
Department of Aerodynamics

An energized mass approach for
drag evaluation
Development and testing of a drag evaluation method for
bodies moving with constant velocity

Laura Jou Ferrer

M
Sc

Th
es

is



"O FOFSHJ[FE
NBTT BQQSPBDI

GPS ESBH
FWBMVBUJPO

'HYHORSPHQW DQG WHVWLQJ RI D GUDJ HYDOXDWLRQ
PHWKRG IRU ERGLHV PRYLQJ ZLWK FRQVWDQW

YHORFLW\
E\

-BVSB +PV 'FSSFS
WR REWDLQ WKH GHJUHH RI 0DVWHU RI 6FLHQFH
DW WKH 'HOIW 8QLYHUVLW\ RI 7HFKQRORJ\�

WR EH GHIHQGHG SXEOLFO\ RQ :HGQHVGD\ -XQH ��� ���� DW ����� $0�

6WXGHQW QXPEHU� �������
3URMHFW GXUDWLRQ� 1RYHPEHU ��� ���� ± -XQH ��� ����
7KHVLV FRPPLWWHH� 3URI� )� 6FDUDQR� 78 'HOIW� &KDLU

'U� $� 6FLDFFKLWDQR� 78 'HOIW� 6XSHUYLVRU
'U� 1� 7LPPHU� 78 'HOIW� H[DPLQHU
'U� :� 7HUUD� 12&
16) $HURG\QDPLFV� H[DPLQHU

$Q HOHFWURQLF YHUVLRQ RI WKLV WKHVLV LV DYDLODEOH DW KWWS���UHSRVLWRU\�WXGHOIW�QO��

http://repository.tudelft.nl/


Preface

This thesis is written with the aim to obtain the degree of Master of Science in the field of
Aerodynamics at the TU Delft. It contains a review of all the work done during my thesis
project and it represents the end of my studies in Delft.

I would like to thank my supervisor Dr. Sciacchitano for his support and guidance. This
research project has given me a unique opportunity to learn and carry out an experimental
campaign in a world-class skating rink. I am very grateful to Dr. Terra and the team at Thialf
for letting me take part in this campaign. I would also like to thank the athletes that
participated and their teams. Additionally, I would like to thank the sta� at the HSL that
helped prepare for the experiments. I am also grateful to Dr. Spoelstra and Dr. Rival for their
guidance during the first part of the thesis.

The other data in this work comes from the work of Dr. Terra and Dr. Spoelstra, to who I am
thankful for letting me use it and answering my doubts about it. Furthermore, I am grateful
Dr. Galler from Queen’s university for his clarifying explanation about the energized mass
concept, and Dr. El Makdah for his help in the discussion of a possible experimental campaign.

Finally, I would like to thank my mother and my sister for their love and support during the
duration of the thesis and of my studies in general. I am also grateful to my friends in Spain,
the Netherlands, Switzerland and everywhere else, especially those that were doing the thesis at
the same time as me. Lastly, I would like to thank Lorenzo for being by my side and cheering
me on throughout the whole process.

Laura Jou Ferrer
May 2022



Executive Summary

In speed sports, the result of a competition might be decided by a very small time di�erence
between two athletes. Therefore, reducing the drag coe�cient is a priority. It is usually measured
using simulations or wind tunnel tests, but in the case of athletes this might mean that a model
has to be used and the race conditions approximated. On-site measurements are preferred
because they provide flow descriptions that are representative of actual race conditions.

This work introduces a new method to calculate the drag of a transiting object that moves with
a constant velocity. The method is based on the concept of the energized mass and its only input
is raw images similar to those used in PIV. Since the images can be planar, only one camera is
needed, and no velocity fields need to be computed.

The energized mass, introduced by Galler et al. [1], refers to a measure of the normalized
kinetic energy of all the fluid that is a�ected by the movement of the body. The idea behind
the method is that the mechanism by which kinetic energy is transferred into this fluid is the
work done by the drag force, and so an energy balance can yield the drag coe�cient. In this
way, the development of the wake area in time can be used to estimate the drag coe�cient. An
important assumption here is that the body is blu� and not streamlined.

The method is tested on five di�erent experimental cases, pertaining to three di�erent models.
Some of the data is obtained from previous experimental campaigns. This includes tomo-PIV
images of a sphere, which were captured by Terra et al. [2] [3] when demonstrating the Ring
of Fire concept. Spoeltra et al. [4] measured the flow around a cyclist in upright and timetrial
position using stereo-PIV. The campaign was done on-site with a real cyclist, and the method
is also tested on this data. Finally, an experimental campaign was carried out in the ice skating
rink of Thialf (Heerenveen, the Netherlands) and part of the experiments were done for the
purpose of this thesis. Using a stereo-PIV set up, measurements were done on the flow around
a skater in two di�erent positions. The first one was similar to the normal position of a skater
in a competition, but in this case both arms were attached to the body with the hands held
together at the back. The second one was not a position that would be seen at a speed skating
race, with the knees slightly more extended and both arms stretched to the sides. In both cases,
the skater glided through the measurement domain.

For all five experimental cases, the wake was first studied by examining the PIV velocity fields.
The velocity fields, vorticity and time development of the wake gave information as to what
the expected wake are would be and what shape it would have. The method was applied on
all cases, and the obtained drag results were compared to those resulting from the Ring of
Fire methodology, which is based on the momentum balance equation [5]. In the cases where
literature was available, the drag was also compared to reported results.

In general, the method was found to significantly overestimate the drag of all objects. The
most extreme case was the one of the sphere, where the energized mass method predicted a
drag coe�cient three times larger than the Ring of Fire methodology. However, the method
was capable of correctly measuring which objects had higher drag coe�cients than others. A
possible explanation for this discrepancies the overestimation of the wake area by the method.
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Chapter 1

Introduction

The drag coe�cient is one of the most important parameters to describe the interaction of a body
with its surrounding flow. Usually it needs to be measured experimentally and tabulated. This
process is not always straightforward, as measuring balances can be sources of noise and error
and might a�ect the flow. PIV has been used as an alternative tool to calculate the drag, using
momentum balance methods for steady and unsteady airfoils [6, 7], or unsteady square-cross
section cylinders [8].

In speed sports the drag coe�cient is of special importance. For example, in cycling the drag has
been measured to be responsible for more than 90% of the total resistance [9]. In this sports, a
small reduction in the drag coe�cient can be a significant improvement in the performance. For
example, in the Tokio 2020 Olympics several gold medals were decided by a margin of fractions
of a second [10].

In speed skating the di�erence between the winner and the runner-up is small. Some examples of
this can be found in the results of the International Skating Union (ISU) World Championships
held in Thialf, Herenveeren in February 2021. In the 500 m race, the time di�erence that awarded
Laurent Dubreuil the vitory was of only 0.15 s [11]. In the popular 10 000 m event, the Swede
Nils van der Poel accumulated a time advantage of only 12.91 s over a total race time of slightly
over 12.5 min [12].

With the victory margin being small in sports like cycling and skating, drag reduction can pose an
advantage for the athletes. In cycling, the position of the rider has been identified as the biggest
factor in aerodynamic performance. However, the UCI (Union Cycliste Internationale) has
restrictions on the positioning of the cyclist [13]. This creates a motivation for the development
of highly technical equipment, such as the SWIFTskin program to develop a speed skating suit
[14] [15] and a cycling suit [16]. Other e�orts to improve aerodynamic performance include
experimental analysis of cycling helmets [17] [18] [19]. However, in order to assess the success of
the drag reduction, it is important to know the drag coe�cient of the original and the modified
suit with accuracy. This testing is usually done in wind tunnel experiments, which means the
conditions cannot be exactly the same as in the races.

Recently, the Ring of Fire method has been introduced, which uses the momentum balance
equations formulated by Rival and van Oudheusden [5] and the velocity fields up and downstream
of the wake to measure the drag. This method has been proven successful with a sphere and a
cyclist [3] [4]. These experiments demonstrated the feasibility to measure the drag on-site (as
opposed to inside a wind tunnel using models) and in large control volumes. However, this relies
on velocity fields, which inevitably adds a compounding error in the obtained drag coe�cient
values [20]. In addition, the streamwise velocity component is required for the momentum
balance. Planar PIV can only yield the in-plane velocities, so more experimental set ups with
multiple cameras need to be used, such as stereo-PIV or tomo-PIV. This adds complexity to the
experimental campaign itself but also to the posterior data processing.

These issues highlight the usefulness of a new method that would require a planar PIV set up
and no velocity fields at all. The idea behind it stems from the energized mass, which was
introduced by Galler and Rival [1]. This new concept draws inspiration from the added mass,
which in potential flow refers to the added inertia that a body has to overcome to accelerate
in a fluid of finite density, as compared to vacuum. The energized mass, instead, is a real flow
concept, and the focus on this work is its application to objects translating at constant velocities.
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When a body moves through a fluid with constant velocity, the fluid surrounding it, initially
at rest, will undergo a change in velocity. The energized mass is a measure of the change in
normalized kinetic energy of the fluid.

This research project aims at developing a method for measuring the drag of an object undergoing
a steady, translational motion. The main requirement for this new method is that it shall not
rely on velocity fields of the wake of the object. Using the energized mass concept, it is possible
to reach a formulation that relies on the wake area, and not on the values of the velocities. As
a consequence, the wake area has to be obtained using only the planar PIV images.

One of the key steps of this project will be necessary to identify the wake of the body. While
there is some literature, as pointed out in chapter 2, that has attempted to do so in di�erent
ways, there is no clear consensus on what the optimal method would be. In addition, these
documented processes usually require detailed information about the velocity and/or vorticity
fields downstream of the object. Since none of these are available, this work will answer the
question of whether it is possible at all to identify the wake using only raw images of the flow
behind an object.

This thesis is structured as follows. The literature study is presented in chapter 2. It includes
all review of all relevant literature in di�erent topics that are related to the development of
the energized mass method. The first section is about Particle Image Velocimetry, which is
useful not only to understand the motivation behind this work, but also to explain how the test
datasets were obtained. The second section is about the added mass concept, and is followed
by a discussion of the energized mass concept. Finally, the fourth section is focused on the
identification of the wake using di�erent methods. chapter 4 is where the energized mass method
is presented. It includes a detailed explanation of all the steps and their justification, in addition
to a sensitivity study of the main parameters that are used throughout the processing of the
images. The description of the experimental set up for each case is presented in chapter 3 together
with the selected processing parameters in each case. The results are shown in chapter 5. In
this chapter, one section is dedicated to each experimental case. In each of them, first the wake
topology is discussed using PIV velocity fields, and then the energized mass method results
are presented. The chapter concludes with a discussion of the obtained results. Finally, the
conclusions which have been reached regarding the energized mass method and recommendations
for future work are included in chapter 6.



Chapter 2

Literature Study

This chapter contains all the background information that is relevant to the energized mass
approach developed in this thesis. Firstly, Particle Image Velocimetry (PIV) is explained in
section 2.1. It is included because all the data on which the method is tested was obtained using
a PIV experimental set up, and PIV velocity fields are used to compare and evaluate the results.
In addition, the limitations in this technique are important to understand the motivation behind
the energized mass approach.

The second section of this chapter is focused on the added mass. Its potential flow derivation
and real flow applications are explained in subsection 2.2.1 and subsection 2.2.2, respectively.
This is followed by a discussion on the drift volume and the force formulations for the added
mass. While the added mass is a potential flow concept, it serves as inspiration for the energized
mass concept, which is the backbone of this work and is explained in detail in section 2.3.

The chapter concludes with a section dedicated to wake identification methods that have been
presented in literature, summarized in section 2.4. The correct measurement of the area of the
wake is an essential step to the method developed in this work. Even though the approach is new,
it is useful to investigate other methods based on velocity, vorticity thresholding (subsection 2.4.1
and subsection 2.4.2, respectively). The most similar type of wake identification techniques is
the image based one, which is explained in subsection 2.4.3.

2.1 Particle Image Velocimetry

Particle Image Velocimetry (PIV) is a flow measurement technique that makes it possible to
determine the flow velocities in a region seeded by tracer particles, based on the distance covered
by these particles in the span of time between two images. Some of the main advantages that
this method o�ers include the fact that it is not intrusive, as only tracer particles are introduced
in the flow, and that it makes it possible to capture the velocity field in an entire area (or
volume) of the flow.

It was developed in the last decades of the 20th century, some early research on it includes the
work of Adrian [21], and Willert and Gharib [22]. Thanks to the advances in the field, and the
developments in digital photography that took place in the last decades, PIV quickly gained
popularity and is currently one of the most used flow measurement techniques.

The rest of this section is structured as follows. In subsection 2.1.1, the basics of PIV are
explained, followed by sections centered on the equipment and data processing. Next,
subsection 2.1.4 is focused on the techniques of stereoscopic PIV and tomographic PIV. The
momentum balance method, which is the most commonly used way to evaluate the drag
coe�cient from PIV data, is explained in subsection 2.1.5. Finally, in subsection 2.1.6 the
major sources of error that can a�ect drag measurements are discussed.
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2.1.1 PIV basic principles

The basic principle behind PIV is the ability to measure the distance traveled by tracer particles
in a known time interval. A typical planar, 2D PIV experimental set up is shown in Figure 2.1.
The necessary equipment usually consists of at least one camera, a laser with the corresponding
lenses to shape the laser sheet and tracer particles.

Figure 2.1: Typical experimental set up for PIV, from [23].

The flow is seeded with tracer particles, which are neutrally buoyant so that they follow the flow
accurately. They are illuminated with a light source, which is usually a laser, and photographed
with cameras at high frequency. For each pair of images, it is possible to identify the particle
pairs using cross-correlation, and thus measure the displacement of each particle in the time
elapsed between the two pictures. The velocity field for the entire region that is seeded and
illuminated can then be obtained. The components mentioned here are explained in more detail
in the following subsection, followed by an explanation of the data processing that leads to the
final velocity vector fields.

2.1.2 Equipment

As shown in Figure 2.1, the most important components of a PIV set up are the light source,
tracer particles and the cameras. The most important characteristics of each are detailed below.

Seeding

PIV is an indirect flow measurement technique, which means that it is the velocity of the seeding
that is measured, and not the one of the flow. The seeding is done by introducing tracer particles
into the flow field, such that it becomes visible. It is essential to choose adequate tracer particles
that have the correct mechanical and optical properties. A compromise needs to be made, since
for the former smaller particles are preferred, but larger particles have better light scattering
properties [24].

Mehcanical properties In regards to the mechanical properties, the particles should follow the
flow accurately, so that the measured particle velocity is identical to the real flow velocity. The
particles should also not interact with each other, and not alter the flow [25].
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For the case of small spherical particles with a small relative velocity (with respect to the flow),
the most important e�ect is the Stokes drag [26]. Their slip velocity, which is the velocity
relative to the flow velocity, is given by the following equation:

Us = Up ≠ Uf = ≠
d

2
p(flp ≠ flf )

18µ

dUp

dt
(2.1)

where fl is the density, dp the particle diameter U the velocity, and the subscripts p and f

represent particle and fluid characteristics, respectively. A particle should have a small slip
velocity in order to follow the flow well and have acceptable mechanical properties. Equation 2.1
leads to the conclusion that small diameter and a density close to the fluid density are the most
important characteristics of the tracer particles. This is shown in Figure 2.2, where a di�erence
in velocity of 1 m s≠1 is followed significantly slower when the particle diameter is doubled.

Figure 2.2: Velocity adaptation to the flow of particles of di�erent diameters. The reference particle
diameter D = 1 µm and the particle density flp = 1 ◊ 103 kg m≠3, are chosen to emulate the behavior
of glycol-water solution particles in air [24].

The available choice of particles is limited by the fluid where the experiments are performed.
In air, the density ratio can be as high as flp

flf
= O(103) depending on the material used for the

tracer particles [24]. In these cases, the particle diameter usually has to be near 1 µm [26].

Optical properties Given that PIV depends on the detection and matching of particles in two
images, it is important that the particle images are clearly distinguishable from the background.
As typically PIV is done with spherical particles of diameter slightly larger than the wavelength
of the light, Mie’s scattering law needs to be considered. The scattering is not uniform in
all directions: it is strongest in forward direction, lower in backward direction and is lowest
in direction normal to the plane of illumination, which is the direction captured by the PIV
cameras. This is shown in Figure 2.3. For this reason, PIV needs strong light sources [24].

In general, light scattering is dependant on the particle diameter, the wavelength of the light
and the ratio of refractive indices. The most important of these is the particle diameter, as the
scattering is proportional to d

2
p [23].

Some common substances to generate particles suitable for experiments in air are oil or DEHS
(di-ethyl-hexyl-sebacate) [23]. However, helium filled soap bubbles (HSFB) have become
increasingly popular in PIV experiments on air. They consist of bubbles made of bubble fluid
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Figure 2.3: Light scattering behavior of an oil particle (dp = 1 µm) in air, from [23].

solution (BFS) and are filled with helium in order to remain neutrally buoyant [27]. They are
obtained with bubble generators that can produce up to 50 000 bubbles per second [28], and
their main advantages are that they are neutrally buoyant and they have the ability to scatter
light e�ciently [29]. Recent work has shown a response time of 10 µs [30], and their suitability
for large scale PIV experiments [3] [2] [4] [31].

In addition to the mentioned optical and mechanical characteristics that are important in the
choice of particles, there are other considerations to keep in mind, mainly related to safety. It
is preferable to use particles that are not toxic, corrosive or abrasive, and it is convenient to use
particles that will be easy to remove from the experimental set up.

Illumination

Illumination of the tracer particles is usually done with a laser, due to its many advantages.
Firstly, the light strength they provide can be very high. In addition, the light is collimated
(the light rays are parallel to each other), so it can be easily shaped into a thin sheet, which is
necessary for the measurements. The fact that it is pulsed allows a laser to provide light for a
short amount of time, such that the particles in the images appear as dots and not as streaks
[24]. Finally, they are monochromatic light sources, so there is only one wavelength.

Some commonly used lasers for PIV applications include Nd:YAG (Neodim: yttrium aluminum
garnet, ⁄ = 532 nm for green light) and Nd:YLF (Neodim: yttrium lithium fluoride, ⁄ = 526 nm
for green light), which are both solid-state lasers. The first type is suitable to any kind of flow
speed due to its short pulse duration (5 - 15 ns) [24] and versatility [21], while the second allows
for a higher repetition rate, so it is more adequate for time-resolved measurements [23]. The
size and thickness of the laser sheet can be adjusted using the correct configuration of lenses.

Imaging

The images of the particles are usually with CCD (charged couple device) or CMOS
(complementary metal oxide semiconductor) sensors. With the development of CMOS
cameras, nowadays they are preferred for high speed applications, as their read-out rates are
higher and thus are capable to store image data faster than CCD sensors and with low noise
levels [23].

Another important choice for the imaging is the lens selection. One of the main parameters to
consider is the magnification factor M , which represents the ratio between the image distance
di and the object distance do. Another way to understand it is as the ratio between the image
size (pixels size times resolution) and the field of view, so that to know the real size of an object,
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its image size is multiplied by M . These quantities are related to the focal length of the lens by
the thin lens equation:

1
f

= 1
di

+ 1
do

(2.2)

The image of the particle diameter d· would then be expected to have a size of Mdp, but there
are some e�ects that modify it. Firstly, di�raction will make the particle look bigger. When
capturing a small source of light at a distance, the light is spread and forms an Airy disk around
the particle image. The diameter of this Airy disk is:

ddiff = 2.44⁄(1 + M)f# (2.3)

Where ⁄ is the laser light wavelength and f# is the aperture number or f-stop, which indicates
the ratio between the focal length and aperture of the camera. In general, a higher f# leads
to a more closed aperture, lower light and a higher depth of field (more distant objects in the
background appear in focus). The image particle diameter can be estimated as follows [32]:

d· =
Ò

d2
diff

+ (Mdp)2 (2.4)

It is possible in most cases to approximate the particle diameter as the di�raction diameter,
neglecting Mdp [24]. These equations only hold if the particle image is in focus, and for that
the focal depth ”z needs to be larger than the laser sheet thickness. The laser sheet of course
needs to be placed in the focus plane.

”z = 4.88
3

1 + 1
M

42
f

2
#⁄ (2.5)

Ensuring that the particle image diameter is small and in focus can help reduce uncertainties
in the velocity measurements, and increase the image intensity [23]. However, the d· should be
big enough to avoid peak locking. This phenomena occurs when the particle image diameter
is smaller than a pixel, so it is not possible to accurately measure its displacement [24]. The
optimal d· depends on the PIV type, but ranges from 2 to 6 pixel [23].

2.1.3 Data processing

Once the image pairs are obtained, the velocity fields can be computed by measuring the distance
traveled by the particles in the known interval of time. This process takes several steps.

Firstly, before the measurements are done, it is necessary to take reference measurements and
calibrate the set up. That way, it is known how much distance a pixel corresponds to, and the
velocity can be computed in meters per second. Next, it is common to do some pre-processing
of the images in order to reduce background intensity and enhance the particle images. The
optimal pre-processing is dependant on the set up and configuration of the experiment.

The calculation of the velocity field starts with dividing the images into interrogation windows.
As a rule of thumb, the in-plane displacement on a window should not be larger than 1/4 of
the window size and the out-of-plane displacement should be no more than 1/4 of the laser
sheet thickness. Finally, it should be small enough that all particles move in a similar in-plane
direction: the variation in displacement should be less than a particle diameter. If these three
rules are observed, the error in matching particles and calculating the displacement of a window
should be less than 5% [24].

The velocity vector in each window is calculated by first obtaining the cross-correlation map for
the window. For images that have a good signal to noise ratio, there is a clearly distinguishable
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peak. Finding this peak is the next step: its coordinates indicate the average displacement of
the particles in the window. Knowing the time interval between the two images, the velocity
in pixel/s can be obtained, and it can be translated into m s≠1. Repeating this in each window
yields the complete velocity field.

2.1.4 Stereo-PIV and Tomo-PIV

Thanks to the interest the PIV technique has generated, its evolution has allowed for
modifications of the experimental set up presented in Figure 2.1 which make it possible to
increase the dimensions of the vector fields, or to capture 3 velocity components.

Stereoscopic PIV

Using stereo-PIV it is possible to capture three velocity components of the vector field in a
2D plane. Moreover, the in-plane velocities can be corrected: when using planar PIV, the
velocity fields capture the in-plane velocity projections, which are not necessarily the same as
the velocities.

Figure 2.4: Stereo PIV set up angles, as seen from the top (left) and side (right).

The set up is very similar to the planar PIV one, the only required changes include adding an
extra camera and slightly modifying the software for data processing [33]. In a stereoscopic PIV
set up using the angular method, the cameras are placed at a horizontal angle – with respect
to the normal to the laser sheet. A typical set up of this kind is depicted in Figure 2.4. Here, —

is the vertical angle between the cameras and the floor, and – is perpendicular to it, the angle
between the normal of the plane and the camera line of sight.

