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INTRODUCTION

Understanding turbulence is universally considered the Holy Graal of fluid
mechanics. The inherent unsteady threelimensional nature of turbulent flows has
challenged developersand users of numerical and experimental techniques for
many decades, and mosfprobably it is a war far yet from being won. The
underlying cascade process needs investigation instruments with large dynamic
and spatial range (i.e. able to measure with satisfactory accuracy and reliability the
turbulent fluctuations from the very large scale of the energycontaining range
down to the dissipative range); the requirement becomes more stringent as the
Reynolds number increases (i.e. the separation between large and small scales
widens). Most often, one has to give up information at the sriascales due to
limited spatial resolution or poor sensitivity of the technique; in numerical
simulations the computational cost effectively results in an upper boundary for the
Reynolds number in Direct Numerical Simulations (DNS) of the Navi€tokes
equation, or the introduction of sometimes questionable turbulence models to
solve the closure problem (as in the Reynolds Averaged Navi§tokes (RANS)
equations). The advancement of th&€omputational Fluid Dynamics (CFD), in this
sense, has been impressivever the years. However, instead of replacing the
experimental fluid dynamics, the demands of the CFD community actually have
pushed towards significant advancements in the field of development of the
experimental techniques, as it is starving for more awrate and detailed real data
for turbulence models validation.

In this direction, much has been done since the advent of Particle Image
Velocimetry (PI1V), which has unguestionably contributed to significant leaps
forward in the understanding of many fluiddynamics problems thanks to its ability
to provide field measurements on planar domains (see Westerweel et al 2013 for
an extensive review). On the other hand, the analysis is physically limited to "slices"
of phenomena occurring in a 3D spaceturbulence does require a full three
dimensional (3D) three components (3C) anemometric technigue

From this point of view Tomographic Particle Image Velocimetry (Tom&lV,
Elsinga et al 2006a) appears to be very promising. The technique is based on the
reconstruction of the volumetric pattern of light intensity scattered by seeding
particles illuminated by a pulsed light, simultaneously recorded from several
viewing directions. The reconstructed distributions at different time instants are
then interrogated by a 3Dcross-correlation algorithm to determine the 3C velocity
field. The interest in the development of the Tomographic PIV technique is testified
by its relevance within the AFDAR (Advanced Flow Diagnostic for Aeronautical
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Research, funded within the 7th Frameork Programme, grant agreement N.
265695) and in which most of the current thesis is framed.

Even though only recently developed, Tom®IV is quite wellassessed in the
measurement of turbulent flows, ranging from the classical wall turbulence
(Humble et al 2009, Elsinga et al 2010, Atkinson et al 2011, Gao et al 2011,
Schréder et al 2011, Elsinga et al 2012)he wake of streamlined (Ghaemi &
Scarano 2011) or bluff bodies (Hain et al 2008, Scarano & Poelma 2009) to more
advanced applications in aeroacougcs (Violato et al 2011) and in biomedicine
(Buchmann et al 201). Nevertheless, the introduction of a new piece in the chain
of the well-assessed PIV measurement procedure, i.e. the tomographic
reconstruction, and the extension to the 3D scenario of the&ross-correlation
interrogation algorithms raise new questions, open great margins of improvement
and introduce new difficulties.

The aim of the first part of the thesis is to address these topics; in particular,
the following themes are of crucial imporance:

Computational cost of the tomographic reconstruction. The tomographic
reconstruction procedure with the widely used Multiplicative Algebraic
Reconstruction Technique (Herman & Lenil976) can be very intensiveHain et al
(2008) quoted a processing time of 30 min on a eight cores computer only for the
reconstruction of each volume with a size op T odp o U p Yoxels (being the
voxels the 3D equivalent of the pixelsysing 4 MART iterations, while in the case of
adoption of higher-resolution cameras (11 Mpixels) the computational cost
increasesto 34 hours on a dualcore computer for the reconstruction of a volume
with a size ofo v pZt v @) w woxels. Such a large processing time is certainly
unacceptable when the number ofsamples to be analyzed is considerable. A
reduction of the computational cost could be obtained either by advanced
parallelization (Open Multi-Processing, Graphics Processing Units, étcor by
developing more efficient reconstruction algorithms. In this thesis a Multk
Resolution version of MART is proposed, leading to a remarkable processing time
reduction (up to 20 times) over a wide range of seeding densities.

Accuracy. Due to the limited available number of simultaneous view, the
problem of the tomographic reconstruction is underdetermined, i.e. different
particles distributions can satisfy the set of projections. The pursuit of a reliable
reconstruction algorithm at a fairly high seeding density and with an acceptable
computational cost is still in progress. In this thesis a variation of MART is
proposed, based on properly oriented artificial diffusion applied on the particles
distributions in the iterative procedure. The technique, named SFIT (Spatial
Filtering Improved Tomography), allows an improvenent of the quality of the
reconstruction without increasing the computational cost.

Computational cost of the 3D-PIV. The extension of the weHestablished high
accuracy PIV interrogation algorithms to the third dimension is trivial from a
conceptual pointof view, but problematic in the practical implementation. Memory
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storage issues and large computational cost are the most relevant problems. An
alternative efficient algorithm, based on multiresolution interrogation, sparse
direct cross-correlation and reduction of the number of redundant operations is
proposed in the present thesis.

Hardware cost. A relevant balance sheet item for a Tomographic PIV system is
related to the use of several cameras to achieve accurate tomographic
reconstructions. However, differently from the case of planar PIV, the requirement
of double-shutter cameras is much easier to be removed, as the objects to be cross
correlated consist of the clouds of particles reconstructed at different time instants
instead of the ow images. In this thesis a lowcost approach, based on two (or
more) independent tomographic systems (composed by cheap cameras working in
single-frame mode) is proposed. Of course the price to pay is in the complication of
the optical arrangement of a number of cameras twice as large as the standard
tomographic PIV systems. On the other hand, the observation of the same set of
particles from different viewing directions at different instants provides the
advantage of more diversified informdion on the objects to be reconstructed, thus
enabling a significant improvement of the results using multrexposure
reconstruction methods.

In the second part of the thesis the focus is on two possible applicative
scenarios of the technique. In the firstapplication the nearly isotropic and
homogeneous turbulence generated by square fractal grids (i.e. grids with a square
pattern repeated at different scales) is investigated. Such turbulence is
characterized by a very unusual decay, apparently at odds witthe sccalled
dissipation anomaly, i.e. the scaling of the turbulent dissipation with the rate of
transfer of the energy from the large scales to the small scales. Tomographic PIV is
certainly well suited for the assessment of homogeneity and isotropy t{deast at
large scales); conversely, it is d@remely challenged by the small scales
measurement, and in particular the dissipation is difficult to be estimated as it
requires spatial resolution down to the Kolmogorov scale. Assessing the
performances of Tomographic PIV in such framework is of great importance,
particularly in order to provide an instrument for validation of humerical codes and
turbulence models.

In the second application the Tomographic PIV exhibits its great potential in
the field of 3D quantitative visualization of the organization of coherent structures.
The evolution of a circular jet (with and without a swirling component) after a
sudden expansion in a cylindrical chamber is investigated. The flow organization is
extremely complex, adgt intermittently switches between two working conditions,
i.e. a quasiaxisymmetric expansion within the chamber and an asymmetric
configuration with reattachment point precessing in a gyroscopic like motion. The
flow is unsteady, intermittent and threedimensional, thus making the
understanding of the flow topology rather difficult. The Proper Orthogonal
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Decomposition is applied to the 3D data in order to isolate the main features of the
outflow mode; furthermore, since the flow field is dominated (energgcally
speaking) by a significant periodic component, a low order reconstruction,
obtained combining the most energetic modes, is implemented to observe the key
dynamics of the large structures.



Chapter 1 - 3D Particle Image Velocimetry

Turbulent flows are prevalent in nature and in engineering applications. The
intrinsic three -dimensional features of turbulence have challenged the developers
and practitioners of measurement techniques for many years. The pursuit of a
technique able to combine both large dynamic and spatial range (i.e. large ratio
between the maximum and minimum detectable &locity and spatial scales,
respectively), and at the same time provide a complete description of the three
dimensional pattern of coherent structures and its time evolution, is still an open
field of research with great margins of improvement. Furthermore the advent of
advanced 4D numerical simulations (the # dimension being the time one), even
though with limited Reynolds Y Qnumber, does require the development of
measurement techniques capable of providing accurate data sets for comparisons
and validation.

In the last decades the improvement of the capabilities of the measurement
technigues has been impressive. The limits in the quantitative analysis of flow
visualization and the frustration of relying on sometimes questionable assumptions
to extrapolate spatial information on coherent structures in a dimensional space
1 AOGAO OEAT OEAO 1T &£ 1 AAOOOAI AT O j OAA &I O
frozen turbulence hypothesis in hotwire anemometry measurements) have been
softened by the introduction of field measurements with optical methods. The
nomenclature particle image velocimetry(PIV) appeared in the literature for the
first time in the work by Adrian (1984), where it is stressed that the illumination of
particle tracers, within a flowing fluid, by a laser light would produce particle
images on a recording medium. lllumination by thin laser sheet pulses with a short
pulse provides images of particles in a plane. Individual tracking of particles (in
case of sparsely populated images) or interragfion by statistical operators have
been widely used in the many different approaches to measure two components of
the velocity field in the nearly two dimensional illuminated domain. Again, the
researchers had to accept giving up part of the informatiorsince neither the third
component of the instantaneous velocity field nor 5 out of 9 terms of the velocity
gradient tensor were available. More details are reported in Sec 1.1.

Stereoscopic PIV (Willert 1997, Soloff et al 1997) determined a step forward in
this sense by allowing the measurement of the third component of the velocity field,
even though in a 2D domain, by using a twoameras system in stereoscopic
arrangement. While adding the complications of an additional caemna, a calibration
technique to map the spatial coordinate reference system onto the image system
and procedures to account for the possible misalignment of the laser sheet with the
reference plane for the optical calibration, Stereo PIV has the great advantage of
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accounting for the erras due to the perspective effect of the oubf-plane motion,
affecting the standard monocular PIV.

The extension of PIV to the fullythree-dimensional three components 8D30
velocity measurementsscenario is more complicate, and it is still ongoing. In th
first part of this chapter a description of the main features of monocular and
stereoscopic PIV is provided. Subsequently, a brief survey of some of the
implemented solutions for the 3D extension of PIV is reported, with npretension
of being exhaustive a more complete review is reported in fundamental books of
PIV theory (Raffel et al 2007, Adrian & Westerweel 2011). The chapter ends with a
description of the working principle of Tomographic PIV.

1.1 Particle image velocimetry

1.1.1 Fundamentals of PIV

Particle image velocimetry is a nofinvasive anemometric technique for field
velocity measurements. A sketch of a standard PIV system is provided in Fig. 1.1. A
basic PIV system consists of a pulsed light source collimated in a light sheet and
illuminatin g a cloud of seeding particles within a fluid flow. The particles are
required to be small enough to accurately track the fluid motion (typically a few
microns). The small scattering section of such particles and the relatively short
exposure time to captue particle images without blurring led for a long period of
time to use almost exclusively high intensity pulsed laser light sources. The light
scattered by the particles is recorded on a camera (for example a high resolution
digital camera) on asingle-frame (double exposure) or on two separate frames
(single exposure). The optic axis of the camera is set perpendicular to the laser
sheet within alignment tolerances.

The recorded images are divided in interrogation spotgoften referred as
windows). For eah interrogation spot a velocity vector is determined using
statistical methods: autecorrelation in the case of doubleexposure images (Adrian
& Yao 1984); crosscorrelation in the case of singleexposure images (Willert &
Gharib 1991). The velocity compments are found from measurements of the
particle image displacementsYé and Y& in the image plane according to the
relation

0 Y&

6 T Vo 1.1
where Oand Oare the fluid velocities in the object planeYdis the time separation
between the twopulses, andD is the lateral magnification from the object plane to
the image plane, taken to be constant in the absence of aberrations and
misalignment of the two conjugate planesThe magnification0 is the ratio of the
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Fig. 1.1 Sketch of a standard PIV experimental setufiRaffel et al2007).

image distanced (distance between the lens and the sensor plane) to the object
distance® (distance between the lens and the object plane).

1.1.2 Particle imaging

The particle images are formed on the sensor of the camera (in recent
applications predominantly based on CCE Charge Coupled Device, or CMGS
Complementary MetatOxide Semiconductor) via a high quality lens. The particle
image diameter depends both onhe particles size and on the lens properties. Given
that "Qis the ratio of the focal length and the aperture diameter, the diameter of an
imaged particle is (Adrian 1991):

Q Q Q b Q 8 iQp 0 _ (1.2)

where _ is the wavelength of the illuminating source,Q is the particle physical
diameter, Q is the geometric image diameter due to magnification an@  is
the diffraction-limited diameter, which formula is determined by approximating the
Airy disk with a Gaussian function.

The particle image diameter should be minimized in order to reduce the
uncertainty in the displacement measurement (see chapter 5 of Raffel et al 2007 for
further details) and to ensure strong light intensity (since the collected §ht scales
with the inverse of the particle image area); on the other hand, small particle
images can determine a bias effect towards integer pixel values, referred in the
literature as peak-locking (Westerweel 1993).
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Considering that the light sheet has éinite thickness Y& , the imaged particles
will be in focus onlyif Y& is smaller than the depth of field, estimated as follows
(Adrian 1991):

7o T@Yp — Q_ (1.3)

The features of the recorded imagelepend upon thesource density) , defined
as:

0 6Ya — (1.4)

where 0 is the particles concentration.

If 0 p, the probability of particles overlapping is rather small (see Sec 1.3.4),
and the image will be composed of randomly located individual spots; otherwise,
since the light source is coherent, they will generate randomly oriented fringe
patterns.

1.1.3 Interrogation strategies

The solutions to measure the glocity field from PIV images arestrongly
seeding density dependent. The most intuitive approach is based on tracking of
individual particles in subsequent exposures (PTVRarticle Tracking Velocimetry.
The dramatic drop in percentage of valid matching as the image density increases
limits the application to very sparse imagesn a simplifying picture, it is reasonable
to assume that the particles spacing should be larger than the particles
displacement in order to obtain a high rate of valid detections. Actually, more
advanced algorithms, based on the spatial and temporal coherence of the
displacements of neighbouringparticles, can ideally afford image density up to
0.3ppp (seefor example Ohmi & Li 2000). On the other hand, the accuracy is limited
by the particle identification scheme which suffers in case of overlapping particles.

In case of larger image density (but still with p, so that the scattered light
of the particles will form particle images more than speckles), statistical methods
are more appropriate. Correlation techmiques (either auto-correlation or cross
correlation) fit perfectly for this purpose. Keane & Adrian (1992) performed a
theoretical and numerical study on the performances of auto and cross
correlation, achieving the final result of a simple curve (Fig..2), representing the
valid detection probability as a function of a dimensionless parameter, on which
data from different systens (interrogation spot size, interrogation strategy, number
of exposures) collapse. The parameter is the product of the mean nber of
particle per interrogation spot 0 and the fraction of particles remaining in the
interrogation spot despite of outof-plane and inplane displacement {O and "Q,
respectively); in practice, it represents the mean number of particle pairs in e
interrogation spot.
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Fig. 1.2 Valid detection probability as a function of the mean number of particle pairsin the
interrogation spot (Keane & Adrian 1993.

Correlation analysis can be performed either in the spatial or in the frequency
domain via the Wiener-Kinchin theorem (Smith 1999). Considering interrogation
spots with intensity 0 ; and 6 j, the normalized crosscorrelation coefficient map

in its discretized version is determined by (supposing square interrogation window
of linear size’O for simplicity):

o .y B - B hoY
NA LA hh “h (1.5)

By & B YRy

where * and ‘' are the mean intensities of the interrogation spotsThe main
advantage of performing this operation in the frequency space is in terms of
computational cost: using the Fast Fourier Transform (FFT) the number of
operation required is € ¢O a ¢ M againsté¢ O for the case of straightforward
application of (1.5). However, the introduction of artefacts due to the imposed
periodicity has to be accounted.

The maximum of the crosscorrelation map provides the location of the most
likely displacement of the particles within the interrogaion spot. Since he
diffraction -limited spot is approximately Gaussian, one can assume that reasonably
a peak resulting from convolution of Gaussian signals is Gaussian as well. For this
reason, among the others, a Gaussian peak interpolator has demonstrated to be the
most accurate in case of small particle images (Raffel et al 2007).
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1.1.4 Advanced interrogation strategies

Observing Fig. 1.2 it is evident that a high probability of valid detection is
achieved when() "O'0 x. To some extent, high seeding density is desd (within
the limit of 0 p), while in-plane and outof plane losses of pairs have to be very
limited. The effect of outof-plane motion can be reduced by properly orienting the
laser sheet, or reducingysd; however, due to the finite thickness of thdaser sheet
(typically 0.5-1mm), the outof-plane motion is a limiting parameter only in
presence of a relatively strong mean velocity component orthogonal to the
illuminated region. On the other hand, the factorO cannot be maximized by
reducing the in-plane motion (i.e. setting a smalle’Yo), since it is the object of the
measurement; considering that the minimum resolvable velocity is approximately
1-10% of the mean particles diameter, a smalfowould determine a small dynamic
range and lowmeasurement accuracy.

A strategy to reduce (or in some cases eliminatehe in-plane loss of pairs
consists in using interrogating regions with different size (for example, the
interrogation spot on the second image can be made larger). This approach has
been thoroughly analyzed in several works (Adrian 1991, Westerweel 1992000).
Its main advantages are thdntrinsic simplicity and the low computational cost,
since it is a singlestep method. However, a multpass crosscorrelation with a
discrete windows offset (Westerweel et al 1997), applied after the evaluation of a
predictor using interrogation windows larger than the final ones, leads tohigher
signakto-noise ratios and improved measurement precision, since the algorithm
actually tracks the particle patterns. A symmetric windows shift (Wereley &
Meinhart 2001) provides even better performances, ai$ is secondorder accurate.

A further improvement can be obtained by applying a continuous (i.e. sub
pixel) shifting, as proposed by Lecordier et al (2001). In this scenario the intensity
values at subpixel locations are needed, and the interpolation scheme is of
fundamental importance in assessing both bias and random errors (Astarita &
Cardone 2005, Astarita 2006).

All the presented methods account for irplane displacement, but not for
velocity gradients within the interrogation window, i.e. the velocity dynamic range
is improved with respect to the standard onestep interrogation, while the vorticity
dynamic range is about the same. Pushing along the path of spixel interpolation,
one could imagine of interpolating the velocity field onto each pixel, and deforming
the entire interrogation window to maximize the particles pattern matching. Huang
et al (1993) proposed the particle image distortion technique, based on bilinear
interpolation of the predictor displacement field to compensate both for translation
and rotation of the interrogation windows using kinematic formulae. Jambunathan
et al (1995) developed a different algorithm, based on the tarpolation of the
predictor displacement field on each pixel of the first imageto evaluate the
distortion of the secondimage.Since then image deformation methods (see Scarano
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2002 for a review) evolved and spread as the standard higaccuracy interrogation
algorithms.

A slightly different approach is based on particle tracking on high density
images with the aid of biased search afteralculating a predictor displacement field
using crosscorrelation analysis. The approach is referred asuperresolution PIV
(Keane et al 1995). With respect to the standard crossorrelation analysis,
requiring 10-15 particle images for each interrogatimm spot, the supefresolution
approach can potentially provide a velocity measurement for each image pair,
determining a mean spatial resolution ofOj 0 G ' (compared to Oj O for
standard PIV). However, the method has 3 main limits: the particle inge@ density
cannot be as high as standard PIV, otherwise even the biased search would fail; the
data will be distributed on an unstructured grid with non-uniform distribution of
the spatial resolution (for example regions of high swirl, where larger resolubn is
needed, can be poorly seeded due to centrifugal effects); since the results are based
only on individual couples, the improved spatial resolution is obtained at the

expense of the measurement accuracy, reduced by the fackij 0 I

1.1.5 Limits of 2D PIV

As already mentioned, the standard PIV provides only 4 out of 9 components of
the velocity gradient tensor, thus leading to the need of assumptions to extract 3D
information (for example, the turbulent dissipation rate is measured relying on
local isotropy hypothesis, Tanaka & Eaton 2007) or possible misleading data
interpretation, such as ambiguous coherent structures identification.

Furthermore the out-of-plane displacement introduces two limitations. The
first one, discussed in Sec 1.1-8, is the out-of-plane loss of pairs, reducing the
signalto-noise ratio, or, in different terms, the spatial resolution, since more
particle images are needed to keep "O'0O . The second one is more subtle, as it
comes from the perspective effect. Due tthe finite depth of field, the particle
images recorded on the cameras will come from the planes within the region
@ as Yajc. Assuming that o o is the particle location, it is possible to
show that (Adrian & Westerweel 2011):

Y6 Yo wjd

Y& o U ja (1.6)
where Y& V& are the components of the image displacement vector, and
Yo Yo Ya are the components of the physical displacement vectoEven a
modest outof-plane motion can determine a significant error. For example, in case
of YajO m8rga 1 matd and a field of view of 100x106nm2 will determine

an error of 1% on a displacement equal toYo jO T& v

Furthermore, it is often forgotten that in (1.1) the magnification plays the same
role of the image dsplacement in determining the accuracy of the measurement.
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The magnification uncertainty cancause quite significant errorsif the light sheet
location is not determined accuratelyor if the light sheet is too thick, or tilted. For
example,pd& & error in the location of the light sheet when using g matéd object
distance results in a bias error of 1% of each velocity reading.he magnification
can be quite accurately estimated pedrming an optical calibration (see Sec 1.2.1).
However, it must be emphasized that the calibration is based on the assumption
that the laser sheet plane coincides with the reference calibration target plane
(without loss of generality, from this point on tis plane is referred as 1, since
the origin of the physical reference system is usually enclosed within it). In other
words, the estimated magnification is accurate (within the calibration uncertainty)
in the & Tplane, but not throughout the thicknes of the laser sheet, nor even in
the measurement plane.Furthermore, in many applications the target cannot be
placed into the measurement domain, thus preventing the procedure described
above.In these cases other (usually less reliable) soligtns have b be implemented
(for example precision markers machined on the walls of the test section to define
the scale). Discetti & Adrian (2012) proposed a method to measure the
magnification with high accuracy, provided that the optical access for a second
camerais available. The procedure is the same addressed in Sec. 1.2.3, as it is based
on a selfcalibration procedure to identify the laser sheet location into the physical
domain. The great advantage is that the method can be applied even with e situ
calibration, implementing the refraction index changes into the mapping functions
between spatial coordinates and image coordinatesas proposed by Wieneke
(2005).

1.2 Stereoscopic Particle Image Velocimetry

As observed in the previous section, the Hplane displacement is the result of
the projection of the 3C velocity field (the third component of it being relevant
when the requirements of paraxial viewingwj & L phwj & L p are not closely
met, and/or the outof-plane motion is significant). As a matter of fact (1.6) is a
system of two equationsin three unknowns; with planar PIV one has to accept to
neglect the second term on the right hand side of (1.6) and measure two of the
three velocity components. On the other hand, the third component could be
inferred if another simultaneous measurement is available from a different point of
view and the second term on the right hand side of (1.6) is stressed, i.e. using two
cameras in stereoscopic arrangement.

In Fig. 1.3 two possible stereoscopic arrangements are reported. The linear
displacement (also referred as translation system) has the advantages of uniform
magnification, uniform quality of the particle images, and the same depth of field
requirements of monocular PIV. On the other hand, the common area is generally
limited, especially for long focal length lenses.
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Fig. 1.3 Basic stereoscopic PIV arrangements) lateral displacementb) angular displacement with
Scheimpflug condition fulfilled (Willert 19 97).

A possible solution, shown in Fig. 1.3a, consists in efétting the sensors;
however, sometimes this is not possible due to physical constraints of the camera
body and due to degradation of the lens performances as the viewing angle
increases.

The restriction on the angle subtended between the cameras lead to large
errors in the measurement of the outof-plane component, as documented by
Lawson & Wu (1997a,1997b). This constraint can be eliminated by using a
rotational system (angular displacement,Fig. 1.3b), which allows to increase the
angle while working with the optimum lens performances. On the other hand, the
magnification is nolonger uniform, and, moreover,in order to obtain well-focused
particle images over the field of view the object plae, the lens plane and the image
plane have to be collinear. This requirement, known as Scheimpflug condition
(Scheimpflug 1904), further exasperates the nowniformity in the magnification.

Prasad (2000) classified the stereoscopic reconstruction methoda geometric
and calibration-based. Only the calibratiorbased methods will be discussed, as
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many studies have demonstrated their superiority in terms of accuracy on the
geometric methods.

