droplets in each bin, as well as the mean
velocity (〈Vy〉), non-dimensionalized by the Kolmogorov velocity for all droplets.
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(- -), and 40M (-.-). The PDFs are plotted as a function of vertical velocity (Vy) in physical
units (meters per second, m/s). The data are binned according to nearest-neighbor-distance,
non-dimensionalized by the Kolmogorov length (η).
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Figure 5.3: Settling velocity PDFs from all three measurement stations: x = 20M (—), 30M
(- -), and 40M (-.-). The PDFs are plotted as a function of vertical velocity (Vy) scaled by
the Kolmogorov velocity (vκ). The data are binned according to nearest-neighbor-distance,
non-dimensionalized by the Kolmogorov length (η).

are the broadest. All the curves share a similar shape, but not the same range. By non-

dimensionalizing the vertical velocities with the Kolmogorov velocity, the relationship to the

turbulence can be understood. Indeed, the resulting plot in Figure 5.3 shows that the use of

the Kolmogorov velocity normalization caused most of the experimental curves to collapse

together. The exceptions are the two curves from Stations 30M and 40M corresponding to

the bin for the farthest separation distances. The curve from the same bin (5η − 10η) at

20M collapses well onto the rest of the curves.
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The fact that these two data sets deviate from the overall trend indicates an evolution

in the droplet dynamics as a result of the turbulence. It is not possible to draw definitive

conclusions from these relatively simple data visualizations. The outlying curves are plots

of the velocity for droplets that have relatively large nearest neighbor distances. Thus, they

must exist in a relatively large particle-void in the flow. These outlying curves are also

characterized by broader distributions of vertical velocities compared to the curves that have

collapsed onto each other.

5.1.2 Settling Velocity Conditioned on Voronoi Area and Droplet Diameter

Calculating Data for the Plot

To investigate further the dynamics related to the settling velocity, the droplets are sorted

into bins based on the droplet’s Voronoi Area and diameter, and the average vertical velocity

is computed for all the droplets in each bin. These data are plotted in Figures 5.4, 5.5 and

5.6. Droplet sizes are approximated from matching the droplet area distribution determined

from the particle-visualization images with the PDF of diameters measured with the Phase

Doppler Particle Analyzer (PDPA), squared. The droplet areas are determined from the

images by analyzing each droplet track and using the largest apparent area as the true area

of the droplet. This imaging area is proportional to the light intensity scattered by each

droplet, which is proportional to the diameter of the droplet squared. The uncertainty in

prescribing sizes to the droplets using this technique is readily acknowledged, but these data

are only used in a semi-quantitative way for the sake of making relative size comparisons

between “large” and “small” droplets. The consistent, monotonic trend in all the plots

supports the use of this approximate droplet sizing technique: larger droplets always have

faster settling velocities than smaller droplets. Since the two PDFs do not overlap exactly,

the PDFs are stretched to match up their percentile rankings. For example, if droplets with

an area of 10 pixels are in the 10th percentile of the area PDF from all the images, then this
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area (10 pixels) corresponds to the diameter in the 10th percentile from the PDPA diameter

distribution.

The settling velocity data for the smallest particle sizes are used to correct for the possibil-

ity of a vertical misalignment in the camera setup relative to the wind tunnel. Specifically,

the smallest droplets behave like perfect flow tracers, and as such, they should have zero

mean vertical velocity. To avoid the settling velocity enhancement due to collective settling

dynamics of particle clusters that affects even the smallest particles, the zero degree orien-

tation in the images is calculated by zeroing the vertical velocity of a subset of the smallest

droplets detected in particle voids, as indicated by their very large Voronoi areas. Any non-

zero average vertical velocity for this subset of droplets is assumed to be the result of camera

misalignment only. Using this process, the vertical velocities for all data sets are adjusted.

The result of these corrections can be seen in the plots of vertical velocity versus Voronoi

area (Figures 5.4–5.6). The data points in the upper right corner of each plot—representing

the subset of droplets used for the correction—are set to be identically zero at all three

measurement stations.