Using the combined information of both cameras, it is possible to obtain the out-of-plane velocity
component. From each camera (left L and right R), a set of planar velocities will be obtained
(UL, VL, UR and VR). They can be combined as follows to obtain the three velocity components
[23]:

u = UL tan(–L) + UR tan(–R)
tan(–L) + tan(–R) (2.6)

v = VL tan(—L) + VR tan(—R)
tan(—L) + tan(—R) (2.7)

w = UL ≠ UR

tan(–L) + tan(–R) = VL ≠ VR

tan(—L) + tan(—R) (2.8)
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Tomographic PIV

Another development in this field is tomographic PIV. Introduced by Elsinga et al. [34], this
method uses several cameras to obtain the the velocity vectors on a 3D domain. The size of the
domain is limited by the fact that the depth of the domain has to be smaller than the width
and height, typically by a factor of 4. In addition, since the domain is wider the light source
needs to be stronger than for other PIV applications [23].

The number of cameras used usually ranges from 3 to 6 and there are a few possible
configurations, as long as no two cameras are collinear. The most popular configuration is the
pyramid one, but they can also be placed forming a cross or even in a linear configuration.
The positioning of the cameras should also be such that the maximum solid angle within them
is between 40° and 80°. This angle is one of the most relevant parameters regarding the
imaging, together with the camera sensitivity, M and the sensor pixel size. Another important
consideration when designing a tomo PIV experiment is the concentration of the tracer
particles. For a set up consisting of 4 cameras, the concentration should not exceed 0.5 ppp to
avoid compromising the accuracy of the results [35].

The data is processed by using a MART (Multiplicative Algebraic Reconstruction Technique)
algorithm or similar algorithm for tomographic reconstruction. Instead of 2D windows, tomo-
PIV divides the domain into 3 dimensional windows made up of voxels. 3D cross-correlation
is then applied, yielding the velocity fields. A problem that can arise from the tomographic
reconstruction is the appearance of ghost particles, which add error to the output velocity fields.
This can be mitigated using MTE-MART (motion tracking enhancement MART) or SMTE-
MART (sequential MTE-MART) algorithms [23] [34].

Tomo-PIV has been used to investigate vortex rings [36], the physics of drops [37], the flow
around a low aspect ratio cylinder [38], turbulent boundary layers [39], or the wake of sphere
[3], amongst others.

2.1.5 Drag calculation from PIV data

Developing an approach that can obtain the force using the velocity fields obtained from PIV
has been a subject of interest due to the popularity of this flow measurement technique. Such
a method would be non-intrusive, and would combine the knowledge of the aerodynamic forces
with all the information that can be derived from the velocity fields, giving more insight on the
flow.

The classical formulation for the forces in an inertial control volume is given by [40]:

F (t) = ≠fl

⁄⁄⁄

CV

ˆu

ˆt
dV ≠ fl

⁄⁄

CS

u(u · n)dS ≠

⁄⁄

CS

pndS +
⁄⁄

CS

(· · n)dS (2.9)

where u is the velocity vector, n is the vector normal to the surface, p is the pressure and · is
the viscous stress. The terms on the right hand side can be interpreted as follows: the first one
is the unsteady term, the second one is the momentum term, the third is the pressure term and
finally the last one is the viscous term.

It is not convenient to have the unsteady term expressed over a volume integral, since PIV is
usually performed on a surface. In the case that the flow is incompressible and the body is thin
(if the body is blu� an additional term needs to be added), this term can be expanded [41]

F (t) = ≠fl
ˆ

ˆt

⁄⁄

CS

x(u · n)dS ≠ fl

⁄⁄

CS

u(u · n)dS ≠

⁄⁄

CS

pndS +
⁄⁄

CS

(· · n)dS (2.10)
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Where x is the coordinate vector. The unsteady term is zero if the upstream flow is steady
[2], and the viscous term can be neglected if the control surfaces are far away enough from the
body [8]. In addition, two control surfaces have to be defined: surface S1 upstream of the body
and a surface S2 in the wake. Conservation of mass has to be satisfied between the two control
surfaces in order to apply this approach. This is reference frame is depicted in Figure 2.5. With
this simplifications, the instantaneous drag can be expressed as [4]:

Figure 2.5: Schematic depiction of the reference frame and control surfaces for the case of a cyclist,
from [4].

FD(t) =
⁄⁄

S1
(uenv ≠U)2dS +

⁄⁄

S1
(pŒ ≠p1)dS ≠

⁄⁄

S2
(uwake ≠U)2dS ≠

⁄⁄

S2
(pŒ ≠p2)dS (2.11)

Where U is the velocity of the body, and uenv is the undisturbed velocity field, before the object
passes through. In the ideal case uenv would be close to zero, but in practice depending on the
measurement set up it might be a�ected by the wind or other environmental conditions, and
needs to be taken into account. The pressure term can be challenging to obtain. In some cases,
if the flow is measured downstream enough, it can be neglected [4]. Otherwise, the pressure
gradient can be obtained directly from the momentum equation [8]:

Du

Dt
= ≠

1
fl

Òp + ‹Ò
2u (2.12)

The process of integrating to obtain the pressure field can lead to compounding errors. In the
case that the flow is incompressible, it can be obtained from a Poisson equation [42]:

Ò
2
p = ≠flÒ · (u · Ò)u (2.13)

If this approach is used, the correct Neumann boundary conditions need to be selected for the
surface at the body [43], and a Dirichlet condition can be established for the outside flow [44].

2.1.6 Uncertainty in PIV-based drag measurements

Even though the Ring of Fire concept has been shown to be a useful tool to measure drag of
large objects and on-site, there are some limitations in the measurements.

In general, all PIV velocity measurements are subjected to several error sources. Some of them
have been mentioned in the previous sections, as they can be mitigated by a correct selection
of equipment. Examples of this include errors due to misalignment of the measurement plane,
delayed tracer particle response, incorrect calibration, or peak locking [45].

Several a-priori and a-posteriori techniques have been developed to quantify the uncertainty
of PIV measurements. Of particular interest for this work is the uncertainty on stereo-PIV



2.2 Added Mass 11

data, as it provides the out of plane component which is used for the momentum balance drag
calculation. It has been shown that this streamwise component is subject to greater uncertainty
[45]. A symmetric disposition of the cameras, with an angle of 45¶

≠ 60¶ has been observed to
reduce the uncertainty [46].
The processing parameters used to obtain the velocity fields from PIV data can also introduce
error in the drag measurements. The interrogation window size, in particular, is usually a trade-
o� between increasing the resolution and reducing the noise [47]. The window size needs to
be small enough to provide reasonable resolution of the velocity field, but big enough that the
noise, spurious velocity vectors and uncertainty do not suppose a problem. For a cyclist, it was
suggested that the size should be in the range 0.05c ≠ 0.25c, with c the characteristic length of
the flow [20].
There is one more concern when the measured velocity data is used on a momentum balance
calculation. Via linear error propagation analysis, Spoelstra et al. [20] concluded that the error
in drag obtained via PIV and this method, caused by a random error in the velocity fields, is
dependant on the variance of the random error and on the surface area where the integral is
evaluated. The error leads to an underestimation of the drag, which was observed to have a
quadratic relation with the error in the velocity fields.
For this reason, it is suggested that this area is reduced [2]: ideally, it would only include the
wake. It is however essential that all the wake is included, as otherwise the total momentum
di�erence between the flow upstream and downstream of the object cannot be properly accounted
for and the drag will be underestimated [20]. This adds the complication of identifying the wake,
which as explained in section 2.4, can be challenging.

In conclusion, PIV is one of the most popular flow measurement techniques at the moment
because it is non-intrusive and it can provide time-resolved velocity fields on relatively large
areas. Thanks to the momentum balance formulation, drag has been evaluated from PIV
velocity fields successfully. However, all PIV measurements are subject to some errors and
their consequent uncertainties, and in particular in the momentum balance formulation a
random velocity error will cause the drag to be significantly underestimated unless the wake is
contoured properly. In addition, the momentum balance method requires streamwise velocity
fields, which can only be obtained with stereo-PIV, tomo-PIV or similar multi-camera
experimental set ups. The complexity of the system makes it desirable to explore a method
which would use raw images from a single camera.

2.2 Added Mass

This section is focused on the concepts that provide the backbone for the method used in this
work: the energized mass, which is a real flow concept. It is inspired by the added mass, which
is applicable to potential flow only, but that can serve as useful background to explain the
energized mass concept. This section is structured as follows. An explanation of the added
mass, its significance and its applicability to real flows is presented in subsection 2.2.1 and
subsection 2.2.2. This is followed by a section on the drift volume in subsection 2.2.3, which
provides useful insight to understand the physical meaning of the added mass and is required
for some of the force formulations that stem from the added mass concept, which are presented
in subsection 2.2.4.

2.2.1 Added mass in potential flow

A body accelerating through vacuum will have a lower inertia than the same exact body moving
through a fluid with finite density. This increase is due to the fact that the body accelerating is
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changing the kinetic energy of the fluid surrounding it. The only mechanism by which the work
to change this kinetic energy can be done is with the drag of the body. This e�ect can be seen
as if the fluid e�ectively moved with the body, so there is an additional inertia that is added to
the body that is accelerating, as compared to when the body moves in vacuum.

Added mass originated as a potential flow concept and some of the first work on it was done
by Lamb [48]. Examining the flow around a cylinder of infinite span and radius a moving with
velocity U through a fluid at rest, the velocity potential in polar coordinates is given by:

„ = Ua
2

r
cos(◊) (2.14)

and the stream function would be:
Â = ≠

Ua
2

r
sin ◊ (2.15)

The kinetic energy of the fluid surrounding the cylinder can then be computed as follows [48]:

2K = fl

⁄
„dÂ = fl(Ua)2

⁄ 2fi

0
cos2(◊)d◊ = fia

2
flU

2 (2.16)

Lamb [48] used this result to define ma = fia
2
fl as the mass of fluid that is displaced because

of the motion of the cylinder. It was interpreted as an additional inertia to the body of the
cylinder, which needs to be included in the calculation of the forces acting on it:

(m + ma)dU

dt
= F (2.17)

From this result it becomes apparent that the inertia or added mass term ma does not play a
role on the forces when the velocity is constant in time. This derivation is for the simplified case
of an infinite cylinder in potential flow, but this method to calculate the added mass can be
used on any body for which the velocity potential is known. In addition, the added mass force
is applicable to any body going moving with a non-constant velocity through a fluid at rest.

The same result can be obtained starting from the pressure distribution around the cylinder. In
potential flow, the general pressure distribution at the surface (r = a) can be written as follows
[49]:

p ≠ pŒ = fla
ˆU

ˆt
cos(◊) + flU

2

2 ≠ flU
2 cos(2◊) (2.18)

with U being the velocity of the cylinder, p the pressure and fl the density. For the case of
a steady velocity, the first term on the right hand side disappears, and the equation can be
simplified as:

p = pŒ + flU
2

2 (1 ≠ 4 sin2(◊)) (2.19)

and the corresponding pressure distribution is shown in Figure 2.6 (a). This pressure
distribution is constant and symmetrical, so there is no resulting drag. This phenomena is
known as D’Alembert paradox. However, when the cylinder accelerates, the pressure field is no
longer symmetrical, and so there is a resultant drag force. The unsteady term on
Equation 2.18 generates a pressure distribution, so the total pressure field would be:

p = fla
dU

dt
cos(◊) + p0 + flU

2

2 (1 ≠ 4 sin2(◊)) (2.20)

The pressure field corresponding to the unsteady term only is shown in Figure 2.6 (b), where
the cylinder would be moving towards the right. Clearly, the asymmetry of the pressure lines
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Figure 2.6: Pressure fields for a cylinder moving at constant and unsteady velocity, adapted from
[49].

results in a force in opposite direction to the motion. The force resulting from this pressure
di�erence can be found by integrating the pressure field over the cylinder:

FAM =
⁄ 2fi

0
fla

dU

dt
cos(◊)a cos(◊)d◊ = fifla

2 dU

dt
(2.21)

Which leads to the same exact result as obtained by Lamb [48]: the added mass would be
ma = fifla

2, and the total drag force would be computed as F = (m + ma)dU

dt
.

Another way to understand the added mass concept is from an energy balance point of view,
following Brennen [50]. The fluid around a body that accelerates (or decelerates) undergoes a
change in kinetic energy. The work necessary to provide the fluid with this additional kinetic
energy must be done by an additional drag force on the body, such that the energy balance can
be written as follows:

FAM = ≠
1
U

dK

dt
(2.22)

with FAM being the additional drag and U the body velocity. Expanding the kinetic energy K

with its definition K = fl

2IU
2 (where I = 1

U2
s

(u2 + v
2 + w

2)dV ), the force can be expressed as:

FAM = flI
dU

dt
(2.23)

Examining Equation 2.23, it is clear that it has a similar form to the equation of the force
required to accelerate a body m

dU

dt
. In this sense, the term flI can be seen as a mass of fluid

that is accelerated with the body, which is what causes the additional drag. Some works were
undertaken later to tabulate the potential flow added mass of di�erent shapes using similar
methods [51] [52].
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2.2.2 Added mass on real flows

The added mass force is derived from potential flow theory, which assumes inviscid and
irrotational flow. Even though potential flow results are useful, there are certain cases in which
they are not applicable. When the flow behaves very di�erently than potential flow or there
are important viscous e�ects, it is necessary to apply other models to capture the unsteady
drag. Some examples of these cases would be separated flows or vortex shedding [50] [53] [54].

Some of the first attempts to experimentally measure the added mass were done on disks and
cylinders [55] and rectangles and parallelepipeds [56]. The results agreed well with the theoretical
values, and any constant factor of error was attributed to the assumptions used by Lamb (like
an infinite control volume). This work showed that the added mass is big enough in magnitude
to not be neglected, and confirmed the results of Lamb. Furthermore, these studies led to the
conclusion that the added mass of an object depends on its geometry (size and shape) and the
fluid where it travels.

More recent studies have attempted to model the unsteady drag of an accelerating object using
the potential flow of added mass, with not much success. Grift et al. [57] calculated the added
mass in a submerged plate in a similar motion to a rowing blade, while Fernando et al. [58] did
added mass measurement on a flat plate normal to the freestream. In both cases, a discrepancy
of around 20% was found between the modelled drag and the measurements. Both modeled the
drag force as the steady component plus the added mass contribution, and concluded that the
entrainment was mainly responsible for the discrepancies. The entrainment is the mechanism by
which irrotational fluid outside a wake (or any other turbulent flow) gains vorticity and becomes
part of the nearby turbulent flow.

2.2.3 Drift Volume

Before looking at the di�erent formulations that have been derived to calculate the drag
coe�cient from added mass perspective, it is important to introduce the drift volume concept,
as it will be necessary to use it in some of them.

The concept of drift volume is strongly linked with the added mass, and it was first introduced
by Darwin [59]. When a body moves through a fluid, the fluid particles surrounding the body
move with it. The drift volume is then the volume the particles are displaced, from their position
at rest, because of the body motion. Suppose there was a plane of particles at rest in an infinite
fluid, and the object moved across this plane and into infinity. The drift volume would be the
integral between the final position of these particles and their initial location in the starting
plane. Such a scenario is depicted in Figure 2.7.

Figure 2.7: Depiction of the drift volume proposed by [59], from [60].
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The drift volume corresponds to the hydrodynamic mass, or added mass. Therefore, it can be
expressed as follows:

VD = ma

fl
(2.24)

This proposition generated interest and discussion [61] [62] [63]. Eames [60] revised the work
of Darwin [59] and pointed out that his proposition could only work for the case where the
marked plane had an infinitely large radius, and was placed at an infinite distance from the
sphere initially. He defined the partial drift volume as the volume enclosed between the initial
and final position of the particles in the marked plane, when both the radius of the plane and
the initial distance from the body to it were finite.
Bush and Eames [64] measured the drift volume on a bubble with high Reynolds number
experimentally. They were able to capture with PIV measurements and particle tracking the
elliptical trajectories of the fluid particles that are part of the drift volume, which are shown in
Figure 2.8. It is also possible to observe that far from the centreline, the displacement is
negative with respect to the starting plane, which shows the reflux.

Figure 2.8: Trajectories of particles a�ected by the motion of a sphere, from [64].

2.2.4 Force formulations for added mass

In literature there have been several attempts to calculate the unsteady drag of an object using
the added mass force. What follows is a summary of some of them.
Dabiri [65] developed a method to calculate fluid forces using a combination of the vorticity field
of the fluid and the added mass. Starting from the following equation, derived by Sa�man [66]:

F = fl
d
dt

⁄
x ◊ ÊdVV + fl

ˆ

ˆt

⁄
„ndSV (2.25)

where Ê represents the vorticity (which is integrated in the areas where it is present). Dabiri
[65] rewrote this equation in terms of the added mass:

F = VB(flB + flF CAM )ˆU

ˆt
(2.26)

where the subscript B indicates a quantity pertaining to the body and F the fluid in which
it moves, and CAM is the added mass tensor, which contains added mass coe�cients for each
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direction of acceleration in relation to the forces in all directions that result from them. The
force then depends only on the added mass coe�cients, the motion of the body and the densities
of the body and fluid. Based on the definition of the drift volume, the added mass coe�cients
can be quantified as follows:

cii = VDi

VB

(2.27)

The added mass coe�cient for each direction of motion can then be found dividing the drift
volume VDi in this direction by the volume of the body VB. The way to measure the drift volume
in each direction would be applying a Lagrangian approach, which would track the trajectories
of the particles to determine the volume between a plane of particles at the start and the plane
of the same particles after the body has passed.

In general, there has been success when considering the added-mass to be a contribution to the
non-circulatory forces [67] [68]. For example, Corkery, Babinsky and Graham [69] proposed a
method based on PIV data to measure the added mass vorticity. Taking as experimental cases
the flow around translating and rotating plates, the added mass vorticity was compared to the
vortex sheet model from potential theory. Following Leonard and Roshko [70], Eldredge [71] and
Wu [72], they identified the added mass vorticity using the vorticity in the boundary layer of the
plates. In potential flow theory the vorticity in the vortex sheet is non-circulatory, meaning that
it is caused by the motion of the body itself and not the external flow, so they related it to the
non-circulatory added mass. Even though the analysis was applied to highly separated flows,
good agreement was found between the experimental results and potential flow predictions.

McPhaden and Rival [73] also calculated the drag using the added mass concept but with a
di�erent approach. In this case, the force formulation presented by Rival and van Oudheusden
[5] was the starting point:

F (t) = ≠fl

⁄⁄⁄
ˆU

ˆt
dV ≠ fl

⁄⁄
U(U · n)dS +

⁄⁄
n · (≠pI + T )dS (2.28)

The first term (the unsteady term) can be seen as the added mass, as it is some mass of fluid
that is a�ected by the body velocity. In order to measure it, they use a drift volume approach.
Since the drift-volume from a single plane is not enough to understand the time development
of the added mass, they developed a multi-plane drift volume approach, which they tested on
circular flat plates accelerated from rest. Using this method they were able to measure the force
during the acceleration phase with only 3% error, and show that the potential flow added mass
was unable to properly predict the force. This shows the importance of considering the time
evolution of the added mass.

2.3 Energized Mass

While the concept of the added mass can help understand the energized mass idea, it is important
to separate the two. The added mass concept comes from potential flow, and as explained in
the previous section will only come into play for accelerating flows. The energized mass, on the
other hand, can be used to compute the drag of bodies undergoing steady, translational motion.

When a body moves through a fluid with constant velocity, the fluid surrounding it, initially at
rest, will undergo a change in velocity. The energized mass can be understood as a measure of
the change in normalized kinetic energy of the fluid. It includes all the fluid that experiences a
change in velocity [74]:
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me = fl

⁄

Œ

u
2 + v

2 + w
2

U2 dV (2.29)

Where the control volume would have to be large enough to encompass all the fluid a�ected
by the motion of the body. The energized mass has units of mass, but also includes a measure
of the normalized kinetic energy of the fluid. This is a useful definition because the reference
system can be changed to express the force equation in terms of this displaced fluid. The system
then consists of the body that is moving in addition to the energized mass that changes in time.

The drag can be expressed as follows:

FD = d
dt

(me · U) (2.30)

In a similar way that the added mass is an additional inertia to the body, in this case all the
fluid that gains kinetic energy is added to the energized mass, which changes in time. The
equation is able to capture the force required to provide the fluid with this change in kinetic
energy, which is performed by the drag of the body. The acceleration term of Equation 2.30 is
similar to added mass term that needs to added in accelerating flows. In fact, for potential flow
the energized mass in this term me would be the same as the added mass [74]. In the case of
a steady, rectilinear motion, this term would drop out as U would be constant in time, and the
drag could be expressed as follows:

FD = dme

dt
U (2.31)

Another way to understand the energized mass concept is to balance the work done on the fluid.
As explained earlier, in the case of a body moving with constant velocity through some fluid
initially at rest, the only mechanism by which the kinetic energy of the fluid K can change is
by the work performed by the drag of the body. This can be expressed as:

FD · U = dK

dt
(2.32)

The definition for the kinetic energy of a control volume of fluid would be:

K =
⁄

CV

fl(u2 + v
2 + w

2)dV (2.33)

Inserting this definition into Equation 2.32 (and dividing and multiplying by the constant U):

FD = U
d
dt

⁄

CV

fl
u

2 + v
2 + w

2

U2 dV (2.34)

which is exactly Equation 2.31 when using the definition for the added mass me given in
Equation 3.1.

The energized mass method has already been used to calculate the drag on moving spheres by
Galler, Weymouth and Rival [74]. In this case, the motion consisted of an acceleration from rest
to a terminal velocity, which remained constant afterwards. Figure 2.9 shows the forces obtained
with direct measurements and using the energized mass method. The drag during acceleration
and relaxation phase of the motion could be captured well, but the research was not focused on
the steady part of the motion.

Using a similar experimental set up consisting of a sphere accelerating from rest until it reached
a certain velocity, Galler and Rival [1] used the energized mass approach to study the behavior
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Figure 2.9: Drag coe�cient history for a sphere at Re=50 000 and acceleration a = 0.16m/s
2,

obtained with direct measurements, the energized mass method and a model for the energized mass,
from [74].

of non-Stokesian tracker particles. In this case the energized mass was also found to be a good
method to calculate the drag during the acceleration and relaxation phases of the sphere motion,
as compared to direct force measurements. Figure 2.10 shows the particles that have undergone
a change in kinetic energy (which constitute the energized mass) at two di�erent moments of
the motion.

Figure 2.10: Development of the energized mass around the sphere, shown at di�erent times. The
color indicates instantaneous kinetic energy normalized by the kinetic energy of the sphere, from [1].