1.2.1 Optical calibration

The calibration-based methods require the measurement of a mapping
function, determining the correspondence Obetween spatial coordinates® and
image coordinatesa

& 0% (1.7)

Generally, the calibration consists in placing a target with highcontrasted
markers (for example white dots on a dark background) with known physical
position. Soloff et al (1997) used fnm circular dots with 5mm spacing on a black
background. The target is placed possibly in the same location of the laser sheet,
and translated to sweep a volume in which thédlluminated region is enclosed
(incidentally, if a 3D target is used there is no need to translate it; sdéer example
the 3D wavy target used by Scarano et al 2005). One of the markers is identified as
the origin of the physical reference system, whilehte other points coordinates are
determined by setting the orientation of the axes. The identification of the markers
onto the images can be performed by a templatmatching technique, such as cross
correlating the target images with a template, and searchg for the local maxima of
the crosscorrelation map. The final result is a discrete correspondence between
spatial coordinate and image coordinates. A regression procedure is then used to fit
a chosen function for the correspondencé

Generally speakingthe most adopted camera models are:

i Pinhole camera model (Tsai 1987), based on 6 extrinsic parameters (a
translation vector and three Euler angles) and 6 intrinsic parametersp(xel
aspect ratio; radial distortion factors of first and second order desching the
distortion caused by the lenses; focal length; image coordinates intersection of
the optical axis with the image plane);

1 Generic interpolating functions, as: polynomial functions, 8 order in wand «
2nd order in & (Soloff et al 1997); ratioral functions (Willert 1997); bicubic
splines (Lawson & Wu 1997a1997b).

1.2.2 Reconstruction of the flow field

The 3C reconstruction of the velocity field can be performed with 3 different
approaches: generalized leassquare reconstruction (Soloff et al1997), mapping
and warping (the last two methods are variations of the technique proposed by
Willert 1997).

The generalized reconstructionis based on the interrogation of the raw
(warped) images with a standard PIV algorithm. The 3C reconstruction of the

10
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physical displacementY@in the location G is obtained by observing that afirst-
order Taylor series expansion af

Y& O® Yo O (1.8)

leads to the following relation:

B

he 0 Ve (1.9)

The expression (1.9) is a system of 4 equatior{ene for each component of the
image displacement and for each camera) in 3 unknowns (the three components of
the physical dsplacement). Ideally,2 equations are linearly dependent; in general,
due to measurement noise, a least square solution of (1.9)used to determine@)

In the case of themapping technique, the images are devarped onto a
common grid in the physical space, and then interrogated with a standard PIV
algorithm. The 3C displacement is obtained by using geometrical relations (Willert
1997). On the other hand, thewarping approach, similarly to the case of the
generalized reconstruction method, consists in interrogating the warped image
and subsequently dewarpingthe two vector fields to the corresponding physical
positions. In general,the mapping technique is affected by potential loss of image
quality due to interpolation (unless the dewarping process is included in the image
deformation process). The warping approach, on the other hand, suffers for non
uniform and anisotropic spatial resolution due to the local magnification
differences between the two cameras.

1.2.3 Disparity correction and self -calibration

The most severe source of error in Stere®l1V is related to the misalignment
between the calibration plate and the laser sheetNeglecting the misalignment
generates two sources of error: position error, i.e. the reconstruction is performed
using velocity measurements relative to different positions; reconstruction error,
i.e. the local gradient matrix in the method by Soloff et gl1997), or the viewing
angles in the mapping/warping approaches, are computed in the wrong position. A
sketch of the misalignment error is provided in Fig 1.4.

Willert (1997) proposed a procedure based on crosgorrelation of the
simultaneous dewvarped images of the two cameraof the imaging system in the
a T plane; the local misalignmens (also referred asdisparity map) are used to
correct the position errors. A more complete procedure, accounting also for the
reconstruction error, is the seltcalibration proposed by Wieneke (2005). In the
self-calibration procedure the disparity map is used to estimate the position of the
measurement plane; subsequently, the mapping functions are modified so that the
measurement plane will be coincident with thed 1 plane. A slightly different
version was proposed by Giordano & Astarita (2009), arguing that, since the

11
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Fig. 1.4 Sketch of the misalignment error between calibration and measurement plane (Giordano &
Astarita 2009).

relation between the disparity map andthe local misalignment involves the viewing
angles, the initial misalignment determines an error in calculating the viewing
angles themselves. Considering Fig. 1.4 as a reference, geometrical relations lead to:

6o —— (1.10)

Initially, one can computel and| in 0 or 0, or halfway, introducing an
uncertainty. The process is iterated to reduce this source of error.

1.2.4 Multi -Plane Stereoscopic PIV

StereoPIV is a 2D3C technique, thus it provides only 6 of the 9 componentf
the velocity gradient tensor. Themissing information can be recovered by using a
multi -plane system, as proposed by &ler & Kompenhans (2000). The imaging
system consists of two pairs of cameras, while the illumination is provided by a
four-pulse laser system in which the first couple of pulses is orthogonally polarized
with respect to the second couple. The polarized light is separated by polarizing
beam splitters, as shown in Fig. 1.5. The polarization is preserved if the particle
tracers are smallenough, i.e. with size comparable to the incident light.

Kahler & Kompenhans (2000) used a versatile four cavity laser system, which
allowed them to place the 4 laser sheets in the same position (so that the four
frames can be used for multframe interrogation, or to provide measurements of

12
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s-polarized light
p-polarized light

Fig. 1.5 Schematic of the optical configuration for dual plane StereBIV: 1-4 digital cameras; 5 lens; 6
mirror; 7 polarizing beam splitter; 8 light absorbing material;| opening angle(Kéhler & Kompenhans
2000).

the fluid acceleration), or with an offset in the direction orthogonal to the laser
sheets to accommodate for a large otdf plane displacement. In this secondase,
all the three components of the vorticity vector and the nine components of the
velocity gradient tensor can be measured.

1.3 Three-Dimensional Particle Image Velocimetry

1.3.1 Scanning PIV

Quastsimultaneous 3D velocity measurements can be obtaied by scanning a
volume with a high pulse frequency laser sheet (Bicker 1995). The laser sheets
could be either observed by a single camera or two cameras in stereoscopic
arrangement (Hori & Sakakibara 2004), providing 3D2C or 3D3C velocity
measurement, respectively (actually, in the first case the owf-plane velocity
component can be extracted by pplying the continuity equation; however, the
measurement is affected by noise due to differentiation of the iplane velocity
components). This approach is known as scanning PIV. Scanning PIV has potentially
the same resolution of the standard PIV, and thvelocity field computation can be
performed using the same interrogation algorithms. On the other hand, due to
depth of field requirements (i.e. larger"Q to increase] ¢ according to (1.3)) in
order to achieve the same exposure level of an equivale@D PIV experimental

13
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Fig. 1.6 Vorticity -magnitude iso-surfaces in the volume and vorticity magnitude contours in three
spanwise planes at three different instants in the periodic motion of the flapping wing (David et al
2012).

setup one should generdy increase the laser power or, whenever it is possible,
increase the tracers diameter. This could be difficult, since higlequency lasers
provide lower power output than low-frequency lasers. Furthermore, a highly
precise scanning mechanism is requiredfor a successful and repeatable
measurement (in StereeScanning PIV the disparity map computation can be used
either as a correction procedure for misalignments and for proper laser sheets
identification).

Perhaps the most critical aspect is related to the scanning frequency. The
volume must be swept within a time interval that is smaller than the characteristic
timescale of the flow under investigation. This aspect limits the applicability of the
technique to low-speed flows. For example, considering a free jet in water, with
centerline velocity 'Y T dji and exit diameter Q v 1 & (resulting in
YQ YQj’ v migthe characteristic timescale ist  Qj Y 1@i, while the
Kolmogorov timescaleist 'Y Q! t  x& O m i, corresponding to a frequency
of "Q p 1@& Assuming that a limit value for the time interval to sweep the
volume is one half of the Kolmogorov timescale, if the repetition rate of the laser is
p TQO@nly up to 17 planescan be imaged (considering that for each plane two
images with the desired time separation have to be captured). However, this strict
requirement can be relaxed if the focus of the investigation is on the large scale
motion.

A slightly different implementation is documented by David et al (2012). A
volume of p Y@p T @Y ax & (the first two-dimension being an average value,
while the third one is limited by depth of field requirements) in the wake of a
flapping wing is discretized in 100 parallel equidstant planes, illuminated with a
time-interval of ¢ @ i, corresponding tot Q"QdThe particle images are captured by
a high speed Photron camera witlp 11 ¢@p T ¢pixels resolution. Successively, the
images are backprojected into the volume to build a Beudo3D object,
interrogated by 3D crosscorrelation.

14
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Fig. 1.7 Schematic of optical offaxis seups in particle holography. @) Recording of a hologram of a
particle field; (b) reconstruction of a virtual image; €) reconstruction of a realimage (Hinsch 2002).

The final result is a 3D3C velocity field with interestingly low uncertainty (the
measured local divergence, which should be zero since the flow regime in
incompressible, lies in the rangadt 1t ¢ T8t ¢ QW) A R example of vrticity
magnitude contour representation is reported in Fig. 1.6.

1.3.2 Holographic PIV

Holographic image recording is performed without lenses, giving in practice
infinite depth of field. This feature made the holographic principle (see Collier et al
1971 for reference) very appealing for the extension of PIV to the 3D field (Hinsch
1995, 2002). The schematic of the application of the holographic principle to PIV is
reported in Fig. 1.7, and summarized in the following.

The particles are illuminated with a laser light wave. The light scattered by the
particles is combined on a recording medium with a reference wave from the same
laser source (while in planar PIV lasers are preferable because of the short pulse
duration and high power, but still optional, n holography the requirement of
coherent light really forces to use laser light). The produced interference pattern
(hologram) is then used to reconstruct the image by illumination with a conjugate
reference wave. The original image is generated by diffrion of the reference
wave by the interference pattern on the recording medium.

15
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The spatial resolution of the technique is related to the fringe spacing, given by
_j ¢i Qg where| is half of the angle between the direction of propagation of the
two waves. The fringe spacing sets the resolution requirement for the recording
medium. This requirement can be relieved by reducing the angle.

The main issie of using a photographic medium is that a very limited number
of holograms can be captured (for each realization the film has to be changed). In
order to allow statistics analysis the technique can be implemented on CCD
cameras, where the reconstruction iperformed numerically. This variation of the
technique is also known as Digital Holographic PIV (DHPIV). DHPIV is mainly
limited by the resolution of CCD cameras: generally the pixel pitch lies in the range
@ p ft & allowing the detection of less thary mo "Q&EQGA. In this case, using an
in-line system (i.e. the object beam and the reference beam coincide) could be the
only option. For inline systems the main limitations are the small numerical
aperture (providing very elongated particles along the optical axis of the
holographic system) and the strong presence o$peckle noisgarising from the
interference of scattered light waves between themselves.

1.3.3 Defocusing PIV

Though traditionally included in the classification of photogrammetric systers
(i.e. system using multiple camera views to determine the thredimensional
features of an object), the Defocusing PIV is an elegant solution which requires, as a
matter of principle, a single camera to determine a virtual multiplecamera view.
The idea,originally proposed by Willert & Gharib (1992), is based on defocusing
imaging using a threeholes aperture. The working principle is illustrated in Fig1.8
in the simplified case of conventional imaging and with a twdoles aperture. For a
conventional system a particle image outside of the focal plane is characterized by a
larger diameter; for a defocusing system, instead, it will be imaged as a pair of
particles, whose separation can be related to the distance from the reference focal
plane. The introduction of a third hole eliminates the possible ambiguity of the
particle position in front or behind the reference plane, as it would result in two
opposite orientations of the corresponding imaged triangle.

In the implementation by Pereira et al (2000), he three-apertures system is
replaced by three separate cameras arranged in the shape of an equilateral triangle,
thus reducing the overcrowding of the images. The images are then processed to
identify the triplet pattern and determine their spatial position. The displacement
field can be determined either by 3D crosgorrelation or by particle tracking. In the
first case the object is discretized in voxels (the 3D equivalent of pixels, iemmpact
support functions with uniform value within a cubic domainand zero elsewhere)
and the hyperparticles (i.e. the equivalent 3D particle images) are represented by
an isotropic 3D Gaussian function.

16



Chapter 1z 3D Particle Image Velocimetry

Aperture|| | Lens B
l o a
AL z
g - | A
Image plane Reference
Image (CCD senson) plane
Aperture | &
B b
= I N o _ z
P g ) _tb I —
B | | Lens
Image Image plane Reference
9 (CCD sensor) plane

Fig. 1.8 Schematicof the defocusing principle:a) conventional systemb) defocusing system (Pereira et
al 2000).

The limited solid angle subtended by the viewing rays determines a larger
uncertainty on the depth position of the particles (10 times larger than the irplane
position, as documented by Pereira et al 2000). Furtherore, the image particles
outside of the focusing plane will be larger, increasing the image density and
limiting, as a matter of fact, the maximum allowed particle concentration. The need
to minimize the number of overlapping particle images for the triagle pattern
recognition also limits the maximum number of imaged particles for a successful
reconstruction. Indeed the limited particle concentration and the 3D particle
position identification step make the method more suitable for 3D particle tracking
than for 3D crosscorrelation.

1.3.4 3D Particle Tracking Velocimetry (PTV)

Particle Tracking Velocimetry relies on particles position identification and
tracking of their motion within subsequent frames. The most appealing feature of
3D PTV is that trackingof the particles over long sequences allows to measure
particle trajectories and Lagrangian properties (since the partids are illuminated
within a 3D domain, one can expect that the effect of particles escaping from the
measurement region is very limital), such as acceleration (Voth et al 1998),
vorticity dynamics (Luthi et al 2005), pair dispersion in turbulent flows (Bourgoin
et al 2006), and many others.

The locations of the particles are identified by observing the pattern with
multiple cameras from different directions; generally 3 cameras suffice to the
purpose when the particle density is limited. Due to calibration errors and
uncertainty in the particle image location in the images (pixelization,
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inhomogeneous scattering conditions between the eaeras, aberrations, etg the
lines of sight of the same particle might not intersect within the volume. The best
estimate of the particles location is obtained by inverting the generalized mapping
function (1.7) for the several cameras, and solving the stem of equations:
(’b O o h Q pBh) (1.11)

a

The system (1.11) can be linearized by a Taylor series expansion truncated at
the first order. The solution can be pursued with the standard numerical methods
for over-determined systems of linear equations, for examplea least square
approach.

The spatial resolution and accuracy of 3D PTV are limited by theaximum
allowed seeding density, both due to the finite probability of overlappig particles
(affecting the reliability of the particles location algorithm) and due to the
occurrence of spurious matchings, namedhost particles(Maas et al 1993 see Sec.
2.2 for further details).

The probability of overlapping particles can be easily estimated by knowing
the source density0 (see (1.4)) and modeling the process of imaging with a
Poisson probability distribution. In this case, the probaility for each pixel of being
illuminated by a particle, orby more than one, is given respectively by:

0ipn &1 60 QEXGAG ) (1.12)
0icéid & IfQAOT 0 QO Wiiph O1 0 QO GTH O 0 QO& Qi
P Qwnd 20 p (1.13)

The source density can beimmediately associated to the image density
expressed in number of particles per pixel§ ) by observing that (1.4) is actually
the product of the particle area“ Q j T and the term8¥d& j O . By assuming thab
is the average value of the magnification over the observed volume, and observing
that the particle concentration is the pbtal number of particles 0 divided by the

size of the volumeY® Y& Y& , it follows immediately that the term 6¥aj 0
normalized with the pixel pitch'Q , is the number of particles divided by the area on
which the particles are imaged, i.e. thenumber of particles per pixel. As a
consequence, imposingY as the particle image diameter in pixels (i.ed QjQ):

z

6 0 O3— 0 O— (1.14)
As for the ratio between the number of ghost and true particles fora three

camera system, it can be estimated using the following relation, derived in Sec.
2.2.1:
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Fig. 1.9 Working principle of tomographic PIV (adapted from Elsinga et al 2006a).
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where 0 is the total number of cameras.

Maas et al. (1993) claimed &t 1ifpr} §s an upper bound for the application of
PTV with 3 cameras. Indeed, assuming a particle diameter of 3 pixels, the source
density is equal to 0.035 and the probability of overlapping particles in that case
would be 0.06%. Furthermore, assumingy&d ¢ 1 &, O mpandQ pth g
the ratio 0 j 0 is about to 0.1, i.e. of all the reconstructed particles about 10% will
be <urious. Adding another camera, of course, reduces dramatically this
percentage to less than 1%.

1.3.5 Tomographic Particle Image Velocimetry (Tomo -PIV)

The Tomo-PIV (Elsinga et al 2006aYyelies on the reconstruction of the three
dimensional distribution of scattering objects into a control volume. The
reconstruction is achieved by analyzing the light intensity scattered by the particles
illuminated by a pulsed light and imaged by multiple cameras frm different
viewing directions. The obtained light intersity field is discretized in cubic compact
support functions namedvoxelsas they are, as a matter of fact, the 3D equivalent of
the pixels. The full three components velocity field isthen computed by 3D cross
correlation of the subsequent reconstructed volumeThe working principle of the
technique is sketched in Fig. 1.9.

The reconstruction problem consists in determining the best estimate of a 3D
object using multiple projections. The analytical solution of the mathemat
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problem dates back to the work by Radon (1917), who showed that & -
dimensional object can be reconstructed from an infinite set ofé&(-1)-dimensional
projections. In practice, a finite number of projections is available and the problem
is ill-posed, kading to different techniques to determine approximate solutions. A
more detailed description is provided in ChapteR.

Since the technigque does not rely on particles identification, TomBIV can
work with larger seeding density than 3D PTV. The parametr study by Elsinga et
al (2006a) suggests that a satisfactorily accurate reconstruction can be achieved by
a 4 cameras system with seeding density up to 0.65r,fwith 3 pixels diameter
particles (resulting in 0  T@ vaccording to (1.14)). The limitaions in terms of
depth of field (and, consequently, of@) are the same of scanning PIV; the basic
difference is the maximum amount of information that can be stored. Tomographic
PIV has the advantage of alloing simultaneous illumination of the entire vdume,
while scanning PIV is limited by the scanning rate of the system. The number of
imaged patrticles in both cases is limited by the relatively large particle diameter
(depending on"Q) and the finite probability of overlapping particle, i.e. of forming
speckles. However, while TomePIV records all the particle images at the same
time, in scanning PIV the particle images are recorded in separate frames, enabling
much better spatial resolution of the measurement. Indeed, supposing® p,
"O p, the minimum size of the interrogation spot to satisfy the criterion
0 "0'0 xin scanning PIV is given by:

5 0 0 (1.16)

resultingin’'O  p q@ixels. Instead, for a tomographic PIV system, the same relation
has to be expressed in terms af 1| (particles per voxel):

0 Q (1.17)

y
Similarly to (1.16), for a tomographic PIV system the minimurfO is obtained
by settingl  xin:

6 6 (1.18)

Supposing that Y& ¢ @ &, O mp and 'Q p fté, (1.18) results in
‘O o pvoxels. Even accounting that the requirementO p can be fully satisfied
in Tomo-PIV, while it is not accomplished in Scanning PIV in presence of eaft
plane motion, the difference is noticeable.

Straightforward substitution of (1.17) in the (1.18) leads to an estimate of the
minimum physical size of the interrogation spotQ (observing that’Q OQj 0 ):

0 y

(1.19)
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Fig. 1.10 Contour representation of Q & & as a function ofd and Y& for fixed "® Q, and image
density equal to 0.0%pp The dasheddotted curves represent the constraint due to finite depth of field
(Y& 1 &), diffraction spot size (3 pixels), and volume thickness larger than the interrogation sgo
size Y& Q) The area with colored contour lines is the valid area to place the design point for the
Tomo-PIV experiment.

In Fig. 1.10 the contour representation ok as a function ofd and ¥& in the
case of 5ppp, @ p eand Q « & is reported. The lower bound on the
interrogation spot size is mainly determined by three constraints: diffraction spot
size smaller than 3 pixels (in this case only diffraction imaging is considered);
volume thickness smaller than the depth of field to have all-focused images (in
practice, slightly outof-focus particle images can be accepted, provided that the
blur circle size is limited); volume thickness larger than the interrogation spot size
to provide at least one vector. The area with contour lines iridates the region
where the design point for the TomePIV experiment can be placed. The first two
constraints are "@dependent: a larger'Q relaxes the requirement on the depth of
field while exacerbating the one on the particle diameter. In general, if high spatial
resolution is required, decreasing™@ is advisable, though it limits the volume
thickness (however, the minimum'Q is achieved for small Y& ). Incidentally, a
smaller particle diameter reduces 0 with the same 0, thus increasing the
quality of the reconstruction (provided that'd  p, see Fig. 2.3b)

A summary of applications of TomePIV reported in the literature is presented
in Tab. 1.1.
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2011) ne, Q v® Y 75% overlap
Turbulent N
. R 250mJ/pulse 4 cameras WE W
boundary layer Alr, ¢ Up ma a at (double?)ass) 2048x2048 o(p&g&?;r&d a
(Atkinson et al 7800 200 £7@ & 0.03ppp N ’ o |
2011) at 1Hz QU 75% overlap
Turbulent channel Air p ¢p gxa a at 4 cameras WO EO @ £ ©
flow (Schéfer et al 17060 960 £7@ o 30mJ/pulse 2048x2048 pPUPGPa &
2011) 0.03pp ] c¢ 75% overlap
Time-resolved
turbulent Water, ® Gy gp G a at 25mi/pulse at 6 cameras WY £ W
boundary layer YQ 11.70 7@ & 100pOHz 1024x1024 YO &AL &
chroder et al cTonmn .05ppp pp % overlap
Schrdd { 0.05) K 75% |
2011)

Wake of a trailing Air, T XX Xd ¢ at 13mJ/pulse 4 cameras CWWOQ ¢ w
edge(Ghaemi & 38600 220 ¢7® & (multi -pass) at 1024x1024 PRCHPRPDE &
Scarano 2011) 0 0.065ppp 2700Hz ‘] p plé 75% overlap
Zigzagboundary Water, o NP,

layer trip (Elsinga YQ p cab OXA O at 250mJ/pulse 4 cameras N 'UK 4‘K L'D tEw

18.50 £ 7@ & 2048x2048, P&CPRAIPEH G
& Westerweel pPpO 0.03 at 2Hz q 75% overla
2012) T -03ppp po 0 p
Pitching plate N . 4 cameras PTH TP £ ©
(Buchner etal ‘o= by D o 240mlfpulse  4008x2672 RN LA G
2012) -0oppp ' pp 50% overlap
Taylor-Couette Water, TO; Op Ta at T I ¢
flow (Tokgoz etal  1000- 270 £ 70 & Somllpulseat - 4 cameras PBIPBUPB G
2012) 47000 0.025ppp ) 50-75% overlap

Table 1.1 Summary ofTomo-PIV applications reported in the literature
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Chapter 2 - Tomographic PIV

As outlined in the previous chapter, Tomographic Particle Image Velocimetry
(Tomo-PIV) is perhaps the most promising among the possible candidates to play
the role of the 3D equivalent of planar PIV. Though some particular experimental
conditions might suggestusing one technique more than the others, TomdIV has
shown in its early years of development great margins of improvement and
remarkable flexibility (see Tah 1.1 for an overview of applications reported in the
literature). The technique relies on he reconstruction of the particles distribution
within the measurement volume using multiple projections of it, and velocity
measurement by 3D crosscorrelation of the reconstructed volumes. Differently
from the case of the standard Computed Axial Tomograg (CAT), which is
currently a well established technique in medical imaging and diagnostic, the object
to be reconstructed is not steady. Consequently, the projections need to be
simultaneously captured, unless one can scan the volume with ultfaigh speed
cameras and high precision mechanic shift systems. This option is currently
unfeasible, thus simultaneous imaging of the particles pattern with several cameras
is required. The solution of the illposed problem of the tomographic
reconstruction for Tomo-PIV cannot be achieved with the standard Raden
Transform-based methods of the CAT. On the other hand, the objects to be
reconstructed are much simpler, i.e. sparsely populated volumes with bright high
spatial frequency spots on a dark background. In thiscenario, iterative algebraic
reconstruction techniqgues (Herman & Lent 1976) can be very effective. The
features and the implementation of the algebraic reconguction techniques are
outlined in Sec. 2.1.

The performances of the algebraic methods in termscauracy are strongly
seedingdensity-dependent. Indeed, the imaged particles are positioned into the
measurement volume by taking into account the coherence of the reconstructed
object with the ensemble of the projections; as a matter of fact, the framewloiis
somehow similar (but more robust) to the PTV scenario, in which the 3D position of
the particles is determined by triangulation. As a consequence, the problem of the
ghost particles discussed in Sec. 1.3.4 still holds. Even though the crossrelation
approach is in general more robust than particle tracking with respect to random
errors (for exampleloss of pairs, spurious matchings, etc.), the real issue is related
to the bias error induced by the coherent motion of the ghost particles. This aspect
is discussed is Sec. 2.2.