Analysis of the Settling Velocity Enhancement

The main result from the settling velocity data is that, for all but the largest droplets, there is

a clear trend between vertical velocity and Voronoi area. As the Voronoi areas decrease (local

concentration increases), collective settling effects result in enhanced settling velocities. This

trend is consistent at all three measurement stations, but it weakens slightly as droplet size

increases corresponding to an increase in Stokes number above the value of 1. Assuming that

the scatter in the data for the largest size bin is only the result of less-converged statistics

due to a smaller number of droplet measurements, the droplets in this size-class exhibit a

near-constant settling velocity across all Voronoi areas. This behavior can be interpreted as

these largest droplets having St � 1 and, as a result, ballistic trajectories that make them
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Figure 5.4: The average vertical velocity (〈Vy/vκ〉) at x = 20M plotted as a function of the
normalized Voronoi area (A/〈A〉) and the approximate droplet diameter. See Section 5.1.2
for a detailed discussion of how the droplet diameters are determined from the high-speed
images. The two vertical dotted lines at A/〈A〉 = 0.66 and A/〈A〉 = 2.17 show the normalized
Voronoi areas used as the cutoff to define clusters and voids. The droplets in the left-most
region are in clusters, right-most are in voids, and droplets in the region in between the lines
are in neither clusters nor voids.
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Figure 5.5: The average vertical velocity (〈Vy/vκ〉) at x = 30M plotted as a function of the
normalized Voronoi area (A/〈A〉) and the approximate droplet diameter. See Section 5.1.2
for a detailed discussion of how the droplet diameters are determined from the high-speed
images. The two vertical dotted lines at A/〈A〉 = 0.67 and A/〈A〉 = 2.23 show the normalized
Voronoi areas used as the cutoff to define clusters and voids. The droplets in the left-most
region are in clusters, right-most are in voids, and droplets in the region in between the lines
are in neither clusters nor voids.



99

10-1 100 101

Voronoi Area (A/<A>)

5

4

3

2

1

0

A
v
e
ra

g
e
 V

e
rt

ic
a
l 
V

e
lo

ci
ty

 (
〈 V y/

v
〉 )

Average Vertical Velocity as a function of Voronoi Area and Droplet Diameter 

0-15µm (14.9%)

15-35µm (55.2%)

35-55µm (78.2%)

55-75µm (91.2%)

75-90µm (99.2%)

90+µm (100%)

Figure 5.6: The average vertical velocity (〈Vy/vκ〉) at x = 40M plotted as a function of the
normalized Voronoi area (A/〈A〉) and the approximate droplet diameter. See Section 5.1.2
for a detailed discussion of how the droplet diameters are determined from the high-speed
images. The two vertical dotted lines at A/〈A〉 = 0.65 and A/〈A〉 = 2.22 show the normalized
Voronoi areas used as the cutoff to define clusters and voids. The droplets in the left-most
region are in clusters, right-most are in voids, and droplets in the region in between the lines
are in neither clusters nor voids.
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less susceptible to influence from the turbulent fluctuations and less likely to be influenced

by collective settling dynamics.

The dependency of these results on turbulence characteristics (as associated by the dif-

ferent wind tunnel downstream locations) is not straightforward. For the three smallest

droplet size bins, the average vertical velocity, non-dimensionalized with the Kolmogorov

velocity, increases as the flow moves downstream. This suggests that this behavior is has a

cumulative effect, and is only partially related to the carrier fluid turbulent dissipation rate.

The increase is stronger for the smallest Voronoi areas, suggesting that this cumulative effect

over time is associated with droplet clustering. As the droplets continue to cluster together,

or as they spend more time in a cluster experiencing the effects of the collective dynamics,

the result is an increase in the average settling velocity with residence time in the wind tun-

nel (or downstream measurement location). As for the bins for larger-sized droplets, they

exhibit some fluctuation in their behavior across the three measurement stations with no

clear trends. The statistics conditioned to droplet size, droplet Voronoi area and turbulent

dissipation rate are less converged as a result of a much smaller droplet-count in these bins.

5.2 Relative Velocities

5.2.1 Relative Velocity Calculation

The relative velocity statistics for the droplets are one of the most important components in

the droplet collision kernel equation (Eq. (1.4)). These statistics are created by calculating

the relative velocity vector between two droplets. Then, this vector is projected onto the

radial separation vector between the droplet centers. The resulting signed scalar is the speed

at which the two droplets are moving either towards or away from each other. This parameter

is called the “closing speed” in this dissertation, but in the literature it is also sometimes

referred to as the longitudinal relative velocity.