It is clear from Figure 2.10 that the energized mass expands as the sphere moves and the wake
develops. It was possible to capture the increased drag force during the acceleration period and
the following decrease when the acceleration stopped and the sphere had a constant velocity.
Galler, Rival and Weymouth [75] performed simulations of a sphere undergoing a similar motion
(acceleration from rest followed by a period of constant velocity) for di�erent accelerations
and final Reynolds numbers. It was found that the development of the energized mass was
dependant on both Reynolds number and acceleration. Studying the e�ect of the entrainment
on the energized mass, it was measured that after the sphere had moved a distance of 3 diameters,
15% of the energized mass was due to the mass entrained into the wake when Re = 50 000.

In conclusion, the added mass and energized mass are similar in the sense that they derive
information about the forces acting on the body by evaluating the e�ect the body has on its
surrounding fluid. It is important to understand that they are not the same concept, as the
added mass only refers to bodies that have an acceleration, and it is potential flow concept.
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Even though it is a relatively new approach, the literature indicates that the energized mass is
a promising and reliable method to calculate the drag force on a body undergoing acceleration.
There is no literature yet that focuses on the application of this method to bodies moving with
a constant velocity, this will be the focus of the this work. Using the energized mass would make
it possible to derive information about the drag of an object based on its wake development
only, without requiring detailed velocity fields upstream and downstream of the body.

2.4 Wake Identification Methods

The wake of an object can be defined as "the defect in stream velocity behind an immersed body
in a flow" [76]. In general, it is the region of flow that is a�ected by this object, downstream of
it. Even though it is a well known and common concept, there is no quantitative, measurable
definition for it. This means its identification is not straightforward. This section is focused on
the di�erent methods that have been applied to detect it.

2.4.1 Velocity based methods

Based on the definition for the wake given above, it seems intuitive to define the wake as the
fluid that has a lower velocity than the undisturbed freestream. When using this approach, the
most important step is the selection of the threshold that will be used to separate wake fluid
from outside flow.

Figure 2.11: The (a) time-averaged undisturbed flow is subtracted from (b) the wake flow, and the
result is presented in (c). The (d) identified wake is defined with a treshold of 40% of the maximum
velocity deficit. From [77].

One option is to choose it as a percentage of the freestream velocity. A common method is to
select a value of 95% of the freestream velocity to identify the wake [78] [79] [4]. Another possible
way is to select the threshold as a function of the wake velocity. In this case, the maximum
velocity deficit would be identified first, and then the wake would be defined as all flow that has
a similar velocity, up to some percentage. For example, it could be all points where values are
within 40% of the maximum deficit, as shown in Figure 2.11 [77]. After applying this threshold,
it is also possible to use some additional processing to ensure that the borders of the wake are
well defined [79].
The main advantage of this method is that it is simple to implement. However, selecting an
appropiate threshold, and finding a good justification for it can be challenging. It is not clear
from literature how sensitive the identified wake areas are to slight changes in the reported
threshold values.

2.4.2 Vorticity based methods

The fluid inside the wake is rotational and therefore has non-zero vorticity, while the undisturbed
flow is usually similar to potential flow. It should then be possible to identify the wake as a region
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downstream of the body where there is vorticity. Once again, a threshold has to be established.
When using the vorticity, it is not possible to set the threshold to zero, as PIV velocity fields
will include some noise that will generate artificial vorticity outside the wake [80]. In addition,
vortices will appear with opposite sings, and might have small regions of low vorticity magnitude
in between.

An optimal value of Ê = 0.7U0/b was found, with U0 the mean velocity deficit at the centre of
the wake, and b the width at which the wake velocity achieved half of the mean velocity value
[81] [82]. This value was found by comparing the results obtained with di�erent thresholds and
selecting the one that yielded the best output.

2.4.3 Image based methods

The wake and a turbulent jet are similar in that they are turbulent fluid surrounded by
irrotational fluid, usually at a slightly di�erent speed. For this reason, it is possible to draw
inspiration for methods designed to identify the turbulent non-turbulent interface (TNTI). The
TNTI was first identified Basset, Hunt and Rogers [81], and it refers to the thin region of fluid
which separates turbulent and non-turbulent flow.

(a) Jet with LIF. (b) Jet with identified edges.

Figure 2.12: Jet (a) flow visualization and (b) identified edges, from [83].

Identifying the interface based on images can be done by first adding dye on the turbulent fluid,
such that it is possible to distinguish it from the outside flow. An example of this is shown in
Figure 2.12 (a). Then, a threshold for the intensity in the images can be set, so the died fluid
will be marked as turbulent.

A possible approach to determine this threshold in an objective way is to examine the intensity
distribution of the pixels for a given frame. If the distribution is binomial, then the threshold
should be the local minimum between the two maxima. If it is not, then the average intensity
calculated using only the pixels that are above the intensity threshold can be plotted as a function
of the threshold. The intensity where the slope changes can be selected as the threshold [83].
The result of this threshold selection is shown in Figure 2.12 (b).

The method explained above yields a threshold that can be used to identify each pixel as wake
or not wake, making them binary. The obtained images require some post-processing, including
eliminating entrained (small areas with low dye intensity inside the main turbulent region) and
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Figure 2.13: In white, the identified turbulent flow for (a) the initial threshold value, (b) double
this value and (c) triple this value. From [84].

detrained (pockets of turbulent fluid outside the main turbulent region) fluid, and simplifying
the boundaries so that a single vertical line only intersected the boundary once [85].

The sensitivity of the threshold selection method is shown in Figure 2.13. Even though the
method was considered to be robust enough for the purpose of the work, it can be seen that the
detected jet fluid does change depending on the value of the threshold.

This approach works well on jets because the turbulent fluid can be easily dyed, but on the wake
of an object this would not be straightforward. Still, other characteristics of the wake, such as
its velocity deficit, could be used to generate a di�erence in the intensity between the wake area
and the irrotational fluid. This method also relies on setting a threshold, but in this case it is
placed on the intensity value.

In conclusion, wake identification is complicated by the lack of a quantitative definition, but some
success has been achieved with methods based on velocity, vorticity, and intensity thresholds.
It still remains a challenge to find a strong justification for a particular value of a threshold.

2.4.4 Clustering algorithms

Even though so far clustering algorithms have not been used yet in wake identification methods,
it will be an important step in the method presented here. Therefore, a short review of clustering
methods is presented here with special emphasis on the DBSCAN algorithm, as it is the one
used in the wake identification method.

Review of clustering algorithms

In general, clustering is simply a form of unsupervised classification. The objective of clustering
algorithms is to assign to each point of the dataset a subset where it belongs based on some
measure of similarity. They have been proven to be useful for a variety of applications, ranging
from engineering and computer science (such as image segmentation, pattern recognition and
machine learning) [86] to medical science (the most common application being diagnosis) [87]
[88] [89].

The most commonly used categorization of this type of algorithms is hierarchical and partitional.
The former construct the clusters by using a bottom-up or top-down approach and require a
termination condition which determines whether the clustering process has ended. In a bottom-
up or aglomerative algorithm, the data points are firstly regarded as individual groups and
progressively merged into larger clusters until the termination condition is satisfied. Divisive or
top-down algorithms work in the opposite way, by considering all data points as belonging to a
single cluster at the start and dividing it into smaller ones.
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The termination condition depends on the specific algorithm. A common similarity measure can
be the distance between two data points, but it needs to be selected depending on the data type
[90]. If this is the case, the termination condition would be reached when the distance between
two clusters was smaller than the user-specified minimum distance. For single-link clustering
algorithms would be the shortest distance between any two members of two clusters. In contrast,
for a complete-link algorithm the termination condition would be the longest distance between
any two members of two clusters [89].
The main advantages of hierarchical clustering are that they are versatile and relatively
straightforward. They also output a dendogram, which is a data structure that shows all the
partitions that are reached at each step of the algorithm. They can be useful because they
allow the user to select the partition and they provide a sense of hierarchy in the data.
However, their time complexity is at least O(n2), which makes them undesirable for large data
sets. In addition, the termination condition has to be specified [90]. Examples of hierarchical
clustering algorithms include CHAMELEON [91], CURE [92] or BIRCH [93].
Partitional algorithms work in a di�erent way. The user needs to specify a-priory how many
clusters the data will be divided into. The algorithm starts with an initial division and iteratively
modifies it in order to minimize an objective function. The most well-known algorithm of this
type (and one of the most popular clustering algorithms in general) is k-means. In this algorithm,
the objective function is the distance between the points of a cluster and its centroid, summed
over all clusters. As shown in Figure 2.14, the optimization is done by assigning each point
to the nearest cluster centroid and recomputing the centroid at each step until convergence is
reached [94].

Figure 2.14: k-means example. Given an input number of clusters of 2 and (a) the initial dataset,
(b) the centroids are calculated, and (c) each point is assigned to the closest centroid. This is
repeated for several iterations (d, e) until (f) convergence is reached. From [95].

An advantage of partitional algorithms is that they are very fast. The time complexity for k-
means is O(k · n · t) in the worst case, where k is the number of clusters, n is the number of data
points and t the iterations. Its simplicity also makes it a popular choice for clustering. However,
it requires the user to specify the number of clusters at the start. In addition, the initial guess
for the clustering distribution can have an e�ect on the outcome. It is also sensitive to noise
and not suitable for clusters that are not isotropic [90].
For the type of clustering that will be needed in this project, it is essential that the algorithm
does not require the user to specify the number of clusters at the start. Therefore, partitional
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algorithms are discarded completely. Hierarchical algorithms provide a good alternative to this,
but their runtime complexity is less than idea. A third category is considered: density based
algorithms, of which the most famous example is DBSCAN.

DBSCAN

The DBSCAN (Density-Based Spatail Clustering of Applications with Noise) algorithm is
density based clustering algorithm. This algorithm was developed in the 1990s by researchers
at the Technological University of Munich. The motivation behind their work was to develop
an algorithm that required minimal input information from the user, could detect clusters of
arbitrary shape and was more e�cient than the existing algorithms at the time [96].

Figure 2.15: Illustration of the classification of points done by the DBSCAN clustering algortihm
[97].

The novelty introduced with the DBSCAN algorithm was that it relies on the density of points
for its classification. The idea behind it is that a point can be one of four types, as illustrated
in Figure 2.15:

• Core: A point that is within distance eps from at least n points. In Figure 2.15, this
would be represented by point A and all other points marked in red.

• Directly reachable: A point which is within distance eps from a core point. The yellow
points B and C in Figure 2.15 belong to this category.

• Reachable: A point from which there is a series of consecutive points, each within distance
eps from the next, in which the last of this series is a directly reachable point. In other
words, there is a path of reachable points up to a core point.

• Noise: A point that is not any of the above types. This is exemplified by the blue point N

in Figure 2.15, which is too far from any other point to be considered part of the cluster.

Starting with any point in the domain that is being analyzed, the algorithm determines which
type of point it is. By doing the same in each point it is able to identify all clusters with a
runtime of O(n log n) [96]. There are only two parameters that need to be specified by the user:
the minimum amount of points n that need to be reachable for a point to be a core, and the
minimum distance between two points to be considered reachable for each other, eps.
An important advantage of this algorithm is that there is no need to provide a number of
clusters. Since the noise is completely dependant on the experimental conditions and especially
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the seeding, it would not be possible to predict beforehand what number of clusters would be
appropriate for all the runs. In addition, the fact that the DBSCAN is density based works
well with this type of data, where the noise is expected to be much more sparse than the actual
wake.



Chapter 3

Methodology

The objective of this work is to develop and test a method to obtain the drag coe�cient of
transiting objects without using the velocity fields, and relying only on images similar to those
used for PIV. This chapter is centered on this method: its derivation and assumptions are first
explained in section 3.1. Next, the processing steps that have been devised to implement it are
detailed. The chapter concludes with a sensitivity analysis applied on the most relevant steps
of the method.

3.1 Expression for the drag coe�cient

The energized mass concept, first introduced by Galler et al. [1] is explained in detail in chapter 2.
The main idea is that the energized mass is a measure of the kinetic energy of all the fluid that is
a�ected by the movement of an object in it. If the fluid is initially at rest and the body transits
through it, the energized mass is given by Equation 3.1 [74]

me = fl

⁄

Œ

u
2 + v

2 + w
2

U2 dV (3.1)

With u, v, w the wake velocity components, U the body velocity and fl the fluid density. The
control volume needs to be large enough to include all the wake and any additional fluid a�ected
by the passage of the body.

Galler et al. [74] have shown that the drag on a transiting body can be found by using the
energized mass as follows:

F (t) = ˆ

ˆt
(meU) (3.2)

Using this formulation, the energized mass can be calculated exactly if the velocities in the wake
are known, assuming that the velocity of the object is known.

For the present work, the energized mass cannot be calculated directly, as the velocity fields will
not be used. Instead, the drag is calculated starting from an energy conservation standpoint.
The basis of the model is that the flow surrounding the body gains kinetic energy when the
body moves through it. The mechanism responsible for this is the work done by the drag force.
The energy balance is then:

FDU = dK

dt
(3.3)

where FD is the drag force, U is the steady velocity of the body and K is the kinetic energy of
the fluid. In fact, if U is constant Equation 3.3 contains the same information as Equation 3.2,
considering the definition of the kinetic energy:

K = fl

2

⁄

Œ
(u2 + v

2 + w
2)dV (3.4)

When the wake is fully developed, it is reasonable to assume that the only fluid that gains kinetic
energy is the one in the vicinity of the body, that enters the wake. At a short distance from
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the body, it is reasonable to assume that the wake velocity will be close to the body velocity in
streamwise direction: u ¥ U . In addition, the other two components v and w will be neglectable
with respect to U . Thus, the kinetic energy of this fluid in the very near wake can be expressed
as:

K = 1
2fl

⁄
U

2
dV = fl

2

⁄
U

2
Awdx (3.5)

Here, Aw is used to denote the wake area at the body, when it has not been yet a�ected by
entrainment. The volume of the fluid a�ected by the motion of the body has been expressed as
the product of the this wake area and the distance from the body at which it is measured. It
is assumed that the distance to the body is so small that entrainment does not have a strong
e�ect on the wake area.

The wake area at the body Aw cannot be measured directly. Using the experimental set up
described in chapter 3, information can only be extracted from images taken after the body is
not directly illuminated by the laser sheet. A quantity that can be measured is Am, which will
be used to denote the measured wake area. This is the area of the wake that is detected with the
processing steps explained in section 3.2. It will be measured at each position in the near wake.
Clearly, Am is a quantity that increases with time/position in the wake, while Aw is constant.
The trend of growth of Am will be extrapolated linearly to the position of the body, which yields
Aw.

Once Aw is known, Equation 3.3 and Equation 3.5 can be combined in order to obtain the
following expression for the drag force:

FD = U
2
fl

2 Aw (3.6)

Finally, the drag coe�cient can be calculating by dividing this expression by the dynamic
pressure and the reference area:

CD = Aw

A
(3.7)

Throughout this work, A is used to refer to the frontal area which is used to normalize the drag
force. In some cases, it will be more convenient to express the aerodynamic performance of an
object in terms of the drag area CDA instead of the drag coe�cient CD. The reasons for this
are explained in chapter 4.

In summary, the method presented in this work is based on the concept of the energized mass
applied to an energy balance. There are several underlying assumptions which should be
examined.

An important assumption is that close to the body, the wake velocity in streamwise direction is
close to the body velocity (u ¥ U), and the other two velocity components v, w are negligible
in comparison. This is not a reasonable assumption in streamlined bodies. Therefore, the first
limitation that can be underlined of the method is that it is restricted to blu� bodies.

It is also assumed that the wake area at the body, Aw, can be found by extrapolating the trend
of the measured wake area Am to the location of the body. It is assumed that the trend with
which the wake area increases is linear. In addition, this implies that the distance from the first
location where Am is measured to the body will have to be determined for each case.

Finally, Equation 3.7 can only be obtained if the velocity of the body U is constant. The
energized mass has been shown to be applicable to bodies undergoing acceleration [1] [75] [74].
For this reason, the main reasoning of the method would still work on accelerating bodies, but
the expression for the drag coe�cient would not be expressed in such a compact form.



3.2 Processing steps 27

3.2 Processing steps

As explained in section 3.1, the most important quantity that needs to be obtained is the wake
area at the body Aw. Since it is not possible to measure it directly, it is extrapolated using
the value of Am in the near wake. This section explains in detail how Am is calculated at each
available frame.

One of the objectives of this work is to obtain the drag coe�cient without using any velocity
fields. The input is images of the flow with seeding particles, similar to those used to perform
PIV. In this case they do not need to be from a stero-PIV set up, so a single camera plane
perpendicular to the motion of the body would be su�cient. The steps that need to be applied
to this raw images are depicted in Figure 3.1 and explained in the following paragraphs.

Figure 3.1: Steps followed to identify the wake from raw PIV images. The pre-processed image with
sliding minimum filter (top left) is divided into windows where the intensity of the pixels is averaged
(top middle). An intensity threshold is applied, and the windows with lower intensity are tagged as
wake (top right). All the wake points are fed to a clustering algorithm (bottom left) and the largest
cluster is selected (bottom middle). Any holes in the wake are filled in (bottom right).

Sliding minimum filter Starting with the raw images, some preprocessing is applied in order
to reduce background intensity and prepare the images for the rest of the processing steps. The
most important preprocessing step is applying the sliding minimum filter. This filter assigns to
each pixel the lowest intensity value it has had in a series of N consecutive images. In this way,
particles that have moved fast enough are eliminated from the result. When a particle moves, it
appears in di�erent pixels in di�erent images, so the minimum value of intensity in any of these
pixels will be the one corresponding to the particle not being there. As the object is the one
that is moving, the wake has a higher speed than the environment fluid. The wake then appears
as a darker area in the resulting image. The result is depicted by the first picture in Figure 3.1.

Window and intensity threshold The result from the sliding minimum consists of a 2D array
of pixel intensity values for any single frame. On Figure 3.1 it might seem easy to distinguish
with the naked eye the regions where there are particles, but it is not possible to assign a single
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pixel a wake or non-wake tag unless its surroundings are examined. For example, a pixel with a
low intensity value could be part of the wake or it could just be in between to particle images.
For this reason, the image is divided into windows, where the average intensity is calculated
in order to determine whether the intensity is low enough to be considered part of the wake.
The result of dividing the preprocessed image into windows is shown on the second image of
Figure 3.1, while the third image in Figure 3.1 depicts the windows that are below the intensity
threshold.

Clustering These two first steps already provide an image of the wake, but it is very susceptible
to noise. For this reason, the clustering algorithm DBSCAN is employed to determine which
windows are truly part of the wake and which ones are noise. As shown in Figure 3.1 (fourth
picture, bottom left), the clustering algorithm is capable of grouping points that are near each
other. The largest cluster is identified as the real wake, and the rest of the points are discarded
as noise.

Eliminating holes in the detected wake The final steps are done to produce a representation
of the wake which is consistent with the flow physics. Just as there are some outer windows that
are incorrectly tagged as wake, there are some wake windows that are tagged as outer fluid. In
order to correct this, the edges of the largest cluster are found and everything inside them is
considered to be part of the wake.

The outcome of these steps is shown in the bottom right picture in Figure 3.1. At each frame,
a similar image will be obtained, which corresponds to the measured wake area Am. From this,
the wake area at the body is obtained by passing a linear fit and extrapolating the value of the
wake area at the location of the body, which will be a certain distance before the first available
frame. Some of these steps need additional explanation, which is provided in the next sections.

3.2.1 Sliding minimum filter

The sliding minimum filter is the principal mechanism in which this method relies to identify
the wake area at each location of the near wake Am. This filter e�ectively acts as a velocity
threshold: only the particles that have a velocity high enough to cross the laser sheet in the
time between the first and the last frame disappear. Even though the wake is one of the most
fundamental concepts of aerodynamics, there is no clear measurable definition for it. It is usually
described simply as a region of velocity deficit behind a body immersed in fluid [76] [40].

Some attempts have been made at identifying the wake of di�erent objects. They are explained
in detail in chapter 2, and they mostly consist on setting a threshold of some kind on the velocity
field. This is a straightforward method, since the wake then consists of all regions with velocity
lower than the threshold. The same principle is applied with the sliding minimum filter, but
without the need for the velocity fields. Selecting a threshold is the most important part, as it
will have a direct impact on the wake area.

In this work, a new way to select a threshold is used. It starts with the assumption that the
wake has a Gaussian velocity distribution uG, which in 2D is given by the following equation:

uG(x, y) = AGe
≠

1
(x≠x0)2

2‡2
x

+ (y≠y0)2

2‡2
y

2

(3.8)

Here, AG represents the amplitude, which would be the highest value achieved by the
distribution. In this case, it would be the body velocity U . Figure 3.2 shows the instantaneous
streamwise velocity behind a sphere. In this case, the sphere had a diameter of D = 0.1 m and
was moving at a constant speed of U = 1.33 m s≠1. More details about the experimental
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(a) Instantaneous streamwise velocity.The horizontal

dashed line indicates the centreline (y = 0).
(b) Instantaneous streamwise velocity at the centreline

(y = 0).

Figure 3.2: Velocity field in the near wake of a sphere.

campaign can be found in the work of Terra et al. [2] and in chapter 4. Figure 3.2 (a) shows
the streamwise velocities as a 3D surface where the height is the value of u, while Figure 3.2
(b) shows the value of the velocity at the centreline of the sphere. The velocity u is the result
from subtracting the environment velocity uenv (taken right before the passage of the sphere)
to the wake velocity uwake. Both show that even though the velocity profile is not a perfect
Gaussian function, it is a reasonable approximation.

If the Gaussian distribution is symmetric (‡x = ‡y = ‡), and centred at the origin (x0 = 0 and
y0 = 0) its volume can be found as follows:

VG(R) =
⁄ Œ

≠Œ

⁄ Œ

≠Œ
Ue

≠ (x+y)2
2‡2 dxdy = 2fiU‡

2 (3.9)

Figure 3.3: Illustration of a 2D Gaussian (black) and top-hat (light blue) distribution of same
volume.

Such a Gaussian function is plotted in Figure 3.3 in black. On the same plot, the circular top hat
distribution that would have an equivalent volume is superimposed. This top-hat distribution
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of radius R and velocity U would have the volume:

VT H = fiR
2
U (3.10)

If we set the volumes of both distributions to be equal, the radius of the top hat function would
be R

2 = 2‡
2. The threshold velocity would be the value of the Gaussian distribution at this

radius. Expressing Equation 3.8 in polar coordinates, this velocity:

uG(r = R, ◊) = Ue
≠ r2

2‡2 = Ue
2‡2
2‡2 = U

e
¥ 0.37U (3.11)

Therefore the threshold that will be used to identify the wake will be 0.37U . The idea is that
the entire wake velocity is approximated as a top-hat distribution with velocity U and radius
R. This can only hold for locations really close to the body (less than a characteristic length)
where the wake velocity is u is close to U . The threshold is found by calculating the value of
uG at the intersection between the Gaussian and the top-hat profile. In this way, the wake is
modelled as a top-hat profile, where the area of this profile is the same as the area of fluid with
velocity higher than 0.37U . The volume of the approximated top-hat wake is then the same as
the volume of the original Gaussian wake.