4ET OCE OAlI AGEOAT U QUi Oi coh 4111 COAPEEA
is quite well established among the scientific community. However, the scientific
production on the development of solutions to push the limits of the tehnique is
relevant. Many researchers are involved in a continuougbor limaeto optimize the
performances of the algebraic methods in terms of accuracy and hardware
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Chapter 2z Tomographic PIV

requirements (see Sec 2.3 for an overview). The PIV analysis by crassrelation is
conceptually similar to the 2D case, though the implementation hides some
harshness. The large amount of data and the relevant computational load require
very efficient algorithms. The problem is outlined in Sec. 2.4, and some solutions
are proposed in Chapteb.

2.1 Algebraic reconstruction techniques for
Tomographic PIV

2.1.1 The reconstruction problem

Tomography deals with the reconstruction of ad -dimensional object from a
set of & p -dimensional projections. A projection is defined as a line integral of
the object to be reconstructed along a viewing direction. More specifically, in
Tomographic PIV the object is the 3D distribution of the light scattered by the
tracer particles "Qafudtr (where it are the spatial coordinates in a 3D reference
system), while the recorded intensity values on the cameras constitute the set of
projections "0y (where &y are the coordinates in the 2D camera reference
system). In the case of the iterative algebraic reconstruction techniques (Herman &
Lent 1976),the object is discretized as a 3D array of voxelss outlined in Sec. 1.3.5
The line integrals of the intensity along the lines of sight are discretized as a
weighted sum of the voxel intensities:

Ohhd B 0" Qohdh ‘Q pfB ) (2.1)

The subscript@nd Ondicate the "Gh pixel and the'@h voxel, respectively;)
and 0  are the total number of pixels and voxels) j is a weighting coefficient,
determining the influence of the intensityof the '@h voxel on the intensity recorded
on the "&h pixel. The (2.1) results in a system ofi linear equations with 0
unknowns.

It can be readily shown that the problem is commonly underdetermined in the
Tomo-PIV scenard. Consider for example a 4 cameras system with average
magnification 0 T and pixel pittch’Q p ft & i.e. resolution ofp 1Ty T a.
Suppose that the illuminated region isp @p M@ @ & . the particles will be
imaged on the projection of this region, i.e. gpoximately p 1 Tp 1 mM f{actually
the projection is slightly larger, depending on the viewing angle; howevethe order
of magnitude of the number of illuminated pixels is very close to the one indicated
above). On the other hand, since the spatialesolution of the volumetric
discretization is set to be approximately the same of the imaging system, the
number of voxels isp T TP T T TI.TAS a consequence, the (2.1) is a system of
T O 1 equations in ¢ P 1 unknowns. The problem is largely underdetemined;
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Fig. 2.1 Imaging model for the tomographic reconstruction. The weighting elements are nerero in the
shaded area; their values are function of the distance between the line of sight and the center of the
voxel. Spherical voxels are assumed tsimplify the calculation of the weighting elements (Scarano
2013).

however, some additional constraint can consistently reduce the dimension of the
space of the solutions (for example in Tom®IV the solution is positivedefinite).

Furthermore, the weighting matrix is extremely large (for the example
indicated above, the number of weighting elements i§)Jp 11, requiring o ¢ 7Y
for the memory storage in single floating point precision), preventing the solution
of the (2.1) with matrix approaches. Luckily, the matrix is also very sparse, since
each pixel is influenced only by a small percentage of the voxels (i.e. those relatyvel
close to the line of sight). This concept is illustrated in Fig. 2.1 in the simplified
scenario of a 2D object imaged by two 1D cameras.

The weighting elements can be modeled and computed in a number of
different ways. Most often, the weighting elementsre computed as the intersecting
volume between the voxels and the line of sight, expanded as a cylinder with cress
section equal to the pixel size. A further simplification consists in replacing the
voxels with equivalent spheres, so that the intersectedolume is a function of solely
the distance between the axis of the line of sight and the center of the voxel, and the
reciprocal orientation can be taken out of the process. An analytical solution is
provided by Lamarche & Leroy (1990).
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The most immediateapproach is to set the weighting function linearly varying
between 1 (line of sight passing through the center of the voxel) and 0 (no
intersection between the line of sight and the voxel); however, one can more
generally use more complicate weighting fuations, such as Gaussian functions or
B-Splines (see Hanson & Wecksun@985 for more details). This procedure is
commonly referred asbasisfunction-method In all cases, the computational burden
of calculating the triple integral to determine the weightirg elements can be
consistently reduced by using a precalculated lookup table (which entries are the
distance between the line of sight and the center of the voxel, and the resolution
ratio between voxels and pixels).

A slightly different approach consiss in determining the weighting elements in
terms of the distance between the image point corresponding to the center of the
voxel and the center of the pixel. This method is easily implementable, as it requires
only the straightforward application of the direct mapping function (Sec 1.2.1) and
the calculation of the distance of two points in the image plane. For this reason, it
will be referred as direct-method from this point on. As in the basis-function-
method, one can choose generic functions of the dastce and the resolution ratio.
Furthermore, a more general approach consists in adapting locally and for each
camera the functions for the weighting elements calculation, i.e. a variable Optical
Transfer Function (OTF), as illustrated by Schanz et al (201.3The OTF can be
locally set to compensate for optical distortions, aberrations, variable
magnification, etc.

2.1.2 Algebraic reconstruction techniques

In the very first stages of development of TomdlV, several approaches to
solve the system (2.1) havebeen investigated. Elsinga et al (2006a) tested two
iterative methods:

1 Algebraic Reconstruction Technique (ART, Gordon et al 1970):
h B

o, o~ v, ~ h h
Qi "Qaofto ‘ - 05 2.2)
R

1 Multiplicative Algebraic Reconstruction Techniqgue (MART, Herman & Lent
1976):

p=x3

Qo hoy o Qoo

— (2.3)
The subscript'Qindicates the iteration number, and' is a relaxation coefficient,
that plays a significant role in the stability of the iterative process (in MART the
stability criterion is T *  ¢). In both cases one iteration is completé after that
the update equation has been executed for all the projaons (i.e. for all thepixels
of the cameras set).Elsinga et al 2006a) documented a striking superiority
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Fig. 2.2 Mechanism of formation of ghost particlesa) two particles imaged by two cameras lead
potentially to two ghost particles (this is not exactly true in 3D, as the lines of sight can be nenplanar.
b-c-d) three possible solutions of the reconstruction problen(Elsinga et a2011).

of MART in the framework of Tomo-PIV, as it operates as a logic AND operator (i.e.
each voxel carries a nofzero intensity only and if only all its projections are non
zero); conversely, ART works as a logic OR operator (i.e. each voxel has azreno
intensity if at leastone projection is nonzero). Since the object to be reconstructed
consists of small high intensity spots on a dark background, MART is certainly more
suitable for this task. Actually, the constraint of positivedefinite solution is
automatically applied bythe MART algorithm, as the projections in Tom®&IV are
strictly non-negative, and so are the voxels intensities. As a matter of fact, each
zero-intensity projection set automatically to zero the intensity of all the voxels
along the line of sight, thus cosistently reducing the space of the solutions for the
system (2.1). The MART procedure is characterized by a relatively fast
convergence, as the reconstructed distributions do not change significantly after 5
iterations.

In the work by Atkinson & Soria (2007) a wider spectrum of algebraic
techniques isconsidered, still resulting in MART being more suited for handling the
problem of tomographic reconstruction in the TomePIV scenario. To date, MART is
considered the consolidated method in this framework

The intensity fields reconstructed by MART are usually affected bartefacts
mainly due to the ambiguity in the estimation of the particles correct position along
the line of sight. Following Novara et al (2010), the main sources of erraran be
bundled in three categories:

1 Ghost particles (Maas et al1993), i.e. intensity blobs forming at the
intersection of line of sight carrying norrzero values, but not corresponding to
the position of actual particles. The mechanism of the ghost particles
formation is sketched in Fig. 2.2 for the simplified case of a 2D slice
reconstructed by two 1D cameras. Obviously the larger is the number of
particles, the larger is the number of ambiguities in the reconstruction;
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furthermore, the thicker is the volume, the higheris the number of positions
that each true particle may occupy into the reconstructed volume, and
accordingly the higher is the probability of ghost particles occurrence;

1 Elongation of the reconstructed particles in the depth direction (especially
when the total solid angle is too small, determining an increase of random
errors in the measurement of the velocity component along the depth. On the
other hand, a largeviewing angle can lead to longer line of sights, enforcing
the first source of error;

1 Discretization artefacts due to under-sampling, arising when the diameterof
the particles to be reconstructed is below2-3 voxels.

The first source of error can be reduced by increasing the number of cameras,
reducing the seeding density (at the expense of thepatial resolution), or using high
accuracy reconstruction schemesgs the MTEMART by Novara et aR010, see Sec.
2.3.3, among the others. The effect of the solid angie merely geometrical, and it
can be compensated only by proper orientation of the caeras. As for the effect of
the discretization, one should note that the particle images are very often
diffraction limited spots, i.e. with nearly Gaussian shape. As a consequence, the
reconstructed particles should rave Gaussian shape as well. It shalibe reasonable
to expect that applying some artificial diffusion with a 3D Gaussian filter in the
iterative process of (2.3) should reduce the discretization error and increase the
reconstruction accuracy. Tlis aspect is briefly outlinedin Sec 2.3.2 and dscussed
in more detail in Chapter 4

2.1.3 MART performances

Elsinga et al (2006a) assessed the performances of MART using 2D numerical
simulations, in which a 2D object is reconstructed by 1D cameras. More recently 3D
simulations have been conducted in several studies with the same frame of mind
(see, for instanceWorth et al (2010) and de Silva et al (2012)), leading to more
predictive results as they include the effect of nomoplanar views in the 3D
scenario. The common conclusion is that the number of cameras and the tracers
concentration are the leading parameers in determining the accuracy of the
reconstruction (see Fig. 2.3, left, relative to 2D simulations taken from Scarano
2013). It comes with no surprise that these two parameters have a strong influence
on the ghost particles number, as outlined later inSec. 2.2.1. The accuracy is
quantified in terms of the correlation factor between the synthetic generated
distribution "Q  afufir and the reconstructed oneQ  aiuhy :

. B R hoh

0 — (2.4)

B A B

=i
=i
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Fig. 2.3 Quality of the reconstruction after 5 MART iterations as a function of the: particles concentration
(left) for the case of @ ©; particles diameter (right) for the case offigt g rj.j§Scarano 2013).

Other experimental parameters might have a relevant impact on the
reconstruction quality, such as the particles diameter (Fig. 2.3, right), the
calibration uncertainty, the image quality and preprocessing, the optical
aberrations, the solid viewing angle subtended by the cameras, etc. Most often, the
quality drops down as the source density approaches values close to the speekle
mode (Adrian & Westerweel 2011), i.e.0  1&, regardless of the number of
cameras, due to loss ote transmittivity of the medium and particles overlap along
the lines of sight.

In general, Elsinga et al (2006a) proposed T vas a rule of thumb for a
successful reconstruction. A commonly adopted upper bound for the image density
is T8t g ) {which does not affect much the spatial resolution, as it depends only
weakly on the particle density; see for instance (1.19)).

2.1.4 Volume self-calibration

In the results from the synthetic experiments presented in Sec. 2.1.3 the
weighting functions are obtaned with ideally perfect correspondence between
world coordinates and image coordinates. In the real experiments, this
correspondence is achieved through the optical calibration procedure described in
Sec. 1.2.1. The process requires the same software ahdrdware of the optical
calibration for Stereo-PIV, but the effects ofthe calibration uncertainties are
significantly different, thus affecting the procedure itself.

In StereoPIV the misalignment between the laser sheet and the calibration
target is the most significant source of error, as discussed in Sec. 1.2.3. In
Tomographic PIV this aspect is not relevant, provided that the volume swept by the
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target in the calibration process covers reasonably well the illuminated volume. On
the other hand, TomePIV suffers of uncertainties due to inaccurate calibration
plates, unstable calibration shift mechanism, loose connections in the cameras
system, vibrations, optical distortions that are not accounted by the mapping
function (this aspect is particularly critical when using the pinhole camera model),
thermal deformations, etc. Indeed, TomdPIV requires that the mapping functions
have uncertainties possibly belowr@ pixels (Elsinga et al 2006a), which might be
difficult to achieve in case of large volumes and significant aberrations (for example
when imaging through optical windows). When the error is large, lines of sight
relative to the same particle could not intersect within thevolume, thus providing
cancellation (or intensity subtraction) of true particles.In the very first applications
the problem was tackled by smoothing with a Gaussian filter the original images,
thus increasing the particles size and the probability of swessful reconstruction in
case of calibration errors. The immediate drawback is the reduction of the
reconstruction quality due to the increased partite image diameter (see Fig. 2.3,
right).

Subsequently, the development of a Volume Sdlfalibration (VSQ technique
by Wieneke (2008) determined a significant leap forward in thissense The VSC is
based on the correction of the mapping functions using the actual particles. The
technique consists in locating the particles on the camera images and finding tBB
position of matching particles through triangulation, as in PTV (see Sec 1.3.4 for
further details). The residual disparity obtained by computing the image distance
between the projection of each particle and the correspondent positions on the
camera mages are used to correct the mapping functions. The application of this
method works quite easily in case of very sparsely populated images (as in PTV),
while the extension to TomaePIV images (with image density up tawn 1 )rjs not
straightforward at all, and most often it is not possible to record a set of images
with low density before the experiment. Wieneke (2008) proposed a clustering
technique, consisting in an artificial reduction of the image density by taking only
the brightest particles.

The procedure to identify the matching particles is outlined in Fig. 2.4. For each
particle on the first camera image, the corresponding candidates for the matching
on the second camera are those residing within a strip centered on the epipolar line
(i.e. theprojection of the line of sight of the first camera on the second camera) and
half-width equal to the uncertainty - (that has to be larger than the expected
maximum calibration error). A first guess position iscomputed for each candidate,
and then projected on the other cameras to find the corresponding particle, and,
eventually, the 3D particle position by solving (1.11). Finally, the projection of the
3D particle position is compared with the respective image particle positions; the
disparity vectors are displayed in a histogram map to separate true matchings from
ghost particles. The disparity vectors are computed for a set of sulmlumes

30



Chapter 2z Tomographic PIV

camera 1 camera2

L s s

:.
fu'e
-

f s SR Sla g N
81 find all possible matches in strip -

RO L

Y%
L x
o g

5 Ly et
EM and in square
) - -

Fig. 2.4 Particle triangulation procedure for the Volume SekCalibration technique (Wieneke 2008)

composing the measurement volume, and then used to correct the original mapping
functions.

The VSC technique has shown to be able to reduce significant errors in the
calibration. For example, in Chapter 8 an application is presented in which a jet
issues fom the bottom of a water tank into a plexiglass cylindrical chamber. Due to
physical restriction the calibration is performed by moving the target in absence of
the chamber; subsequently, the VSC is used to correct the misalignment of the lines
of sight due to refraction effects induced by the plexiglass cylinder. A more detailed
description of the implemented procedure and of the relevance of the corrections is
provided in Sec. 8.2.3.

2.2 The problem of the ghost particles

The ghost particles caostitute a severe source of error in the tomographic
reconstruction. Even though a model to understand and quantify the ghost particles
formation is of crucial importance, more interesting questions arise regarding their
influence on the velocity measuremat in terms of bias and random errors. For
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example, Elsinga et al (2006a) documented an experiment on the wake behind a
cylinder in which the ghost particles outnumbered the actual particles; the velocity
measurement was still satisfactory nonetheless.

In Sec. 2.2.1 a model to estimate the number of ghost particles is presented.
The model is slightly different from the one proposed by Elsinga et al (2006b) in its
derivation, formulation and functional dependencies, and conceptually more
similar to that by Wieneke (2008). In Sec. 2.2.2 the focus is on the effect of the ghost
particles on the velocity measurement.

2.2.1 Estimate of the number of ghost particles

A ghost particle is formed in every occurrence of intersection of all the lines of
sight in which a particle image is present. Consider, for example, an illuminated
volume of sizeYo W& WY& and a particle image of the first cameraThe particle
can be located agpwhere along the line of sight, whoséength is approximately Y&
(without affecting the generality of the problem the effect of the viewing angle is
neglected). The possible candidates for the matching of a single particle of the first
camera on the second camera are those included in a strip with length equal to the
projection of the line o sight on the second camera (it can be estimated by
multiplying Y& for the average magnificationd and dividing by the pixel pitchQ )
and width equal to the particle image diameter. The number of candidates for
the matching for each particleimage of the first cameras in a 2 camera system can
be statistically determined by multiplying this area for the particle image density.
Normalizing with the number of true particlesG one obtains:

5 g ? — 5 Vab (2.5)

where Q is the particle diameter obtained by (1.2), and (1.14) is applied.

Two projections are enough to define for each candidate a trial position in the
3D space. The trial position is projected onto the third camera to find the possible
matchings. In this case the search area is a circle with diameter equal to the particle
image diameter. The number of spurious matchings is statistically determined by
multiplying the particle image density 0 for the search area, which is equal to
the source density( . This leads to the general formula for&  system:

% Yo S AN — % Yab  (2.6)

The term in curly brackets is the depth of the volume in voxel§rovided that
the resolution ratio between voxels and pixels is equal to 1), while the term in
square brackets is the diameter of the particle image.
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Fig. 2.5 Reoccurrence of ghost particles in the two exposures. Solid lines and dark blue particles Tate
the first exposure; dashed lines and light blue particles relate to the second exposure. Dark and light red
circles indicate ghost particles in the first and the second exposure, respectively. Left: ghost particle
reoccurring in both the exposure. Rigt: ghost particle appearing only in the first exposure due to the
presence of velocity gradients (Elsinga et al 2011).

2.2.2 The role of the ghost patrticles in the velocity measurement

The intuition might suggest that in TomePIV the role of the ghost pdicles is
marginal with respect to 3DPTV, since MART iteratively damps their intensity;
furthermore, cross-correlation is much more solid in terms of spurious matchings
than particle tracking. These considerations are supported by the evidence that
Tomo-PIV is able to work with particle image density more than 10 times larger
than 3D-PTV. In many application reported in Tab. 1.1 the ratio (2.6) is close or
even larger than 1. However, the contribution of the ghost particles to the cross
correlation maps isnot exclusively dependent on their numberper se Elsinga et al
(2011) observed that in some conditions ghost particles pairs between the
exposures might form, and give an undesirable contribution to the cross
correlation map.

The process of ghost parti@s pairing is sketched in Fig. 2.5. Consider a set of 4
particles observed by 4 cameras, and suppose that the respective lines of sight
intersect in a common point, determining the creation of a ghost particle. If the
displacement along the direction norméato the viewing direction is nearly the same
for the set of particles, a ghost particle will be formed in the second exposure by the
same group of true particles. As a matter of fact, the ghost particle reoccurs in both
the exposures in nearby locations,and its displacement is approximately the
average displacement of the set of true particles. On the other hand, if the
displacement is significantly different (more than one particle image diameter) for
at least one particle of the set (i.e. if there is significant velocity gradient) the
ghost particles will not reoccur in the second exposure (see Fig. 2.5, right).
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Elsinga et al (2011) draw twoimportance consequences:

1 the coherent motion of the ghost particles might lead to velocity detection
even outside of the illuminated volume This problem can be avoided by
identifying the illuminated region with the self-calibration technique (see Sec.
2.1.4) or by summing the particle intensities in thew planes to determine the
laser profile; the velocityvectors outside of this region are rejected;

i since the ghost particles displacement is an average over a set of particles
whose reciprocal separation might be much larger than the interrogation spot
size, the effect is a smoothing (say, a modulation) die velocity field.

The second consequence is much more severe. Some of the most recent studies
tackle the problem without focusing on the pairing, i.e. the bias and random errors
due to the ghost patrticles are challenged by increasing the reconstruction@gacy
(see for example Petra et al 2009, Novara et al 2010, Novara & Scarano 241de
Silva et al 2013) or by using hybrid PIMPTV approaches (Novara & Scarano 20b2
Wieneke 2013). More recently, Discetti et al (2012) proposed a low cost TorflV
setup, consisting of two independent tomographic systems with cheagsingle-
shutter cameras. Since the ghost particles distribution is related to the camera
orientations, this system actually provides reconstructed distributions in which the
ghost particles do not reoccur coherently in the two exposureeven in absence of
velocity gradients. More details are provided in Chapter 6.

2.3 Improvements and advances on the
reconstruction techniques

Since the birth of TomePIV with the work by Elsinga et al (2006a), MART
conquered the status of stateof-art reconstruction technigue in the PIV conmunity.
Nevertheless, two points of weakness immediately captured the attention of several
research groups, i.e. the large computational cost and the limits of MART in terms of
allowed seeding density. The first concern drove some studies towards the
devedlopment of more computationally efficient reconstruction technigues (see Sec.
2.3.1), mainly revolving around MART. The second issue stimulated the
development of brand new approaches to tackle the mathematical solution of the
problem of the tomographic reconstruction, moving away from the path of the
traditional tomography. An overview of these advanced methods is provided in Sec.
2.3.2.

2.3.1 Fast reconstruction techniques

Several efforts have been made in order to reduce both the computational cost
of the reconstruction and the memory storagerequirements while retaining the
same accuracy. Most of the suggested solutions are based on thgarsity of the
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distributions to be reconstructed. Indeed, making reference to Fig 1.2, 7-10
particles in each interrogation spot are sufficient to guarantee a valid detection
probability above 95% (though the absence obut-of-plane motion can induce to
slightly stretch this requirement). If a cube ofc @o @o qvoxels is considered, and
proper f; and resolution ratio are set in order to obtain a diameter of the particles
of about 3 voxels, less than 1% of the voxels is characterized by a rrero intensity
value. Anyhow, as observed by Atkinsor& Soria (2009), ambiguities in the
reconstruction process and limited viewng angles determine the presence of noise
and spurious voxel intensities, increasing the percentage of voxels with non zero
intensity to approximately 5-10%.

Furthermore, the iterative nature of MARTIimplies a certain dependence of the
first guess on the ate of convergence. A uniform first guess is commonly assumed
(Elsinga et al2006a), but several alternative solutions have been proposed, mainly
enjoying the possibility of identifying locations with zero intensity in advance.
Worth & Nickels (2008) proposed aMultiplicative First Guess (MFG) to estimate
the initial intensity field. MFG is mainly based on backrojection of the recorded
images throughout the volume; the obtained fields are then multiplied in order to
identify the locations with zero-intensity (or below a certain threshold), whose
values will be no more updated during the process. Anyway, an efficient application
of MFG coupled with MART requires the storage of at least one weighting element
per camera and for each voxel; if sufficient compational resources are not
available, the weighting elements have to be calculatedn-the-fly, increasing
considerably the processing time. Afaster alternative solution, proposed by
Atkinson & Soria (2009),is based on straightforward projection of the voxels on the
image planes to determine whether their intensity is zero or not; the approacis
named MLOS (Multiplicative Line Of Sight). Nemero projections on each camera
are multiplied to obtain a suitable frst guess, successively refined by means of a
MART variant with simultaneous update (SMART, Mishra et al 1999). The
combination of MLOS with 40 MART iterations enables the acceleration of the
reconstruction process of 3.8 tims for a seeding density ofr@t g ) i a 2D
simulation for a 3 cameras setup, achieving the same accuracy of the standard
method based on 5 MART iterationd-However, this advantage quickly collapses by
increasing the seeding density. Furthermore, both MFG and MLOS do not provide
any attenuation of the intensity of the ghost particles.

A different solution is the Multi-Resolution MART proposed in this work
(Chapter 3). The technique is still based on the exploitation of sparsity and quick
first guess estimation, but the latter is sligtly more elaborated. The first guess
distributions are estimated by performing the tomographic reconstruction by
MART with smaller spatial resolution (for examplereduced by a factor of 2) while
retaining the same voxel/pixel size ratio by binning the carara images. The
obtained reconstruction are then interpolated on the final grid and subsequently
refined by 2-3 further MART iterations. The real advantage of MHMART with
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respect to MFG and MLOS is that the first guess estimate already includes a
damping process of the ghost particles, as it is MARGased. Furthermore, in some
conditions the weighting matrix for the compressed configuration can be small
enough to allow its storage in memory, thus consistently accelerating the first guess
estimation. More cetails are reported in Chapter 3.

2.3.2 Developments on the accuracy of MART and advanced
reconstruction methods

4EA |1 AOEAT AOGEAAI OAAEDPA T &£ -124 AAOAO
problem of tomographic reconstruction from few (and sometimes incomplete
projections. Interestingly enough, one can try to improve the accuracy of the
technique by adding, somehow, information about the objects to be reconstructed,
i.e. tracer particles (more exactly, in mostof the applications the diffraction is
dominant with respect to the geometric magnification in determining the particle
image diameter; as a consequence, the reconstructed particles drgper-particles,
i.e. 3D blobs with diameter equivalent to the particle image diameter divided by the
magnification).