The algorithm that calculates the relative velocity statistics shares information with the
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Radial Distribution Function (RDF) algorithm, described earlier, since the two algorithms

have multiple expensive computational steps in common. The Relative Velocity algorithm

first takes the X- and Y -coordinates, as well as the X- and Y -velocities, for all the droplets

in a single image. Within this subset of positions and velocities at a given instant of time,

it loops through each droplet and subtracts its velocity (or position) from the array of the

corresponding variable for all the other droplets. For example, using P as a generic variable

(that can represent either X, Y, U, or V ) then ~δPi = Pi− ~P . The resulting array of differences

for a given particle i ( ~δPi) is appended to the array of differences that includes the differences

for all other droplets. At the end of the loop, the array ~δP contains all the possible differences

between every pair of droplets in the image, twice. After removing the zeros resulting from

the subtraction of the droplet variable from itself (Pi−Pi), the difference arrays can be used

to calculate the separation distance,

~δR =
√
δX2 + δY 2, (5.1)

and the closing speed,

Closing Speed = (~V2 − ~V1) ·
~r21
|~r21|

=
~δU ~δX + ~δV ~δY√

~δX
2

+ ~δY
2
. (5.2)

The closing speed is conditioned on the separation distance and the PDFs for each range

of separation distances are plotted in Figures 5.7–5.9. The range of separation distances used

to compute each PDF are given in the legend, along with the number of droplets in each

range, to give a sense for the relative level of statistical convergence in each bin. The black

dotted line is a Gaussian curve fit to the data from the largest separation distances (the last

range from 5 to 10η).

5.2.2 Relative Velocity Analysis and Discussion

The relative velocity curves at small separations look like fluid accelerations. This is consis-

tent with the interpretation that, at small separations, the velocity difference between two
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Figure 5.7: PDFs of the closing velocity at x = 20M. The various curves represent the
different radial separation distance bins, non-dimensionalized with the Kolmogorov length
(η). The range of separation distances used to compute each PDF curve is given in the
legend, as well as the number of droplets (N) used to generate each curve. The black dotted
line is a Gaussian distribution with the same standard deviation as the data from the largest
separation distance range.
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Figure 5.8: PDFs of the closing velocity at x = 30M. The various curves represent the
different radial separation distance bins, non-dimensionalized with the Kolmogorov length
(η). The range of separation distances used to compute each PDF curve is given in the
legend, as well as the number of droplets (N) used to generate each curve. The black dotted
line is a Gaussian distribution with the same standard deviation as the data from the largest
separation distance range.
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Figure 5.9: PDFs of the closing velocity at x = 40M. The various curves represent the
different radial separation distance bins, non-dimensionalized with the Kolmogorov length
(η). The range of separation distances used to compute each PDF curve is given in the
legend, as well as the number of droplets (N) used to generate each curve. The black dotted
line is a Gaussian distribution with the same standard deviation as the data from the largest
separation distance range.
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“points” is representative of the fluid acceleration experienced by a “point” as it crosses a

small distance (in a small time interval). The important aspect to study is the deviation of

the inertial particles studied in this dissertation from the behavior of fluid “particles”.

At larger separations, the velocity differences tend towards a normal distribution, as can

be seen in the way the curves start to align with the Gaussian distribution in the plot (black

dotted line). This is because as the separation distance between the droplets increases, the

influence of the presence of one on the velocity of the other decays quickly and the correlation

in the velocity of the flow surrounding those two droplets decreases. The result is that the

relative velocity between two uncorrelated droplets looks more like a random variable in the

turbulent flow.

The relative velocity plots at the three different measurement stations all look similar.

There is a noticeable narrowing of the distributions as the droplets move down the length of

the tunnel that can be attributed to the result of two things: (1) the decreasing turbulence

dissipation rate, with the corresponding reduction in the strength of the turbulent excitation

of the droplet dynamics, and (2) the collective history of the droplets as they continue to

cluster together, resulting in a homogenization of the droplet velocities as they interact with

the same region of the same turbulent structures within the carrier fluid.