In order to test this approach, it was applied first to the velocity fields that were available for
some of the datasets. Even though the velocity fields will not be used to calculate the drag,
they were helpful in order to understand if the idea for the method could work.

The curves shown in Figure 3.4 represent the obtained drag area using Equation 3.7 for di�erent
values of a threshold applied on the wake velocities. The velocity fields were obtained with PIV.
The experimental methodology and processing parameters can be found in chapter 4, while more
detailed explanations of the wake topology of a skater can be found in chapter 5. The reference
value was obtained using the Ring Of Fire methodology [2] [4], which is based on momentum
balance between the wake flow and the freestream flow.

(a) Low drag. (b) High drag.

Figure 3.4: Wake area Aw obtained from Equation 3.7 using the PIV velocity fields with di�erent
thresholds for a skater in (a) low drag position and (b) high drag position. The vertical dotted line
indicates a threshold of 0.37.

Figure 3.4 shows that in both cases, the optimal threshold value is close to 0.37U . In particular,
the optimal threshold for the low drag position skater, shown in the left, is 0.34, while for the
high drag position skater it is 0.34. This confirms that the assumptions made in this section
are reasonable: 0.37 is a good threshold for the velocity to obtain Aw, and Equation 3.7 is a
suitable expression for the drag coe�cient.
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The shape of the curve shown in Figure 3.4 can also be explained. It is important to keep in
mind that the wake velocity in this particular plot is normalized as follows:

u = uw ≠ uenv

U
(3.12)

Where u is the normalized wake velocity, uw is the velocity measured at the wake, uenv is the
freestream velocity and U is the body velocity. Therefore, fluid that moves at the same velocity
as the body will have u = 1 and fluid that is not part of the wake will have u = 0. If the threshold
approaches 0, fluid with very low velocity deficit that has been less a�ected by the body will
be identified as wake, and as a consequence Aw is high. When the threshold approaches 1, only
the fluid that is moving at the same velocity as the object is counted as wake, and so the Aw

decreases. In later chapters, a di�erent normalized wake velocity u
ú is used, but in this case u

is more convenient to showcase the e�ect of the threshold value.

This discussion leads to the conclusion that a threshold of 0.37U is optimal to identify the wake
of an object. However, we want to propose a wake identification method that does not rely
on the velocity fields, so this threshold value needs to be translated into a filter length for the
sliding minimum filter. For this purpose, the filter length N will be calculated as the amount of
images that are captured in the time interval that it would take a particle traveling at a velocity
of 0.37U to cross the laser sheet, so it would not be illuminated anymore. This can be expressed
as follows:

N = f�z

0.37U
(3.13)

For each dataset, the acquisition frequency used for the PIV images f , the laser sheet thickness
�z and the body velocity U are known. Using Equation 3.13, the particles that have a streamwise
velocity larger than 0.37U will be deleted from the resulting image and will appear as a darker
area, similar to the one shown in the second image of Figure 3.1. However, the filter is not
able to distinguish streamwise velocity from in-plane velocity. Any particles with high enough
in-plane velocity to have a displacement larger than a full particle diameter in the time interval
contained between the first and last frame will also be deleted. If the assumption that v, w are
small is valid, this should not have a major impact on the results.

3.2.2 Window and intensity threshold

The result from applying the sliding minimum filter is shown in Figure 3.5 (a). This image,
which consists of particle images and a darker wake area, is stored as a 2D array which contains
values of intensities, one for each pixel. The values of intensity alone are not enough to determine
whether a pixel is a particle. Firstly, the background, which appears black between the particles,
does not always have a value of zero. In addition, di�erent particles have di�erent values of
intensities, and some particles remain in what appears to be the wake area. It is therefore not
possible to deduce whether a pixel is part of the wake or not based only on its intensity value
and without considering its neighboring pixels.

In order to gain information about the surroundings of each pixel, the image is divided into
windows that group a certain number of pixels, where the intensity is averaged. An example of
this is shown in Figure 3.5.

The windowing technique is helpful to decide which points in the image are part of the wake
and which ones are not. The window size needs to be chosen such that it is possible to make a
distinction based on the average intensity values, and small enough that the shape of the wake
is not a�ected. A more detailed explanation of the selection of the window size is presented in
section 3.3. If the window size is chosen big enough, the low intensity pixels that are part of
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(a) Raw image with sliding minimum. (b) Image divided into average intensity windows.

Figure 3.5: Result of sliding minimum filter and corresponding image after windowing and averaging
the intensities at each window.

the freestream will be grouped into the same windows as the high intensity pixels nearby which
correspond to particle images. The only intensity windows that will remain will low intensity
values will be the ones in larger areas of low intensity, mainly the wake.

The next step is to set a threshold for the average intensity value. In this way, only windows
with an intensity lower than the selected threshold will be tagged as wake. Again, this must
be subject to a sensitivity analysis. The result of this step for the same image is presented in
Figure 3.6

Figure 3.6: Points identified as being part of the wake (yellow).

The areas where there is noise are also identifiable at the top right corner, and at the bottom of
the image. They are clearly distinguishable in Figure 3.5 as well, and they are a consequence of
uneven seeding in the PIV set up. The wake of the skater itself is also not smooth, showing some
holes and not smooth edges. Since the method relies on the wake area to calculate the drag, it is
essential to reduce this noise as much as possible. It would lead to an incorrect overestimation of
the drag of the body. In order to correct this, a clustering approach is chosen, which is explained
in the next subsection.
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3.2.3 Clustering

The previous subsection highlights the need for a method to reduce the noise. The chosen option
is clustering. The assumption here is that the wake is composed of a single, compact area. If
the wake is the largest area of low intensity in the windowed images, then the largest group of
wake-tagged points is the wake. If there are other areas of low density in di�erent parts of the
image, they will not be grouped into the same cluster and will be discarded as noise.

The clustering algorithm used in this step is DBSCAN, which is explained in detail in
chapter 2. In summary, it is a density based algorithm which only requires as input the
minimum distance between two points such that they will be grouped into the same cluster,
eps. The main advantage of this algorithm is that it does not require the number of clusters as
a user input. The algorithm will automatically determine the number of clusters based on the
density of the points. DBSCAN is also able to deal with noise, which is the main reason why it
is used in this step [96].

(a) Identified wake. (b) Clustering result.

Figure 3.7: Points that are given as input to the clustering algorithm (left) and its output (right).

Each di�erent cluster, which is composed of a core point, and all directly reachable and reachable
points, is presented with a di�erent color in Figure 3.7. The black points indicate noise. The
darker areas that are seen at the top right and the bottom are not identified as noise, but as
separate clusters. In order to ensure they do not remain tagged as wake, only the largest cluster
is maintained. In this case, it would be the red cluster at the centre of the image (in red), which
clearly coincides with the expected skater wake.

During the development of this process, it was observed that the method leads to some variation
from one frame to the next. This was caused by some intensity windows having slightly changes
in the intensity values in two consecutive frames, with a large enough di�erence that they
would not be tagged the same (wake or freestream) in both. This is not a common issue, so it
usually does not cause a significant error, except in the case that these windows are located in
a position where they determine whether a larger amount of windows are considered part of a
larger cluster. For example, these windows which change tag might be located directly between
two dense groups. If they are considered wake, all windows (both groups) will be considered
part of the same cluster, but they might be divided into two clusters if the windows in between
are not tagged as wake. This can lead to relatively large changes in the final measured wake
between two frames. In order to correct this, the time history was considered: first it is checked
whether the wake in the previous frame was larger than the wake in the current frame. If so,
the two clustering solutions are compared to see which points were part of the largest cluster in
the previous frame which in the current frame are not. This incorrectly labeled cluster is then
changed to be considered part of the current largest cluster. This is not a common problem and
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(a) Wake superimposed to preprocessed image. (b) Identified wake.

Figure 3.8: Final identified wake superimposed to the raw image with sliding minimum (left) and
in yellow (right).

this solution cannot correct points that were not tagged as wake in the first place, but it is a
first step towards implementing validation checks that consider the time history of the wake.

The remaining processing steps are straightforward. After isolating the biggest cluster, its edges
are identified and filled in, so that the wake will be a solid area. The end result is shown in
Figure 3.8. The comparison in Figure 3.8 (a) makes it clear that the wake has been detected
properly.

3.3 Sensitivity Analysis

The methodology used to measure and calculate the drag of a transiting object has been
explained in the previous sections of this chapter. The necessary parameters have been
introduced without going into detail about the values used or justification for them. The exact
values used for the test cases will be explained in chapter 4. In this section, a sensitivity
analysis on each parameter will be performed. This is necessary in order to ensure the method
is robust.

The parameters that will be explored are the sliding minimum filter length in subsection 3.3.1,
the window size in subsection 3.3.2, the intensity threshold in subsection 3.3.3 and the clustering
input parameters in subsection 3.3.4. In each subsection, all the parameters are kept constant
with except the one that is being studied. The reference parameters are detailed in Table 3.1.

3.3.1 Sliding minimum filter length

In section 3.2 it was explained that the sliding minimum filter acts in a similar way as a velocity
threshold but without the need for the velocity fields. In addition, the expression that is used to
calculate the optimal value for the filter length was also introduced. Even though the previous
subsection provides justification for the selected threshold value, it is important to examine how
sensitive the filtered images and the obtained wake areas are to this parameter. The following
sensitivity analysis is done on the skater data.
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Table 3.1: Reference parameters in the sensitivity analysis.

parameter value units description
body type skater

high drag position
model used in the experiments

N 5 sliding minimum filter length
(number of consecutive images)

window size 10 x 10 px x px size of the windows into which
the preprocessed image is divided,
the intensity of all pixels in a window
is then averaged

threshold 0.05 counts intensity threshold which determines whether
a window is tagged as wake or outer flow

eps 1.5 windows minimum distance between two points
such that the clustering algorithm groups
them into the same cluster

There are some documented attempts to identify the wakes of di�erent objects. In some cases
the threshold was placed on the free-stream velocity ([4], [78], [79], [98]), or the wake velocity
deficit ([20], [77]). In other examples, a threshold on the vorticity was used ([81], [80], [82]).
Finally, [85] introduced a new approach based on an intensity threshold to identify the interface
between a turbulent jet and the surrounding fluid, which was used with successful results by
others ([99], [100]). In these cases, the threshold used was found by trial and error. The results
were examined for several di�erent values and the one that yielded the best outcome was selected.
In this section it will be examined how much of an impact the threshold selection has in the
result.

The images that result from applying the sliding minimum filter with di�erent filter length are
presented in Figure 3.9. The data used is from a speed skater on a high drag position, with
both arms extended to the side. As expected, when the filter length N is increased, the darker
area, which corresponds to the wake, increases as well. As more time is encompassed between
the first and last image, the particles that have lower velocities are able to cross the laser sheet,
and therefore disappear from the resulting image.

This highlights the importance of selecting the sliding minimum carefully, and to perform a
sensitivity analysis. The curves shown in Figure 3.10 present the area of the detected wake area
as a function of the position behind the skater for di�erent filter lengths. As is usually done
in a sensitivity analysis, all other parameters are kept constant and the filter length is the only
thing that is modified between the curves. There is a significant change in detected wake area
when the filter length changes by only two images, meaning that it is not very robust and it is
necessary to properly justify the selected value of N . In Figure 3.10, the data presented is from
a single run. Using multiple runs would not bring additional information and would increase
the computational cost.

As shown in Figure 3.10, for the particular case of the skater in a high drag position, changing
the filter length results in a large change of the measured wake area Am at all positions in the
wake. For example, the average di�erence in area between N = 3 and N = 5 is of 0.43 m2, while
the average di�erence in area between N = 5 and N = 7 is of 0.25 m2. The measured wake area
doubles when using N = 5 compared to N = 3. These are significant di�erences, considering
that the reference drag area cDA value obtained via momentum balance of of CDA = 0.16.
However, the trend of the curves is similar for the three filter lengths presented, and correspond
to what was expected for the wake growth.
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(a) N = 3. (b) N = 5.

(c) N = 7. (d) N = 9.

Figure 3.9: Images resulting from applying the sliding minimum filter with di�erent filter lengths.

Figure 3.10: Images resulting from applying the sliding minimum filter with di�erent filter lengths.

3.3.2 Window size

After applying the sliding minimum filter, the next step is to divide the resulting image into
several windows, where the intensity will be averaged. Here it will be examined whether small
changes in the size of these windows have a significant e�ect on the resulting detected wake area.
This analysis will also be performed on the data of the skater in high position.

Figure 3.11 shows what happens to the image itself when the window size is increased or
decreased. Clearly, the most evident e�ect is that the shape of the detected wake will loose
resolution when increasing the window size. For window sizes of 50 and 100, the arms
extended at the side are barely recognizable. The windows at the edge of the wake might
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(a) 5 x 5 pixel. (b) 10 x 10 pixel. (c) 20 x 20 pixel.

(d) 25 x 25 pixel. (e) 50 x 50 pixel. (f) 100 x 100 pixel.

Figure 3.11: Images windowed with average intensity values for di�erent window size, all for the
case of the high drag position skater.

contain wake and non-wake area. If the windows are small, this is not a big issue as the error
caused by this would be small as well. However, for large window sizes only the windows that
are at the centre of the wake will be identified correctly, and the wake area will likely be
underestimated. Another consequence of the window size is the value of the average intensity.
If the window size is increased, the average intensity values overall are increased as well. This
means that the intensity threshold has to be found in relation with the selected window size.
Finally, a smaller window size leads to more operations, so is more computationally expensive.
For example, reducing the size of the windows by half with respect to the reference value of 10
x 10 pixel makes the execution time of the script triple, while doubling the size of the windows
can reduce it by a third.

(a) Am development for di�erent window sizes. (b) Aw for di�erent window sizes.

Figure 3.12: E�ect of changing the intensity window sizes on the wake that is detected.

This e�ect is presented in a more quantitative way in Figure 3.12. Here, similarly to the plot
shown in Figure 3.10, the same measured wake area Am is plotted against the distance from the
skater. The trend is that the smaller the window size, the bigger the area that is detected as
wake. In Figure 3.12, the intensity threshold to tag a window as wake or outside flow is constant
for all window sizes, which is not optimal as evidenced by Figure 3.11. Figure 3.12 (b) shows
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that the e�ect of changing the window size also depends on the window size itself. The decrease
in Aw for a small increase of the window size is larger for smaller window sizes. For example,
changing from 5 x 5 pixel to 10 x 10 pixel almost halves the wake area. Instead, going from 10
x 10 pixel to 15 x 15 pixel is estimated to cause a reduction of 20% (interpolating Figure 3.12
(b)).

3.3.3 Intensity threshold value

In the section 3.2 it was discussed that the window size and intensity threshold should be chosen
together, as the average intensity in a window will depend of its window size. In this way, if
the window size is larger the threshold value shall be increased. After analyzing the e�ect of a
change in window size in subsection 3.3.2 for a constant value of the threshold, here the window
size will be kept the same and the threshold value will be changed.

(a) Am development for di�erent window sizes. (b) Aw for di�erent window sizes.

Figure 3.13: E�ect of changing the intensity threshold on the detected wake area.

Figure 3.13 shows the e�ect of the threshold value on the output result of the wake detection
method. Figure 3.13 (a) shows the measured wake area Am change with position for three
di�erent values of the intensity threshold on the left image. Figure 3.13 (a) shows the wake area
Aw that is obtained for a range of thresholds, from 0.03 to 0.1.
As is logical, Figure 3.13 shows that increasing the threshold value will suppose an increase in
the detected wake area. If the threshold had a value of zero, only windows where all the pixels
had absolutely no intensity would be identified as part of the wake, and they would be scarce
or non-existent. If the threshold was as high as the the intensity of a bright particle image, all
the windows would be tagged as wake.
Figure 3.13 (a) indicates that the slope of the Am curve is not strongly a�ected by this. A lower
threshold value seems to lead to a slightly steeper curve, but the main e�ect is the shifting of
the curve. Regarding Aw, Figure 3.13 (b) shows that the e�ect of the threshold depends on the
value of it. If the threshold is initially small, a change in it will have a higher impact on the
resulting Aw.

3.3.4 Clustering parameters

The last step for which a parameter is required from the user is the clustering. As explained in
section 3.2, the most important parameter that is defined by the user in the DBSCAN clustering
algorithm is the minimum distance between two points to consider them reachable from each
other, eps. Here the e�ect of changing it will be examined.
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(a) 1 window. (b) 1.5 windows. (c) 2 windows.

Figure 3.14: E�ect of changing eps on the clustering algorithm.

The e�ect of the minimum distance eps is shown in Figure 3.14. If the minimum distance is
increased, points that are further away will be considered part of the same cluster, and therefore
there will be less, bigger clusters. If it becomes too big, areas with low seeding on the background
will be incorrectly identified as wake, as shown on the bottom right image in Figure 3.14. If, on
the other hand, eps is too small, most of the points, including the ones that are in the wake, will
be discarded as noise. Additionally, Figure 3.14 shows that in the case of the high drag position
skater, a low value of eps makes the wake of the stretched arm be identified as noise and not
part of the wake. This is expected to be less problematic for wakes which have a simpler shape.

The optimal value of eps depends slightly on the window size and intensity threshold. If these
parameters are chosen such that points identified as wake before clustering are scarce, a larger
eps will be necessary. Since the points are mapped into a grid where the distance between two
neighboring points is of 1 window, in general eps = 1.5 will work best because it will include
only adjacent points (on the sides and diagonals) in the same cluster.

In summary, this section has discussed a sensitivity analysis of the parameters that need to be
specified in each processing step. It has been found that the sliding minimum filter length has
a strong impact on the detected wake. Since there is no measurable definition for the wake,
the latter is chosen based on assumptions on the velocity profile of the wake. In addition,
the window size and intensity threshold have an influence on the wake area. They should be
selected to work properly together and on a case by case basis. Finally, the parameter eps for
the clustering should have a value of 1.5 if the window size and intensity threshold are chosen
properly.



Chapter 4

Data Acquisition and Processing

This chapter is focused on the methodology that was followed to obtain and process the data
that is used to test the method presented in chapter 3. For each case, first the experimental
set up is described in section 4.1. In section 4.2 all the processing parameters that were used in
the energized mass method are presented. In addition, since PIV velocity fields were used in all
cases to better understand the wake topology, the PIV processing parameters are also explained.

In order to ensure the method to calculate the drag is robust, data from three di�erent
experimental campaigns is used: the flow around a skater, a cyclist and a sphere. The skater
data was obtained for the purpose of this thesis in particular, in the context of a larger
collaboration between the TU Delft and the Dutch speed skating team. For the other two
campaigns, the experiments were conducted with the objective to demonstrate the Ring of Fire
concept. The data was obtained, processed and presented by Spoelstra et al. [4] in the case of
the cycist and Terra et al. [3] [2] in the case of the sphere. These two cases were included in
this study because the data was readily available in the correct format, and it is very useful in
determining limitations of the method presented in this work.

4.1 Experimental method

In this section, the experimental details of each of the campaigns are described. In the case
of the cyclist and sphere experiments, only the most important parameters are included, since
more detailed explanations are included in their dedicated publications [3] [2] [4] [20].

4.1.1 Skater

This subsection is focused on the experimental campaign conducted to obtain the skater data,
which was carried out during February 2021. Details about the location, experimental
methodology and equipment are included here.

Measurement location The experiments on a speed skater were performed on the ice skating
ring of Thialf, in the village of Heerenveen, in the Netherlands. This facility is where the ISU
World Competition is held. A full loop around the ice rink has a length of 400 m. It has three
lanes, each with a width of 4 m. A sketch of the rink is presented in Figure 4.1. The recreational
ice and the competition ice rink are separated by a padded fence.

The measurements were taken on one of the straight sections of the rink. A tent of dimensions
8 m x 12 m x 3 m was set up in the straight section, as indicated in Figure 4.1. This was
done to ensure the seeding particles remained in the measurement volume, and for safety issues
regarding the laser sheet. The tent consisted of truss structures with plastic on each side and on
the top, and dark curtains that could be opened and closed at the front and back. It is shown
in Figure 4.2.

The recreational ice was not being used, so the laser power supply and head were located there,
and a small slit was cut into the side of the tent to avoid obstructing the laser. In addition,
the Fluid Supply Unit (FSU) and the computers to operate the system were also located in the
recreational ice. The seeding rake was located inside the tent, on the innermost skating lane,
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Figure 4.1: Thialf ice speed skating rink, adapted from [101].

while the skater used the centre lane. The skater that performed the runs was a professional
speed skater wearing technical skates, skinsuit and glasses to protect his vision from the laser
sheet.

Flow seeding The seeding particles used for this experimental campaign were Helium Filled
Soap Bubbles (HFSB). They were selected due to their properties, most importantly their neutral
buoyancy and ability to reflect light [27] and their adequacy to large measurement volumes [29].
In order to generate the bubbles, helium, and a soap solution were fed into the Fluid Supply
Unit (FSU). The helium was kept in a tank, the air was compressed using a generator and
the soap solution used was LaVision Bubble Fluid Solution, which consists of water, soap and
glycerine. The pressure for the soap, helium and air was controlled via the FSU and it was
set to approximately 3.8 bar, 3.8 bar and 3.7 bar, respectively. The values changed for each run,
and they were adjusted based on the observed behavior of the bubbles. The exact values are
tabulated in Appendix A.

(a) Tent. (b) Equipment inside of tent.

Figure 4.2: Set up in the ice skating rink of Thialf.

The experiments started at the end of the day, when the ice rink was not being used for any events
or trainings. The ventilation system in the rink was turned o�, so the temperature decreased
with time. In this case, since only 20 runs were performed, the temperature remained close to
10 °C throughout with a humidity of 55%. Because of the low temperature, the HFSB behaved
slightly di�erent than expected, and the proportions of helium, soap and air were adjusted to
correct this. In addition, the soap was kept at room temperature whenever possible. The main
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observation was that the particles tended to accumulate at the bottom of the measurement
domain due to the lower temperatures.

The FSU was connected to a seeding rake developed by TU Delft Aerospace Engineering, which
created the bubbles using nozzles. The rake consists of 12 wings, each of them with 17 generators,
and is shown in Figure 4.3. In total, the seeding rake can generate 2 · 106 particles per second,
with a diameter of 400 µm on average. The seeding rake was located on top of a table to ensure
there were enough particles in the upper half of the measurement domain. A tray was put under
the seeding rake in order to capture any leaking soap.