In this thesis a method is proposed to tackle with the effects of erosion of
MART on the shape of these 3D blobs and of larger uncertainty in determining the
position of the particles along the depth direction. The method consists in applying
artificial diff usion in between the MART iterations, i.e. the reconstructed
distributions are slightly low-pass filtered after each MART iteration. The loypass
filter is expected to smear out some irregularities of the true particles, and to be
quite effective in damping ghost particles, as their size is usually smaller, as
observed by de Silva et al (2013). The filtering kernel should have size comparable
to the particle image diameter. In Chapter 4 the effect of a Gaussian filtering
window is investigated. This choicds extremely natural, as it is directly connected
to the particle image shape. Furthermore, the effect of applying anisotropic filtering
to reduce the uncertainty along the depth direction is investigated. This technique
is named Spatial Filtering ImprovedTomography (SFIT), and it is the object of
Chapter 4.

More recently, de Silva et al (2013) proposed aa posteriori method following
similar observations. The method is named Simulacrum Matchingased
Reconstruction Enhancement (SMRE), as it is based ontamplate-matching
scheme of true and ghost particles. The sum of the squared difference between the
reconstructed object and a kernel with variable size and uniform intensity (the
mean background intensity) is locally computed. The peaks above a threshaide
considered true particles, while theintensity in the other regions isset to zero. It is
not a surprise that, similarly to SFIT, the optimal size of the kernel is similar to
(actually slightly larger than) the particle diameter.
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Another path to increase the accuracy of the reconstructions stands in the
computation of the weighting elements. In general theOTF to compute the
weighting elements is chosen for simplicity to be uniform within the volume and
for all the cameras. This simplification introdu@s a source of error in presence of
magnification gradients, optical aberrations, distortions, blurring due to the limited
depth of field, etc. Schanz et al (2013) proposed a locally adaptive OTF to
compensate for these effects. The results show a promigjinmprovement of the
guality of the reconstruction for particle image density up targt X 1.0

An alternative approach to tackle the mathematical problem of tomographic
reconstruction from few projections is explored by Petra et al (2007, 2009). The
technique is named Successive Linearization Algorithm (SLA), babkeon the
criterion of sparsity maximization of the distributions to be reconstructed. The
results are promising, but an investigation of the experimental performances of the
method is still lacking.

2.3.3 Multi -exposure methods

The great advantage of the CT scans with respect to the case of TeRiy
consists in the fact that the subject is steady and several views can be taken over
time by moving the imager. In PIV the requirement of imaging the pecles in the
short pulse time limits the number of views to the total number of cameras.
However, this handicap can be partially reduced by considering that in TorABIV at
least two exposures with (nearly) the same cloud of particles are required. Since
the particles will move, the relative orientation between the tracers and the camera
set is slightly different, thus enabling in some cases the extraction of more
information on the particles distribution.

Novara et al (2010) introduced a Motion Tracking Bhanced (MTE) algorithm
to build successiveirst guess distributions for the MART corrective procedure. The
method is based on a iterative procedure in which first guess distributions for the
two (or more) exposures obtained by straighforward application of MART, are
subsequently refined by the computation of pseud@imultaneous objects from the
recording views at different times. Indeed, the first guess objects are cross
correlated in order to have a rough estimate of the velocity field; thergonsidering
for simplicity the case of two exposures, the intensity (say, the particles) of the first
exposure is moved forward along the velocity field to build a pseudeecond
exposure, and the same operationis performed on the second exposure. The
pseudo simultaneous objects are then summed to the relative first guess exposures.
In this scenario, the coherent component of the signal is strengthened, while the
incoherent component (hopefully, the ghost particles) is weakened.

The principle is illustrated in Fig. 2.6 in the optimal case of velocity shear in the
direction orthogonal to the viewing one. The results by Novara et al (2010) and by
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Fig. 26 Left: two particles imaged by two cameras (red=first exposure; blue=second exposure) and
relative ghost particles (light colors). The particles move according to the velocity field indicated with
gray lines. Right: the true particles superimpose when sumimg the first exposure with the pseudefirst
exposure, while the ghost particles do not (Novara et al 2010).

Novara & Scarano (2012a) show a significant improvement of the correlation signal
and of the quality of the velocity measurement at particle imagelensity up to
& n 1 ,fyell beyond the values adopted in common practice. On the other hand, the
potential quality improvement is strongly dependent on the velocity field itself, and
in particular on the velocity gradients. Indeed, in case of small velitg gradients,
the ghost particles will tend to add to the coherent component of the signal, as
outlined in Sec. 2.2.2. In the particular case of no displacement, MIVART does
not give any benefit at all.

2.4 Three-dimensional motion analysis

As mentionedin Sec. 1.1.4, the image deformation methods are considered the
standard algorithms in planar PIV, as they largely compensate for the -plane
motion and velocity gradients. The potential of the deformation methods is even
larger in the 3D scenario, sincghe ability to cope with the full velocity gradients
allows the elimination of the loss of pairs due to the oubf-plane motion that affects
the planar PIV. Since the introduction of the multgrid multi-step window
deformation algorithms by Scarano & Rigmuller (2000) many authors proposed
improvements and updates. The skeleton of the algorithm is summarized in the
following:

1. The predictor displacement field is calculated on a rather coarse grid with
interrogation spot size chosen in agreement with the mwe-quarter rule (Keane
& Adrian 1992). The operation consists in computing the normalized 3D
cross-correlation (obtained by trivial extension to 3D of the L.5));
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2. The predictor displacementfield is interpolated on each vael in order to
deform the volumes accordingly;

3. A grid refinement may be executed in the evaluation of the displacement field.
The interrogation spot size can be progressively reduced, since the volume
deformation compensates the loss of pairs effect due to the displacemt and
the velocity gradients within the interrogation spot;

4. A corrector displacement field is evaluated on the deformed volumes;

5. The true displacement is obtained by summing the corrector and a weighted
average of the dens@redictor over a prescribed region.

The steps 25 are repeated till convergence. For the current status of the
hardware, the 2D motion analysis is not problematic, as large amount of samples
captured with cameras with large format sensor can be easily processed with off
the-shelf compuers in relatively short time. Adding the third dimension
complicates the implementation, as the amount of data increases by two orders of
magnitude (roughly the depth of the volume in voxels) and the computational cost
increases both because the algorithns based on 3D crosgorrelation instead of 2D
and the larger number of interrogation spots (one to two ordes of magnitude more
than the 2D case).Recently, different approaches for the computational cost
reduction of 3D PIV have been proposed: the volumsegnentation technique by
Ziskin & Adrian (2011) is based on computing a fast reconstruction by a MLOS
based technique, and adjacent planes are summed to obtain a sufficiently high
source density to perbrm the standard 2D correlationbased PI1V algorithns; Bilsky
et al (2011) propose multiple 2D projections of 2D crosgorrelation maps of the
projected interrogation volumes. However, a systematic study on the accuracy of
these methods has not been conducted yet.

In this thesis the proposed approach is que different, as it promises a
computational cost reduction of up to two ordes of magnitude without affecting
the accuracy. The method is a combination of several solutions:

1 Multi-resolution interrogation in the initial step of the process to get a quick
estimate of the predictor;

1 In the corrector estimation (step 4), since the predictor is already knownpne
could use a narrower search area of the peak (as already observed by Righ
et al 2002), e.g. limiting the calculatiorof the (1.5) only to the neighbourhood
of the peak itself;

1 Sparse direct crosscorrelation can consistently reduce the computational
cost since the percentage of nozero voxels is usually rather low;

1 The PIV interrogation is usually conducted with overlapping interrogation
windows (at least 50% to satisfy the Nyquist criterion). In 3D the margin of
improvement by reduction of the number of redundant calculation in these
region is very appealing. In Chapter 5 some solutions to optimize the
algorithm are tested.
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In Tomographic PIVthe construction of the first guessdistribution s for the
iterative process of the reconstruction can considerably influence the rate of
convergence of MART.As outlined in Sec. 2.3.1, to date the most effective
techniques to speedup the MARTFbased techniques relyon the quick identification
of voxels with zero intensity. The Multiplicative Line Of $jht (MLOS) technique by
Atkinson & Soria (2009) is widely used among the community for its intrinsic
simplicity and effectiveness. However, one should not forget thatiree the energy
captured by the ghost particles is subtracted from the actual particlesa reliable
first guess estimation process should not involve an increase of the number of the
former ones, or pumping their intensity. Atkinson & Soria (2009) showed that the
number of ghost particles is approximately the same for MART and straifhrwar d
application of MLOS, a#t is determined by the experimental parameters affecting
the ambiguities of the reconstruction problem 6ee Sec. 2.2)1 i.e. mainly the
seeding density, the diameter of the particles and théepth of the illuminated
volume. Differently from MLOS MART is capable to provide an attenuation of the
intensity of the ghost particles. For this reason, a first guess estimation procedure
mainly based on the MART correction process seems to be more suitable to achieve
the goal of reducingthe computational effort of the reconstruction, without
affecting the accuracy of the results. In ik chapteran algorithm for a quick MARTF
based estimation of the first guess distributions is proposed. The algorithm is based
on amulti-resolution approach, i.e. the distributions are initially reconstructed at a
lower resolution (but still maintaining a pixel/voxel ratio approximately equal to 1
by pixels binning). Similarly to MLOS and MFG, the algorithm is stilunded on the
possibility of identifying in advance locations with zero intensity,but at the same
time it provides attenuated ghost particles as it is based on the MART corrective
procedure.

In Sec. 3.1 the MultResolution algorithm is described and discussed in detail.
A parametric study of the performances of the algorithm is proposed in Sec 3.2,
mainly addressing the quality of the reconstruction and the reduction of both the
computational cost and the memory storage requirements. Eventually, in Sec 3.3 a
Tomo-PIV simulated experiment is pregnted.

The description of the technique and the results of the validations have been
published in Discetti & Astarita (2012a).
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3.1 Multi -Resolution approach to Tomo -PIV

The algorithm of the Multi-Resolution (MR) MART is outlined in the following.
In the first step of the process, a coarser grid in the volume to be reconstructed is
employed, lowering, as a matter of fact, the number of unknownsf the system
(2.1). A factor of compression equal to 2 has been chosen as an upper limithe
present thesis because of the unavoidable increasing noise due to discretization
artefacts if a higher factor is adopted. As a matter of fadhe application of MR is
particularly critical in case of smaller particles;however, the reconstruction quality
can beimproved by slightly smoothing the original images, e.g. with a simple Top
Hat moving average filter with a 3x3 kernel.At the same time, the images are
compressed with a binninglike procedure, retaining a resolution ratio between
voxels and pixels possibly closéo unity for two main reasons: voxels and pixels of
equal size guarantee uniformity in the capabilities of sampling the shape of the
particles both in the volume and in the camera planes; the number of pixels
interested by the projection of the intensityof each voxeldepends on the resolution
ratio. Consequently,a unity value of the latter is the best compromise between
memory storage reduction, decrease of the computational cost due to the
projection process and the calculation of the weighting elementsand minimum
decrease of the available number of equations (i.e. projections) of the systeth).

As shown in the flow chart in Fig.3.1, the multi-resolution reconstruction
scheme is structured in the following steps:

Step a compression of the cameramages by binning pixels in¢ @¢ kernels.
The corresponding intensities values of each pixel on the compressed projiens
are determined througharithmetical average.

Step bt one or more MART iterations are performed onto the compressed
configuration. Thenumber of operations for each of the MART iterations is reduced
by the cube of the factor of compression with respect to the original configuration.

Step c the first guess distribution is interpolated onto thefinal grid, recovering
the desired spatial resolution. A nearest neighbour aproach is not advisable ast
can cause deletion ofhe patrticle tails; linear interpolation is adopted, since it is the
best compromise between computational casand minimum expansion of the
located nonzero positions.

Step d: supplementary MART iterations starting from the provided first guess
are performed on the grid with the final resolution. The numbe of operations is
proportional to € @0 a0 for each iteration, where¢ is the number of
pixels influenced by the projection of a voxel() is the total number of voxels
with non zero intensity and 0 is the number of camerasThe largeris 0 ,
the higher is the speeeup of the process.
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Fig. 3.1 Flow chart of theMulti -Resolutionreconstruction process

Some additional considerations regarding the weighting elements have to be
drawn. Assumed that the complete storage of the weighting matrix, also taking into
account its sparseness, is nearly impossible for the commonly adopted
experimental configurations, one should take into consideration that it could be
achievable for the compressed configuration. In this case, the MART iterations of
the step b are performed considerably faster, not only for the reduction of
dimension of the reconstruction problem, butmainly because weighting elements
are computed onlyuna tantum for an entire set of images.

Furthermore, in this last case it could be convenient to further accelerate the
step b by initializing the distribution on the compressed configuration with MLOS.
The subsequent MART iterations will provide the desired attenuation of the ghost
particles intensity in the first guess for the stepd. It is worth to underline that the
identification of voxels with zero intensity on the compressed configuration can
further reduce the weighting elements to be calculated in the final MART iterations,
in most cases enabling the possibility to store them. Obviously, the weighting
matrix has to be computed for every distribution of the full set, as long as the non
zero voxels dstribution is time -dependent; however, if the number of iterations of
the step b is more than one, it could be convenient as well, since the number of
weighting elements have to be computed only once for each analysis conducted on
the compressed configuréion. The same observation can be applied to the stap

42



Chapter 3z Multi-Resolution MART

3.2 Parametric study of MR -MART

The performance assessment of the proposed technique consists of the
reconstruction of a series of 3D computer generated particle distribiions with a
customrmade softvare. Spherical Gaussianparticles with 3 voxels diameter are
distributed into av @uv @p ™ & volume, with a resolution of¢ 1 €7@ &, resulting
in a p @ @A 1 woxels control volume. The distributions are imaged by
cameras with ¢ Tt @¢ 1 mixels resolution, disposed ina linear arrangement inthe
horizontal mid-plane of the volume to be reconstructed, with different viewing
directions 7 . Three different cameras setups are tested, respectively 3 cameras
@ o thidho @), 4 cameras [ oth pdp dod, and 5 cameras
( 1 1h ¢ g dr ). The resolution ratio between pixels and voxels is set
approximately equal to one throughout the volume; the projected volume is
completely enclosed into all the image planes.

Such a small volume to be m@onstructed is chosen in order to enable the
storage of the weighting matrix even in the case of the adoption of the standard
MART aproach. In this way, for each typeof process, only the time needed to
perform the iterative procedure is accounted. Of case this approach strongly
underestimates the capabilities of the MRipproach when the amount of memory is
sufficient to store the weighting matrix in the compressed configuration and/or in
the original configuration after the estimation of the first guess

The corresponding point of each voxeldhohx) on the camera planes® h) is
determined by means of thepolynomial multi-dimensional mapping approach
(Soloff et al. 1997)outlined in Sec. 1.2.1no calibration error is introduced, since it
affects in the same measure both the standard method and the muitsolution
approach. Thresholding is applied in order to eliminate the voxels with weaker
intensity from the updating process and from the calculation of the corresponding
weighting elements; since in the present simulation the maximum intensity is the
same for all the particles, a unique threshold, equal to 0.1% of the peak, is applied
to all the distributions during the updating iterative process, showing to be able to
eliminate reconstruction artefacts whereas retaining a negligible cutting of the
shape of true particles. The weighting elements of the finabnfiguration are stored
with a 3D extension of the welassessed Yale format (Eisenstat et al 8Q2) for
sparse 2D array storageThe2D Yale format is founded on storing sparse matrices
using three vectors: the first one contains the nomzero elements; the second one
contains the indexes of column; the third one points to the first element of each
row.

The source desity is varied between 0.05 and 0.5; the equivalenimage
density 0 can be easily estimatd by dividing the source density by the mean
area of the particleimages using the (1.14)The obtained results cannot be directly
compared with those of the ommonly adopted 2D simulations, unless a proper
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evaluation of the effective source dnsity is conducted. E.g., an image densitf
T8t 4§ ) ,fwhich is widely accepted as a threshold value to achieve a reliable
reconstruction, is equivalent to a source density of 0.15 in the 2D simulations of
Elsinga et al (2006a) and Atkinsor& Soria (2009).

The quality of the reconstruction is quantified in terms of the correlation
between the reconstructed intensityfields, as in (2.4).

The relaxation parameter of the MART procesg2.3) is set to 1; a uniform first
guess intensity equal to 1 is imposed on the compressed configuration for the
simple MR-MART, whereas, as stated in Sec.13 an estimation of the initial
distribution is deduced by MLOS for the modified version, referred as MLOSR-
MART from now on.

The performances of MR-MART and MLOSMR-MART are assessed in
comparison to those of the commonly used method based on 5 MART iterations;
the latter will be synthetically indicated asMART from this point on.The MRMART
approach is tested with variable number of iterations on the compressed
configuration, while retaining the same total number of iterative steps equal to 5.

3.2.1 Quiality of the reconstruction

The performances in terms 6 accuracy of the reconstruction of NR-MART in
comparison to MART are quoted as a function of the seeding density in F&2a for
the 4 cameras setup. The effect of the number of iterations on the compressed
configuration (from this point on referred as MRiterations) is also investigated; the
exeaution of the algorithm with 4 MR iterations is not considered, since 1 single
supplementary MART iteration on the final configuration is not able to recover a
reliable estimation of the distributions.

A slight accuracy improvement can be observed throughout the whole range of
tested seeding densities. One could reasonably expect a more relevant increase of
the quality of the reconstruction, as long as the ambiguities in determining the
depth position of the partides are reduced due to the lower number of voxels in the
depth direction; it does not effectively happen, mainly because of the presence, in
the first guess, of artefacts due to undersampling of the particles in the compressed
configuration. The results of the different algorithms are evidently quite
independent ofthe number of MRiterations, except for0 exceeding 0.25; beyond
this value of seeding density, the algrithm with 3 MR iterations performs slightly
worse than those with 1 or 2 MR iterations, but still better than MART. The
performances of MLOSMR-MART in terms of accuracy are practically equal to that
of the MR-MART algorithm, and for this reason they are not reported herein.

An overview of the trend of the quality of the reconstruction by veying the
number of cameras is illustrated in Fig3.2b. The results for the processes with 3
MR iterations with uniform value or MLOS estimation of the first guess on the
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Fig. 3.2 Reconstruction quality as a function of: §) the source density for a4 cameras setup;(b) the
number of cameras for) n& wnd 3 MR iterations

compressed configuration are shown, with a fixed source density of 0.25, which
could be considered areasonable value for the adopted optical setup, since it
results in a concentation of approximately 1.4 particles/a & , i.e. about 11
particles in a cubic interrogation volume of T @t &1 TwOXels, corresponding to
(dcdca a . MR-MART and MLOSMR-MART provide higher quality of the
reconstruction with respect to MART for al the tested cameras setups.

3.2.2 Acceleration of the process

As already stated before, only the time needed to perform the MART iterations
will be considered. This implies a noticeable underestimation of the decrease of
processing time (synthetically rektrred in the following as speedup) of the
algorithm in several conditions, as extensively explained in Sec.13 Nevertheless,
the speed ofthe reconstruction is remarkably increased, as illustrated in Fig3.3 for
a 4 cameras setup; furthermore, the spakup is guaranteed in the whole range
tested seeding densities, whoseipper limit is well-beyond the capabilities of the
ordinary reconstruction techniques. The speeeup with respect to MART s
sensitive to the number ofMR iterations and to the seedingdensity, both for MR-
MART and MLOSMR-MART.

For MR-MART (Fig 3.3a)at very low seeding densities, a lower number of R
iterations is preferred, since the relatively high percentage of voxels with zero
intensity in the final configuration allows the fast performance of the subsequent
final MART iterations. Conversely, increasing the seeding density (and,
contemporaneously,the number of ambiguities generated in the reconstruction of
the compressed volume), a higher number of Riterations is preferable; a little
decrease of the recostruction quality is bearable,since MART performs stillworse,

45



Chapter 3z Multi-Resolution MART

a b
10 24
y -8 1MR+4MART
& 20 ‘\ e—e—0 2VR+3MART
:\\\ +—+—¢ 3MR+2MART
16
o \
3 \ %
2 12 N
&4
N W 3
g
2 ‘ i
) T, |
0 0.1 02 03 04 N 05 0 0.1 02 03 04 N. 05

Fig. 3.3 Effect ofseedng density and number of MRterations on the speedup for a 4 cameras setup:d)
MR-MART; ) MLOSMR-MART.

as illustrated in Sec. 3.4. In the range of source density covering 0.075 and 0.125
the processing time for MR-MART is rather independent of thenumber of MR
iterations.

At the source density of 0.25, M-MART provides a speedip of about 2.4, 2.9
and 3.6 times with respect to MART for 1, 2 and 3 Riterations respectively. In the
same conditions MLOSMR-MART (Fig 3.3b) guarantees slightly better
performance, with a gain of a factor of 2.6, 3.3 and 4.4 for 1, 2 and RMerations
respectively. MLOSMR-MART consistently outperforms MR-MART at the lowest
tested seeding density, while beyond the source density of 0.25 the differences
between the two dgorithms are relatively small; hence, if the weighting matrix in
the compressed configuration can be stored, RIMART is certainly preferable.

The speedup could seem quite small if compared with that of 40 MLGSMART
iterations, quoted in 8 times faster with respect to MART, without taking into
account the computation of the weighting elements, in a 3D experimental
configuration (Atkinson & Soria 2009). Anyway, those results are referred to a
relatively low level of source density, since the experiments ha& been performed
with a source density of about 0.13. For this level oimage density, MLOSMR-
MART can provide an increase of the speed of reconstruction of 6.7, 8.1 and 10
times for 1, 2 and 3MRiterations respectively. In the same configuration, botiMR-
MART and MLOSMR-MART guarantee a factor of quality of the reconstruction of
about 0.92 against 0.89 of the standard MART algorithm.

One should note that these results are not particksize independent, since in
case of smaller particles a smoothing dhe images is required to recover the same
accuracy performances of MART, as already stated in Sed, 8acrificing part of the
sparseness of the original images.
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3.2.3 Memory storage reduction

The reduction of the total number of weighting elements is a key point in the
decrease of memory storage, since tha&ze of the camera images and of the volume
to be reconstructed is consistently smaller. As a matter of fact, for a volume
discretization of p Tt Tp 1T g T voXels, with afour 1Mpixels cameras setup, the
memory needed to store the weighting matrix, taking into account its sparseness, is
about 58GB, while eah of the volumes would need 800MB, and each of the camera
images 4MB if all data arestored in single floating point precision.Incidentally, the
number of elements of the weighting matrix can be easily estimated by considering
that each voxel influences pixels (tipically oo pixels) on each camera. It follows
immediately that the number of weighting elements is¢ w0 @0 ; for the
aforementioned situation it is equal tox& Jp 1t Considering that in a sparse format
one has to storearrays with the indexes of rows,columns and & planes of the
voxels, this leads toqy® Jp melements, requiring about115GB for the storage. On
the other hand, using a 3D sparse Yale format, one can order the voxeler (f
example lexicographic order, and planes sorted along the direction) and store
only the columns indexes and a vectopointing to the first element of each row.
This approach is much more efficient for memory access than simply storing the
index of the voxel in the chosen order. Furthermore the memory required to store
this second vector is usually very small, as it is agposed by a number of elements
equal to the product of the length and the depth of the volume. With this approach,
the memory required is approximately 58GB, as stated before.

Consequently, the weighting elements represent more than 98% of the total
data. Anyhow, when the number of weighting elements is reduced by a factor of 10
(for example using MRMART or MLOS initialization) they still constitute about
90% of the total data amount, and if the memory storage reduction is equal to a
factor of 20, their relative size isstill approximately 80%. In the following only the
reduction of the number of weighting elements will be considered as a parameter.
Nevertheless, for the aforementioned reasons, the reported results are not so far
from representing the realtotal memory storage reduction.

In this section only the algorithms with 3 MR iterations are considered, being
the results quite independent of the number of iterations on the compressed
configuration. As a matter of fact, a single iteration is sufficient to identify all the
zero locations, while 1 or 2 additive iterations are abléo reduce the intensity of the
ghost particles, carrying the weakest of them below the threshold value. Anyhow,
the further reduction in memory storage is not significant

The results relative to a 4 cameras setup and simpleRAMART (Fig.3.4) show
that for the lowest levels of seeding density the memory storage reduction tends to
the cube of the factor of compression, i.e. 8, as it was foreseeable. The storage of the
weighting elements on the compressed configuration is really advantageous
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Fig. 3.4 Effect of seeding density on the memory storage reduction for a 4 cameras setiqgpy MR-MART
and MLOSMR-MART, compared with MLOS.

because it can be used for a full set of imagdsywever, it is evident that it could be
possible only if a relatively consistat amount of memory is available, and at the
same time a low level of seeding is guaranteed on the whole sequence. In practice,
this condition is not trivial to be achieved and most often is not even desirable due
to spatial resolution requirements.