The relative velocity is one of the key parameters in the collision kernel. Thus, it is

important to examine this variable’s behavior in an effort to tease out the influence of the

turbulence on the dynamics of particles leading to collisions. In the previous analysis of the

raw data, the statistics of the relative velocity at short separations all collapse along the

expected exponential decay of fluid Lagrangian acceleration. At large separation distances,

the behavior diverges from that exponential decay and starts to resemble a Gaussian pro-

cess, but this last set of curves does not correspond to droplets with a high probability of

colliding. In order to understand the quantitative effect of the relative velocity statistics on

the probability of droplet collisions, the seemingly trivial raw data had to be explored in
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a different way. This new method for analyzing the droplet dynamics is based on a novel

non-dimensional variable uncovered in this dissertation that we are naming “Closing Time”.

5.2.3 Non-dimensional Closing Time

Background

While trying to interpret the relative velocity statistics, and looking for a way to differentiate

between the behavior of particles at different separation distances, a new way to interpret

the relative velocity data is proposed: the probability of two particles colliding depends on

them having a large relative closing velocity and on them having a small separation distance.

These two variables that appear in the classical formulation of the collision kernel, relative

velocity and separation distance, are not independent parameters. The joint PDF of relative

velocity and separation distance, shown in Figures 5.7–5.9, is almost uniform for a range of

separation distances where the curves collapse. But two particles will undergo a collision

if they have enough closing velocity to reduce their separation distance to zero (actually

the sum of the radii, but for all practical purposes that value is negligible compared to the

initial separation distance) before their relative velocity changes. This ratio of times—the

time it takes for the particles to collide and the time it takes for the particles to change

their velocity—is the key to whether a certain condition of relative velocity and separation

distance results in a collision or not. This non-dimensional value, which has not been used

before to describe collisions, is what we are calling the Closing Time.

The time-to-collision, τc is computed as follows:

Time− to− Collision =
Separation Distance

Closing Speed

τc =
|~r21|

(~V2 − ~V1) · ~r21|~r21|
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τc =
r2

(~V2 − ~V1) · ~r21
(5.3)

To non-dimensionalize τc, the particle viscous relaxation time is chosen because it represents

the time a particle at low Reynolds number will maintain the same velocity before changing

in response to changes in the surrounding fluid velocity. In order to measure a non-zero

relative velocity between two droplets that will lead to a collision, at least one of those

droplets’ velocity must deviate significantly from the local fluid flow. Relative velocities can

exist between two flow-tracing droplets, but if they behave like perfect flow tracers in an

incompressible flow, then the continuity equation ensures that they would never collide. For

a droplet that is moving relative to its carrier fluid, the drag on the droplet is always working

to return the droplet to the local flow velocity. A collision must occur before any velocity

difference decays back to zero. The right time scale to characterize this relaxation process

is the droplet (or particle) viscous relaxation time (τp). Thus, it makes sense to relate the

time-to-collision with this parameter that characterizes the inertia of the particles, providing

a clear threshold to determine collisions: droplets with negative closing times are moving

towards each other, and if the ratio between the particle relaxation time and closing time is

greater than 1.0, then the droplets will close their separation distance before their velocities

relax back to that of the carrier fluid. The Non-Dimensional Closing Time PDFs are shown

in Figures 5.10–5.12, with each curve representing the probability of finding particles with

different relative velocities at different separation distance ranges.

The particle viscous relaxation time is calculated for the arithmetic-mean droplet diame-

ter from the droplet distribution. Lacking specific information about the sizes of the droplet

measured via PTV, the mean diameter value is the best representation of the inertia of the

droplet distribution to create a non-dimensional closing time, even though it does not cap-

ture the size-specific behavior for individual droplets. The influence of particle size on the