The potential e�ect of the soap on the ice was a concern for the campaign. In order to ensure
the ice would not be damaged, tests were performed before the start of the campaign. HFSB
were generated on a particular location on the ice, which was later examined. It was concluded
that if the soap was cleaned using a Zamboni after the experiments, no damage was inflicted on
the ice. For precaution, paper towels were laid on the ice directly in front of the seeding rake
where most soap precipitates, as shown in Figure 4.2 (b). The towels covered only the innermost
skating lane, so the skater was not a�ected by their presence.

(a) LaVision Fluid Supply Unit (FSU). (b) TU Delft seeding rake.

Figure 4.3: Components of the flow seeding system.

Illumination system The particles were illuminated with a laser sheet. It was generated with
a Quantronix Darwin Duo Nd:YLF laser, and had a wavelength of 527 nm and a pulse energy
of 25 mJ at 1000 Hz. Together with the laser head, it was located in the recreational ice in
Figure 4.1. Using cylindrical and spherical lenses, the laser beam was shaped into a sheet, which
passed through a rectangular cut-out on the side of the tent. At the location where the skater
passed, which was about 8 m from the laser head, the sheet had a height of approximately 2 m
and a thickness of 5 cm. Black screens were placed around the laser head for safety.

Imaging system The images were taken using two LaVision HighSpeedStar 6 cameras with
CMOS sensors with Nikon 50 mm lenses. The resolution of these cameras is of 1024 x 1024
pixels, but it was cropped to 1024 x 752 pixels, with the pixel size being 20 µm. They were set
to a frequency of 500 Hz, while the f-number was 1.8 on the left side camera, and 4 on the right
side camera. As shown in Figure 4.4, the left camera was more aligned with the direction of the
laser light. Particles scatter more light in the direction opposite to the incoming light [23]. The
consequence in this case is that more light was scattered in the direction of the left camera, so
a lower f-number was needed for it.

The columns of the tent were used as attachment points for the PIV cameras. The seeding
particle generator was located inside the tent. A schematic of how the items inside the tent
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Figure 4.4: Schematic representation of the stereo-PIV set up, adapted from [101].

were located is shown in Figure 4.4. The cameras were at a distance of 8 m from the laser sheet,
12 m from each other and at a height of 3 m. The angle, as seen from the top view, was 45° with
respect to the centreline. The vertical angle with respect to a horizontal line was of 15°.

Measurement conditions At each run, the following steps were repeated. First, the seeding
particles generator was turned on, to allow enough time for the particles to be generated and to
fill up the volume. The appropriate pressure values for the soap, helium and air were inputted
to the FSU. This was done with the entrance and exit curtains of the tents closed. The amount
of seeding inside the tent was inspected visually using the cameras. When it was enough, the
name of the new run was inserted in Davis, and the skater was alerted with a visual signal that
he could start the lap. He always started from the point marked in Figure 4.1 and advanced
in counter-clockwise direction. As he moved through the rink, the curtains of the tent were
opened. When he approached the start of the straight where the tent was located, the laser
was triggered after giving an oral warning to all the people present for safety. At this point, the
skater got into position and started gliding through the straight.

When the skater approached the tent, the cameras were triggered. After the skater exited
the tent and the measurements were concluded, both curtains were closed again and the seeding
particle generator was turned o�. Of the recorded images, only 1000 were saved. The first image
where the body of the skater was not directly illuminated by the laser sheet was identified, and
the 500 images before were stored, together with the 500 images after that. A short break was
done between each run in order to allow the skater to rest and receive any necessary feedback,
and to store the data on the computer. This also ensured that the air in the measurement
volume was not a�ected by the previous passage of the skater.

Twenty runs were performed in total, 10 for each position, in order to achieve statistical
significance. The runs were performed alternating high and low drag positions, as shown in the
processing matrix in Appendix A.

Skater positions In the high drag position, the skater had both arms extended horizontally
to the sides of the body, and while the knees were flexed and the trunk inclined, he was more
upright than is common in speed skating. The skater gained speed while approaching the laser
sheet, and passed gliding through the laser sheet. This was done to avoid the need to consider the
position of the legs and the di�erence in phase at each run. The position is shown in Figure 4.5
(a).
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(a) High drag position. (b) Low drag position.

Figure 4.5: Speed skater positions tested.

There were 10 runs recorded on this position. Of these, there are three where the seeding is not
good, so they were discarded and not used for processing. The seeding was not uniform, and
some of the areas in the image that are clearly not part of the wake have a very low seeding,
which inevitably leads to errors. Seeding issues and other sources or error are explained in
Chapter 3. In addition, the laser sheet did not cover the lower part of the calves and feet for
5 runs (counting high and low drag position runs). This was corrected during the experiments.
Of the remaining runs, two of them have a significantly higher seeding density than the rest,
and therefore the threshold needs to be adjusted. In conclusion, 6 runs were processed.
The low drag position is more similar to the normal speed skating position: holding hands
behind the body, and lowered torso. In this case, unlike in competitions, the skater glided while
passing through the laser sheet, so the arms and legs do not move. The position is shown in
Figure 4.5 (b).
A total of 10 runs were recorded in this position. Of these, 2 were discarded because of bad
seeding conditions, that made it not possible to identify the wake. The reasons for this are
explained in Chapter 3. Therefore, the results presented in the following chapter are obtained
with the remaining 5 runs.

4.1.2 Cyclist

The images of a cyclist were taken during an experimental campaign to demonstrate the Ring of
Fire concept, with which the drag of a transiting object is calculated via momentum balance. A
more detailed description of the experimental conditions can be found in the work of Spoelstra
et al. [4]. The set up consisted of a stereo-PIV set up. The experiments were performed on a
tent of dimensions 3 m x 2 m through which the cyclist passed, in order to contain the seeding
particles. The cyclist was riding a Ridley Cheetah TT bike and wearing a long sleeved suit, as
well as a helmet and laser googles for safety, as he rode through the laser sheet. The set up is
shown in Figure 4.6.

Flow seeding For this experimental campaign, Helium Filled Soap Bubbles (HFSB) were used
as tracers. The pressure of the air, helium and soap solution was controlled by a LaVision Fluid
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Figure 4.6: Experimental set up for the cyclist, from Spoelstra et al. [4].

Supply Unit (FSU), which was connected to a seeding rake with 80 nozzles and provided a
concentration of 3 bubbles/cm.

Illumination system The laser sheet was generated using a Quantronix Darwin Duo Nd:YLF
laser, the same as in the case of the skater described in subsection 4.1.1. Spherical and cylindrical
lenses were used to create a sheet of height 1.8 m and 4 cm width at the point where the cyclist
passed through it.

Imaging system The images were recorded using two Photron FasCAM SA 1 cameras, the
same model as in the skater campaign (LaVision HighSpeedStar 6). They are CMOS cameras
with a resolution of 1024 x 1024 pixels. The objectives used were Nikon with 50 mm focal length,
and 532 nm bandpass filters were placed on them. The f-number was set to 5.6. The cameras
were placed on tripods at the entrance of the tent, at a distance of 4 m to the laser sheet, and
a stereoscopic angle of 31°.

Cyclist positions During the experimental campaign conducted by Spoelstra et al. [4], two
di�erent positions were studied. In cycling, there are four main positions: time-trial, hoods
posture, drops posture and upright posture [102]. In this campaign, the upright and time trial
position were studied.

Figure 4.7: Depiction of cyclist in time trial position (left) and upright position (right) from Spoelstra
et al. [4].
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A schematic representation of both positions is shown in Figure 4.7 [4]. The left image shows the
time trial position, where the cyclist rests his forearms in tri-bars, which allows him to maintain
a lower position and reduce his frontal area. The time trial position has been reported to have
a lower drag area than the upright position [103] [104] [105] [102] [106] [107], which is shown on
the right in Figure 4.7. In the upright position, the hands of the cyclist are on the break hood,
causing the torso to be at a higher angle with respect to the floor.

Another important consideration regarding the position of the cyclist is the crank angle. The
crank angle indicates the position of the feet of the cyclist, which was not constant throughout
the experiments because the cyclist was pedalling as he moved through the measurement domain.
The position of the feet is of great importance in the aerodynamic of the cyclist, as is explained
in chapter 5. The reference frame used in this work is the same was used by Spoelstra et al. [4],
and is shown in Figure 4.7. The crank angle „ is measured with the position of the left foot of
the cyclist. The reference axis is the horizontal line where the foot would be located if both feet
were at the same height, and the left foot would be placed forward. In this way, a crank angle
of „ = 0° or „ = 180° would represent a symmetric positioning of the legs, with the left foot
and the right foot forward, respectively. The most asymmetrical crank angles would be around
„ = 90° and „ = 270°, where the left foot and the right foot would be extended, respectively.

4.1.3 Sphere

The sphere images are taken from an experimental campaign which used tomo-PIV to study the
flow in the wake of sphere. The aim of the study was to assess the feasibility and accuracy of
the Ring of Fire concept, as is explained in the work of Terra et al. [3] [2]. The sphere, which
had a diameter of 10 cm, was supported by a strut of 20 cm length shaped as an airfoil of 20 mm
chord and 3 mm thickness. It moved through a rectangular duct of dimensions 50 cm x 50 cm
and a length of 170 cm. A picture of the set up is shown in Figure 4.8.

Figure 4.8: Experimental set up for the sphere, from Terra et al. [3].

Flow seeding Similarly to the other two experimental campaigns, HFSB were used as tracer
particles. In this case, the seeding rake contained 10 generators, which produced 300 000 particles
per second. The seeding density was of approximately 3 bubbles/cm3.
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Illumination system The same type of laser as for the skater and cyclist campaigns was used:
a Quantronix Darwin Duo Nd:YLF laser. In this case, since tomo-PIV measurements were
performed, the laser sheet was thicker relative to the size of the object. The measurement
volume had dimensions of 3 cm x 40 cm x 40 cm.

Imaging system The three cameras used for the measurements were the same as for the
other two campaigns. They were set up with Nikon 60 mm objectives, and the f-number was 8.
The cameras captured the images at a frequency of 500 Hz.

The main experimental parameters for each of the three cases are summarized in Table 4.1. The
experimental apparatus used for the three campaigns was mostly the same, including cameras,
laser and type of seeding particles. The scale of the sphere is significantly smaller than the
other two experiments, so the field of view was also more limited. Another important di�erence
was the environmental conditions for each case. The sphere campaign was done indoors, so all
measurements were performed at room temperature and the freestream is not expected to have
high values of velocity. The cyclist experiments were carried out outdoors on April 2017 in the
Netherlands. That week the temperature was relatively close to room temperature, and the
processing needs to consider the presence of wind. The skater campaign was done on an ice
skating ring, where the temperature was close to 10 °C and the ventilation system was turned
o�. In order to adapt to the di�erent light conditions and measurement set ups, the f-number
was di�erent in each case. This might lead to di�erence in the intensity of the particle images
detected. Finally, while all experiments were done using helium filles soap bubbles, the generator
had a di�erent number of nozzles for each experiments. This in combination with the dimensions
of the measurement domain leads to slight di�erences in the density of the seeding.

Table 4.1: Summary of experimental parameters used in the three experimental campaigns.

Experiment Skater Cyclist Sphere
Velocity (m s≠1) 12.5 8.3 1.33
Reynolds number 5.3 · 105 3.2 · 105 104

Cameras Photron
FastCAM SA1

Photron
FastCAM SA1

Photron
FastCAM SA1

Lenses Nikkon 50 mm Nikkon 50 mm Nikkon 60 mm
Acquisition frequency (Hz) 500 2000 500
f-number f/1.8 and f/4 f/5.6 f/8
Magnification 0.006 0.011 0.07
Digital image
resolution (mm/px) 3.1 1.8 0.47

Tracer particles HFSB HFSB HFSB
Number of nozzles 204 200 10
Particle imaging
density (ppp) 0.005 0.09 0.04

Laser Quantronix Darwin
Duo Nd:YLF

Quantronix Darwin
Duo Nd:YLF

Quantronix Darwin
Duo Nd:YLF

Field of view (m) 4.4 x 2.6 x 0.05 1.8 x 1.8 x 0.03 0.4 x 0.4 x 0.03



4.2 Data Processing 48

4.2 Data Processing

As explained in chapter 3, there are several parameters that need to be selected when using the
energized mass method. They will be presented in this section, together with the processing
parameters chosen to obtain the PIV velocity fields that will be used to gain insight on the flow
topology in chapter 5.

4.2.1 Energized mass method

The application of the energized mass method to the acquired data can be divided into
preprocessing and processing. The first is done in Davis, and prepares the images so the wake
can be identified. The parameters involved in it are explained in this section, followed by the
processing parameters. Processing was done fully using a python script developed for this
purpose, and its output is the drag area of the object.

Preprocessing

The first processing steps were the same for all three experimental cases presented above. All
these steps were performed on Davis 8.4. They are listed below in the same order in which
they were applied. The reasoning behind including each of them is explained in the following
paragraphs.

1. Subtract average

2. Apply sliding minimum filter

3. Apply Gaussian blur

4. Correct image for the stereoscopic angle

5. Mask the image

Subtract average It is crucial to the method that the background noise is minimized, so the
only sources of intensity in the images are the seeding particles. For this reason, the first step
of the pre-processing was to subtract the average of all the pictures. The average was obtained
from all the available frames to ensure only the fixed background noise remained. This step is
also common as preprocessing in order to apply a PIV algorithm [108], and in the energized
mass method it is of special importance because the results are more sensitive to background
intensity than in the case of PIV.

Apply sliding minimum filter After this, the sliding minimum filter in time was applied. The
sliding minimum is the method used in the energized mass method to detect the wake area. Since
the main objective of the method is to obtain the drag without relying on the PIV velocity fields,
the area of the wake has to be detected in an alternative way. The sliding minimum selects for
each pixel the minimum value of intensity the pixel has had over a range of images. In this way,
in regions where the particles move faster, the particles will be deleted from the resulting image.
In all cases, the freestream was close to zero and the object was the one moving, meaning that
the region of higher fluid velocity will be the wake. The filter length is essential in this step,
as it is directly related to the speed of the particles that will be deleted. If the filter length
is smaller, only particles with higher velocities will be removed from the result. On the other
hand, if the filter length is too high, the small fluctuations in the freestream will cause enough
movements in all particles, and no particles will remain on the result.
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For each case, the filter length has to be determined. Following the reasoning presented in
chapter 3, the filter length can be calculated as follows:

N = �zf

0.37U
(4.1)

where �z indicates the laser sheet length, f is the acquisition frequency, and U the velocity of
the body. As explained in chapter 3, this equation will filter out all particles that move faster
than 37% of the body velocity U in streamwise direction, so it acts as a velocity threshold. The
reasoning for the 37% threshold is explained in detail in chapter 3. The sliding minimum filter
length for each case was calculated using the value of the parameters listed in Table 4.1, and
the results are listed in Table 4.2. Even though the equation is set up with the idea of filtering
the particles based only on their streamwise velocity, the sliding minimum is not capable of
distinguishing the direction of the particle movement. This means that particles that have a
su�ciently large in-plane velocity will also be deleted when applying it.

Table 4.2: Summary of processing parameters used in the three experimental campaigns.

Experiment Skater Cyclist Sphere
Filter length N 5 9 7
Images for average subtraction 1000 2300 300
Masked image size (px x px) 600 x 800 and 570 x 720 * 910 x 750 910 x 960
Window size (px x px) 20 x 20 and 24 x 19 * 25 x 26 30 x 30
Intensity threshold 0.005 0.01 0.08
Rolling average length 4 8 4
Distance to object (m) 0.5 0.5 0.05
* For high drag and low drag position, respectively

Apply Gaussian blur, image correction and masking After applying the sliding minimum
filter, a Gaussian blurr is applied to increase the image size of the particles and make the wake
area more easily identifiable. Since the images were taken with a stereo-PIV (skater, cyclist)
and tomo-PIV (sphere) set up, they need to be corrected for the angles of the camera with
respect to the laser sheet. Finally, the images are masked in order to discard irrelevant parts,
which helps reduce the computational cost of the image processing. In addition, the images
which result from the angle correction have an irregular shape, and masking them ensures a
rectangular shape. The size of the mask was determined by trial and error: observing the entire
range of images, it was possible to understand how large the selected area had to be in order to
ensure the wake would always be contained inside of it. Since the shape and size of the wake
varied depending on the object, so did the mask size. However, for any single test case the mask
always remained constant for all the runs.

Figure 4.9 shows a side by side comparison of the images before and after the pre-processing
for the three experimental cases. The skater images are in the top row, cyclist images in the
middle and sphere images in the bottom row. In each row, the left image is shown without
any processing, directly as captured by the camera. The right image is the result of all the
pre-processing steps listed and explained above.

The presence of background intensity is something that generally is avoided and minimized in
PIV processing, but for the case of the energized mass the impact is higher. If any light was left
on the image which was not from a tracer particle, it would directly a�ect the detected wake, so
it has to be avoided completely. In addition, it is important for the energized mass method that
the particles have a high intensity, and are distributed uniformly. For example, comparing the
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(a) Skater raw image (left) and preprocessed image (right).

(b) Cyclist raw image (left) and preprocessed image (right).

(c) Sphere raw image (left) and preprocessed image (right).

Figure 4.9: Raw images without any modification (left) and images after preprocessing with Davis
8.4 (right), of (a) skater, (b) cyclist and (c) sphere.

top and middle row in Figure 4.9, the wake of the skater (top) is much more easy to distinguish
with the naked eye than the wake of the cyclist (middle).

In the case of the skater and cyclist comparison, the di�erence can already be clearly seen
in the raw images. The skater raw image shows many more particles which also have higher
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values of intensity. On the other hand, the background intensity is also higher. The reason
for this di�erence might be related to the number particles, since more nozzles were used in
the experimental campaign. In addition, the f-number was higher for the cyclist experiments,
which means the cameras captured less light. The impact of this on the results is discussed in
chapter 5. The preprocessed images of the sphere show an intermediate situation in terms of
the clarity of the wake.

In the case of the cyclist, the high frequency meant that a larger amount of images had to be
exported and used for the energized mass processing. This carries a large computational cost, so
in order to mitigate it the images were sampled. Only one out of every two images was exported,
e�ectively halving the frequency. The same thing was done for the sphere, where the frequency
was reduced by 5.

Processing

After the images are pre-processed, they are exported from Davis and a Python 3.7 script is used
to do the remaining steps, which are listed below. As discussed in chapter 3, there are several
parameters that need to be selected during these steps. They are summarized in Table 4.2. All
these steps are explained in more detail in chapter 3, and are only reviewed here briefly.

1. Divide image into windows

2. Average the intensity value of all the pixels in each window

3. Set an intensity threshold below which the windows are tagged as being part of the wake

4. Cluster the points tagged as wake and select only the largest cluster

5. Fill in any remaining points in the wake to ensure it is a solid surface

Divide image into windows Firstly, the pixels in the masked image need to be divided into
windows where the intensity will be averaged. Without this step, it would not be possible to
distinguish between pixels that have low intensity values because they are in the wake area and
pixels that have low values because they are in between particles in the freestream area. In this
way, the di�erence is more clear. However, this step is not enough to guarantee that the areas
of low intensity are part of the wake, and are not related to uneven seeding. The e�ects of this
are dealt with in later steps.

In general, it was found that a window size of close to 20 x 20 pixels was optimal for both
the skater and the cyclist. This size represented a good compromise between the computational
time and the resolution required for the wake shape. In addition, smaller window sizes can cause
more irregular edges in the detected wake, as shown in the sensitivity analysis in chapter 3. The
window size in each case was also limited by the size of the masked image, as it was always
selected to be a number by which the total amount of pixels in the masked image was divisible.

Intensity threshold The window image and intensity threshold need to be selected together.
Their value depends on the seeding density: if there are more particles, the intensity threshold
can be set to a higher value, even if the intensity values are normalized when they are loaded
into the python script. The intensity of the particle images is also an important factor, and it
can vary for each experiment depending on the amount of background light that was caught
by the cameras. For these reasons, the threshold varied between experimental cases, and even
between runs of the same experimental case. In all cases, the value for the threshold had to be
chosen by trial and error. The final drag value was not checked, but the final detected wake was
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compared with the pre-processed image, and the threshold that achieved a better match was
selected.

In the case of the skater in the high drag position, the window size was exactly 20 x 20 pixels. In
the case of the low drag skater, the intensity window size was 24 x 19 pixels. The masked images
were of di�erent sizes because the shapes of the wakes were di�erent, as will be explained in
chapter 5. The window sizes were always chosen to be such that the total amount of pixels in the
masked image was divisible by the window size. This way, di�erent masked image dimensions led
to di�erent intensity window sizes. The value of the threshold varied: for the first runs that were
performed in the campaign, the optimal value was found to be close to 0.005 counts. The value
of the threshold was selected arbitrarily based on visual inspection. As shown in Figure 4.10,
in the last two runs the seeding was increased significantly, so the threshold had to be raised to
0.9 counts. The increase in seeding was caused by the fact that the feeding system had never
been operated at the low temperatures of the skating ring, so its realiability to provide constant,
uniform seeding was not as high as usual.

(a) Raw image from run 86. (b) Raw image from run 94.

Figure 4.10: Comparison between a run with average amount of HFSB (left) and higher than
average amount of HFSB (right).

In the case of the cyclist, the window size was chosen to be 25 x 26 pixels. Since the wake of the
cyclist in time trial position and upright position is similar, the same mask was used for images
of both positions, and thus the window size was also kept constant. The value for the threshold
in for cases was selected to be close 0.01 in all runs. Finally, since the sphere is expected to have
a wake with a simpler shape, the window size could be slightly larger, with dimensions 30 x 30
pixels. The optimal threshold was found to be 0.08 counts for all runs.

Clustering The next step is crucial in order to avoid all the possible errors that can be caused
by irregular flow seeding in the experimental set up. As explained in section 4.1, some time was
waited between runs in order to ensure that the previous run would not a�ect the flow, and that
there were enough tracer particles in the measurement domain. However, it was not possible
to ensure the flow would be perfectly uniform. This causes areas where the amount of seeding
particles is lower already in the raw image. Since the region is in the freestream, the distribution
of the particles is conserved through the application of the sliding minimum filter. This causes
a region of low particle density in the pre-processed image that is not related to the wake.

A clear example of such an issue can be seen in Figure 4.9 (a). The raw skater image shows a
region on the top left corner where the seeding is uneven. Even though it is clearly unrelated
to the wake of the skater, it is still visible in the pre-processed image shown in the right. This
exact same region is detected in Figure 4.11, where it appears first as lower average intensity
windows, and as detected wake on the image on the right.
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(a) Skater intensity windows (left) and detected wake before clustering (right).

(b) Cyclist intensity windows (left) and detected wake before clustering (right).

(c) Sphere intensity windows (left) and detected wake before clustering (right).