In Fig. 3.4 the performances of MLOS/R-MART are also quoted in comparison
to the straightforward application of MLOS. For this setup, MLO®R-MART
appears to outperform not only MR-MART but also the direct application of MLOS,
for the higher tested seeding desities, thanks to the smoothing of the ghost
particles due to MART corrective procedure in the R iterations, and their
consequent removal due to dropping below the threshold. The same threshold has
been applied for both methods, meaning a stronger cuttinfpr the MLOSMR-MART
method. Luckily, a more stringent threshold does not affect too much the result,
because the effect of cutting the particle tails is minimum, thanks to the
interpolation in the step c (see Sec3.1) of the process.

3.3 Validation via synthetic experiment

In this section a 3D synthetic experiment is presented. The flow motion
induced by a vortex ring is investigated, following exactly Elsinga et al (2006a). A
volume of 0 @0 & & s reconstructed with a resolution equal tog 1 &é¥d A,
resulting in @ Tt @ 1T @p T voxels(a resolution ratio between pixels and voxels of
about 0.9 has been adopted) Four cameras are placed at a finite distance, with
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magnification approximately equal to 0.12 throughout the volume; the mean
particle diameter is set to 2.8 pixels with a pixel pitch of &' & The cameras are
displaced in linear arrangement on a common horizontal plane, as in the
performance assessment of Se8.2, i.e. withi o th p dp do 1

Both the reconstruction and the PIWolume processing have been carried out
on a laptop machine using a single core of a 2.2 GHz T6660 processor; the available
amount of RAM memory isp®' " Only the algorithm with 3 MR iterations is
considered, since the performance assessment of Se&2 has shown that it
guarantees the best compromise between accuracy and speed of the
reconstruction. Two different levels of seeding concentration are tested, i.e. 0.55
and 2.2 particles/a & (resulting in a source density of 0.075 and 0.3, respectively).
The displacement field is calculated with a custormade software, based on the 3D
extension of the algorithm illustrated in Sec. 2.4Iterative DiscreteVolumes Offset
(IDVO) or Volume Deformation Method ¥DM) are adopted to enhance the
correlation peak. In this section only linear interpolation is used for the
deformation of the volumes, since the processing time is a crucial point of the
analysis. Furthermore, for the sake of clarity, the solutions to accelerate the PIV
analysis presented in Chapter 5 are at completely exploited here, except for the
voxel binning in the predictor estimation. In this MultiResolution PIV interrogation
the distributions are initially binned by a factor of four, in order to obtain a fast
estimation of the predictor displacemert field. In the subsequent iterations the
factor of compression is relaxedfor examplein this sectionit is halved in each step
of the process, in order to better fit the performance®f the FFTW algorithm (Frigo
& Johnson2005)). However, the reader shald be aware that the processing time of
the motion analysis can be easily reduced by a further order of magnitude by
coupling the Multi-Resolution interrogation with efficient algorithms enjoying
sparse crosscorrelations and reduction of the number of relundant operations
performed in case of overlapping interrogation spots. The topic will be discussed in
more detail in Chapter 5.

3.3.1 Low seeding density simulations

First of all, one should inquiry whether the memory storage of the weighting
matrix is possible or not for the employed configuration. The memory demand can
be estimated as in Se®.2.3, resulting in about 15GB for the original configuration
in single floating point precision. Since for the chosen seeding density and cameras
setup the memorystorage reduction can be quoted as about 6 times for RAMART
(see Fig.3.4) the storage of the weighting elements is not possible for the adopted
computer. Even in the compressed configuration, in which the memory storage is
reduced by a factor equal to 8their storage could not be achieved. On the other
hand, the memory storage reduction of MLOBIR-MART is more than 30 times.
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Consequently, three approaches to the reconstruction are exploited: the
standard method based on 5 MART iterationgyIR-MART, with3 MR iterations, and
2 final MART iterations, as presented in Se®.2; MLOSMR-MART, with initial
estimation of the distribution by MLOS, and the same structure dfiIR-MART. For
the first two methods, the weighting elements are calculated every time theyra
needed; MLOSMR-MART, conversely, enables the possibility to calculate the
weighting elements only once both for the compressed and the final configuration.

Confirming the results of Sec3.2, the quality factor of the reconstruction is
0.91 and 0.94 fo MART and the multiresolution approaches, respectively. The
reconstruction of each volume with MART andMR-MART is performed in about 17
and 4 minutes, respectively, resulting in a speedp of more than 4 times. MLOS
MR-MART, including the time to calculate the weighting elements on both the
configurations, is able to perform the reconstruction in approximately 1 minute, i.e.
17 times faster than MART. The speed up is slightly lower than the one evaluated
for the same sairce density in the performance assessment of S&&.2 since having
the samenumber of particles in a less deep volume implies the presence of an
higher percentage of norzero voxels to be updated. Anyhow, MLOER-MART can
stand approximately the foreseenspeedup thanks to the precalculation of the
weighting elements.

The size of the interrogation volume (V) for PIV processing is 62voxels, i.e.
cubes ofc® Jog Po& & & , containing on average 18 particles each one, with 75%
overlap. The traditiond processused in this sectionconsists of the estimation of the
predictor, followed by a single iteration both in the case ofDVOand VDM (cross-
correlation is always performed with the aid of FFT) The multiresolution process
requires an additive iteration to perform the analysis on the original distributions.
The results of the processing of the reconstructed distributions bfMART and MR
MART are not reported herein, since there is no appreciable difference with those
of MLOSMR-MART.

The processing time of the traditional PIV algorithm and of the multi
resolution version are 5.3 and 2.7 minutes respectively, lDVOis used; on the
other hand the processing withVDM requires 7.5 minutes for the former, and 4.5
minutes for the latter. The results of thePIV interrogation in terms of accuracy for
both the algorithms are also quoted in Tab3.1, in terms of standard deviation of
the measurement errors (obviously only the 6 and the 0 component are
considered, being the flow field axisymmetric). The meanrer in the measurement
of the 0 component‘ of the velocity field is also reported, since a non negligible
bias effect is present due to both the limited spatial resolution and the asymmetric
distribution of 0, as already observed p Elsinga et al (D06a).

In Fig.3.5 the iso-vorticity surface, corresponding to a vorticity ofep @ € wRa i
L ¢ o Qabtained by PIV multiresolution interrogation of the distribution
reconstructed by MLOSMR-MART, is presented; 5 planes of velocity vectors (the
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Fig. 3.5 Iso-vorticity surface (T 6 ¢ wIdcE i) @OPIV multi-resolution processing with IDVO(a) and
VDM (b) on the volume reconstructions obtained by MLOMR-MARTIn the case of low source density
5 planes of velocity vectors (colourcoding indicates the magnituden voxelsof the velocity vector).

a) r I o= ) b)
VI
a2 VI
[ W :2
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Fig. 3.6 Iso-vorticity surface (T 0 € wIdcEia) @OPIV multi-resolution processing with IDVO(a) and
VDM (b) on the volume reconstructbns obtained by MLOSVIR-MART n the case of high source density
5 planes of velocity vectors (colofcoding indicates the magnituden voxels of the velocity vector).

colour-coding indicates the intensity of the velocity vector) are illustrated. Even if
the spatial resolution is limited by the low seeding density, the main features of the
field are captured, as highlighted by the relatively small standard deviations dhe
measurement error onthe 6 and the 0 components of the displacement field;on
the other hand, the estimation of the vorticity field is strongly affected by the
amplification of the random errors, coupled with the low spatial resolution of the
measurement.
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Reconstruction PIV Processing Q0o e H o0c e d 0o e
process process time [min]
MART IDVO 39.3 0.22 -0.07 0.30
MART MR-IDVO 36.8 0.23 -0.08 0.30
MLOSMR-MART IDVO 7.3 0.22 -0.05 0.28
MLOSMR-MART  MR-IDVO 4.7 0.23 -0.06 0.28
MART VDM 41.5 0.17 -0.05 0.27
MART MR-VDM 38.7 0.16 -0.03 0.27
MLOSMR-MART VDM 9.4 0.17 -0.03 0.27
MLOSMR-MART MR-VDM 6.6 0.16 -0.03 0.27

Table 3.1 Performances of different reconstruction and interrogation algorithmsjj 18t x.u

Reconstruction PIV Processing Qo0 eH 0o e d 0o e
process process time [min]
MART IDVO 57.8 0.13 -0.08 0.21
MART MR-IDVO 51.7 0.13 -0.11 0.21
MLOSMR-MART IDVO 23.8 0.12 -0.08 0.20
MLOSMR-MART  MR-IDVO 17.7 0.13 -0.10 0.20
MART VDM 59.7 0.09 -0.04 0.14
MART MR-VDM 52.5 0.08 -0.01 0.13
MLOSMR-MART VDM 25.7 0.09 -0.03 0.14
MLOSMR-MART  MR-VDM 18.5 0.08 -0.01 0.13

Table 3.2 Performancesof different reconstruction and interrogation algorithms, 06 1@.

3.3.2 High seeding density simulations

Increasing the seeding density, an improvement of spatial resolution is
obtained at the expense of the computational cost, since the storage of the
weighting elements is not achievable for all theéested reconstruction approaches
on the employed computer because ofhe higher percentage of non zero voxels,
due to both true particles and ambiguities in the reconstruction. In this section the
weighting elements are calculated every time they are needed in the reconstruction
process. The standard MART algorithm achievesa reconstruction quality of
approximately 0.80, while for both MR-MART and MLOSMR-MART the obtained
quality is 0.82, again confirming the slight accuracy improvement. The
reconstruction of each volume is performed in about 22, 8 and 5 minutes for MART,
MR-MART and MLOSMR-MART respectively. The increase of processing timeith
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Fig. 3.7 Scatter plot of the measurement error relative tod and 0 component of the velocity field, for
IDVO (a) and VDM (b), PIV multi-resolution processing performed on thevolume reconstructions
obtained by MLOSMR-MART.

resped to the simulations of Sec. 3.2.%or the first two methods is due to ahigher
number of non-zero voxels; on top of this, the third methods also affected by the
impossibility to store the weighting elements, unlike the simulation with low
seeding density.Both for IDVOand VDM the process consists of 3 iterative steps:
initially an IV of 643voxels is employed, with 75% overlap; in the sand step the IV
is reduced to 42 voxels, while retaining the previous grid distance of 16 pixels
between the vectors; finally, an iteration with interrogation volumes of 42 voxels
(i.e. cubes of¢® D¢ Dcpa a , containing on average 18 particles, aain the
simulations of Sec.3.3.1) with 75% overlap is performed. In this paragraph, the
multi -resolution PIV process is carried out with the same total number of steps of
the traditional algorithm.

The processing time for traditional PIV is about 13 and5 minutes with IDVO
and VDM respectively; the multi-resolution approach, on the other hand, is
performed approximately 1.9 times faster for both the type of process. Even in the
case of high seeding density, the full TomBIV process is executed more tha3
times faster than the standard algorithm if the reconstruction is performed with
MLOSMR-MART and PIV interrogation is carried out with the multiresolution
algorithm, both in the case of employment ofDVOand VDM. An overview of the
results in terms of processing time and accuracy performances is reported in Tab.
3.2.

In Fig.3.6 the results obtained by the PIV multiresolution interrogation of the
distribution reconstructed by MLOSMR-MART are presented. The processing with
VDM better captures the expected torus, and the velocity field appears much less
noisy, as confirmed also by the data of Tab3.2 and by the scatter plot
representation of the measurement error on the6 and 0 components of the
displacement field, shown in kg. 3.7.
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Tomographic PIV

Tomographic reconstruction accuracy is of fundamental importance to obtain
reliable three-dimensional three-components velocity field measurements The
pursuit of accurate reconstructions for larger particle concentrations is central in
many recent investigations. To date, the most promising approaches are those
based on multiple exposures, outlined in Sec 2.3.3. Furthermore, the advanced
methods by Petra et al (2007, 2009), based on sparsity maximization, could
potentially outperform the standard algebraic techniques. In both cases, the
accuracy improvement is not priceless in terms of computational cost.

In this chapter an easily implementable modied version of MART is proposed,
allowing a remarkable improvement of the accuracy of the tomographic
reconstruction without significantly increasing the computational cost. The idea is
based on the observation that ghost particles are often irregularly stped, smaller
and weaker than the true particles in the reconstructed distributions. Furthermore,
the discretization artefacts may lead to an erosive effect of the shape of the true
particles. In this sense, an artificial diffusion applied on the reconstated
distributions can be beneficial as it damps the ghost particles and regularizes the
shape of the true ones. The reconstruction algorithm proposed in Sec. 4.1 is based
on spatial filtering of the distributions in between the MART iterations. For this
reason, it is named Spatial Filtering Improved Tomographic MART (SFMART).

In addition to this, the uncertainty in the reconstructed distribution could be
not equally distributed in all the directions; in fact, physical constraints often lead
to an elongation of the reconstructed particles along the depth directionThe effects
of a purposely introduced anisotropy n the spatial filtering are investigated in this
chapter, since one can tamper with the different shape and size of the
reconstruction artefacts, like true particles elongation and fost particles. Since
most often the imaged particles are diffractionlimited spots with a Gaussian shape,
the most natural choice is to apply diffusion in the reconstructed distribution using
filtering windows with a Gaussian distribution of the weights, and size comparable
to that of the particles

A parametric assessment of the SFIMART performances is carried out in Sec.
4.2.1. The spatial resolution improvement is quantified with simulated Tomd?IV
experiments on a sinusoidal displacement field with a set of wavelengths in Sec.
4.2.2. Eventually, the technique is validated using experimental data on decaying
nearly isotropic fractal generated turbulence (Sec. 4.2.3)The description of the
technique and the mairnresults have been published in Discetti et al (2013a).
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First guess distribution

(uniform, MR, MLOS, MFG, etc)
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Initial MART iterations

!

—> Filtering with Gaussian window

!

MART iteration(s)

Fig. 4.1 Flow chart of the Spatial Filtering Improved Tomography (SFFMART).

4.1 Reconstruction quality enhancement by spatial
filtering

The steps of the proposed method are summarized in the flow chart of Figl.

1. Afirst guess for the distribution is built (uniform distribution equal to 1, MR,
MFG, MLOS, etc.; the adopted method is of secondary importance in this
framework);

2. One or two MART iterations are performed to refine the first guess
distribution s;

3. The reconstructed distributions are filtered by means of a Gaussian window
to reduce the error due to voxelbased discretization and, as it will be
discussed later, to apply a smoothing that, under proper choice of the shape of
the filtering window, can be more effective on the reconstructionartefacts
than on the true particles;

4. The procedure is repeated after each further MART iteration (the smoothing
is not applied after the last iteration).

While the choice of theGaussian filteris quite natural, as itis dictated by the
feature of the objects to be reconstructed, the size and shape of the filtering kernel
is a topic of discussionIn the present chapter, two options are tested: isotropic and
anisotropic filtering.

Indeed, one can observe thathe uncertainty in the reconstructed distributions
is not equal along the spatial directionsThe limited viewing angle that is usually
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Fig. 4.2 Probability distribution function of the paticles stretch ratio for the test layout illustrated in
Sec. 4.2.1with 4 cameras, source densityNs= 0.5 and a total viewing angléetween the camera$eo= 60°.

employedin practice results in a larger uncertainty when determining the position
of the particles in the depth direction.Consequently,both true and ghost articles
are usually elongated in the depth direction.

A possible measure of the stretch of the particle in thé direction is given by
the ratio of the standard deviations, in the wand & direction, easily computed by
local best fitting of the partides shape with a normal intensity distribution. Fig.4.2
shows how this parameter is distributed in the case dfhe test layout illustrated in
Sec. 4.2.1 for all particles, including ghost ones

These observations suggest the possibility to tamper with thMART iterative
algorithm by enjoying both the stretch ratio and the peculiar intensity distribution
of true and ghost particles intensity(see Elsinga et al 2006a)In particular, one
should transfer the energy of the intensity profile from the depth diretion to the
plane orthogonal to it. For this purposethe option of an anisotropicfiltering of the
reconstruction performed by MART with Gaussian windows orthogonal to the
depth direction (for example o0 @o@p voxels kernel, with the depth being the
smallest dimension), having a kernel with size comparable to the particles
diameter, isexplored herein, in addition to the more intuitive isotropic filtering .

This approachis expected to provide a more intenseamoothing of the intensity
profiles of true and ghost particles in the planes orthogonal to the depth direction.
Of course this reduces the intensity peak of both actual and ghost particles; on the
other hand, the intensity of the ghost particles iseduced, while that of the actual
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particles in the sucessive iterations is boosted up, recovering the energy
subtracted by the ghost particles in the previou®nes (provided that the smoothing

is more effective on the ghost particles than on the true ones; otherwise, the linear
update of MART will not provide any improvement on the quality of the
reconstruction after the smoothing). The isotropic filter is expected to provide an
improvement on the shape of the true particles, and to damp irregularly shaped
ghost particles. The anisotropic filtering might provde an additional improvement
when the ghost particles merge together with actual particlesalong the depth
direction, or whenthey occur in form of streaks (but, on the other hand, it is less
effective than the isotropic one in regularizing the shape ohe true particles).

4.2 Performances of SFIT-MART

4.2.1 Effect of the experimental parameters

In this section, the performance are assessed by means of virtually simulated
two-dimensional distributions of particles, reconstructed starting from 1D
projections along different viewing directions, similarly to the approach used in
other studies (Elsinga et 82006a, Worth & Nickels 2008, Atkinson & Soria 2009.
Gaussian particle images, with 3 voxels diameter (unless otherwise stated) and a
maximum intensity of 200 counts, are generated at random locations by means of
Monte Carlo technique in av T p m & slice, discretized with a reslution of
¢ u &f@ a. Fourp 1t ¢ Tp pixel cameras, with a pixel pitch opA¢ @ &, are ued.
The cameras are placed at infinity,equally angularly spaced with symmetric
arrangement; auniform magnification is set equal to lover all the field of view.

The recorded intensities on the cameras are discretized at 1it levels. The
tested source density 0 ranges between 0.05 and 0.85, corresponding to a
concentration expressed in0 varying between 0.017) ) through 0.282n 1.1
However, one has tobe careful in extrapolating the results to 3D since the 2D
simulations do not account for crosgalk between planes On the other hand, it is
reasonable to assume that this issue affects in the same measure both MART and
the proposed SFITMART. In order b get a proper scaling to the 3D application, the
source density should be scaled roughly by a factgrroportional to the particles
diameter in pixel. The quality Q of the reconstruction is quantified in terms of the
normalized factor of correlation between the reconstructed intensity field and the
virtually generated distribution of particles, as in (2.4).

The SFIT method is applied after each MART iteration from ¢hsecond one on;
Gaussian filtering windows witho o©,0 pandu p kernels and several values
of the standard deviation (namely 0.5, 1 and 1.8oxels; from this moment on the
unit is not reported for simplicity ) are applied.

In order to quantify the effectof the experimental parameters on the qality of
the reconstruction, atest configuration characterized by4 cameras with atotal
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viewing angle of% ¢ ©and 0 T8 vis considered as a referenceAs for the
filter, the considered standard is a kernel ofc p voxels with , p. The
relaxation parameter‘ of the MART process (2.3) is set equal to 1. The weighting
elements are computed as the area intersected by the lines of sight (a rectangle
with width equal to the pixel size) and a circle with area equao that of the voxels.
The parameters used in the tests that have been performed are equal to the ones of
the defined reference configuration unless otherwise stated.

Rate of convergencdhe results in terms of accuracy of the reconstruction are
reported as a function of the number of iterations in Fig4.3 for three levels of
source density. In case of( T® uLthe quality factor is increased by the
anisotropic SFIFMART of about 2% from iteration 5 on for both the tested values
of standard deviation of the Gaussian filtering windows, 1™ and,  p; on the
other hand, a too intense filtering is not advisabldor a large number of iterations
since it seems to lead talivergence of the reconstruction from the exact solution
This problem can be preveted either returning to the more stable isotropic filter
or using smallerA, obtaining in this last case also a slightly larger quality factor. The
divergenceissue, however, is relevant just for small source densities which are not
of interest for the standard Tomo-PIV applications.

A larger source density, of course, determines a reduction of the quality factor;
on the other hand the gap between the standard MART based method and the
proposed SFITMART technique increases. After 5 iterations, in case &f 1@ 0
is approximately 0.8 for the reconstruction performed by MART, against 0 8and
0.91 for the SFITMART algorithm, with anisotropic filtering and ,, equal to 0.5 and
1, showing a relative improvement of 2% and 9.6%. In the same condition the
isotropic filter provides a quality factor 0 of approximately 0.88 and 0.89,
respectively for A equal to 0.5 and 1, slighgt below the one provided by the
anisotropic filter in both cases The effect is even more consistent at very high
source density. For0  m@ y after the 3h iteration, the quality factor of the
reconstruction by MART is 0.65, against 0.72 and 0.7b6r the anisotropic SFIT
MART algorithm, with , equal to 0.5 and 1, espectively. Again, the quality factor
relative to the isotropic filter is slightly below the one provided bythe anisotropic
filter, in particular0 1§ pfor, T®,andd T gfor, p.

The SFITMART combination retains a good rate of convergence also after 5
iterations. After 10 iterations, in the case of0 T8 ythe best performances are
achieved by the anisotropic filter with , 1@ or , p, for which 0 is
approximately 0.93. Underthe same conditions, the isotropic filter provides a
quality factor of about 0.92 while 0 is about 0.86 when no filtering is applied.
Finally, the anisotropic filter achieves higherd after 10 iterations also for 0
@ v In this case, applying SFFMART determines a quality factor of approximately
0.79 and 0.81 for anisotropic filtering and,, T™® and, p respectively. The
isotropic filter gives instead a slightly lower 0 of about 0.78 and 0.80, while for
MARTOD 1@ Y
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Fig. 4.3 Comparison between MART and the combination SFMART (with both isotropic and
anisotropic filters) in terms of O as a function of the number of iterationd) . The results refer to a test
layout with %o @ T 4 cameras and source density & ya),0 ™ ub),0 T YC).

The quality improvement might be due both to the regularization of the shape
of the actual particles and to the suppression/damping of the ghost particles. In
order to assess the effects of reduction of the ghost partideintensities the
probability distribution functions (pdf) of the intensity of true and ghost particles
are reported in Fig. 4.4. The results are reported for the case of 4 camerds, 1@
and a viewing angle of 60°. The comparison of the distributions after 5 MART
iterations and after SFIFTMART with anisotropic filtering c@p (, p) shows that
the ghost particles are weaker in the second case and the energy isdistributed
on the actualparticles. The case of isotropic filtering provides similar results.

Effect of the source densityAs outlined in the previous sub-section the
anisotropic filter performs slightly better than the isotropic one. In Fig.4.5 a
comparison of three differentfilters in terms of quality factor 0 is reported. It is
clear that an anisotropic filter (in particular filtering windows of ¢ poruv p
pixels are considered) proves to beslightly more effective than an isotropic one at
either low or high source density 0 . In particular, the isotropic filter appears to
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Fig. 4.4 Pdf of the particles peak intensity for the case of cameras, source densityy 1@ and a total
viewing angle%. ¢ ttafter 5 MARTIterations (a) or SFIFMART with 3x1 Gaussian filtering(b).
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Fig. 4.5 Comparison of Gaussian filters,(  p) characterized by different filtering windows sizein terms
of quality factor 0 with varying source density . The data are obtained after 5 iterationswith 4
camerastotal viewing angle%. ¢ @

be too intense especially at low source densities. Increasing , the quality factor
obtained with the isotropic filter approaches the one btained with the anisotropic
filter, but the former always provides slightly worse results.

Particle image and fiter size The influence of the particles size on the
effectiveness of SFIAMART is illustrated in Fig.4.6. The performances of two
Gaussia filters with kernel size ofc pandu p are compared in terms of0 for
variable particles sizes. It is possible tsee that the method is effective provided
that the particles diameter s at least of 2 pixels. Furthermorethe effect of the
standard deviation ,, of the filters is shown. A kernel size ofu p appears to
determine a lower or equal quality factor, when compared with the smaller one, for
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Fig. 4.7 Quality factor oktained using SFITMART (dashedand dotted lines for the anisotropic and the
isotropic filtering, respectively) and MART ¢ontinuous lines) as a function of the viewing anglé. These
results are obtained using a Gaussian filterith ,  p,4 cameras and afte5 iterations.

all the tested configurations. This isn accordance with the intuition that the size of
the optimal filtering should be comparableto that of the particles. However, the
method seems to be only slightly sensitive to this parameter in the investigated
range.