Closing Time ratio needs to be the subject of future measurements.
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Figure 5.10: PDFs of the Non-dimensional Closing Time (t∗) at x = 20M. t∗ ≡ τp/τc. τp is the
particle relaxation time (Eq. (1.2)). τc is the closing time (Eq. (5.3)). Each curve represents
a different radial separation distance bin. The legend shows the range of each bin measured
in multiples of the Kolmogorov length (η), as well as the number of droplets (N) used to
generate each curve. Droplet pairs with closing times smaller (more negative) than -1.0 will
close the distance separating them within one particle relaxation time.
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Figure 5.11: PDFs of the Non-dimensional Closing Times (t∗) at x = 30M. t∗ ≡ τp/τc. τp
is the particle relaxation time (Eq. (1.2)). τc is the closing time (Eq. (5.3)). Each curve
represents a different radial separation distance bin. The legend shows the range of each bin
measured in multiples of the Kolmogorov length (η), as well as the number of droplets (N)
used to generate each curve. Droplet pairs with closing times smaller (more negative) than
-1.0 will close the distance separating them within one particle relaxation time.
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Figure 5.12: PDFs of the Non-dimensional Closing Times (t∗) at x = 40M. t∗ ≡ τp/τc. τp
is the particle relaxation time (Eq. (1.2)). τc is the closing time (Eq. (5.3)). Each curve
represents a different radial separation distance bin. The legend shows the range of each bin
measured in multiples of the Kolmogorov length (η), as well as the number of droplets (N)
used to generate each curve. Droplet pairs with closing times smaller (more negative) than
-1.0 will close the distance separating them within one particle relaxation time.
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Analysis and Discussion of the Closing Time Ratio

There is a monotonic increase in the probability of the closing time with decreasing sep-

aration distance, as expected, because droplets that are closer together are more likely to

collide within the span of the particle relaxation time. In this regard, the Closing Time

ratio provides a physical interpretation of the measurements of relative velocity that is not

obvious from the collapse of the relative velocity PDFs for all the small separation distances.

Despite this apparent lack of correlation between the separation distance and the relative

velocity, the Closing Time PDFs show that the collision probability does depend strongly

on the joint PDF. Once the joint PDF is re-framed in the correct non-dimensional ratio, it

provides a more meaningful representation of the droplet inertial dynamics in turbulence.

But beyond this qualitative understanding, the main benefit of the Closing Time statistics

is that they can be used to compute collision probabilities from experimentally measurable

quantities, separation distance and relative velocity, at finite separations. This is a signif-

icant contribution to understanding and quantifying inertial particle dynamics leading to

collisions. For instance, this makes estimating collision probabilities significantly easier than

using the collision equation (1.4) proposed by Sundaram and Collins, which requires the

Radial Distribution Function at contact and the full Relative Velocity PDFs.

To relate the Closing Time statistics to a collision probability, one would evaluate the

double integral along each of the separation distance curves from −1.0 to −∞, and for all

separation curves from R = 0η to ∞ (with the contribution of the integrals for the different

separation distances decaying with increasing separation so that only a few of the integrals

for the smaller separation distances need to be computed),

Ri∫
Rj

−1∫
−∞

P (τc|R) dτc dR
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as an alternative to ∫
wP (w |σ)dw

from Sundaram and Collins’s collision equation.

The first integration is easy to calculate with experimentally measured data, especially

compared to evaluating the relative velocity of two droplets at that negligible separation

distance that occurs at the moment of contact. That is a mathematical construct that

simply does not materialize in experiments and is all but impossible to measure in statistically

significant numbers. Even trying to approximate this second expression would be difficult,

requiring large data sets to get statistically meaningful measurements of such rare events.

Horizontal vs. Vertical Closing Time Results

The Closing Time PDFs from both the vertical and horizontal plane visualizations collected

at 30M are compared and negligible differences between the curves were found. The curves

for the separations between 3η − 10η show some deviation from each other at larger closing

times. This can be attributed to the slight difference in the turbulent dissipation rate mea-

sured at the 30M Vertical and 30M Horizontal measurement locations (cf. Figure 2.11 in

Section 2.2.4). As will be described in more detail in the next paragraph, there is a definite

relationship between the closing time PDFs and the carrier fluid turbulence.

Closing Time Dependence on Turbulence Characteristics

The Closing Time plots from the three measurement stations (Figure 5.14) all have similar

shapes, but there is a noticeable narrowing of the distributions as the flow moves down the

tunnel. Only a subset of the separation distance curves are included in the plot to keep the

data from obscuring the results from these measurements.