Figure 4.11: Images divided into windows with average intensity (left) and wake detected by applying
a threshold with no clustering (right), of (a) skater, (b) cyclist and (c) sphere.

Any such regions where the seeding is less dense compared to the rest of the field of view are likely
to have a lower average intensity than the threshold when the image is divided into intensity
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windows, so they will be identified as wake. In order to avoid this, the DBSCAN clustering
algorithm is used, and only the largest cluster is kept as wake. The exact way in which the
algorithm works is explained in detail in chapter 3. The only two parameters that need to
be specified for this algorithm are the maximum distance (eps) and the minimum number of
samples. The eps refers to the maximum distance between two points that are considered to
belong to the same cluster, while the minimum number of samples indicates how many other
points need to be close enough to a point, in order for the point to be considered a core point.
The minimum number of samples was kept at the default value of 5, while the eps was set to 1.5
windows. When the points were passed to the algorithm, their coordinates were transformed so
that the distance between one point and its neighbour would be of 1. In this way, an eps of 1.5
would mean that points that are directly next to each other or diagonally adjacent would be
considered part of the same cluster.

Fill in remaning points Finally, the last part of the image processing consisted of filling in
any points inside the wake that were not already tagged as wake. Very small regions of high
intensity inside the wake area were observed to be caused mainly by reflections or by single
particles that were not removed with the sliding minimum. Clear examples of this issue are
shown in Figure 4.11 (top and middle rows). The contours of the cluster were identified, and
all points contained inside of it were tagged as wake. For this step, there were no parameters to
select and in all experimental cases the procedure was the same.

Once all images were processed, the area in each of them was measured and plotted against the
distance from the object. A rolling average was applied in order to reduce the sensibility of the
method to small di�erences from frame to frame. The value of the kernel for the rolling average
in each experimental case is shown in Table 4.2.

In the last step, the drag is calculated by applying a linear fit through the measured area vs.
distance from the object plot, and backpropagating it to the position of the object. The exact
point to which it was extrapolated had to be decided for each case, and is presented in Table 4.2.
In all cases, the first frame can only be taken once the entire body has passed through the laser
sheet. Any earlier frames include reflections, and the helium filled soap bubbles in the area
are not detectable. Therefore, the distance between the first used frame and the point where
the drag area needs to be determined. It was taken to be 0.5 m for the skater because of its
body position, which is leaning forward. In the case of the cyclist, the distance was taken to be
0.5 m, based on the estimated diameter of the wheels and the cyclist position. For the case of
the sphere, the distance was taken to be the radius length, since the centre of the sphere is the
cross-section of highest area.

4.2.2 PIV velocity fields

For each experimental case, the wake topology is discussed in chapter 5. This is done to gain
some insight on the wake and be able to understand better if the wake detected with the
energized mass method is accurate and realistic. The velocity fields were obtained with PIV,
and in this section the parameters used to obtain them will be explained. The skater velocity
fields were obtained for the purpose of this thesis, however the cyclist and sphere velocity fields
were already available from the work of Spoelstra et al. [4] and Terra et al. [3], respectively.

The PIV fields were obtained with stereo-PIV in the case of the skater and cyclist, and tomo-PIV
in the case of the sphere. In each case, a short explanation of the PIV processing is presented
below. A summary of the main parameters is provided in Table 4.3.

Skater For the skater, the only pre-processing required was the reduction of background
intensity. For this, the average intensity over the entire time series of images was subtracted
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from each frame. The algorithm used was stereo correlation. Three iterations were done with
window sized of 64 x 64 pixels, and two iterations for window sizes of 32 x 32 pixels. For all
iterations, the windows were round and an overlap factor of 75% was used. Post-processing
included Whittaker image interpolation for the final passes and linear vector interpolation of
any remaining empty spaces.

Cyclist For the case of the cyclist, pre-processing included removing background intensity by
subtracting the minimum value of intensity of each pixel over the entire range of images. The
PIV fields were obtained using a sliding sum-of-correlation algorithm in time, over a kernel of
seven pairs of frames. Spoesltra et al. [20] used 64 x 64 pixel windows, again with an overlap
factor of 75% and a round shape. Regarding interrogation window sizes, Spoelstra et al. [20]
concluded that the dimensions should be between 0.05c and 0.25c. Larger intensity windows
might be subject to modulation errors and loss of information about the small scale structures,
while smaller windows might su�er from random errors. The post-processing was the same as
in the case of the skater, with the added feature of applying the universal outlier detection filter
[109].

Sphere The sphere data was processed in a di�erent way, as tomo-PIV was used. In this case,
the pre-processing included background intensity reduction as well as Gaussian smoothing. The
algorithm used was the sequential MTE-MART (SMTE) [3] [110]. Because of the tomographic
algorithm, the windows were three dimensional, with a size of 32 x 32 x 32 voxels. The selected
overlap factor was once again 75%.

4.2.3 Output flow and force parameters

The results are presented in chapter 5 and include a discussion on the velocity fields obtained
with PIV. In these explanations, some quantities are presented as non-dimensional in order to
aid the interpretation of the results. This section is focused on the definition of these non-
dimensional quantities.

In this work, the drag results will be presented in terms of the drag area, which is defined as
follows:

cDA = D

1
2flU2 (4.2)

where D is the drag force, fl the fluid density and U the object velocity. The drag area is a
commonly used quantity in cycling, because the area of a cyclist can be complicated to obtain
and inaccurate [103] [111]. Since obtaining the area of the skater would present the same
di�culties, it will also be used in the discussions about it. The frontal area of a sphere is much
easier to calculate, but for consistency those results will also be presented in terms of cDA.

For the analysis of the velocity fields in the wake of the di�erent experimental cases, the wake
velocities will be normalized in the following way:

u
ú = uw ≠ uenv + U

U
(4.3)

Where uw is the velocity field in the wake, uenv is the environment velocity prior to the passage
of the model, and U is the velocity of the object. In this way, the freestream flow which is
una�ected by the wake will have a velocity of u

ú = 1, and the wake will have velocities lower
than that. This is done following Terra et al. [2] and Spoelstra et al. [4].
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Table 4.3: Summary of PIV processing parameters used in the three experimental campaigns.

Experiment Skater Cyclist Sphere
Correlation
algorithm Stereo correlation Stereo sliding

sum-of-correlation MTE-MART

Interrogation window 32 x 32 px
(100 x 100 mm2)

64 x 64 px
(116 x 116 mm2)

32 x 32 x 32 vx
(10 x 10 x 10 mm3)

Overlap factor 75 % 75 % 75 %

Finally, the vorticity is also presented in non-dimensional form, using the following equation:

Ê
ú = Êc

U
(4.4)

where Ê is the vorticity, and c is the model’s characteristic length. In the case of the sphere,
c is taken to be equal to the diameter of 10 cm, while in the case of the skater and the cyclist
the torso length is used, which is estimated to be 60 cm [4]. In general, presenting the results in
non-dimensional form makes it easy to compare the results with literature.



Chapter 5

Results

This chapter is focused on the results obtained for the drag of the bodies described in chapter 4,
using the method presented in chapter 3. The bodies consist of a skater, a cyclist and a sphere.
The skater was analysed in two di�erent positions, for which a dedicated experimental campaign
was performed. Two positions, upright and time-trial, were also examined in the case of the
cyclist. For this case and for the sphere the data was already available [4] [2]. For each of them,
firstly the wake topology is described using velocity and vorticity fields obtained with PIV. This
is followed by an explanation of the results obtained with the energized mass method, including
the calculation of the drag.

5.1 Skater

This section is focused on the results obtained for the skater experimental campaign. Two
skater positions were tested: high drag and low drag. The low drag position is closer to the
conventional speed skating position, with both arms behind the back and the torso lowered,
while the arms were stretched to the side in the high drag position. Both of them are included
in the discussions in this section. In subsection 5.1.1 the wake topology is studied using PIV
velocity fields, while the energized mass results are discussed in subsection 5.1.2.

5.1.1 Wake topology

The aerodynamics of speed skaters have been the subject of some studies. Most of them were
focused on specific aspects, like the separation point in specific parts of the body or the e�ect of
the skater position on the drag area [112] [113] [114]. There are no available velocity or vorticity
contours of the wake of a skater in literature. For this reason, they have been processed using
stereo-PIV and they will be included in this section. In addition, examining the topology of
the wake using PIV velocity fields might give some insight on the performance of the energized
mass method in identifying the wake area. It is important to keep in mind that the high drag
position is not a realistic representation of a high speed skater in a competition.

Velocity fields

The ensemble averaged streamwise velocity fields, together with vectors indicating the in-plane
velocity field, are shown in Figure 5.1. The low drag position is shown on the left, and the high
drag position is on the right. The velocity fields are ensemble averaged over several runs, 5 for
the low drag and 6 for the high drag. Some runs had to be eliminated because of bad seeding.
Since PIV is a more robust method than the energized mass, it was possible to use more runs
when analyzing the wake topology.

At a distance of half a meter from the skater, the maximum velocity deficit in the wake is around
45% of the freestream velocity. In both cases, this is found in the wake region created by the
lower body of the skater. For the two positions, the legs were positioned in a similar way: the
knees were flexed, and the feet were roughly in line with the hips of the skater. The skater glided
through the measurement domain, so the legs did not move. The upper half of the body is in
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Figure 5.1: Ensemble averaged velocity fields of the wake of a skater in low drag position (left) and
high drag position (right) at x = 0.5 m. The silhouette of the skater (black solid line) is superimposed
for clarity.

di�erent positions, which is reflected on the velocity contours. The low velocity regions created
by the extended arms can be clearly seen in the picture on the right. For the case of the low
drag configuration, both arms are held close to the back of the cyclist. Even though the torso
angle is smaller for the low drag skater, the velocity deficit region caused by it is distinguishable
from the one caused by the legs and lower body. The di�erence in torso angle, combined with
the e�ect of the extended arms in the high drag position, cause the drag of the low drag position
skater to be shorter in height. In addition, the region of maximum velocity deficit is larger for
the high drag position skater, and located in a higher position in the wake.

Vorticity

The vorticity contours for the same location are shown in Figure 5.2 for both positions, with
the low drag shown on the left and the high drag on the right. The ensemble averaged in-plane
velocity fields are shown as grey vector fields. In addition, the main vortices are labeled in the
images. These vorticity fields are ensemble averaged over the same runs as in Figure 5.1.

In both cases shown in Figure 5.2, the main vortices seem to be shed by the hips and thighs,
based on their location. Since both positions are symmetrical, the wake is also expected to be
symmetrical on a vertical axis. In addition, since the skaters were not moving their legs from a
few meters before passing through the laser sheet and until several meters after the laser sheet,
unsteady flow in the legs region should not have a major e�ect on the wake.

In the low drag position, the arms of the skater are attached to the body, with the hands held
together at the lower back. The air that flows through the back cannot remain attached all the
way to the hips, and likely separates at the location of the hands, shedding the vortices found
in Figure 5.2. This might explain why the location of these vortices is slightly higher than the
location of the hip vortices in the high drag position, even though the knee angle is the same
for both. For the low drag position, these vortices are the most intense ones, and are expected
to dominate the behavior of the far wake. Even though the vortices shed from the thighs were
expected to be symmetrical, it seems that the vortices shed from the right leg are more intense
than those shed from the left leg. The opposite happens with vortices originating in the lower
half of the legs, calves and ankles.

In the high drag position, the hands are extended horizontally to the sides of the body of the
skater. For this reason, the flow is able to remain attached through the back until it reaches
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Figure 5.2: Ensemble averaged non-dimensional vorticity of the wake of a skater in low drag position
(left) and high drag position (right) at x = 0.5 m. The silhouette of the skater (black solid line) is
superimposed for clarity.

the hips, from where vortices are shed. Similarly to the case of cyclists, the hip vortices are the
strongest ones. There are additional vortices shed by the arms and the shoulders, which create
flow towards the body, and might contribute to a higher rate of entrainment. In the upper
region of the wake, some vorticity might also be attributed to the head of the skater, which in
the higher drag position is positioned higher than in the low drag position. In the lower half of
the wake, there are vortices shed by the thighs, ankles and calves of the skater.

Figure 5.2 and Figure 5.1 also show that the vorticity shed by the lower body has opposite signs
of rotation for the two positions. At a height of z = ≠0.2 m, the low drag skater experiences some
upwash, while in the same location behind the high drag skater there is downwash. For other
similar bodies, like the one of a cyclist (explained in section 5.2), downwash has been observed
behind the back of the person. The reason for the upwash present in the low drag position
might be the hands held together at the lower back, which interact with the flow coming from
the back.

Wake development

The time evolution of the wake velocities is depicted in Figure 5.3, which shows the wake of the
skater in both positions at distances of 1 m, 3.25 m and 5.5 m from his back. All images show
the ensemble averaged velocity fields using the same runs as in Figure 5.1 and Figure 5.2. The
in-plane velocity fields are once again shown as black vector fields in each image. The field of
view in the images has been cropped so that the wake could be more clearly seen.

For both cases, the velocity deficit is still significant after a distance of 5 m, with some small
areas of low velocity fluid having a deficit of 25% with respect to the freestream. The wake of
the low drag position expands more in vertical than in horizontal direction. In the near wake,
two low velocity regions are observed, corresponding to the feet and the upper body of the
skater. They were also captured in Figure 5.1. As the distance to the skater increases, the top
one moves upwards while the velocity recovers. At a distance of 5.5 m, the wake reaches a total
height of 1.4 m, which is 20 cm larger than at a location of x = 1 m. This might be explained by
the upwash in this area, which is visible through the vector field showing the in-plane velocity
field. This upwash is caused by the hip vortices detected in Figure 5.2. The lower region of the
wake remains in place and expands horizontally, limited by the presence of the floor.

In the high drag position, the hip vortices rotate in the opposite direction, so the upper region
of the wake experiences downwash. As a consequence, the main region of velocity deficit moves
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(a) Low drag position.

(b) High drag position.

Figure 5.3: Ensemble averaged velocity fields of the wake of a skater in (a) low drag position and
(b) high drag position. The velocity fields are at a distance of 1 m (left), 3.25 m (middle) and 5.5 m
(right) from the skater. The silhouette of the skater (black solid line) is superimposed for clarity.

down, and because it is limited by the floor, it also widens at the bottom. At a distance of
5.5 m, it reaches a width of 1 m. The wake of the two extended arms is clearly distinguishable in
the near wake. This part of the wake experiences some upwash and inwash due to the vortices
generated by the arms and the shoulders. As a consequence, the wake of the arms narrows and
moves closer to the one of the main body. However, the upwash causes these two regions to
extend vertically and remain roughly in the same position.

5.1.2 Energized mass method

This section is dedicated to the results obtained with the energized mass method. It is divided
into two subsections, one for each skater position. First, intermediate results are presented
which support some discussion about the method, followed by the drag obtained in each case.

Low drag position

Images of several processing steps of one of the the low drag position runs are presented in
Figure 5.4, at a distance of x = 0.75 m and x = 1.7 m from the back of the skater.

The middle image shows the raw images as they were input into the python script.
Preprocessing has been applied to these images, including the sliding minimum filter,
background intensity subtraction and correction for the stereoscopic angle. A more detailed
explanation of the preprocessing steps is provided in chapter 4. For both locations, the wake
appears as a darker area in the image on the right half. Figure 5.4 shows that the seeding was
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(a) Location x = 0.75 m.

(b) Location x = 1.7 m.

Figure 5.4: Preprocessed image (left) and image after dividing it into intensity average windows,
at a distance of (a) x = 0.75 m and (b) x = 1.7 m from the back of the low drag position skater.

not perfectly uniform, which leads to some other darker regions unrelated to the wake. A clear
example is seen directly above the wake, and on the top left quadrant in both images.
The images on the right in Figure 5.4 show the intensity windows. They are the result of
dividing the preprocessed images into windows where the intensity is averaged. As explained in
chapter 4, the size of the windows used for the skater in low drag position is of 24 x 19 pixels.
The size is not perfectly square because the window size for each dimension was chosen to be
divisible by the total amount of pixels in that dimension. For both distances, the wake is already
distinguishable as a lower intensity area at the right half of the image. The intensity everywhere
else is roughly uniform, with the exception of some small areas on the left half of the image.
This corresponds to an area of denser seeding which can be seen in the raw images.
Some of the remaining processing steps are pictured in Figure 5.5, for the same locations as
Figure 5.4. After applying the threshold explained in chapter 4, the points tagged as wake are
all the ones present in the left images, which show the results of the clustering algorithm. The
small black points are tagged as noise and discarded, while all the red dots are considered to be
part of the wake. The dots with a bigger size are considered to be core points by the DBSCAN
algorithm.
The di�erence in size between the two wakes is noticeable in the cluster images in Figure 5.5,
with the wake at x = 1.7 m being wider both behind the feet and calf area, and the upper body
one. In this image, it is also clear that there is a hole inside the wake at x = 1.7 m. Because
this would be unphysical, this area is filled in.
The final wake is depicted by a red contour on the images on the right in Figure 5.5, superimposed
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(a) Location x = 0.75 m.

(b) Location x = 1.7 m.

Figure 5.5: Clustering results (left), and energized mass wake (right) for locations of x = 0.75 m
and x = 1.7 m behind the low drag position skater. All dots that have the same color belong to the
same cluster, while smaller black dots represent noise.

to the preprocessed images. This format of the plot is useful to understand if the processing
steps are able to identify the region with no particles as the wake. In both locations, the results
are good. The presence of a few outlier particles inside the wake is overcome and ignored. In
addition, the low seeding areas outside of the wake are successfully identified as noise. In both
cases, some particles are included in the wake on the left side, which is a result of dividing the
image into intensity windows.

Figure 5.6 is another useful plot to examine the ability of the energized mass method to
properly detect the wake. Here, the contour of the energized mass wake is superimposed to the
instantaneous streamwise velocity fields at x = 0.75 m and x = 1.7 m. This makes it possible to
validate the energized mass results against the PIV velocity fields, which are more reliable.
The height of the wake is well captured in both cases. The width appears to raise more issues.
For the left image, the width of the two low velocity regions matches the width of the
energized mass wake well. However, the in-between middle region is thinner in the velocity
fields. The wake farther away from the skater is shown on the right. In this case, the general
broadening is in line with the velocity fields. However, the wake has a larger width when
looking at the velocity fields, especially close to the center of the wake at z = 0.4 m.

The detected wake area using the energized mass method was calculated for each point in
the wake. The obtained area curve with respect to the position from the skater is shown in
Figure 5.7. The solid curve represents the average of the available runs, with the shaded area
indicating the standard deviation of the measurements. The reference value in this case was
obtained applying the momentum balance method on the PIV data, following the methodology
of Terra et al. [2] and Spoelstra et al.[4]. It is indicated as a horizontal red line. The calculated
linear trend is shown as a dashed line, and the value of its extrapolation at the location of the
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Figure 5.6: Instantaneous streamwise velocity fields and energized mass wake area for locations
x = 0.75 m and x = 1.7 m behind the low drag position skater.

cyclist is shown as a single dot.

Figure 5.7: Measured wake area change with distance to the back of the low drag position skater
(black solid line) and uncertainty of the values (shaded gray). The linear fit (gray dashed line) is
extrapolated to the location of the skater (gray dot). Reference cDA value shown in red.

Figure 5.7 shows that for the first 0.5 m, the wake area decreases in time. This is non-physical,
since the wake of a blu� body is expected to expand in time (e.g. [115] and in particular for the
case of the skater it is shown in Figure 5.3a), so these frames are ignored for the calculation of
the drag area. Doing this, the average results in a cDA = 0.39 m2, while the momentum balance
method outputs a drag area of cDA = 0.11 m2. Drag area values of around cDA = 0.15 m2 were
reported for a static mannequin at similar velocities. The higher drag was probably caused by
the sidepush position of the mannequin [112]. A similar value was found using a power balance
method on skaters over a 400 meter lap [116], and drag areas closer to cDA = 0.2 m2 were
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observed for male skaters in a wind tunnel [114].

High drag position

This subsection is focused on the application of the energized mass method to the high drag
position skater data. Two intermediate steps of the process to obtain the drag area are shown
in Figure 5.8, for two di�erent locations in the wake of the skater, x = 0.5 m in Figure 5.8 (a)
and x = 1.5 m in Figure 5.8 (b).

(a) Distance of x = 0.5 m.

(b) Distance of x = 1.5 m.

Figure 5.8: Preprocessed image (left) and image after dividing it into intensity average windows,
at a distance of (a) x = 0.5 m and (b) x = 1.5 m from the back of the high drag position skater.

The images on the left in Figure 5.8 are the preprocessed images. As explained in chapter 4,
the preprocessing steps were performed in Davis and included background subtraction and the
application of the sliding minimum filter, amongst others. Thanks to good seeding and low
background intensity, the wake can be clearly distinguished at both distances as a region without
particles. In the image at x = 0.5 m (top), it is also possible to distinguish a high intensity area
on the top left corner. This was caused by reflections of the laser on the suit of the skater.

The images on the right in Figure 5.8 show the result of dividing the images on the left into 20 x
20 pixel windows and averaging the intensity inside each window. For both locations, the wake
is clearly visible against the higher intensity background windows. These images also show that
the seeding was adequate for the application of the energized mass method, as there is a clear
di�erence in intensity between the wake region and the outside parts. In addition, there is only
one small area in the top right corner where the seeding is less dense.

The last processing steps are depicted in Figure 5.9. The left images show the result of the
DBSCAN clustering algorithm, applied to all windows in which the intensity is higher than the
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(a) x = 0.5 m.

(b) x = 1.5 m.