Solid viewing angle In Fig.4.7 the quality factor obtained using SFITMART
(with isotropic and anisotropic filtering) is compaed with the one obtained using
the standard MART for differentvalue of thetotal solid viewing angles%e. It can be
seen that by increasingkothe absolute difference in the quality factor between the
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three methods generally decreasesand a consistent &curacy improvement with
respect to MART is retained in the entire range of investigation. This is
understandable since the number of ghost particles and their actual distribution is
strongly dependent on%s the smaller the solid angle, the more elongatealong the
depth direction the true particles will be. The higher effectiveness of the method in
case of small%owill actually strongly suggest the application of SFIT in cases in
which the total angle subtended by the camera system isnlited by physical
constraints. As the solid angle approaches 90°, the performances of the isotropic
and the anisotropic filter are practically equivalent, since the reconstructed
particles are less elongated. In this scenario, the quality of the improvement is
almost exclwsively dictated by the filtering, independently of the shape of the filter.

4.2.2 Spatial resolution of SFIT -MART

A delicate aspect of tomographic PIV is connected to the coherent motion of the
ghost particles between subsequent exposures, as outlined ie& 2.2.2. Since SHT
MART has shown to increase the reconstruction quality, above all at high source
density, where the degrading effect of the presence of ghost particles is
overwhelming, one should expect a reduction of this modulation effect. This asge
is investigated by simulating a simplified tomographic PIV experiment, with the
same layout of Sec. 4.2.1, i.e. 2D particles distribution observed by 1D cameras. The
reconstruction is performed using 4 cameras with% ¢ @ A onedimensional
sinusoidal dsplacement field is imposed between two subsequent exposures

6 ad Yd Q&-a (4.1)

where “Yis the amplitude, _ is the wavelength,d is the depthvolume coordinate,
and wis the width-volume coordinate. The displacement along the depth direction
is always set to zero; the amplitudéYis equal to 2 voxels.

A 2D correlation analysis with iterative multi-grid and window deformation
algorithm (see Secs. 1.1.4 and 2.4 performed. The final interrogation window is
T i@ Tpixel (the width of the elongated interrogation window is set to ensure a
sufficient number of particles; as a matter of fact, this does not change the
generality of the analysis, since the displacementdid is onedimensional); the
results are averaged on 50 independent realizations to reduce the effect of noise.

The spatial resolution performances are evaluated in terms of Modulation
Transfer Function (MTF); the MTF of a classicabp-hat moving averagecross
correlation approach is practically coincident with that of a top hat moving filter
For the typical values ofinterrogation spot size w and _ in PIV applications it
practically coincides with i "Q&od_ . Since the displacement field is one
dimensional, is the sizeof the interrogation window along the depth direction.
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Fig. 4.8 Modulation Transfer Function at variable wavelength ford 1@ v in the case of MART and
anisotropic SFIT with standard devation of the filtering window equal to 1.

Supposing that the interrogation process only modulates the exact
displacement, as already shown by Astarita (2006) the MTF can bstimated as:

b'YQ p —— 4.2)
2 5 J

In Fig.4.8the MTF is reported as a function of the spatial frequenay 7_in the
case of a source density of 0.45; the performansef 5 MART iterations, and of
SFIT-MART (with the filtering applied after each iteration from the second one on)
are compared; inthe case of SFITMART a Gaussian filtering window with aoop
kernel and a standard deviation equal to 1 isused. In this section only the
anisotropic filtering is investigated, since it provides slightly better performances.
However, the results with theisotropic filter are not expected to be significantly
different, and for this reason they are not included hereinThe results show a clear
enhancement of the modulation in case of adoption of SFNIART; the effect is
particularly pronounced at low frequencies, since at high frequencies the local
relatively strong velocity gradient contributes to decouple the ghost particles in the
two exposures by itself, a®utlined in Sec. 2.2.2

The MTF depends, of course, on the source density, since the number of watt
particles is one of the main parameters in determining the percentage of ghost
particles into the volume. This aspect is illustrated in Figd.9, in which the MTF is
plotted as a function of the source density for three different values of the
wavelengh of the sinusoidal displacement. The modulation is approximately
constant at low source density, and the difference between the spatial resolution of
MART and SFIIMART is almost negligible, since the percentage of ghost particles is
relatively small. Anincrease of the source density implies a stronger modulation
effect on the reconstructions performed by MART with respect to those obtained by
SFIT-MART.

63



Chapter 4z Spatial Filtering Improved Tomographic PIV

1
5= : g
MTF %K\& D

i —_—
) \ s—=—a MART 1=400
oo SFIT =400
08 . | s MART :=200

e——o SFIT »=200
~=——= MART »=100

07 \\ oo SFIT »=100
A
06
01 02 03 04 05 06 07, 08

s

Fig. 4.9 MTF at variable source density, for three different wavelengths in the case of MART (trigies)
and anisotropic SFIT (circles) with standard deviation of the filtering window equal to 1
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Fig. 4.10 Standard deviation of the error on thecycomponent of the displacement for) ™ r{a) and
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The effect of the SFIT enhancement on the standard deviation of the error on
the x component of the displacement field as a function of the frequency is
illustrated for 0 T Tand 0 @ T1{Fig. 4.10). The results clearly show that at
low source densiies the difference between MART and SFHMART isnegligible. On
the other hand, increasing the source density, a definite reduction of the standard
deviation of the error is observed in the case of adoption of SFHWART for the
reconstruction. Regarding tke behaviour of the standard deviation of the error on
the & component, no net difference between the two approaches for all the tested
seeding densitiess detected
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Fig.4.11 Schematic drawing of thefactal square grid geometry(see Sec. 7.1.1 for further details)

4.2.3 Experimental application to fractal generated turbulence

The applicability of SFITMART is tested with an experiment performed in the
open circuit wind tunnel facility of Arizona State University.The flow field under
investigation is the decaying nearly isotropic turbulence generated by a square
fractal grid (i.e. a grid with a square pattern repeated at incresngly smaller scales,
see Sec. 7.1 for further details). The fundamental elements of the experimental
apparatus are introduced in this section; a more insightful description is provided
in Sec. 7.2The square fractal gridis placed at the inlet of the test sectiorof the
wind tunnel, after the contraction.

The flow is seeded with olive oil particles withp’ @mean diameter, generated
by a Laskin nozzle. The particles are illuminated by a double pulse Nd:Yag laser
with maximum energy of p Tandi) 6 & ith&illuminated region is a slab with the
larger dimensions along the streamwise and the vertical ceswise direction, and a
thickness of approximatelycd a.

The projections of the distribution of particles are recorded by 4TSI
0/ 7%26) %7 A Odar@e@a wjgtho -0 ¢ xpixel resolution, with a pixel
pitch of &3 & The cameras are placed approximately v&td downstream of the
grid in a linear arrangement, angularly equally spaced, spanning an angle of 80°.
The cameras are equipped with Nikon objectives with a focal length gf @1 & when
focused at infinity, and"@ p @ The imaging system is set to have an average
magnification of approximately 0.31, resulting in @ image resolution of about
o 4§ T a. The diffraction-limited particle diameter is of approximately 3 pixels

The calibration target for the optical calibration is made of a glass substrate
with a p m@p mata grid of black markers, with diameter of¢ v‘mdand spacing
of pa &, with 0.2% tolerance. The target is then translated within the range6mm
with respect to the reference plane. A nonlinear egression algorithm is used to
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obtain pinhole-based mapping functions (Tsail987) from the object space to the
image plane(see Sec. 1.2.1)The volumetric self-calibration described in Sec. 2.1.4
is applied to reduce any residual calibration error and diparity between the
cameras.

The images are preprocessed to eliminate the background and reduce the
image noise. A four steps prgrocessing is implemented: historical background
removal by taking the minimum in each pixel over an ensemble of 500 realizanhs;
instantaneous residual background removal by subtracting from the images a low
pass filtered image (a Gaussian filter on a kerney o Tand standard deviation
equal to 5 is used); thresholding of the images to remove the residual noise due to
high frequency background fluctuations (1% of the maximum particle intensity);
0 Jo Gaussian smoothingwith , 1@ to restore the particle tails deleted by the
thresholding.

The reconstructed volume isu ¢ ™@ta & (the depth dimension is slightly
larger than the laser slab thickness to ensure that all the imaged particles will be
reconstructed), discretized with c 0 ¢J@ & (i.e. an average resolution ratio of
approximately one between pixels and voxels is maintaed).

The reconstruction is performed using a camera systemomposed only of 3
out of 4 available cameragthe two external cameras and one internal camera) by a
standard 5 MART iteratiors algorithm and the proposed SFITMART. The filtering
step is applied from the second iteration on; a Gaussian filtering window with a
kernel of caoapvoxels (the third one is the depth dimension) and with standard
deviation equal to 1 is usedthe difference of the results obtained with the isotropic
filtering are not significant, and for this reason are not included herein; this is
actually in line with the results of Fig. 4.7, since the angle subtended by the cameras

is 80°).
From this moment on the distributions reconstructed by the 4 camersisystem
with the standard - ! 24 Al ¢T OEOEI xEI 1 AA AT 1 OEAAOAA

quality factors can be calculated by assuming that the reconstruction performed by
4 cameras will lead to nearly exact result. Since the tomographic PIV system is
operated at seeding density oiround 1@t T fpn) (particles per pixel), the numerical
simulations by Elsinga et al (2008) suggest that this hypothesis is quite
satisfactorily verified. In order to avoid confusion, this relative quality factor will be
indicated with the symbol 0°. Theseeding density is sgtematically underestimated
due to the occurring of overlapping particles, the actual is expectedto be
slightly larger (Novara & Scarand2012a detect an underestimation of about 10%;
however, in this application the depth ofthe volume is quite small, suggesting that
the probability of overlapping particles along the lines of sight is consistently
smaller).

The relative quality factor 0° is reported in Fig. 4.12. The results after 5
iterations indicate that MART has approximately reached an asymptotic value of
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Fig. 4.12 Relative quality factor of the tomographic reconstruction for MART and SHWART with a 3
camera system
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Fig. 4.13 Mean intensity profile of the reconstructed distributions along thed direction.

0.64, while SFITMART achieves a quality factor of approximately 0.73 with a
residual rate of inaease. The simulations of Sec. 42 have shown that further
iterations would determine an improvement of the quality factor for SFITMART;
on the other hand, the computational cost and the limited amount of improvement
suggest considering 5 iterations as a good standard for the tomographic
reconstruction both for MART and SFITMART.

The profile of the man intensity of the reconstructed distribution along thed
direction can be considered an optional indicator of a successful reconstruction
(Elsinga et al 2006b). The profile provides information about the mean intensity of
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Fig. 4.14 Normalized factor of correlation and fluctuating velocity field for MART (left) and SFFMART
(right) for a portion of the slicea T &.
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Fig. 4.15 Pdf of the normalized factor of correlation and fluctuating velocity field for MART (3cam) SHT
MART (3can) and the reference reconstruction with MART (4cam).

solely the ghost particles (outside the illuminated volume) and of the sum of ghost
and true particles (within the illuminated volume). The ratio of the peak of the
profile and the average value of thelateau outside the volume can be considered
as a signal to noise ratio for the reconstruction. The results in Fig. 4.13 show a slight
improvement of the quality of the reconstruction (the ratio peak/plateau increases
from about 7 for the standard MART toapproximately 7.4 for SFITMART). The
result for the 4 camera system, providing a peak/plateau ratio of about 18, is
included for comparison.The reconstructed distributions are then processed with
the efficient multi-pass volume deformation algorithm outined in the Chapter 5
The final interrogation volume size ist gt Wt yvoxels, with avector spacingof
12 voxels (i.em® o &). The final steps of the process are performed with the aid of
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Fig. 4.16 Pdf of the divergence (normalized with thesquare root of the characteristic turbulent rate of
strain) of the velocity field for MART, SFITMART and the reference velocity field (MART with 4
cameras)

Method G(} 0,..[0 " ]. G o o,.l[o ° ]. G ,.l[o " ].
MART 0.175 0.160 0.285
SFIT-MART 0.150 0.148 0.257

Table 4.1 Standard deviation of the velocity measurement difference with respect to the reference
velocity field.

direct correlation with a narrow search area on the crossorrelation map. In this
scenario, thestandard definition of the signal to noise ratio as the ratio between the
first and the second peak on the crossorrelation map cannot be applied. On the
other hand, a reliable instrument is the normalized factor of correlation, ranging
between 0 and 1(Astarita 2009). A higher normalized factor of correlation gives
direct information on the better quality of the measurement.

The factor of correlation distribution is reported in Fig.4.14 as a contour plot
for a portion of the middle slice of the interrogdion volume; the fluctuatingo 0
velocity field is plotted for comparison. In general, SFFMART yields higher
normalized factor of correlation, and slightly lower outliers percentage (for the
case presented in Figd.14, the interrogation performed by SFITMART determines
88% of correct vectors, while MART achieves 85%; the validation is based on the
universal median criterion, Westerweel &Scarano 2005).

The pdf of the factor of correlation obtained over an ensemble af00 images,
and computed only on valid vectors, is reported in Figl.15 to further support this
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assertion. The application of SFIFMART skews the pdf towards larger values of the
factor of correlation. The average factor of correlation is 0.54 and 0.59 fMMART
and SFITMART, respectively (for the case of the interrogation performed on the
reference objects reconstructed by MART using 4 camea the averaged
normalized factor of correlation is equal to 0.62).

The standard deviatiors of the difference betwesn the reference velocity field
and the velocity fields measured by interrogating the distribution reconstructed by
MART and SFITIMART are reported in Tab4.1. As expected, in both cases the error
is larger along the depth direction; the accuracy improverment obtained by using
SFIT-MART (about 10% reduction of the standard dewtion of the error) is clearly
detectable.

A more general indicator of the quality of the velocity measurement in case of
incompressible flow regime is the standard deviation of the tvergence. The
probability distribution of the divergence for a single ralization is reported in Fig.
4.16. The divergence is presented in nodimensional form; the reference value is
the square root of the characteristic value of the turbulent rateof-strain tensor
(expressed in a synthetic way in the figure as the square root of the ratio of the
turbulent dissipation - and the kinematic viscosity’ ). This characteristc value is
obtained by taking the median valueof the highest 50 local peaks of theokal
turbulent dissipation within a single realization for the case of the reference
velocity field. The standard deviation of the nordimensional divergence is equal to
0.048 and 0.037 for the case of the standard MART with 3 and 4 cameras,
respectively. With the SFIT-MART technique the standard deviation is reduced to
0.042.
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Chapter 5 - Efficient 3D PIV interrogation
algorithms

In the early stages of development of Tomographic PIV, most of the attention
has been devoted to the tomographic reconstruction, as it was recognized to be the
bottleneck in the processing algorithmin terms of computational cost The 3D PIV
interrogation process has received limited attention, as it is a conceptually trivial
extension of the standard 2D interrogation algorithms. However, the recent
achievements outlined in the previous chapters have changed the scenario. In
addition to this, the development of more robust (but more computationally
intensive) PIV interrogation algorithms (for examplethe adaptive PIV interrogation
by Novara et al 2013, or the multiframe pyramid correlation by Sciacchitano et al
2012) require new efficient algorithms to reduce the computational burden.
Furthermore, one should note that 3D crossorrelation can also be employed to
improve the quality of the tomographic reconstructionitself (seefor example the
MTE-MART discussed in Sec. 2.3.3As a consequence, the PIV algorithm might
repeatedly appear in the TomePIV process.It is clear that a reduction of the
computational load of 3D PIV can contribute not only to the diffusion of TomBIV
as a standard tool for 3D3C velocity measurements, but also to increase the
accuracy of the tomographic reconstruction itself with a limited impact on the total
processing time.

The optimization of 3D PIV algorithm efficiency is the object of the present
chapter. A number of solutions are illustraed in Sec. 5.1enabling a more efficient
calculation of the velocity field without any significant loss of accuracyThe
proposed algorithm combines the multiresolution interrogation concept (see
Chapter 3 for theapplication to the tomographic reconstruction) with sparse data
storage, crosscorrelation and interpolation. Furthermore, three different
approaches to reduce the number of redundant calculations for overlapping
windows are presented, based on prealculations of the contributions to the cioss
correlations coefficients alongsegments planes or blocksThe performances of the
different processing solutions are tested in Sec. 5.2 in different scenarios with
progressively tuned complexity. Finally, in the ase of block crosscorrelation, the
degrading effects due to poor discretization of the weighting windows are
discussed in Sec. 5.3 he results discussed in this chapter are published in Discetti
& Astarita (2012b).

Again, volume deformation methods will be considered the reference
processing algorithm.
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5.1 Fast correlation computation

The structure of the interrogation algorithm is the same proposed in Sec. 2.4.

For clarity a more detailed description is reported in this section.

1.

72

The predictor displacement field is calculated on a rather coarse grifbr a
quick estimation of the velocity field. Since the displacement is not knoa
priori, the interrogation spot size (from this moment on indicated with the
acronym IV, which stands for Interrogation Volume) has to be large enough to
compensate for the motion of the particles within the volume. In 2D PIV it is
commonly accepted that the interogation spot size should be about 4 times
the maximum expected displacement (the so calledne-quarter rule by Keane
& Adrian 1992), so that the loss of pairs due to the particles displacement is
less than 25%. In general, as outlined in Fig. 1.2, it glid be 0 "'O0 .
However, since there is no effect afut-of-plane motion in 3D PIV, one should
simply set 0 'O x8The most likely displacement of the particles is
determined by the analysis of the crossorrelation map between subsequent
exposures. The normalized 3D crosgorrelation operator is defined as:

hh AR YhY¥h ¥

(5.1)

O i Bin
Yohyohy
Bhir AR AR Bh Wi YRYRY

where 6 and 6 are the intensityies of the IVs, and‘ are their relative
mean intensity values, and0 is a weighting function. The (5.1) is a
generalized 3D version of (1.5), as it includes also the possibility of using
weighting windows in the crosscorrelation step to tamper with the impulsive
response of the algorithm. The operation can be conducted with the aid of FFT
(Fast Faurier Transforms), requiring oaoO a ¢ T operations (two direct and
one inverse Fourier transforms) instead ofO by directly computing (5.1), i.e.
using direct crosscorrelation. This estimation includes only the computation
of the numerator of (5.1). In the case of adoption of weighting windows, the
overhead for the normalization can be more significant, as the term

Bir Ui 6 yhyvh v requires the computation of a cross

correlation. In practice, the term can le replaced byB :: 0 0 f5

with acceptable approximation

Adense predictoiis calculated by interpolatingthe velocity field on eachvoxel.
The dense predictor is then used to the deform the volumes (in the present
algorithm the volumes are displaced symmetrically to achieve secorarder
accuracy, Wereley & Meinhart 2001). In this step the performances of the
velocity interpolation scheme may have an influence on the spatial resolution
of the algorithm (Astarita 2008);
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3. Once the pedictor displacement is known, volume deformation can
compensate the particles displacement, determining a higher valid detection
probability. Since"Ois nearly 1, and the velocity gradients within the IV are
partly compensated by the volume deformatio, one can obtain a high
detection probability with fewer particles, i.e. smaller interrogation spots.A
grid refinement may be executed in the evaluation of the displacement field

4. A corrector displacement field is evaluated on the deformed volumeby
applying the (5.1). In the corrector estimation one could use a narrower
search area of the peak (as already observed by Rip et al 2002), e.g.
limiting the calculation only to the crosscorrelation coefficients in the
neighbourhood of the peak itselfAs alimiting case, only the coefficients tha
are necessary to compute theGaussian interpolation of the peak can be
evaluated. In this case, direct crosscorrelation is much faster and more
accuratethan FFT, since no periodicity is imposed. Of coursehis approach
works only if the predictor is accurate within £0.5 pixels on the finer grid
otherwise the full crosscorrelation map should be calculatedor the search
radius should be enlarged)

5. The true displacement is obtained by summing the corrector and w&eighted
average of the dense predictor over a prescribed window. This operation is
necessary as the saalled local approach(i.e. summing the local predictor
with the corrector) might lead to instability of the algorithm if large spatial
frequencies arepresent in the flow field (unless an appropriate weighting
window is used in steps 1 and 4, as proposed by Nogueira et al 1999ne
should note that this operation requires that the dense predictor computed in
step 2 has to be stored in memory (otherwisgit could be computed orthe-
fly). The required memory can be consistently large (if single floating point
precision is used, 4 bytes time the number of voxels are required for each
velocity component of the dense predictor, i.e. for a 1000 x 1000 x 20@xels
discretization, 2.4Gb are needed).

The part of the process from step 2 to step 5 is iteratively repeated until a
satisfactory convergence is reachedEvidently, the predictor and corrector
estimations have to be accelerat with different solutions, since in the first case
FFT is to be preferred, while in the second case direct correlation can be more
appealing

5.1.1 Multi -resolution predictor estimation

Similarly to the solution proposed in Chapter 3 voxel binning can consistently
accelerate the pedictor computation. The binned 3D distributions are built by
clustering voxels in 6 @6 @6 kernels, beingd the binning factor. The number of
multiplications to be performed is reduced to¢ ‘0Oj6 & € "Qj6 ;e.g.if the IV
is a cube of 64 voxels, acwand at wbinning enablea processing time reduction (in
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the following referred as speedup) of the order of 10 and 100 timesyespectively.
Of course a certain overhead due tthe computation of the binnedvolumes has to
be considered, i.e. a nutver of additions equal to the number of voxels. However,
the ratio between the number of operations to computeéhe FFT andthat to bin the
volumesis ¢ & ¢ "Oj 6  if no overlapping windows are used, and it increases
with the cube of the reciprocal of he overlap; furthermore additions may be
computed faster than multiplications, so that the overhead is almost negligible.

5.1.2 Fast corrector computation with sparse direct correlations

Direct cross-correlation can be used to compute the coefficients onlin the
neighbourhood of the peak, e.g. the peak itself and the 6 coefficients to find the peak
with sub-pixel accuracy using &aussian fit along the three directions. This reduces
the number of multiplications to be performed toxO , versusé «O ¢ QO in
case of adoption othe FFT, and with the same overhead for the normalization (i.e.
compute the mean and thecovariance of the IV, as in (8)); e.g. an acceleration of
about 7.7 times is obtained in case of IV with linear dimension of 64 voxels.

Direct crosscorrelation can be further accelerated observing that the
distributions to be interrogated are very spase. Considering the situation outlined
in the example of Sec. 2.8, i.e. 10 particles per IV with the linear dimension of 32
voxels andparticle occupying a kernel ofu @u @u voxels, less than 1% of the voxels
carries a nonzero intensity; considering ambiguities in the tomographic
reconstruction (depending mainly on theimaging system configuration, the depth
of the volume to be reconstructed, the number of cameras and the seeding density),
this percentageis seldom higher than 5%, since thresholding is usually applied to
accelerate the reconstruction stepkor planar PIVand analogous conditions 24% of
the pixels hare non-zero intensity; in the 2D scenariothe overhead to handle data
in sparse matrix is not negligible and it complicates the algorithm with a worthless
acceleration. In 3D, the very low percentage of nerero voxels makesit worth the
effort.

One aspect making it difficult to implement sparse crossorrelation with both
the methods is connected to the memory access to the corresponding element in
the second volume to each nomull element of the first one. r this reasonthe 3D
extension of the Yale format (see Sec. 3.2) is of fundamental importance, as it allows
for efficient data access

5.1.3 Efficient corrector computation with overlapping windows

In common practice overlapping windows are used (overlagypically ranges
between 50% and 75%). In this case, a relevant percentage of operations are
repeated, and a strategy to reducéhe number of redundant calculations has to be
assessed. In the following, 3 approaches to reach this g@ak proposed each o
relying on the observation that the crosscorrelation coefficients for each IV can be
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obtained by summing contributions of subvolumes (Rohaly et al2002). It is
convenient to split the contributions to the correlation coefficients, decomposing
(5.1) as in the following (for the sake of simplicity the weighting window is
supposed to be constant and equal to 1, i.e. a thpt):

SV Bin FR YR YR Y

YR Y6

(52)

Bhh  hh Bii YRYR Y
For eachlV of linear dimension O, the following terms have to be calculated:

B..

. Rh  hh (53)
B OB YR YR Y

‘ AR hh Q hh YhYhyYy (54)

B ik O ki (55)

B ik O ki (5.6)

BiiOri 0 yhyn v (5.7)

The contributions of the formulae (5.3)-(5.7), as proposed by Rohy et al
(2002), can be computed on suvolumes composing tle IV (the geometry of the
sub-volumes can be arbitrarily chosen, i.e. the sum on the three indexes are
extended to the relative dimensions of the sulvolume in the three spatial
directions). The algorithm is, thus, composed ahree steps:

1 The sums (5.3)-(5.7) are pre-calculated for each subvolume (in this case
the sums have to be generalized to a region with generic shape);

I The various contributions (5.3)-(5.7) relative to all the subvolumes
constituting the 1V are summed up

1 The cross correlation coefficient is evaluated by usin¢p.2).

Imposing the symbols ®© Bii U fp, BirUrrOrp  and
© BrrVUrr© vy 5 yr v, in case of adoption of weighting windows(5.1)
reduces to:

Ve Brr hh RR YR YR Y (5_8)

Bhi AR AR OBii Ri YR YR Y

The number of elements to bepre-calculated for each subvolume and then
summed upincreases accordingly
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Fig. 5.1 Comparison between the standard Blackman weighting window and its piecewise version for
several overlap values (nbl stands for n blocks).