When plotted on the same axes, the differences between the data at different turbulence

characteristics (measurement stations inside the wind tunnel) are clearly apparent. There is
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Figure 5.13: PDFs of the Non-dimensional Closing Time (t∗) at x = 30M from both the
horizontal (—) and vertical (- -) PTV measurement locations. t∗ ≡ τp/τc. τp is the particle
relaxation time (Eq. (1.2)). τc is the Closing Time (Eq. (5.3)). Curves with the same color
are for the same radial separation distance bin. The legend shows the range of each bin
measured in multiples of the Kolmogorov length (η). Droplet pairs with Closing Times
smaller (more negative) than -1.0 will close the distance separating them within one particle
relaxation time.
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a monotonic trend for the PDFs to decrease as the turbulence dissipation rate decreases, and

it is consistent for all the separation distance ranges. However, as the separation distance

increases, the curves from the two most downstream stations (30M and 40M) are much

closer together than they are to the 20M curves. This suggests that the physical mechanism

creating separation between the curves is influenced by a length scale that is changing along

the length of the tunnel. The most obvious candidate is the Komogorov length scale (η),

which increases as the turbulence dissipation rate (ε) decreases. Figure 5.14 shows the

influence of turbulence on droplet collision probability, and the working hypothesis in this

dissertation is that, as the strength of the turbulence decreases, the collision probabilities

also decrease. There is a physical value for the controlling length scale that dominates the

inertial particle dynamics, outside of which the decrease in turbulence has a negligible effect

on the collision probability. Figure 5.14 shows conclusively that collision probabilities are a

function of turbulent dissipation rate.
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Figure 5.14: PDFs of the Non-dimensional Closing Time (t∗) from all three measurement
stations: x = 20M (—), 30M (- -), and 40M (-.-). t∗ ≡ τp/τc. τp is the particle viscous
relaxation time (Eq. (1.2)). τc is the Closing Time (Eq. (5.3)). Curves with the same
color are for the same radial separation distance bin. The legend shows the range of each
bin measured in multiples of the Kolmogorov length (η). Droplet pairs with closing times
smaller (more negative) than -1.0 will close the distance separating them within one particle
relaxation time.
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Chapter 6

CONCLUSIONS

An experimental wind tunnel facility has been created to measure droplet dynamics using

PDPA and PTV. PDPA measurements of the disperse phase are used to demonstrate that

the tunnel test section is seeded with a homogeneous spatial distribution of droplets with

sizes appropriate for studying inertial dynamics relevant to warm-rain formation. The carrier

fluid phase is characterized using hotwire anemometry and Pitot rake measurements. The

linear decay of the turbulence intensity shows that the carrier phase behaves like homoge-

neous isotropic turbulence and the well-defined inertial range in the turbulent energy spectra

highlights the high Reynolds number character of the laboratory flow; not quite matching the

Reynolds number of a cumulus cloud (ranging up to Reλ = 10, 000), but definitely approach-

ing the asymptotic regime. To overcome an undesirably non-homogeneous velocity profile

in the test section, a wall jet system was designed and installed that successfully modified

the tunnel’s velocity profile. The resulting flow has nearly uniform streamwise velocities and

turbulence intensities in the entire region where measurements are collected. The velocity

profiles are shown to be uniform to within ±8% of the mean velocity over more than 80% the

width of the tunnel cross-section; an improvement over the the previous result in the original

wind tunnel design where a ±14% variation about the mean freestream velocity occurred

over less than 50% of the tunnel cross-section.

To measure the droplet dynamics, high-speed images are taken of the two-phase flow in

the tunnel. These images are successfully corrected for a sensitivity bias in the camera sensor

so that the number of particles detected is uniform throughout the measurement area, and

thus consistent with the uniformity of seeding confirmed by the PDPA. A new 4-frame N+2
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PTV algorithm is implemented to link droplet coordinates across multiple high-speed images

into droplet trajectories through the imaging field of view. Spline fits to the coordinates

allow for the calculation of smooth derivatives of droplet positions. The resulting velocities

successfully match the velocities measured via two different independent techniques (HWA

and Pitot tube measurements).