Figure 5.9: Clustering results (left), and energized mass wake (right) for locations of x = 0.5 m
and x = 1.5 m behind the high drag position skater. All dots that have the same color belong to
the same cluster, while smaller black dots represent noise.

threshold explained in chapter 4. For the frame taken at x = 0.5 m (top), the wake of the left arm
appears to be detected as a separate cluster from the rest of the wake. However, as explained in
chapter 3 part of the clustering process is comparing with the results of the previous frame to
check for cases like this. Thanks to this step, the wake of the left arm is successfully identified
as part of the wake on the picture in the right of Figure 5.9 (a).
For the distance of x = 0.5 m (bottom), it can be seen that aside from the black dots representing
noise than in Figure 5.5, there is another identified clusters in the top left corner. This is the
result of uneven seeding in the raw images: the smaller cluster corresponds to the region in the
top left corner that was observed to have lower seeding in Figure 5.8. Only the points belonging
to the largest cluster, which is shown in yellow, are considered to be part of the wake.
The wake is depicted in the images on the right in Figure 5.9 as a red line superimposed to the
preprocessed images. Comparing the wakes at both distances, the energized mass method is
capable of detecting the widening of the wake at the bottom which was observed in
subsection 5.1.1. In addition, the wake of the arms increases in height, but the edges become
less uniform.
Figure 5.10 shows the resulting wake area contour superimposed to the instantaneous velocity
field that corresponds to it. The images have been cropped in order to show the wake more
clearly. The image shows that the wake are is overestimated. The main di�erences between the
images at the two locations is that at a higher distance from the skater, the wake has expanded
horizontally and has a larger area. It is also clear that at a larger distance, the algorithm has
more di�culties in identifying the arms properly, and the shape of the wake looks less defined.
For the experimental case of the skater in high drag position there is an added di�culty in the
wake area identification. As explained in chapter 3, one of the steps in the method is to cluster
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Figure 5.10: Instantaneous streamwise velocity fields and energized mass wake area for locations
x = 0.5 m and x = 1.5 m behind the high drag position skater.

all the windows identified as wake, and select only the largest cluster. Because of this, the wake
is always a single group of points.
However, if the body is not compact, the actual flow regions with a high enough velocity deficit
to be considered wake might be isolated, forming di�erent smaller clusters. This is precisely the
case of the skater, as shown in Figure 5.11. The wake area detected with the energized mass
method is shown as a contour indicated by the red line, while Figure 5.11 (b) shows the area
resulting from applying a threshold of 0.37U on the wake velocities obtained with PIV. The
threshold is selected based on the reasoning presented in chapter 4, which stems from the fact
that if it is assumed that the wake usually has a Gaussian velocity distribution with highest
velocity of U , the top-hat distribution with equivalent area would have a velocity value of 0.37U .
The wake area shown in Figure 5.11 (b) is indicated by the yellow regions. The two arms and
body can still be identified, but clearly they are bubbles of lower velocity fluid and not a single
compact shape. The measured area represented by the red line in Figure 5.11 (a) measures
0.91 m2, while the area obtained using a velocity deficit threshold as shown in Figure 5.11 (b)
is of 0.62 m2. In this case, the clustering approach is not an appropriate solution, as it will
include regions that should not be classified as wake, and therefore the obtained drag area is
significantly higher than the expected result.

(a) Intensity method detected area. (b) Velocity threshold (0.37U) detected area.

Figure 5.11: Plots showing the detected area by the method presented in this work (left) and by
applying a threshold of 37% of the velocity deficit (right).

The measured area of the wake is plotted against position in Figure 5.12. The solid line represents
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the average of the used runs, while the shaded area represents the uncertainty of the results. The
plot shows that the spread increases with the distance from the skater, which can be explained
as a consequence of the velocity deficit reducing, and the boundaries of the wake becoming less
clear. Overall, the area increases in size with position, as expected, going from 0.8 m2 to 1.2 m2

in the span of 0.2 m. However, the values are significantly higher than the expected ones. The
momentum balance method was used to determine a reference value of cDA =0.16 m2 for the
high drag position skater. This method yields a value of cDA =0.66 m2. Since the high drag
position is not a common position in ice skating, it is not possible to obtain other values of drag
area from literature.

Figure 5.12: Measured wake area change with distance to the back of the high drag position skater
(black solid line) and uncertainty of the values (shaded gray). The linear fit (gray dashed line) is
extrapolated to the location of the skater (gray dot). Reference cDA value shown in red..
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5.2 Cyclist

The results of the energized mass method applied to a cyclist are presented in this section. The
process was applied onto already existing images from the campaign performed by Spoelstra et
al. [4] [20]. The images were taken using a stereo-PIV set up with the intention of applying a
momentum balance method to find the drag area. In this section, first the wake topology will be
discussed, in order to give some background on the wake of the cyclist, followed by a discussion
of the energized mass method results.

5.2.1 Wake topology

Since aerodynamic drag is the the major factor contributing to resistance in cycling, the wake
and drag area of cyclists have been the topic of considerable research. In this section, the velocity
fields, vorticity fields and time evolution of the wake of a cyclist will be analysed.
In this discussion, the dimensionless time t

ú will be used to indicate the distance in the wake
from the cyclist. It is defined as follows [4]:

t
ú = t · U

c
(5.1)

Where t is the time, U is the velocity of the cyclist, which has a value of U = 8.3 m s≠1, and c

is the torso chord length, which is c =60 cm. For reference, a value of t
ú = 3 would correspond

to a distance of x = 1.8 m in the wake.
Similarly to the case of the skater, two di�erent positions will be studied in the case of the
cyclist. The upright position, where the skater has his hands in the break hoods, is expected to
have a higher drag area than the time trial position, where the skater rests his arms on aero-bars,
achieving a lower positioning of the upper body.

Velocity fields

The instantaneous streamwise velocity field for a cyclist in upright position is shown in
Figure 5.13 (left), while the time trial position is shown in Figure 5.13 (right). The figure
shows contours of ux, which is the streamwise velocity component non-dimensionalised as
explained in chapter 4. In addition, the black vectors indicate the in-plane velocity field. In all
cases, the velocities presented are ensemble averaged.
The flow field in the wake of the cyclist in upright position has a width of approximately 1 m
at all points, except for the lowest part of the wake, which would be located behind the wheels.
The location of the lowest streamwise velocities is behind the legs of the cyclist. The maximum
velocity deficit, which reaches 45%, is found in two regions, one behind each leg. The in-plane
velocity vectors show downwash throughout the back of the cyclist, and inwash caused by both
hip vortices.
In the time trial position, shown in the right, the shape of the wake is wider in the lower half,
reaching almost 1 m width, while the wake of the upper body has a width of approximately
0.5 m. While the width of the lower half of the wake for the upright and time trial positions is
similar, the flow structures present some di�erences. The value of the maximum velocity deficit
is the same, and in both cases it is located behind the legs. However, in the time trial position
there is one single larger region of high velocity deficit, instead of two smaller ones, and it is
slightly displaced to the left half of the wake. This might be explained by the di�erence in crank
angle in both cases.
Even though the torso of the cyclist was positioned in a higher angle with respect to the
horizontal in the upright position, the wakes of both cases have a similar height of 1.5 m. This
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Figure 5.13: Instantaneous velocity field of the wake of a cyclist in upright position (left) and
time-trial position (right), at a distance of t

ú = 3, from [4].

might appear surprising, but similar results have been reported by [117]. A possible
explanation has to do with the development of the head vortices and their interaction with the
flow on the back of the cyclist, which is explained in the following subsection.

The position of the legs, and thus the crank angle „, is essential to discuss the lower half of
the wake. The crank angle has a strong e�ect on the wake structures, and on the drag of the
cyclist. In fact, it has been shown that the drag coe�cient can experience a variation of 20%
depending on it, with the highest drag occurring at highly asymmetrical positions („ = 75° and
„ = 255°). The lowest drag was found for symmetrical positions („ = 0°, „ = 180°), and crank
angles within 15 degree of them [118].

The crank angle for the upright position is „ = 65° [4], which means the right leg was extended
(but not fully), and the left leg was raised. This is illustrated by the cyclist silhouette in
Figure 5.13. This asymmetry in the leg position is clearly reflected on the flow field. Firstly, the
wake is wider behind the raised leg, which is in line with the results of Crouch et al. [118]. The
high velocity deficit region is also slightly higher behind this leg. Some vortices can already be
detected from the in-plane velocity field vectors. In Figure 5.13, the vortex at the upper hip of
the extended leg is clearly distinguishable on at y = 0.3 m, while the vortex caused by the lower
hip of the raised leg can be observed at y = ≠0.1 m.

The position of the crank in this particular frame in the time trial position is of „ = 320°
[4], which makes the position almost symmetrical. Figure 5.13 shows that the wake is not
symmetrical, even though the position of the legs is. For a crank angle of „ = 360° (where the
legs would be exactly at the same height), it would be expected that the flow would separate
symmetrically in the lower back, leading to a wake that was symmetrical and wider behind the
hips. However, since in Figure 5.13 the left leg is slightly more extended than the right one, the
location where the flow separates is not the same for both legs. Since the cyclist was pedalling
during the measurements, the wake might also be influenced by unsteadiness of the legs.
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Vorticity

The ensemble averaged vorticity field for a cyclist in upright position is shown in Figure 5.14
(left), while the vorticity for the time-trial position is shown in Figure 5.14 (right). The locations
where the vortices are shed are indicated in the image as well.

Figure 5.14: Ensemble averaged non-dimensional vorticity field of the wake of a cyclist in upright
position (left) and time-trial position (right), at a distance of t

ú = 1.5, from [4].

In general, the vorticity in the wake of a cyclist is dominated by the hip and thighs quadruple of
vortices. They have been observed to be the most intense vortices, and also the longest lasting
ones [118]. However, their behavior depends on the position of the legs and the crank angle.
On the left image, the upright positioned cyclist has a crank angle of „ = 30° [4], meaning that
the right leg is slightly more extended than the left leg. For the time trial position, the crank
angle is „ = 110° [4] so the right leg is stretched and the left leg is raised. The e�ect of the leg
position on the vorticity field behind the legs is obvious, but can also impact the flow field in
other regions [118] [4].

The upright vorticity plot shows an almost symmetric vorticity field. The symmetric flow regime
in the wake of a cyclist is the low-drag regime, where the main vortices are shed from both hips
at the same height and the inner thighs. Even though the vortices from both sides would be
expected to have similar magnitudes [118], the right half vortex is more intense. In addition,
Figure 5.14 shows only one vortex on the upper right leg, when both hip and thigh vortices
would be expected. This can be explained because the vorticity field is taken at t

ú = 1.5 (which
corresponds roughly to x = 1 m behind the rear wheel of the bicycle), and the hip and thigh
vortices have probably merged into a single more intense vortex. The cause of the hip vortices
is probably the pressure di�erence between the frontal part of the torso and the back. The hip
and thigh vortices are responsible for the downwash observed in the in-plane velocity field in
Figure 5.13, and they also generate some inwash.

The upright position also includes some new vortices that are not found in the time trial position
wake. These are vortices shed by the shoulders and arms. In the case of the shoulder vortices,
they have the same sign but lower magnitude than the hip vortices. This suggests that the
mechanism that generates them is the same, 3D separation [4] [117]. Each arm generates a
vortex couple, which is not observed in the time trial position vorticity field because the arms
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are not extended. Finally, the helmet vortices have a lower intensity in the upright position,
compared to the time trial position.

The time trial position vorticity field, shown in Figure 5.14 (right), is clearly not symmetric
due to the crank angle. In such an asymmetrical position, the vortices are shed from di�erent
locations in each leg. In the extended leg (which in Figure 5.14 is the right leg), the vortices
are shed from the upper hip. Here, the flow separates early, creating an area of high intensity
of vorticity. On the raised leg (which in this case is the left leg), the flow remains attached for
longer at the hip, and only separates near its base. As a consequence, the vortex shed from this
location is not only lower in intensity, it is also at a lower position in the wake. In addition,
another vortex pair with same sign as the hip vortices is formed at the inner thighs. This has
been observed in literature as well [103] [119] [118].

In addition to the main vortices, there are several others that are identifiable. The extended leg
sheds vortices, which can be distinguished as originating from the knee, the calf and the ankle,
based on their location. The other leg sheds a less intense vortex, which is slightly higher in the
wake. The head in time trial position sheds a vortex higher magnitude than in upright position.
The intensity of this vortex might be the reason that the height of both wakes is the same, even
though the head is positioned lower in time trial position.

Wake development

The time development of the wake is depicted in Figure 5.15, which shows six di�erent snapshots
of the ensemble averaged velocity fields at the wake of the cyclist, all at di�erent distances from
the wake. As shown in Figure 5.13, in the near wake the maximum velocity deficit is close
to Ux = 0.45, and the wake is wider behind the legs of the cyclist. Over time, the maximum
velocity deficit is reduced while the wake area increases due to entrainment. The wake also
increases in size and looses definition, broadening at the lower half, behind the cyclist’s legs.
This is due to the downwash flow in this area created by the vortices at the hips and thighs,
shown in Figure 5.14, and which is also visible through the streamlines plotted in Figure 5.15.
The presence of the floor forces the flow to go sideways. In addition, the wake behind the legs
is complicated by the unsteadiness of the pedalling motion of the cyclist. In the far wake, the
wake eventually is wide enough to expand outside of the measurement domain, which causes
issues for momentum balance approaches to calculate the drag. However, the energized mass
method is concerned only with the near wake.

Figure 5.15: Ensemble averaged velocity fields of the wake of a cyclist in time trial position at
di�erent locations in the wake, from [4].
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5.2.2 Energized mass method

The results of applying the energized mass method to the cyclist data are presented in this
section. First, the time trial position is examined, followed by the upright position. For each
case, some intermediate steps will be presented and discussed, and the drag calculated in each
case is determined.

Time trial (low drag) position

The energized mass method was applied on the time trial cyclist data. Figure 5.16 and
Figure 5.17 show snapshots of some of the processing steps for a single run at two di�erent
positions in the wake, at a distance of x = 0.5 m and x = 1.4 m behind the cyclist.

(a) Distance of x = 0.5 m.

(b) Distance of x = 1.4 m.

Figure 5.16: Preprocessed image (left) and image after dividing it into intensity average windows,
at a distance of (a) x = 0.5 m and (b) x = 1.4 m from the back of the cyclist in time trial position.

The left images in Figure 5.16 show the images after preprocessing had been applied to them.
Compared to the equivalent images in the two skater cases (shown in Figure 5.4 and Figure 5.8),
it is clear that the seeding is less dense in this case, which makes the wake less easily identifiable.
The amount of particles present is less and the ones that appear in the image have lower values
of intensity. The wake appears as a darker area near the centre, but the region near the floor
could be confused with the wake due to the lack of particles there.
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This e�ect can also be seen in the images on the right in Figure 5.16, which show the result of
dividing the left images into windows, and assigning to each window the value of the average
intensity of all the pixels included in it. While the wake area can also be identified as darker
regions in the centre of the frame, the intensity is much more uniform than in the case of the
skater. The maximum values of intensity found are significantly lower for the cyclist images.
To the naked eye, the wake area becomes more noticeable when looking at images showing the
intensity windows.

(a) Distance of x = 0.5 m.

(b) Distance of x = 1.4 m.

Figure 5.17: Clustering results (left), and energized mass wake (right) for locations of x = 0.5 m
and x = 1.4 m behind the cyclist in time trial position. All dots that have the same color belong to
the same cluster, while smaller black dots represent noise.

Figure 5.17 shows snapshots of the remaining steps. In these images the evolution of the wake
in time is more obvious. The left images show the output of the clustering algorithm. Because
of the low contrast in intensity between wake and non-wake regions, there is more noise and
the wakes are less compact than in the case of the skater in section 5.1. In addition, the image
at distance of 1.4 m shows the consequence of scarcer seeding at the near the floor, which was
clear in the preprocessed images shown in Figure 5.27. The clustering method is able to identify
this as noise and not tag it as part of the wake. However, in other frames where there are less
particles in this area, the lower intensity region might be big and close enough to the real wake
to be considered part of it. In these cases, the wake area is over-estimated, which causes the
drag to be over-estimated as well.
The images on the right in Figure 5.17 show the final result of the energized mass method. The
measured wake area is depicted as a red contour, superimposed to the sliding minimum images
for reference. Examining both final images to the expected behavior of the wake, can give some
insight on the limitations of the energized mass method. Firstly, the wake broadens in the lower
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region, as was observed using the PIV velocity fields. The wake is also expected to move down
farther away from the body. However, the wake in Figure 5.17 (b) is taller than in Figure 5.17
(a). Examining the clustering image, it seems possible that a small region with uneven seeding
was located right above the wake of the head of the cyclist, and due to the close distance to the
real wake, the clustering algorithm was not able to identify it as noise. Finally, the edges of the
wake are less smooth than the ones observed in PIV velocity fields.

This can also be observed in Figure 5.18, which shows the same wake contour, this time
superimposed to the corresponding instantaneous PIV velocity fields. Here, the di�erences in
shape, and most importantly size are easy to see. The general shape is similar in both frames.
For the frame closer to the cyclist (left, x = 0.5 m), the vertical length of the wake matches the
velocity contours well. However, it includes a region of lower velocity deficit at the top, while
near the floor a region of very low velocity is not included. The wake is also wider in the top
region, which is not observed in the velocity fields. Regarding the frame farther from the
cyclist (right, x = 1.4 m), it is clear that the energized mass method erroneously includes an
area at the top of the wake. In addition, even though the general widening of the wake is
supported by the velocity fields, the wake is wider than would be expected.

The discrepancies regarding small regions that are not detected properly can be explained by
the fact that the energized mass wake is not detected from a single pair of images, as is the case
with the velocity field. Since 9 images are used for the sliding minimum, the exact shape of the
wake cannot be expected to be reproduced. However, Figure 5.18 shows that the energized mass
method generally includes areas with a lower velocity deficit than desired.

Figure 5.18: Instantaneous streamwise velocity fields and energized mass wake area for locations
x = 0.5 m and x = 1.4 m behind the cyclist in time trial position.

The area that is measured with the energized mass method is plotted against distance from the
cyclist in Figure 5.19. The solid black line indicates teh average development of the wake area
against the position at which it was measured. The shaded area represents the uncertainity of
the measurement, and the dashed line is the linear fit of the curve. The reference value, which
is taken from Spoelstra et al. [4], is shown as a solid red line.

The obtained drag area is cDA = 0.55 m2, which is significantly higher than values reported in
literature. For the same data, Spoelstra et al. [4] obtained a value of cDA = 0.25 m2 with the
momentum balance method, which relies on the PIV velocity field shown in subsection 5.2.1.
Other research supports the results obtained with the Ring of Fire. In wind tunnel tests where
the drag of real human on a bicycle was measured, results of cDA = 0.21 m2 [106], cDA =
0.21 m2 - 0.25 m2 for di�erent cyclists [120], cDA = 0.24 m2 [121], cDA = 0.29 m2 [9], cDA =
0.31 m2 to 0.38 m2 for di�erent velocities [122], were obtained. For mannequins in a wind tunnel,
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cDA = 0.24 m2 [119], cDA = 0.25 m2 [123]. The overestimation of the drag area is on the same
order magnitude as observed with the low drag position skater, which might indicate that the
assumptions that are intrinsic to the method are not acceptable. The uneven seeding observed
in Figure 5.16 might also explain this.

Figure 5.19: Measured wake area change with distance to the back of the cyclist in time trial
position (black solid line) and uncertainty of the values (shaded gray). The linear fit (gray dashed
line) is extrapolated to the location of the skater (gray dot). Reference cDA value shown in red.

Upright (high drag) position

The images taken of the same cyclist in upright position were also processed with the energized
mass method, in order to further understand its limitations. The results are explained in this
section.

Snapshots of the first processing steps are shown in Figure 5.20 for distances of x = 0.5 m and
x = 1.4 m from the rear wheel of the cyclist. At this point in the process, it is very di�cult
to distinguish any major di�erences between these images and the ones shown in Figure 5.16,
where the cyclist was in time trial position. The images on the left show the frames once they
have been preprocessed, in the format in which they are the input to the python processing
script. Similarly to the case of the time trial cyclist, the particles present in this images are
not abundant, and their intensity is relatively low compared to the skater preprocessed images,
explained in section 5.1.

The right column in Figure 5.20 shows the images once they have been divided into windows
where the intensity is averaged. In these images it is possible to see an overall higher intensity
in the top frame, which is taken at a closer distance from the cyclist. In Figure 5.20 (b), the
wake has expanded further, so the central region of lower intensity is larger. In general, these
images show low values of intensity on the windows that are clearly not part of the wake. This
is dealt with by adjusting the value of the intensity threshold, but the images still remain more
susceptible to wrongful identification of noise as part of the wake, or to less well defined edges
in the wake.

Figure 5.21 shows some of the last steps in the energized mass process. The left images show the
clustering of the points previously tagged as wake. Comparing the clusters at both locations, it
is evident that the wake farther from the body is wider, as expected from analyzing the wake
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(a) Distance of x = 0.5 m.

(b) Distance of x = 1.4 m.

Figure 5.20: Preprocessed image (left) and image after dividing it into intensity average windows,
at a distance of (a) x = 0.5 m and (b) x = 1.4 m from the back of cyclist in upright position.

topology in subsection 5.2.1. There is also a slight increase in the height of the wake. In addition,
more noise is present at a distance of x = 1.4 m. The noise can be seen as smaller black dots, or
as any cluster that is not the largest one (shown in red). The usefulness of the clustering step is
reflected in Figure 5.21. In both frames, there is an area without particles that can be detected
with the naked eye on the bottom right corner. Looking at the distribution of the particles, it
can be deduced that this corner is not part of the wake, and the cause of its lack of particles is
probably uneven seeding. The clustering algorithm makes it possible to separate this area from
the rest of the wake. In both cases the clustering results show wakes which are not completely
solid. The holes in the wakes are filled, as they usually caused by reflections or single particles
that were not removed with the sliding minimum filter.

The resulting detected wake area is shown on the right images in Figure 5.21. In this case,
superimposing the wake to the preprocessed images does not bring a lot of clarification on
whether the wake was detected properly, since it is di�cult to distinguish from the particle
distribution. As expected, the edges of the wake seem to be more a�ected by noise and are less
defined, even for the frame taken at x = 0.5 m (top images). However, the increase in area of
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the wake is evident.

(a) Distance of x = 0.5 m.

(b) Distance of x = 1.4 m.

Figure 5.21: Clustering results (left), and energized mass wake (right) for locations of x = 0.5 m
and x = 1.4 m behind the cyclist in upright position. All dots that have the same color belong to
the same cluster, while smaller black dots represent noise.

Figure 5.22 shows the streamwise velocity fields of the wake of the upright cyclist at the same
positions of x = 0.5 m and x = 1.4 m. The wake detected by the energized mass method appears
superimposed to the velocity contours, depicted by a solid black line. The overall shape and
size of the wake matches the regions of lower velocities in the wake. However, for the frame at
x = 0.5 m, there are some areas of high velocity deficit which are not included in the detected
wake. The energized mass wake and velocity contours are not expected to match exactly, as
the velocity contours are instantaneous and the energized mass wake uses information from nine
consecutive frames in the case of the upright positioned cyclist.

Figure 5.23 shows the development of the energized mass wake area with respect to the distance
from the real wheel of the bicycle as a solid black line. In the same image, the standard deviation
is shown as a gray shaded area. In addition, a gray dashed line indicates the linear fit starting
from the first frame until the frame with the highest detected wake area. This linear fit is
extrapolated to the location of highest cross-sectional area of the cyclist, which is estimated to
be 0.5 m in front of the rearmost part of the bicycle. The solid red line indicates the reference
CDA, which was obtained by Spoelstra et al. [4] using the same data and applying the Ring of
Fire concept, which is based on momentum balance.

The drag area obtained with the energized mass is significantly higher than the reference value,
as has been observed in all the other cases presented in this chapter. In particular, the energized
mass method yields a value of CDA = 0.46 m2, while Spoelstra et al. reported a drag area of
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Figure 5.22: Instantaneous streamwise velocity fields and energized mass wake area for locations
x = 0.5 m and x = 1.4 m behind the cyclist in upright position.