5.13.1 Block crosgorrelations

The most intuitive solution implies the pre-calculation of the terms (5.3)-(5.7)
on cubic (or, in general, parallelepipedal) subvolumes (in the following called
blocks, whosedimension could be set as the greatest common divisor between the
IV linear dimension and the grid distance (this second parameter is replaced by the
overlapping part of the interrogation volumes when the overlap is smaller than
50%; e.qg. if the linear dinension of the IV is 64 voxels, and the overlap is 25%, the
grid distance is equal to 48 voxels, and the overlapping part is 16 voxels, so that the
maximum possible linear dimension of the precalculated blocks is 16 voxels). The
idea is equal to that of Bth & Katz (2001), with the difference that this method is
employed only to calculate a very limited humber of coefficients and no truncation
is performed, i.e. the multiplications are performed in single precision floating
point format (instead of the sirgle-bit parallel multiplication algorithm proposed by
Roth & Katz 2001) to avoid degrading effects on the accuracy of the results
Performing the calculation of the displacement map in case of overlap ranging
between 25% to 75% has practically the same coputational cost of the case of
non-overlapping windows, i.e. overlap is introduced without any significant change
of the processing time.

The main drawback regards the implementation of weighted crossorrelation:
the weighting window can bereplaced by apiecewise weights distribution for each
IV (i.e. each block contribution is weaghted with a constant value, for exampléhe
average of the weightingwindow on that block). Of course, this approach is relide
only in case of small ratio betweerthe linear dimension of the blocks andthat of
the IV (i.e. highly or barely overlapped IV)a brief discussion is provided in Sec. 5.3.
An example of blockversion of the Blackman window is provided in Fig. 5.1 for
different overlap percentages; in this case the dice is to weight each block with
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the value of the original window discretized with a number of points equal to the
number of blocks.

5.1.3.2 Segment or rectangular based crassrelations

The choice of the subrolume shape on which perforning the pre-calculation is
clearly arbitrary and, while the choice of a cubic block enables to reduce the time
needed to perform the final sumsit does not allow the precise use of weighting
windows. A way to perform dl the calculations required by (5.8)is to pre-calculate
the sums (5.3)-(5.7) (and the other sums required for the introduction of the
weighting window, obtained by splitting (5.8) in its basic contributions) along two
(e.g. indexi and j) of the three indexes,i.e. to use rectangular(or better a
parallelepiped with a dimension equal to one voxelshaped subvolumes. In this
case, separable weighting windows (built as the product of threeweighting
window s for the three directions, i.eb 5z 0 20 Q) ) can be correctly used.

The algorithm can be better understood by first considering the two
dimensional case. As shown in Fig. 5.2a, where the actual 1V is shown with a shaded
square, he pre-calculation of the sums is performed alongolumns (indicated with
blue rectangles in the fjure, while green squares identify the pixelsand stored in a
temporary array (schematized with the top rectangle in the figure)the substantial
difference with respect to the block crosscorrelation case is that the sums are only
evaluated m a single ow of interrogation volumes and successively the elements
of the array are summed up to complete the procesgshaded box on the top
rectangle of Fig. 5.2a and, for the second IV of the row, in Fig. 5.Zbje inclusion of
a separable weighting window is possible since the sums are split for the two
indexes.

The calculation of the crosscorrelation coefficient in the following rows of
interrogation volumes (Fig. 5.2ed) is performed with the same principle. Since the
pre-calculated sum of the previous row ofinterrogation volumes is not used in the
following one a significant overhead is introducedwith respect to block cross
correlation. Actually in the evaluation of a complete two dimensional map of cross
correlation coefficients the computational burden seles linearly with the overlap.

The extension to the three dimensional case can be madgth two approaches
that differ in the way in which the precalculation is performed. In the fist one,
called in the following 2D DC the pre-calculation of the sums $ performed along
rectangular subvolumes (i.e. by varying two indexes in the prealculation step)
while in the second one (1D DEsegments (i.e. by varying only one index in the pre
calculation). In the 2DDCapproach the precalculated sumsare stored in an array
and the algorithm is a very simple extension of the twalimensional one the only
difference being that the overhead scales quadratically with the overlap. On the
other hand with the 1D approach the precalculated sumshave to be stored in a
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) d)

Fig. 5.2 Segmentbased direct crosscorrelations. The big black rectangles represent the images and the
top rectangle is a temporary array. Blue rectangles indicate the columns on which sums are pre
calculated; shaded squares refer to actual IV argteen squares identify the pixels First (@) and second
(b) IV on the first row of interrogation volumes; first (c) and second ¢) IV on the second row of
interrogation volumes.

two-dimensional array but the overhead still scales linearly with the overlap. For
both approaches thesize of the temporary arrays can be reduced by using cycling
indexes.

5.1.3.3 Wider search area: block FFT

Due to modulation effects or inaccuracy of thestimated predictor, it might
happen that the correlation peaks of the corrector displacement field fall above
+0.5 pixels, and a great number of full correlation maps have to be computed by
using FFT. This occurs especially in regions of strong leeity gradients, or low
signal to noise ratio. One possible solution is to enlarge the search area of the peak,
i.e.to compute a wider zone of the correlation map. Unfortunately, K is the search
radius, the number of coefficients to be computed iughly proportional to k3 (the
peak can be detected if it is included in the zone(k-0.5)). A solution to this
problem is to compute the blocks otthe correlation maps using FFT (as in Rdly et
al 2002); the blocks are stored in memory and then summed to obtairhe search
area of the correlaton map for each IV, as in 5.1.3.1
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This approach suffers of bias effestdue to the imposed periodicity; the aspect
is particularly critical because of the smallsize of the 1V (e.g. for IV of 63 voxels,
and 75% overlap, the blocks are only 18 voxels). This prevents the applicatio to
small highly overlapped IV and, in generaJ a bias correction is of fundamental
importance. In the present work the bias correction is performed by multiplying
the coefficients of the correlaion maps with the inverse of a triangular window
(Raffel et al 2007)

Often during the grid refinement part of the interrogation algorithm the
modulation associated to both the broad dimension of the IV in the predictor
estimation (Astarita 2007) and to the interpolation of the velocity field (Astarita
2008) on the refined grid makes it difficult to have small residual displacements. In
these cases the block FFT approach is particularly effective since it avoids the need
to recalculate the full crosscorrelation map when the corrector residual
displacements are larger thant0.5 voxels

5.2 Performance assessment

The performances are assessed in four different layouts:synthetic
distributions and small uniform sub-pixel displacement shear displacement a
distributions reconstructed by 5 MART iterations; synthetic distributions of a
simulated jet profile; real images of a swirling jetEach layout provides information
on different features of the algorithm: the small uniform displacement highlights
the peformance limit of the algorithm; the shear displacement layout on
reconstructed distribution focuses on the effects of the ghost particles in presence
of spatial velocity gradients; the synthetic generated jet profile tests the algorithm
in presence of tined strong local gradients (in this case the effect of the ghost
particles in modulating the velocity gradient along the depth direction provides
undesirable anisotropy of the performances of the algorithm; consequently the
analysis is performed on the omjinal synthetic distributions); the real images of a
swirling jet bundle all these aspects together.

The tests are carried out on a computer using a singleore (so that the
parallelization coding effects are reduced) of a 3.07 GHz i7 processfwith the
exception of the last case, in which all 4 cores have been employel) many cases
the results will be presented in terms of speedip with respect to a standard
reference method (i.e. the full FFT analysis performed on the same grid and with
the same IV se); this speedup is only relative to the predictor and corrector
evaluation steps (i.e. the processing time to compute the dense predictor field, to
interpolate the volumes and to execute the validation is neglected).

From this moment on, the search radis for the direct correlation and block
FFT based algorithms will be set to 1 and 2 voxels, respectively.
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5.2.1 Test case 1- Uniform displacement

Syntheticdistributio ns of spherical particles with Gussian profile and 3 voxels
diameter are interrogated. A volume of T ™t ™®p ™ & is discretized with
¢ 1 €@ & resolution, resulting in Y @Y 1T @A 1T woxels, the IV is 4G voxels. A
uniform displacement of 0.2voxels is imposed, in order to assure thatall the
displacements are within 1 pixel searchradius and, therefore, direct correlations
always succeed in finding the correlation peakSeeding concentratios of 1.25 and
3.75 particles/mms3 (resulting in approximately 0.5% and 1.5% of voxel with non
zero intensity respectively when a threshold at 0.5% of the peak intensity is
applied) are tested. 20 iterations are executed to obtain well converged time
statistics.

The speedup with respect to the equivalent process with computation of the
full cross-correlation map by FFT is reported in Fig. 5.3 Standard drect
correlations, without the aid of sparse matricesand redundancy avoidancegnable
a processing time reduction of approximately 4 tines, irrespective of the IV
overlap. Among the others schemes reducing the redundant calculatiorsnd
enjoying the sparsity of the distributions block direct correlations are very
effective when the overlap ranges betwen 25% and 75%. Indeed, in thizasethe
number of operations in the crosscorrelation computation step, being almost
independent of the overlap, is much smallethan that relative to both 1D DC and 2D
DC In case of 75% overlap,he processing time is reduced of abouB800 and 400
times for the lowest and the highest tested density, respectively, with respect to the
standard processing by FFTFor the highest tested overlap the most performing
approach is 1D DC that enables to have, for the smaller source density, a spepd
of over 1000 times

The Block FFT algorithm, with a search radius of 2 pixels, is slower than the
standard method based on FFT when the IV are only slightly overlapped, mainly
because of the overhead due to summations of the maps. Increasing the overlap
boosts up the efficency of the BlockFFT approach; however, the speedp is lower
than that of the methods based orsparsedirect cross-correlation and redundancy
avoidance. Neverthelessas already saidhaving a broader search area is still an
advantage whenthe predictor is modulated, since a smaller numler of cross
correlation maps haveto be re-computed.

As shown in Fig. 5.4, where the normalized processing time with respect to the
time to compute the standard FFT interrogation without overlapping windows is
plotted as afunction of the number of vectors per linear dimension of the IV he
methods with pre-calculations alongsegments (1D DCpr planes (2D DC)perform
better than the one with block cross-correlations only when the overlap is limited
or very high. As expead, 1D DCis normally faster than 2D DGC since the
redundancy of operations is minimized.The number of operations variesalmost
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Fig. 5.4 Normalized time (with respect to time to compute the standard FFT interrogation without
overlapping windows) as a function of the number of vectors for linear dimension of the IV for the
lowest tested seeding density.

linearly with the number of vectors to be computed foreach linear dimension of the
IV in the case of 1D D@vhile for 2D DCthe dependence isapproximately quadratic.

5.2.2 Test case 2- One-dimensional shear displacement

In this second case a volume with the same geometric features of thest case
1 is built starting from four independent views (4 cameras are placed on a
horizontal xz plane, with a uniform angular displacement of 15°). The magnification
is approximately 0.135, and it is almost uniform throughout the volume. The
imaging is sSmulated with a pixel pitch of 6.674m, andthe f# is set to 13, so that the
diameter of the particles is about 2.9ixels. A acustom-made software reconstruct
the intensity distributions by 5 MART iterations, with an initial uniform first guest.
The volume is discretized withg 11 €7@ &, so that the resolution ratio is close to
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IV size . CC evaluation
Step [VOX] Grid Overlap method
1 643 C T 50% FFT-Based
2 403 0 G0 GX 50% FFT-Based
3 403 X XX X%P X 75% FFT-Based

Table 5.1 Example of standard process based on FFT.

_ v . .
Step Binning size Ef_fectlve v Grid Overlap CC evaluation
factor size [vox] method
[vox]
1 4x 163 643 C T W 50% FFT-Based
2 2X 203 403 0 G0 G 50% DC
3 1x 403 403 X XX %P X 75% DC

Table 5.2 Example of fast process with multiresolution interrogation and direct cross-correlation on
the corrector computation.

unity. Five different values ofthe source density (1.4, ranging between 0.1 and 0.5
(resulting in a percentage of norzero voxelsin the reconstructed distributions
varying between 0.3% and 3.8%after the application of a threshold equal to 0.1%
of the peak intensity of the generated particles are tested. A onalimensional
displacement along thex direction is imposed, varying linearly between 0 and 20
voxels along they direction.

The interrogation is executed in three steps, as reported in Tab.1: initially
IVs of 643 voxels with 50% ovelap are employed; the grid is thenrefined to 403
voxels IV and 50% overlap; in the final iteration the overlap isnhcreasedto 75%.
From now on, the process involving FFT in the evaluation of the cros®rrelation
map in all the three steps will be referred as "standard process". Dired@parse
cross-correlations are executed for the other algorithms from the second step on.
The structure of the algorithm in case of initial 4x binning is reported in Talb.2 for
example. A disinction is made between the sizeof the IV in the crosscorrelation
computation, and the effective one (say the equivalent IV on the original
distributions). In case of failure of the peak identification in thecorrector
computation (i.e. the peak is not collocated within the search radius) the whole
correlation map iscomputed againwith the aid of FFT.

Firstly, the speedup is quantified in the case of process without binning for the
different approaches for the fast corrector computationAs illustrated in Fig.5.5,
the speedup is consistently lower than the one obtained in thélest case 1, due to
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Fig. 5.5 Speedup as a function of the source density with direct crossorrelation from the second
interrogation step on.
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Fig. 5.6 Speedup as a function of the source density with direct crossorrelation from the second
interrog ation step on, and multiresolution predictor estimation: initial 2x binning (a) and 4x binning

(b).

the necessary initial step performed by FFT. Thelightly higher efficiency of1D DC
and 2D DCfor the lowest seeding densities is due to a different expittion of the
sparsity of the distributions; e.g.segments of voxels with zero intensity are easily
identified in the 1D DCmethod, and a certain number of useless multiplications are
skipped, while an entire block with all zero intensity voxels is moredifficult to be
encountered, of course, his occurs more dten at low seeding density Increasing
the seeding density block direct crosscorrelation performs better than the other
methods, enabling a speedip of about 18 times.

Adopting a multi-resolution predictor estimation can further accelerate the
process: e.g. 2x and 4x binning arested. The speedup for the two different cases
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Fig. 5.7 Standard deviation (in voxel) of the error as a function of the source density with and without 4x
binning in the predictor estimation (right and left, respectively).

is quoted in Fig. 5.6 as a function of the source density case of 2x binning, only
the first step is executed on binned distributions, while if 4x binning is employed,
the binning factor is halved on the second iterations, and the original distributions
are interrogated only in the final step(see Tab. 5.2 for details)For the lowest lewel

of source density the small number of particles determines a higher probability of
outliers occurrence in the predictor calculation, and, as a consequence, a higher
percentage of correlation maps to be computed with the aid of FFT in the final
iterations, reducing, as a matter of fact, the obtainable speeg. In the case of

0 TP, this percentage is 3.7% in step 2 and 2.7% in step 3 when a 4x binning is
applied (in the case of 2x binning the percentage is 1.1% for step 2, and 0.5% in
step 3). In allthe other cases, the percentage is below 0.5% in the step 2, and
negligible in the last step.

One should question whether the speedip is costless in terms of accuracy or
not. The obtained standard deviation of the error by using the standard process, or
a process based on full(i.e. without thresholding) or sparse direct cross
correlations on the corrector estimation, is reportedin Fig. 5.7 At low seeding
density, direct correlations works better than FFT because the displacement is
unbiased; increasingthe mean number of particles per 1V, this effect becomes less
relevant. Sparse crossorrelation introduce a different source of error, mainly due
the applied thresholding to increase the percentage of voxels with zero intensity; in
case of predictor estimation with 4x binning, this aspect is more critical, i.e. too
intense binning can compromise the accuracy or slow down the convergence of the
interrogation process.
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Fig. 5.8 Jet profiles for| ¢ (a),l p 1(b). Exact profiles (black curve) are compareavith profiles
obtained by the fast process with Top Hat (TH) and Blackman (BL) weighting window in cross
correlation and dense predictor averaging.

5.2.3 Test case 3- Circular jet

For this test case 26500 spherical &ussian particles with 3 voxels diamedr
are distributed in a volume of 19.2 x 19.2 x 57.6nm3, again with a resolution of
¢ u £fd a (i.e. 384 x 384 x 1152 voxels, with approximately 1.5% of voxels with
non-zero intensity, and about 17 particlesper 1V, being the final IV a cube of 48
voxels for each linear dimensior). The displacement field of a circular jet directed
along thez direction with a peak displacement ® of 16 pixds is simulated. The
usedequation of the jet-like profile is:

0 ofufs — p Homy — (5.9)

where| is a parameter to modulate how steep is the descefiom the peak velocity
to zeroandi is the station where the jet reaches a velocity that is equal @ | ¢
(set to 96 voxels).

The structure of the processingalgorithm is reported in Tab. 5.3 Since the flow
field is characterized by strong gradients (whose intensity iontrolled by| ), the
modulation effects inluence the predictor estimation determining the corrector
peak to be above the search radius af0.5 pixels for a wide number of I'8. For this
reason an hybrid methodhas been tested i.e.the cross-correlation is evaluated
using block FFT(BFFT from this point on)in the refinement steps, and one of the
proposed solutions for the fast finalcorrector computation (for this test-case the
1D DCmethod is adopted; the lower efficiency of the method with respect to that of
the block direct crosscorrelations is of relative importance, since most of the
processing time is related to the peakfalling above the search radius, i.e. théull
correlation maps to be computed again with FFT; on the other hand, IDCenables
to use rigorously weightingwindow s).
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Fig. 5.9 Speedup for each step as a function of the processing step for ¢ (a) and| p 1tb). THand
BL indicate Top Hat and Blackman weighting window for the crosscorrelation map, respectively.
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Fig. 5.10 Percentage of recomputed full crosscorrelation maps with FFT for| ¢ (a) and| p 1tb).

TH and BL indicate Top Hat and Blackman weighting window for the cross-correlation map,
respectively.

S, Chne s Wae o o e
1 4x 243 963 TQIGP G 0% FFT-Based
2 4x 243 963 XOX0x o 50% BFFT/DC
3 2X 243 483 pOGp OX X 50% BFFT/DC
4 1x 483 483 C G (o 75% BFFT/DC
5 1x 483 483 CGx o 75% DC
6 1x 483 483 (@ Go 75% DC

Table 5.3 Processing algorithm: in the refinement section the CC evaluation method can be different
from that of the iterations on the final grid. BFFT and DC stand for block FFT and 1D direct cress
correlation, respectively.
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The velocity profiles of the jetlike velocity field are reported in Fig. 5.8. In the
case of| ¢ the results show that with a standard approach without using
weighting windows (say, a top hat moving average, indicated with TH) the obtained
profile is only slightly modulated with respect to the original one, the peak
displacement being 2% smaller; the application of a Blackman (BL) weighting
window in both cross-correlation and dense predictor averaging (over a window of
the same size of the V) reduces this modulation to less than 0.5%. When p 1t
the modulation by the TH approach is much more evident; the profile obtained by
using BL in the process is closer to the exaohe.

The speedup for each step (i.e. the reduction of the processing time relative to
the time needed to execute the iteration with the full FFT approach) of the process
is reported in Fig. 5.9. The first step is performed about 75 times faster thanks 4o
binning; when a Blackman weighting window is applied, the speedp is of about
27 times with respect to the standard FFT approactror the case of ¢, and no
windowing applied, the approach based on block FFT during the grid refinement is
consistently faster, since a broader search area increases the number of "fast
detected" peaks; this occurs due to modulation effects, placing the corrector
displacement peak beyond the limit of the search radius of 0.5 pixels, as shown in
Fig. 5.10, where the percergtge of recomputed full crosscorrelation map due to
direct correlation failure is reported as a function of tte iteration number (note that
in the first iteration all the correlations are executed using the FFT, i.e. 100% of the
correlation is non-direct; on the other hand, since no repetition of the calculation is
performed, all the curves start fictitiously from 0 at the first iteration). Altogether,
when no weighting windows are applied, the processing time is reduced by 18 and
11 times for the method enploying BFFT in the first steps, and the other based only
on direct crosscorrelation with pre-calculation of sums along segments
respectively. Whenweighting windows are applied, the speedup reduces to a
factor of 12 and 9 for the two cases. However, one should consider that if the
standard process with application ofweighting windows in the computation of FFT
is considered as a reference, the process with weighting wdiow is accelerated by
27 and 21 times, respectively.

The case of p 1is quite different, since the region affected by velocity
gradients is smaller, but the slope of the velocity profile is much higher. In this case
for all the 4 presented methods a not negligible percentage of nedirect cross
correlations is still present even in the last iterations because of the modulation of
the velocity profile; this reduces the maximum allowed speedp of the cross
correlation algorithm to 6.4 and 5.9 times for the methodswithout the aid of
weighting windows, with or without BFFT, espectively (the corresponding speeéd
up in case of filtering of the crosscorrelation map with a Blackman weighting
window is 3.9 for both the methods). One should note that the percentage of non
direct cross correlations for the method without using weighting windows
increases with the number of iterations; this occurs because of aliasinghis aspect
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is made clear in Fig. 5.10b The approach with block FFT implies &higher
percentage of correlation maps to be recomputed in thetbstep (when direct cross
correlation is employed) due to the effects of the imposed periodicity, reducing the
accuracy of the estimated displacement field.

Theseissues are less critical if a Blackman weighting window is employed in
computing the crosscorrelation coefficients for all the proposed approachesin this
case the frequency response is more similar to that of rmideal low pass filter
(Astarita 2007), and no aliasing is present, so that the percentage of non direct
cross-correlations decreases in the final iterations.

5.2.4 Experimental test case z swirling jet

The performances on a real test case are assesdgyl using the database of a
tomographic PIV experiment performed in the Jet Tomography Facility TF) of TU
Delft by laniro et al(2011). The flow field of a swirling jet at'Y'Q p 1 mand swirl
number equal to 0.4 (see laniro & Cardone 2@Lfor definition) is investigated by
using three Imager Pro HS 4M cameras observing the light scattered bypa
polyamide particles dispersed in an octagonal water tankyf 1 & height, @ 1 &
diameter). The light source is a QuantronixDarwin-Duo Nd:YLF laser, allowing
cax o O 0 & at QkHz. Nikon objectives with™Q p mwd and "Q set to 32 are
used; the optical magnification is approximately 0 &, with an average
resolution of about ¢ Tf ‘@ &. The particle image density is aboutridt 1 rpn,N
resulting in a source density 0f0.34. More details on the experimental apparatus
can be found in Violato & Scarano (2011).

A volume selfcalibration (Wieneke 2008) is executed to reduce the calibration
error; 5 MART iterations reconstruct the light intensity distribution in the volume,
discretized inx @ @x ¢ @x ¢ doxels (i.e. a cube off @& & for each side). Both the
operations are performed by theDavis 7.4software.

The structure of the interrogation algorithm is summarized in Tab. 5.46.5 for
the crosscorrelation with top hat moving average, and with the aid of a Blackman
weighting window (in both cases the dense predictor is averaged overma yvoxels
window). Since the flow field to be measured is challenging, different combinations
of solutions are tested: block FFT in the refinement part of the process, and direct
correlations in the final iterations (BFFT+DC); only direct correlation (DC) or lack
FFT (BFFT) during all the process, except for the predictor estimation. Generally
speaking, one can choose between BFFT and DC for the different stages of the
process. As shown in Tab. 5-8.5, it is proposed to use different solutions for the
refinement steps and for the final iterations or the same solution for both the stages
of the process. The initial part of the process is further accelerated by binning the
distributions to be interrogated by a factor of 4 in the first two steps, and of 2 in the
third one.
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_— v Effective CcC I.Drocessmg
Step Binning size IV size 4. ., Overlap evaluation time for the
factor omi s standard FFT
[vox] [vox] method
approach [s]
1 4x 163 643 1.3k 0% FFT-Based 2.6
2 4x 163 643 12.2k 50% Method 1 20.9
3 2X 323 643 103.8k 75% Method 1 178.8
4 1x 483 483 250k 75% Method 1 238
5 1x 483 483 250k 75% Method 2 239
6 1x 483 483 250k 75% Method 2 239

Table 5.4 Processing algorithm: in the refinement section the CC evaluation method can be different
from that of the iterations onthe final grid.

Processing
time for the
Binnin v Effective cC standard FFT
Step 9 size IV size Nvect Overlap  evaluation approach
factor .
[vox] [vox] method with
weighting
windows [s]
1 4x 243 963 1.3k 33% FFT-Based 44
2 4x 243 963 12.2k 67% Method 1 317
3 2X 483 963 103.8k 83% Method 1 2662
4 1x 723 723 250k 83% Method 1 2348
5 1x 723 723 250k 83% Method 2 2349
6 1x 723 723 250k 83% Method 2 2349

Table 5.5 Processing algorithm in the case of adoption of a Blackman weighting window in tleeoss-
correlation step: in the refinement section the CC evaluation method can be different from that of the
iterations on the final grid.