Both 1D and 2D radial distribution functions are calculated to analyze droplet preferential

concentration. Calculated using PDPA data, the 1D RDFs show that the droplets accumulate

in close proximity to each other due to the turbulence. The length scale of this accumulation

relates to the Kolmogorov scale of the carrier flow, but extends out to separations on the

order of the integral length scale of the turbulence. The peak of the RDF is measured at

the smallest separation, close to the diameter of the droplets (where two droplets would

collide at the distance equal to the sum of their radii). This peak is the key measure of the

radial distribution function that links preferential concentration of droplets by turbulence

to the collision kernel. The RDF evaluated at contact, which can only be calculated by

extrapolating the RDF computed from large separations to a value below the Kolmogorov

scale (η), is proportional to the collision rate and shows the significant enhancement of the

collision probability due to turbulence. The RDFs presented in this dissertation extend

previous results of inertial droplet clustering at scales around 10η to much larger Reλ and

lower turbulent dissipation rates—a parameter range more representative of cloud conditions.

Notably, the RDF does not decay to a value of 1 until it is calculated for separations on the

order of the integral length scale (approximately 2000η) at this Reynolds number. This is in

conflict with some previous experimental measurements of the (2D) RDF, but fully consistent

with the view that preferential accumulation for a polydisperse particle population occurs

throughout the inertial range and thus the purely random spatial distribution is recovered

only at lengths larger than any correlation length of the turbulence.

The 2D RDFs calculated from high-speed images of the flow show a consistent trend
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where the RDFs from the horizontal imaging configurations were all lower than those from

the vertical configurations. This result agrees with the intuition that clusters of inertial

particles under the effect of gravity are not isotropic and that particles accumulate on the

downward side of eddies. This observation that the 2D RDF is sensitive to orientation is

likely the first experimental evidence that clustering is stronger in the direction of gravity

and that gravity does indeed play a role in the concentration of inertial particles.

Droplet settling velocities are conditioned on Voronoi areas to assess the relationship

between settling and local droplet concentration. The main result from the settling velocity

data is that for all but the largest droplets, there is a clear trend between the vertical velocity

and Voronoi area. As the Voronoi areas decrease (local concentration increases), collective

settling effects result in enhanced settling velocities. The dependency of these results on

turbulence characteristics is not straightforward. The settling velocity increases for only the

three smallest droplet size bins as the flow moves downstream, suggesting that this behavior

is only partially caused by the carrier fluid turbulence. The increase is stronger for the

smallest Voronoi areas, suggesting that this trend is related to droplet clustering. As the

droplets continue to cluster together, or as they spend more time in a cluster experiencing

the effects of the collective dynamics, the result is an increase in the average settling velocity

with residence time in the wind tunnel (or downstream measurement location), even if the

turbulent dissipation rate decays along the trajectories.

The non-dimensional Closing Time ratio is proposed as a new way to interpret droplet

relative velocity data that incorporates the fact that the probability of having two particles

collide depends on them having both a large relative closing velocity and a small separation

distance. The Closing Time shows that once the relative velocity joint PDF is re-framed

in the correct non-dimensional ratio, it provides a more meaningful representation of the

inertial droplet dynamics. For example, there is a monotonic trend for the PDFs to decrease

as the turbulence dissipation rate decreases, and it is consistent for all the separation distance
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ranges. This shows the influence of turbulence on droplet collision probability, whereby as

the strength of the turbulence decreases, the collision probabilities also decrease. However,

as the separation distance increases, the decrease in collision probability is less pronounced.

This suggests that there is a physical value for the controlling length scale that dominates

the inertial particle dynamics, outside of which, the decay of the turbulence intensity and

dissipation rate have a negligible effect on the collision probability.