CDA = 0.34 m2 [4]. Other examples in literature suggest that the results of Spoelstra might
be more accurate: for wind tunnel experiments of cyclist in similar positions, results of CDA =
0.46 m2 [102] CDA = 0.31 m2 [107] CDA = 0.27 m2 [106] and CDA = 0.34 m2 to CDA = 0.42 m2

(for di�erent cyclist speeds) were reported.

Figure 5.23: Measured wake area change with distance to the back of the cyclist in upright position
(black solid line) and uncertainty of the values (shaded gray). The linear fit (gray dashed line) is
extrapolated to the location of the skater (gray dot). Reference cDA value shown in red.
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5.3 Sphere

This section is focused on the wake and drag of a sphere. The experimental campaign that
produced the images of the sphere was carried out in 2016 by Terra et al. [3]. The objective
of the work was to demonstrate the Ring of Fire method to calculate the drag of an object
moving with constant velocity. Tomo-PIV was selected as the setup, which is described in more
detail in chapter 4. In this section, first the wake topology of the sphere will be discussed using
the results of Terra et al. [3]. Afterwards, the results of the application of the energized mass
method on the images of the sphere will be presented.

5.3.1 Wake topology

Since the sphere is a fundamental shape, its wake has been studied extensively. The data of the
sphere was collected by Terra et al. [3] during a campaign dedicated to assessing the feasibility
of the Ring of Fire method to measure the drag of an object. The sphere moved at a velocity of
U = 1.33 m s≠1 and had a diameter of D = 10 cm.

Velocity field

The flow structures in the wake of a sphere depend strongly on the Reynolds number of the flow.
In this case, the Reynolds number was Re = 104, which falls into the subcritical range [124].

Figure 5.24: Ensemble averaged velocity fields of the wake of a sphere at x = 0.05 m.

The ensemble averaged streamwise velocity field of the wake of the sphere is presented in
Figure 5.24. The black vectors indicate the in-plane ensemble averaged velocity field. The
distance from the sphere in this case is of x = 0.05 m, which corresponds to half a diameter.
The wake of the sphere can be clearly distinguished as a circular area of lower velocity. The
maximum velocity deficit is located at the centre of the wake, and it has a value of 0.8U .
Considering that the sphere has a diameter of D = 10 cm and was centred in the image, the
wake has roughly the same dimensions as the sphere. As expected, the wake is axisymmetrical.

At subcritical Renoylds numbers in a sphere, the boundary layer remains laminar and separates
before it can transition into turbulent. The separation point is approximately constant for 104

<
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Re < 3 · 105. The location of the separation point is usually indicated by the angle between
this point and the most upstream point of the sphere. This separation angle has been observed
to have values ranging between 80° and 90° for Reynolds numbers close to 104 [124] [125] [126].
After separation the shear layer remains laminar for a short distance, roughly one diameter
from the back of the sphere [127] [128] [129]. The region of recirculation ends with a stagnation
point. Transition is caused by the growth of instabilities in the laminar shear layer. Further
downstream, the wake is fully turbulent and is characterized by the shedding of vortex pairs.
As indicated by the in-plane velocity field in Figure 5.24, the wake of the sphere features also
axisymmetrical inwash caused by the lower pressure area behind the object.

Vorticity

The ensemble average vorticity field in the wake of the sphere, at a distance of x = 0.5 m it (half
a diameter), is shown in Figure 5.25. The in-plane velocity field is also shown as a gray vector
field.

Figure 5.25: Ensemble averaged non-dimensional vorticity of the wake of a sphere at x = 0.05 m.

At this distance from the sphere in the wake, a separated laminar shear layer is expected to
be found. Vortex pairs are expected to start appearing after transition, farther than x/D = 1.
The vector field shown in Figure 5.25 does not indicate the presence of wake structures with
rotation. Therefore, it is possible that the vorticity presented here is mainly due to shear.

Wake development

The time development of the wake of the sphere is depicted in Figure 5.26. The wake is plotted
at three di�erent distances from the back of the sphere: x = 0.05 m, x = 0.1 m and x = 0.25 m.
The in-plane velocity fields appear as vector fields in each image, and all velocity fields are
ensemble averaged. The field of view in the image has been cropped so that the wake could be
distinguished better.

As expected when the wake is close to the sphere it can be distinguished more clearly and the
velocity deficits are more pronounced. For x = 0.05 m the wake is roughly the same size as the
sphere, with a diameter of 10 cm. One diameter into the wake, the velocity deficit recovery is
noticeable, and the minimum velocity is around u

ú = 0.9, compared to the value of u
ú = 0.8
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Figure 5.26: Ensemble averaged velocity field with in-plane velocity vectors for the wake of a sphere,
at distance of x = 0.05 m (left), x = 0.1 m (middle) and x = 0.25 m (right).

observed at a distance of half a diameter. The shape of the wake is slightly less round, and it
is less easy to distinguish. At a distance of x = 0.25 m, two and a half diameters away from
the back of the sphere, the velocity has almost fully recovered. The vector field that shows a
clear counter-clockwise vortex on the lower right half of the wake. At a distance of more than
two diameters from the wake, this is in line with the vortical structures observed in literature
[127] [126]. The size of the wake has also increased at this point. Even though the higher wake
velocities make it di�cult to distinguish the wake, its diameter at this point is close to 0.15 cm.

5.3.2 Energized mass method

This section is focused on the energized mass method and its application to the case of the
sphere. Since the sphere is a fundamental shape, it might give additional information about the
method.

The first steps of the processing are shown in Figure 5.27. The preprocessed raw images are
shown in the left, and the intensity in each window is shown in the right. The top image
corresponds to a distance from the rearmost of the sphere of x = 10 cm, which is one diameter,
and the bottom image shows the wake at a distance of x = 15 cm.

In this case, the seeding conditions make it possible to distinguish the wake after the sliding
minimum has been applied. The intensity of the particles image is higher than in the case of the
cyclist (in section 5.2), and the number of particles is also higher. This is reflected also on the
images on the right in Figure 5.27, which show the same images after they have been divided
into average intensity windows, of size 30 x 30 pixels. In both distances, there are areas in the
bottom right corner of low seeding density that might pose a problem.

Some of the following processing steps are shown in Figure 5.28, for the same distances of x =
0.1 m and x = 0.15 m. The images on the left show the result of applying clustering to all
points identified as wake after thresholding, and the images on the right show the final wake
result superimposed to the preprocessed images. As expected, the low seeding density areas are
tagged as wake in the thresholding process and appear as points in the cluster images. However,
since they are far away enough from the main wake, the algorithm is able to identify them as
noise and exclude them from the wake. Some noise is also present around the main wake.

The final wakes shown in Figure 5.28 (right) demonstrate that the method is able to detect
the contours of the darker areas properly. From the first frame to the second, over a distance
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(a) Distance of x = 0.1 m.

(b) Distance of x = 0.15 m.

Figure 5.27: Preprocessed image (left) and image after dividing it into intensity average windows,
at a distance of (a) x = 0.1 m and (b) x = 0.15 m from the back of the sphere.

of x = 0.09 m (almost one diameter) the wake seems to have expanded mostly vertically. The
horizontal diameter does not show significant change.
The velocity contours at the same distances of x = 0.1 m and x = 0.19 m are shown in Figure 5.29,
with the energized mass wake contour superimposed to them, represented by a solid black line.
Comparing the two frames, it is noticeable that the energized mass method is capable of detecting
the slight elongation of the wake in vertical direction that happens at a larger distance from the
sphere. The energized mass wake detected at x = 0.1 m is smaller and more round in shape,
which makes sense considering that the instantaneous velocity fields show a smaller wake with
higher velocity deficit peaks.
Figure 5.29 also shows that the energized mass wake is overestimating the area of the wake.
For both frames, the entire regions of low velocity are included in the energized mass wake,
but also some surrounding regions of velocity very close to the freestream velocity are added
to the detected wake. This leads to an overestimation of the drag area in general, because the
entire curve representing the growth of the detected wake area will be shifted upwards. The
overestimation of the wake area could indicate that the selected filter length for the sliding
minimum filter, N , that is explained in chapter 4 might be too large.
The growth of the energized mass wake area with respect to the distance from the rearmost
point of the sphere is plotted in Figure 5.30 as a solid black line. The uncertainty is depicted
as a shaded gray area and the reference results are shown with a solid red line. They are taken
from the work of Terra et al. on the same data which is presented here [2].
The drag obtained with the method is of cDA = 0.027 m2, which is significantly higher than
the drag reported by Terra et al. of cDA = 0.006 m2. Results for the sphere in literature are
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(a) Distance of x = 0.1 m.

(b) Distance of x = 0.15 m.

Figure 5.28: Clustering results (left), and energized mass wake (right) for locations of x = 0.1 m
and x = 0.15 m behind the sphere. All dots that have the same color belong to the same cluster,
while smaller black dots represent noise.

Figure 5.29: Instantaneous streamwise velocity fields and energized mass wake area for locations
x = 0.1 m and x = 0.15 m behind the sphere.

usually indicated in terms of the drag coe�cient, since the area of the sphere is easy to obtain.
For reference, the cD obtained with the energized mass method is of cD = 1.72, while Terra
et al. obtained cD = 0.365 [2]. The drag coe�cient of the sphere varies greatly depending on
the Reynolds number, so only results obtained with similar flow conditions will be discussed.
In general, other research points to values closer to the reference drag coe�cient than the one
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obtained with the energized mass method. At the same Reynolds number, LES simulations
yielded cD = 0.39 [125] [126], with DES simulations resulting on values closer to cD = 0.44
[125]. In experiments at similar Reynolds numbers, cD = 0.39 [130], cD = 0.51 [124] [131] and
cD = 0.45 [132] were measured. The results obtained with the energized mass suggest a drag
coe�cient more than twice as high as all other results found in literature. Overestimation of
the drag has been shown to be an issue for this method, but it is especially critical in this case.

Figure 5.30: Measured wake area change with distance to the back of the sphere (black solid line)
and uncertainty of the values (shaded gray). The linear fit (gray dashed line) is extrapolated to the
location of the skater (gray dot). Reference cDA value shown in red.
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5.4 Discussion

In this section, the results presented above will be summarized, together with the most important
findings. In addition, this section inclused some discussion about the limitations of the energized
mass method and possible explanations for them.

Table 5.1 provides a summary of the results that were obtained using the energized mass method
for each of the cases presented in the previous sections of this chapter. They are also compared
to the reference results, which in the case of the cyclist are obtained form the work of Spoelstra
et al. [4] and in the case of the sphere are taken from the results of Terra et al. [2].

Table 5.1: Summary of the drag area results obtained with the energized mass method and
comparison with the reference values.

Experimental case energized mass cDA [m2] reference cDA [m2]
Skater (low drag position) 0.39 0.11
Skater (high drag position) 0.66 0.16
Cyclist (time trial position) 0.55 0.25
Cyclist (upright position) 0.46 0.34
Sphere 0.027 0.006

The comparison shows that the energized mass method results have significant errors for every
case. The highest error is found in the case of the sphere, where the energized mass method
overestimates the drag area by more than three times the reference value. This is a worrying
realization because the sphere is the most basic case out of the five that were analyzed. The
drag area which is closer to the reference value corresponds to the cyclist in upright position.
However, the di�erence is still high, with an error larger than 30%.

The method in general is capable of determining which objects have a higher drag coe�cient,
even if the exact value is not correct. For example, the drag area of the low drag position skater
was measured to be lower than that of the high drag position skater, and overall the cyclists
yielded higher drag values than the skaters. However, a lower value was obtained for the cyclist
in time trial position with respect to the cyclist in upright position, when all reviewed literature
suggests the contrary.

In order to understand why the results are inaccurate, it is useful to examine the limitations of
the method. Firstly, the energized mass method is highly dependant on uniform seeding. Any
regions which have lower seeding than others might be confused as part of the wake, especially
if these regions happen to occur close to the wake itself. Clustering with DBSCAN has been
shown to be a promising solution to discard noise, but a more sophisticated algorithm would
likely provide better filtering. It would be especially useful to refine the temporal history part
of the clustering, which (as explained in chapter 3) consists on comparing the clustering results
at each frame with the previous frame and investigating any major discrepancies. This solution
is implemented after the clustering and making it more robust could improve the accuracy of
the wake detection. Finally, reflections and background light also have an impact on the result.
If they are close to the wake area, they might a�ect the detected wake area or create holes in it.

All of this makes the energized mass more sensitive to seeding conditions than PIV
measurements. As a consequence, in order to achieve the same statistical significance in an
experimental campaign, more runs would have to be performed if the energized mass method
is going to be used. All the data used in this report was obtained with the idea of applying
PIV on it, so the number of used runs was lower than planned. For example, 10 runs were
recorded for the skater in high drag position, but only 5 could be used for this method.

The energized mass method relies on the assumption that the fluid in the wake moves at the
same speed as the body itself as long as the distance to the body is short. For this reason,
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it is expected that the results on streamlined bodies will not be reliable and it should only be
applied on blu� bodies. The results highlight another limitation on the type of bodies that can
be analysed: in subsection 5.1.2 it was observed that the method does not work well for bodies
that are not compact. The clustering algorithm always assumes that there is one single cluster
caused by the wake. However, in the case of the high drag skater both arms were stretched out
to the sides of the body, and the wake would best be represented by several smaller clusters.
The area in between these smaller wake regions is also considered to be wake, which partially
explains the overestimation of the drag. This alone cannot explain the discrepancies presented
in Table 5.1, since all other bodies, and especially the sphere, are compact and should not be
a�ected by this.

There are some other factors that might explain why the obtained values are much higher than
the reference ones. Firstly, the detected wake might be larger than the actual wake. This is
not a straightforward issue to solve because there is no clear quantitative definition for the
wake, which is usually described as a region where the flow experiences loss of velocity behind
an object [40]. Without a tangible definition, it is impossible to validate the wake detection
method presented in this work. In addition, there are several steps which are taken in order to
identify the wake area which require the selection of a threshold. As shown in chapter 3, the
results are sensitive to the choice of threshold.

A possible solution for the threshold selection sensitivity could be to change this step slightly.
Instead of using the average intensity of the pixels in a window, the standard deviation in their
intensity counts could be used. It is expected that windows inside the wake will have
homogeneous, low intensity values, as the wake area in the filtered images is a solid dark
region. The windows outside the wake usually contain low intensity pixels, which belong to the
background, and high intensity pixels which correspond to the particles that have remained in
the image. The high di�erence in intensity values should cause the windows outside the wake
to have significantly higher standard deviation values for the intensity. This could lead to a
more robust choice of threshold.

Finally, in all cases the method to extrapolate the wake area at the location of the body was
chosen to be a linear regression. It is possible that other types of fits yield better results. For
axisymmetric wakes, the flow half width varies proportionally to x

1
3 when the wake is self-

similar [115]. A cubic fit would have a larger slope and therefore the resulting drag area would
be smaller. This could be applied to any further work done on this topic.

In conclusion, the energized mass method is a promising first step towards obtaining the drag of
a transiting object with the use of a single camera placed behind the object. While the results
presented here show a significant overestimation of the drag, the main reasons that cause this
are understood. They are related to the implementation and not the method itself, so it is
possible that they can fixed in the future with further work.



Chapter 6

Conclusions and recommendations

This chapter is focused on the conclusions that have been reached after the development and
testing of the novel energized mass method for on-site drag evaluation. The main conclusions
are detailed in section 6.1, while some recommendations for further research in this topic are
explained in section 6.2.

6.1 Conclusions

The aim of this work was to develop and test an alternative experimental method to measure
the drag of a transiting object. This new method is based on the concept of the energized mass
and its only input is raw images similar to those used in PIV. For this purpose only one camera
is needed, and no velocity fields need to be computed.

The motivation behind this objective is to be able to measure the drag of transiting objects
on-site. The drag coe�cient is one of the main aerodynamic characteristics of any object. In
particular, for sports such as cycling or speed skater it is a key parameter that can highly
influence the outcome of a competitive event. Usually it is measured with simulations or wind
tunnel experiments, which are limited to models of the athletes. On-site measurements provide
a unique opportunity to investigate the flow field in realistic conditions.

The energized mass method only uses information about the wake growth of said object. The
most challenging step is to identify the wake properly. This is done using a sliding minimum
filter on the raw images, which acts similarly to a velocity threshold. Several steps are added
later. These include dividing each image into windows where the intensity values of the pixels
are averaged, and applying a threshold to determine whether each window is part of the wake
or the freestream. In order to reduce noise, the DBSCAN clustering algorithm [96] is used to
group the wake windows into clusters. The wake is then defined as the largest cluster, and any
holes in it are filled in.

The method was tested in three di�erent objects (a sphere, a cyclist and a skater), yielding five
experimental cases in total. The sphere and the cyclist data were taken from the experimental
campaigns carried out by Terra et al. [2] and Spoelstra et al. [4]. The skater data was obtained
in the skating ring of Thialf in February 2021. Two di�erent positions were tested for the cyclist
(upright and time trial), as well as two di�erent positions for the skater (high drag and low
drag).

In all cases, the images were captured with a PIV set up so that the velocity fields could be
obtained and the drag area could be calculated via the Ring of Fire method. The objects moved
at a constant velocity through the laser sheet, and the tracer particles used in all cases were
Helium Filled Soap Bubbles. The cyclist and skater experimental campaign were done with a
stereo-PIV set up, while the sphere was captured with tomo-PIV set up.

The results show that while it is possible to identify the wake, the obtained drag area is not very
accurate. The obtained drag area results were compared to literature, results reported by Terra
et al. [2] and Spoelstra et al. [4] and the drag calculated with the momentum balance method.
In all cases, the energized mass method significantly over estimated the drag area. The most
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extreme example of this was the sphere, where the energized mass drag area was more than three
times higher the average reported value in literature. However, the energized mass method was
able to identify correctly the higher drag objects, even if the di�erences were measured to be
larger than expected. Even if the drag value cannot be obtained reliably, the energized mass
method may still be used to compare two objects and understand which has a more desirable
aerodynamic performance.
Regarding the wake identification, the method presented here started with the preprocessing
to reduce the background intensity and apply the sliding minimum filter. It assigns to each
pixel the minimum value of intensity it has had in the selected range of images. In this way,
it eliminates from the resulting images any particles that have had enough displacement. The
wake could be identified as the darker area left after the faster moving particles were removed.
Several steps were added later in order to reduce the noise, including the division of the image
into average intensity windows, applying an intensity threshold and the removal of windows that
are not part of the wake using the DBSCAN clustering algorithms.
The wake areas obtained with this method were compared to the wake velocity fields that
resulted from PIV, showing that the wake was identified satisfactorily. In most cases, however,
the identified wake seemed to be larger than the fluid regions with velocity deficit larger than
37%. An important lesson learnt was that the wake of the object needs to be compact. In the
case of the high drag skater, which is presented in section 5.1, the wake based on velocity field
consisted of di�erent small regions corresponding to the body and the two stretched out arms.
Because of the clustering approach, the current method is not able to identify more than one
wake region. Therefore, the wake of the arms was grouped together with the wake of the body
into a larger identified wake. This increases the output drag area of the skater, which is not
desirable.

6.2 Recommendations

There are some possible changes that could help improve the results in future research. They
will be explained here, together with recommendations for the next steps in developing and
enhancing the energized mass method.
The methodology itself could be revisited and some changes could be tested. Firstly, the
backpropagation of the measured wake area could be improved. Instead of using a linear fit,
assuming an expansion proportional to x

1
3 might yield better results based on the known

development of axisymmetric wakes [115].
In addition, the method for the wake identification could be slightly modified. The first step
after the pre-processing is to divide the image into windows where the intensity of the pixels
in each window is averaged. An intensity threshold is then applied to classify each window as
wake or freestream flow. This is done because on the preprocessed images it is not possible to
determine if a pixel with low intensity is part of the wake or is in between particle images on
the freestream region. While the division into windows is necessary, looking at the standard
deviation in intensity instead of the average value might work better. In windows inside the
wake, the standard deviation should be low because most of the pixels will have similarly low
intensity values and it is more homogeneous. In contrast, in freestream windows the standard
deviation is expected to be higher due to the greater di�erence in intensity counts between
particle images and background pixels.
In the future it is recommended to apply this method to blu�, compact bodies only. All
derivations shown in chapter 3 assume that the object is blu�, and in section 5.1 it was
concluded that an important limitation to the method is that it cannot be used to identify the
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wake of a non-compact object. The reason for this was the choice of clustering algorithm,
which was not able to identify the stretched out arms as part of the same cluster as the body.
Regarding this, it might be interesting to try to use a di�erent clustering algorithms and
compare the results. It would be particularly helpful to choose one that might be able to take
into consideration the clustering results of previous frames, since in this work it was a feature
added after clustering.

Further experimental campaigns would help understand how the robustness of the method. In
particular, a fundamental shape such as the flat plate could be enlightening, since its was has
been studied extensively and it would be possible to find literature to compare and validate the
results. Additional measurements would also bring the opportunity to test a set up with a single
camera placed parallel to the laser sheet. This would prove definitely that the main objective
of the work is satisfied. Finally, it would be interesting to examine how much the quality of
the results can be improved when the campaign is designed with special care to reduce any
background light. Background light reduction is also important for tomo- and stereo-PIV, so
some measures were already taken in the campaigns presented here. However, the energized
method has been observed to be more sensitive to background light than PIV, so more drastic
measures could be tested.
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Chapter A

Test matrix for speed skater experiments

Run Position P. soap [bar] P. He [bar] P. air [bar] Temp [°C] Humidity [%] Comments
076 Low 3.80 3.7 3.40 10 54
077 High 3.80 3.9 3.70 11 53
078 Low 3.80 3.0 3.40 10 54
079 High 3.80 3.0 3.40 10 54
080 Low 3.77 3.6 3.60 10 55 Laser sheet issue
081 High 3.79 3.7 3.60 10 55 Laser sheet issue
082 Low 3.76 3.8 3.65 10 55 Laser sheet issue
083 High 3.75 3.7 3.63 10 55 Laser sheet issue
084 Low 3.75 3.7 3.63 10 55 Laser sheet issue
085 High 3.75 3.7 3.38 10 55
086 Low 3.75 3.8 3.65 10 55
087 High 3.75 3.8 3.65 10 55
088 Low 3.60 3.7 2.95 10 55
089 High 3.75 3.8 3.65 10 56
090 Low 3.75 3.8 3.65 10 56
091 Low 3.75 3.8 3.65 10 56
092 High 3.75 3.8 3.65 10 56
093 Low 3.75 3.8 3.65 10 56
094 High 3.75 3.8 3.65 10 56
095 High 3.75 3.8 3.65 10 56
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