Beyond this ability to provide qualitative understanding, the main benefit of the Closing

Time statistics is that they can be used to compute collision probabilities from experimen-

tally measurable quantities of separation distance and relative velocity measured at finite

separations. This is a significant and novel contribution to understanding and quantifying

inertial particle dynamics leading to collisions.
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Appendix A

ADDITIONAL SETTLING VELOCITY PLOTS
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Figure A.1: Settling velocity Probability Density Functions (PDF) measured at x = 20M.
The PDFs are plotted as a function of vertical velocity (Vy) scaled by the Kolmogorov velocity
(vκ). The data is binned according to distance to the nearest neighboring droplet measured
in multiples of the Kolmogorov length (η). The legend shows the the number (N) of droplets
in the bin, as well as the mean velocity (〈Vy〉), in therm of the Kolmogorov velocity, for all
those droplets.
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Figure A.2: Settling velocity Probability Density Functions (PDF) measured at x = 30M.
The PDFs are plotted as a function of vertical velocity (Vy) scaled by the Kolmogorov velocity
(vκ). The data is binned according to distance to the nearest neighboring droplet measured
in multiples of the Kolmogorov length (η). The legend shows the the number (N) of droplets
in the bin, as well as the mean velocity (〈Vy〉), in therm of the Kolmogorov velocity, for all
those droplets.
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Appendix B

ADDITIONAL TURBULENCE ENERGY SPECTRA PLOTS
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Figure B.1: A plot of the longitudinal 1D turbulent energy spectrum from hotwire measure-
ments made at the vertical high-speed imaging location for Stations 20M, 30M, and 40M.
The dashed line, with a -5/3 slope, is included as a visual reference for the slope predicted by
Kolmogorov’s theory for the inertial range of turbulent energy spectra.
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Figure B.2: A plot of the longitudinal 1D turbulent energy spectrum from hotwire measure-
ments made at the horizontal high-speed imaging location for Stations 20M, 30M, and 40M.
The dashed line, with a -5/3 slope, is included as a visual reference for the slope predicted by
Kolmogorov’s theory for the inertial range of turbulent energy spectra.
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Appendix C

HOTWIRE ANENOMETRY (HWA) - CALIBRATION AND
ERROR ANALYSIS

C.1 HWA Calibration

We calibrated the HWA by making co-located hotwire and pitot tube measurements over a

range of velocities. The differential pressure in the pitot tube was measured using a pressure

transducer∗ and the resultant velocities were related to corresponding hotwire voltage data

using a 4th order polynomial fit (Figure C.1).

C.2 HWA Error Analysis

To evaluate the error in the HWA measurements, we use the evolution of the velocity RMS

statistics. If a time-series (x) with mean (X) and “true” variance (σ2) is split into i inde-

pendent samples (xi), the variance in the mean calculated from N independent samples is

related to the variance of the entire time-series by VAR(XN) ∼ σ2/N (George et al., 1978).

In our measurements, when we split a single time series into 50 independent, non-

overlapping samples of 20,000 velocity measurements each, we observed that the variance in

the mean velocity asymptotes to a constant value and does not decrease like 1/N as pre-

dicted by the theory. We deduced that the component of the variance due to the turbulent

fluctuations decays according to the theory, but the truly random error in the HWA system

persists (Figure C.2). The asymptotic value of the variance is thus the error of the HWA. On

average across the core region we found this error to be less than 5% of the full measurement.

∗OMEGA R© PX653 with a resolution of 2.5× 10−4 in.H2O (0.06 Pa)
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Figure C.1: A plot showing the hotwire calibration equation; a 4th order polynomial fit to
the Pitot tube velocities and the corresponding hotwire voltages measurements.

A second source of error in our velocity measurements results from using a single compo-

nent hotwire probe and ignoring the significant fluctuations in the two other components. We

estimate this error to be less than 2% of the mean streamwise velocity since our turbulence

intensities are always below 0.2 (Goldstein, 1996).

The uncertainty in our calibration was less than 1% across our entire velocity range.

Thus our estimate of the total error in the HWA velocity measurements is approximately

8%.
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Figure C.2: A plot showing the variance in the mean value ofN independent, non-overlapping
samples of the HWA measurement of the RMS velocity (blue curve) compared to the ana-
lytical value of the variance as predicted by (George et al., 1978) (green curve).
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Appendix D

PITOT RAKE INSTRUMENT ERROR CHARACTERIZATION
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Figure D.1: Pitot Rake Instrument Error Characterization. A plot showing the velocities
measured at each location along the pitot rake when exposed to a constant velocity flow
source. The experiment was repeated three times.