The results in terms of reduction of processing time are reported step by step
in Fig. 5.11a. Binning the distributios by a factor of 4 provides an acceleration of
about 63 times of the predictor estimation; the second step is even faster when
BFFT is employed, while direct correlation is slowed down by a relevant percentage
of non-direct correlations to be performed (®e Fig. 5.11b). The obtained speedp
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Fig. 5.11 Top hat moving average approacha) Speedup for each step as a function of the processing
steps, b) percentage of nondirect correlations.

Fig. 5.12 Instantaneous vorticity magnitude isosurfaces @ 0 ¢ wIdEiw @ aed) and of Qcriterion
(in blue); planes of velocity vectors (colofcoding indicates ycomponent).a) BFFT +D®) BFFTc) BFFT
+ DC andd) standard process with filtering with Blackman window in the correlation step.
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Fig.5.13 Examples of profiles of the streamwise velocity component along the crosswise direction

decreases in the refinement part as the binning factor is reduced up to unity. In the
final iterations acceleration is recovered thanks to the results convergencen the
final grid, reducing the percentage of nosdirect correlations to be executed with
the aid of FFT. In this sense, BFFT performs better than direct correlation thanks to
a wider search area for the correlation peak. The overall speatp is about 4.9 6.6
and 11.8 times for DC, BFFT+DC and BFFT, respectively.

On the other hand, one should consider the accuracy and reliability of the
results. The instantaneous vorticity fields reported in Fig. 5.12 testify that BFFT
provides noisier results because oartefacts derived from the imposed periodicity
on small IV, while DC on the final correction steps provides better convergence to
slightly smoother results. However, the standard deviation of the difference
between the two velocity field is rather small (007 pixels and 0.09 pixek for the u
and v component, respectively).

An improvement in spatial resolution can be obtained adopting a Blackman
weighting window in the cross-correlation step (see Fig. 5.12c). Of course, this
increases the computational cossince more terms have to be computed to obtain
the crosscorrelation coefficients. However, if compared to the standard process
based on FFT, the interrogation is executed 1.3 times faster with the approach
BFFT+DC, with much better results. Considering #t an "equivalent standard
process", based on FFT weighted with a Blackman weighting window (Fig. 5.12d) is
executed 10 times slower than the standard process with top hap filtering, this
involves an acceleration of 13 times of the process BFFT+DC with pest to the
respective standard one, with roughly the same results. The comparison between
Fig. 5.12c and 5.12d points out that the proposed algorithm does not lead to a
reduction of the accuracy; on the contrary, when DC is used in the last iterations of
the process, the results are not affected by the artefacts due to the imposed
periodicity when using the FFT. In these two last cases, the standard deviation of
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the difference between the two velocity field is slightly larger than the previous
comparison (0.09 pixel and 0.12 pixel for thed and 0 component, respectively), but
still within the expected measurement accuracy.

In Fig. 5.13 the profiles of the streamwise velocity component along a straight
line parallel to the x axis are reported for the samevelocity fields illustrated in Fig.
5.12. Thechosenprofile placed is not exactly corresponding to the diameterof the
nozzle, so that the modulation effects are clearly highlightedising peaks with
different intensity and width. As expected, the proceswith windowing enables to
have an improvement in the spatial resolution, being the profiles less affected by
modulation issues.

5.2.5 Conclusions and guidelines

The results show that the processing time can be reduced hbypughly two
orders of magnitude; onthe other hand, the interrogation acceleration is very
sensitive to the complexity of the flow field and to the quality of the distributions to
be interrogated, since most of the processing time is connected to the number of
cross-correlation maps to be ecomputed with the aid of FFT because of the failure
in the peak identification within a narrow search area.

When dealing with the presented solutions to accelerate the process, the
experimenter has to be aware that, in order to obtain the maximum speeap, the
process must be tuned with respect to the flow field under investigation. The
results highlight the following points:

1 When the overlap ranges between 25% and 75%, block cros®rrelations
provides the highest speeeup with respect to the standard process (even 800
times in the case of 100% of successful peak search within the area of 1 pixel);
on the other hand, weighting windows cannot be rigorously applied in the
cross-correlation step;

I The obtainable speeeup is flow field z dependent, in the sensehat the peak
search within a narrow area during the iterations can fail in regions with
intense curvature of the velocity profile (e.g. shear layers). This aspect is
particularly critical in the first steps of the process, when larger IV and
smaller overlap values are used, causing a possible modulation of the velocity
field. Generally speaking, no universal guideline can be given on the search
radius choice for the peak detection; the application to the extremely
complicate flow field of a swirling jet suggests that a search radius of 2 pixel
suffices in determining an acceptablyow rate of failure in the peak detection
throughout all the process, retaining at the same time a relevant reduction of
the computational cost;

9 Direct correlation has always tobe preferred to FFT in terms of accuracy.
However, block FFT has shown to be very appealing in terms of
computational cost reduction when the search radius has to be larger than 1
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pixel. On the other hand, the experimental results suggest that performine
final iterations using direct correlation canrecover the loss of accuracy due to
the imposed periodicity artefacts.

5.3 Effects of poor discretization of the weighted
cross-correlation

It has been proved that weighting windows can be very useful forwide range
of purposes: Nogueira et al (1999) introduced a weighting window to stabilize the
interrogation process based on image deformation methods, and in subsequent
papers (Nogueira et al 2001, Lecuona et al 2002) it is highlighted that scales
smaller than the interrogation windows can be followed if correctly sampled by the
particle motion; Astarita (2007) reviewed the performances of a wide range of
weighting windows and developed a theoretical model to determine the MTF of the
interrogation process when weighted dense predictor averaging is employed to
stabilize the process; Astarita (2009) used the weighting windows feature to assess
an adaptive PIV interrogation method; Novara et al (203) made large use of
spatially oriented Gaussian weighting kerels in the implementation of a 3D PIV
adaptive interrogation algorithm.

However, the adoption of weighting highly-overlapping windows in cross
correlation computation introduces an unacceptable increase of processing time
(see Sec. 5.1)3urgently imposii ¢ 01 OOA OEA AMmBARABATAD COOAL
presented in Sec. 5.1n most of the applications the overlap ranges between 50%
and 75%, so that the temptation of using the very efficient block crossorrelation
can be compelling. On the other handh this case the weighting windows cannot be
rigorously applied since they have to be replaced by a piecewise version, since each
block can be weightednly by a single value.

The aim of ths section is to outline thatpoor discretization of the weighting
windows can lead to undesirable effects on the MTF of the process, even
unexpected instability. The stability and the accuracy of the process ardiscussed
using the theoretical modelby Astarita (2007); eventually, the algorithm is tested
on 3D simulatead distributions of particles.

5.3.1 The theoretical model for the MTF estimation

The algorithm presented in Sec. 5.1 is considered as a reference in this section.
By indicating with ¢ the modulation associated with the step 1, withc the
modulation due to predictor averaging (step 5) and withcwthe modulation due to
interpolation (step 2), Astarita (2007) predicts the modulation at the genericQth
iteration as:

a  mbc+ a(l- mk'lc) (5.10)
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Recalling thata @ Astarita (2007) introduces astability criterion:
p OO & p (5.11)

Using (5.10)(5.11) one can predict the MTF of the interrogation algorithm at
the generic iteration 'Q and the range of wavelengths causing instability (if any). In
the following large use of these instrumets will be made.

5.3.2 Spatial resolution and stability of block weighting windows

In this section the MTF of block weighting windows is assessed. It will be
assumed in the following that no modulation occurs due to interpolation (i.ec
p); this condition is closely met in case of small grid distance and high accuracy
interpolation scheme, e.g. BSplines of high order, see Astarita (2008). In section
5.3.21 the modulation of solely the crossorrelation step will be considered, i.e.
the modulation in case of the so called local approach, in which the corrector is
directly summed to the predictor, without any spatial averaging of the dense
predictor. In section 5.3.2.2 the stability of the algorithm in case of weighted
predictor averaging will be considered.

5.32.1 Stability of the process with local approach

When no dense predictor averaging is performed (i.ed p, as proposed by
Nogueira et al 1999), and no modulation occurs due to interpolationd§ p), the
relation (5.11) reduces to therequirement of positive wfor a stable process.

The MTF of a triangular, a Blackman, a Gaussian windowvith parameter
| ¢) and the weighting window proposed by Nogueira et al (1999) are compared
for different values of the overlap percentage, i.e. number of blocks (obviously, the
case of 50% overlap cannot be considered, since in this case every weighting
window is reduced to a top hat). The MTFs are plotted in Fig. 5.14 as a function of
the normalized frequency, i.ethe ratio between the 1V siz€indicated in this section
with the letter w, and equal to60 pixels for this investigation) and the wavelength

The triangular function, and the weighting window proposed by Nogueira et al
(1999), in their original versions, ensure the stability even with the local approach,
since their MTF is definite semipositive; the Blackman and the Gaussian window,
on the other hand, are to be coupled with some dense predictor averaging, due to
slightly negative values for high fequency, mainly due to discretization effects.
However, when the discretization is very poor, as in block crossorrelation, even
the triangular function and the function proposed by Nogueira et al (1999) present
unexpected negative lobes in its MTF, caugj instability in local approach
application. The high frequency fluctuations are due to the abrupt variations of the
weighting function between neighbouring blocks.
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Fig. 5.14 Comparisonof the MTFof weighting window s and their piecewise version for several overlap
values ¢ A btands for¢ blocks): a) triangular; b) Blackman;c) Gaussian,  ¢; d) Nogueira et al (1999).

Otherwise stated, the poor discretized weighting functions can be considered
as sum of properly weighted top hat windows, contributing with their own
frequency response in building the MTF of the window. E.g., in case of 3 blocks
discretization, the weighting window can be considered as a sum of a pedestal, with
the height equal to that of the two external blocks, and a central top hat, one third
of the total window wide (see Fig. 5.1). The MTF of thel@ocks window is the sum
of two aliasedi "Q#udctions: the first one, due to the pedestal, disappearing very
quickly as the normalized frequency increases, the second one due to the small
central kernel, introducing high frequency fluctuations.

In case of 3 and 4 blocks the performances are very similar, with wide
oscillations and negative lobes: this is due to the fact that, when using an even
number of blocks, the two central blocks are weighted with the same value (i.e. as a
matter of fact thewindow is composed by onlye  p blocks, the central one being
twice as large as the other blocks). In all the reported cases using 80% overlap (i.e.
5 blocks) reduces the intensity of the fluctuations of the MTF, and determines
negative lobes for wavelenths smaller than 5 times the IV size. Acceptably small
fluctuations, however, are reached only when 7 blocks or more are used (i.e. about
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86% overlap). Even in that case, the local approach is unstable; the stability of the
process can be obtained by usingeighted dense predictor averaging, i.ed p.

5.32.2 Stability of the process with weighted predictor averaging

Differently from the cross-correlation step, in step 5 the weighting windows
can be applied rigorously (the computational cost of dense predior summing is
very small if compared to the other steps of the process, so that there is no
reasonable incentive to use block summing). ThEITF, in this case, can be obtained
by using (5.10), wherecis the modulation due to piecewise weighting windowgis
the modulation of the original window with the proper discretization, andis again
setto 1.

Recalling (5.11), in case of negative modulation in the crogorrelation step
(some negative lobes have been observed in all the cases due to poor
discretization) the process can be stabilized by a small positive or negativé
Different results can be obtained by using different windows in the dense predictor
averaging; however, Astarita (2007) demonstrated that the main characteristics of
the MTF are lad by the window chosen for the crossorrelation step. For this
reason, from this moment on only the top hat window will be used for the dense
predictor averaging, without any loss of generalityln Fig. 5.15 the MTFs for the
case of the Gaussian window ith | ¢ after 3 and 100 iterations are reported.
Three main discretization levels are investigated, i.e. 3, 4 and 5 blocks. The MTF of
the original window is reported for comparison in Fig. 5.16.

Astarita (2007) observed that all the investigated weightiy windows are
stable when a predictor average with a top hat window of sizev o is applied.
This is not the case of poorly discretized weighting window. A summary of the
minimum size of the predictor average window in order to have a stable process is
reported in Tah 5.6; however it is important to point out that these resultsmay be
consistently higher if a different weighting window is used to average the dense
predictor. The process is always stable when the size of the dense predictor
averaging window is more than 7 pixels wide when a top hat moving average is
applied.

The MTFs of the block crosgorrelation approach show already undesired
features after only 3 iterations: whichever is the chosen size for the predictor
averaging window, all the curves present a wide negative lobe forwj_ ¢ and
¢ j_ Ttinthe case of 3 and 4 blocks discretization, respectively. In the case of
5 blocks discretization the negative lobe affects only very small scales, and it is of
moderate intensity. Increasing the number of iterations, the curves relative to
® gand w v rapidly diverge for the 3 and 4 blocks discretizations, being the
process unstable. In the case of 5 blocks discretization, even if the process is stable
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Fig. 5.15 MTF of aGaussian window | ¢) as a function of the normalized spatial frequency for
different size Wb of the window over which the predictor is averaged. Results reported after 3 iterations

(ab,c) and 100 iterations (d,e/f) in the case of 3, 4 and 5 blocks frotie left to the right.
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Fig.5.16 MTF of the original Gaussian window|(  ¢) as a function of the normalized spatial frequency
for different size w of the window over which the predictor is averaged. Results reported after 3
iterations (&) and 100 iterations (b).

3bl 4bl 5bl 6 bl

Gaussian|( () 5 7 3 3
Blackman 5 6 3 4
Triangular 5 6 3 3

Table 5.6 Minimum size (pixel) of the dense predictor averaging window\, in order to have a stable
process.

97



Chapter 5z Efficient 3D PIV interrogation algorithms

for @ o, the MTF has a negative peak of abot®.7 atwj _ v#. However, one
should note that @ o is not advisable also for the original window, since the
MTF presents wide oscillations, with a negative peak of approximatelyl at
Wj_ p&

When @ ¢ Tthe MTF is substantially unchanged in all the cases, i.e. a good
convergence is reached after few iterations. The case of moderately small (i.e.
w p It is slightly different. While for the original window the MTF is
monotonically decreasing for small nomalized frequency, and then slightly
oscillating around zero with decreasing amplitude, in the case of 3 and 4 blocks
discretization wide negative lobes are present, with non negligible intensity. The
situation is much worse in the case of 4 blocks discre@tion, being the negative
peak equal to about0.8 atwj_ p&. For the 3 blocks discretization the negative
peak is much less intense (approximately0.4). On the other hand, when 5 or more
blocks are used andn p Tthe region of negative MTF is prdically the same of
the cases withw ¢ mThis behavior is quite independent of the chosen original
window.

5.3.3 Performance assessment by 3D simulations

The performances of the process with the block weighted crossorrelation are
assessed by using viually generated distributions of particles. Two different
layouts are investigated: zeredisplacement on a¢ T @ 1 @ T moxels volume,
and onedimensional sinusoidal displacement fieldon at @t Y @p ¢ voxels (the
displacement is along thex direction, while the gradient is imposed on thew
direction, with wavelength variable between 600 and 40 voxels). Particles with
Gaussian shape, 200 counts of peak intensity affd diameter of approximately o
voxels are randomly distributed within the volumes; a Gaussian noise with a mean
of v counts and a standard deviation of; counts is superimposed to the intensity
distributions. In both cases the particle concentration isp® Jp 1 particles per
voxel, i.e. approximatelyt @ particles in an interrogation region of T Wx T T
voxels. The large number of particles ensures that the investigated wavelengths in
the second test layout are correctly sampled. The size of the interrogation window
is @ Tvoxels (accordingly, in the case of the overlap @f @ ,x t» and Y 1o the size
of each block ixg TP wand p qvoxels, respectively).

The accuracy is reported in terms of total errot :

1 -B 6 0 (5.12)

where U is the number of computed vectorsp is the "¢th measured vector, and is
the correct displacement value. The first layout is particularly suitable to measure
the accuracy of the process when a high accuracy interpolation scheme is used in
step 2 of the algorithm (in the present work the velocity field is interpolated with a
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B-Spline ofp 11 degree), since the bias error isrery small and it is not influenced
by the noise level (Astarita 2006); in this case the average total error is practically
coincident with the error at zero displacement.

As in Secbh.3.2, a Gaussian filtering window with parametet ¢ is adopted
in the cross-correlation, and a top hat moving window with variabile sizew is
used €, ¢, p T 1O TANd @ TVOXEIS).

The spatial resolutionis assessed in terms of the MTF (4.2).

5.3.3.1 Precision

In Fig. 517 the total error is reported as a function of the number of iterations
to assess the convergence of the process (folarity the symbols are reported only
each 5 iterations). In Fig. 517, left, the results in the case of 75% overlap (i.e. 4
blocks discreization) show that in the case ofo ¢ 1the process converges quite
rapidly (the average total error is substantially unchanged after 5 iterations). The
cases with w ¢ and @ are within the range of instability of the method; as
expected the error diveges, even if the divergence is quite slow in the second case
(the modulation in the step 2 of the process due to the relatively large grid distance
of 15 voxels can significantly restrict the instability range). In the case ab p Tt
the error is still increasing after 20 iterations, even if the rate of increase of the
error is relatively slow.

In Fig. 517, right, the total error is reported forw @ for the three different
discretizations of (3, 4, 5 blocks) and for the exact discretization over theéze of the
window (in this last case, the process isheoretically stable, Astarita2007). The
rate of increase of the error is consistently higher in the case of the process with
block-discretized weighting windows in the crosscorrelation step; the error is
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Fig. 5.18 Modulation Transfer Function (left) and total error (right) as a function of the normalized
frequency foreo  o.

about 2 times higher with respect to the process with correct application of the
weighting window after only 4 iterations, while it is more than 2.5 tmes higher
after 15 iterations.

5.33.2 Spatial resolution

The MTF for the case ofv  @is reported in Fig. 5.18, left, for different levels
of discretization of the weighting windows. One should note that the meased MTF
is much lower than the theoretical estimate reported in Sec. 5.3.2. The main reason
for this discrepancy is the sensitivity to the noise effects of (4.2); the higher values
of the theoretical MTF in the case of the-Blocks discretization at highe frequency
determine a stronger contamination of the MTF due to the noise (i.e. the measured
MTF is consistently lower than the one relative to different levels of discretization).
In addition, one should note that the theoretical estimated MTF does noake into
account that the particles are randomly distributed, and they may not be able to
properly sample the signal in the entire volume. However, this aspect is supposed
to determine similar degrading effects to the MTE of all methods regardless of the
discretization level of the weighting window.

The total error, reported in Fig. 5.18, right, as a function of the wavelength, is
determined both by the presence of noise and by the modulation of the velocity
profile. This latter effect is dominating, anddetermines a higher error for the
process with 3 blocks discretization, except for the smaller tested wavelength (in
this case the MTF for the process with 3 blocks discretization is the highest one). In
the case of 4 and 5 blocks discretization, the penfmances are very similar;
however, since the results are evaluated after only 20 iterations, and the process
with 4 blocks discretization in this configuration is unstable (for @ p), the
difference between the two methods can be asymptotically larger.

100



Chapter 5z Efficient 3D PIV interrogation algorithms

5.3.4 Conclusions and guidelines

The results clearly underline that a poor discretization of the weighting
window can determine a consistently different behaviour in terms of impulsive
response of the algorithm, determining instability even when it is not thoretically
expected. The local approach is never recommended, unless the number of blocks
used for the discretization is consistently high (at least 10 blocks, i.e. 90% overlap);
on the other hand, in this case, the block crossorrelation has been provento
provide a lower speedup with respect to other approaches (precalculation of the
contribution to the cross-correlation coefficients along segments or planes, instead
of blocks), in which the weighting windows can be applied correctly.

On top of this,for a proper stabilization the process with blockdiscretization
requires larger windows for the dense predictor average with respect to the case of
the exact discretization of the weighting window over the whole size of the
interrogation volume.

The virtual simulations highlight that the poor discretization of the weighting
windows determines a higher sensitivity to random noise, i.e. a larger total error.
This is due to the strong fluctuation of the MTF at high frequency, generated by the
abrupt variations within the weighting window. In summary, in the application of
block weighted crosscorrelation two rules of thumbs can be proposed:

1 When itis possible,use a odd number of blockshis is because, when using a
even number of blocks, the central blocks are equally weighted, determining
in the frequency response a larger negative MTF fdirequencies ranging

between @0 wl_ 0 (the two central blocks of the weighting
function can be considered a top hat filter with size equal to twice the size of
each block);

I Use wide dense predictor averaging windows (for the top hat approach
W p Tis suggested when the discretization is performed on 5 or more
blocks).
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Tomo-PIV requires a significant effort in terms of cet of the experimental
setup, since at least 34 cameras are required for a successful tomographic
reconstruction. In particular double-shutter cameras for PIV applications arenuch
more expensive than common camerasHowever, the requirement of double-
shutter cameras which is very strictin planar PIV due to the need to acquire two
separate images from the same point of view for the imaggoss-correlation, ceases
to exist in aTomo-PIV setup(in principle it can be eliminated also for planar PIV at
the expense of the simplicity of the experimental setup and procedure, using two
cameras and the plane identification method proposed by Discetti & Adrian 2012).
In fact the 3D light intensity distributions can be reconstructed by observing the
two exposures with independent imaging systems Thus, while at least three
double-shutter (or high speed) cameras are requiredin the standard (or high
speed) TomaPIV implementation, the apprcaach proposedherein requires the use
of two imaging systems of three (or more) cheapesingle-shutter cameras. The cost
of the experimental setup can be strongly reduced since typically gingle-shutter
camera can baup to 10times cheaper than adouble-shutter camera with the same
imaging quality (i.e. similar pixel size and quantum efficiency)Some guidelines on
the possible arrangements of the proposed experimental setup are provided in Sec.
6.1.

Moreover in this scenario the ghost particles are not expcted to coherently
contribute (and hence, produce bias errorssee Sec. 2.2 2o the crosscorrelation
map, since their distribution depends on the arrangement of the imaging system. In
other words, the same particles pattern will produce approximately the same
number of ghost particles (Sec 2.2.1), but their locations in the two exposures are
uncorrelated, as explained in Sec. 6.1. In this framework it is reasonable to assume
that the effectiveness of the Motion Tracking Enhanced MART (MINEART, Novara
et al 2010) is maximized, independently of the flow field features.

A numerical analysis of thespatial resolution (in terms of Modulation Transfer
Function MTF) is presented in Sec. 6.2 usin@D numerical simulations 3D
simulations of synthetic experiments with a jet-like flow field with and without
velocity gradients in the depth direction are described in Sec 6.3 in order to assess
the effect of MTEMART.
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Fig 6.1 Schematic of imaging systems for a jdike flow field: a) Traditional Tomo PIV setup with 3
double-shutter cameras (in red and blue)b) Low Cost TomePIV setup with 3single-frame cameras for
the first exposure (in red) and 3single-frame cameras for the second exposure (in blugk) Low Cost
Tomo-PIV setup with 2 double-shutter cameras (in red and blue) and Zingle-frame cameras (for the
first and second exposure in red and blue respectively).

6.1 Proposed experimental setup

In Tomo-P1V,the set of cameras to be used for the imagingf each exposureof
the illuminated volume (.e.the 2D projections for the volume reconstruction) is
not required to be the same.lf two different imaging systemsare used for the
reconstruction of the first and the secondexposure, the required number of
cameras is doubled This introduces a complication on the experimental setup
(more optical accesses, Scheimpflug camera mounts, optics, etc. are needed); on the
other hand, one can purchase much cheaper singdhutter cameras, since the
requirement of double-shutter cameras does ot hold anymore.

In particular the simplest idea for the experimental setupis the use of 2
systems of threesingle-shutter cameras for the reconstruction of the first and the
second exposure (see e.drig. 6.1 where aschematic ofpossible imaging systems
for a jet-like flow field is presented). Another possible implementation consists of
two double-shutter cameras (available in all the dbs in which stereoscopicPIV
experiments are already performed together with two single-shutter cameras
obtaining two imaging systems composed by the twalouble-shutter cameras and
by the first and the secondsingle-shutter camera for the first and the second
exposure, respectively.

6.1.1 Suppression of the bias effect of the coherent ghost particles motion

The phenomenon of the ghost particles production and their effect on the
measured flow field for the traditional Tomo-PIV setup and for the proposed low
cost system are sketched irthe schematic of Fig. 6.2 (fothe simplified case of 1D
projections with two cameras). The actual and ghost particles are represented as
filled and empty circles, respectively. Red and blueolours are used for the firstand
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Fig. 6.2 Schematic of the ghost particles formation and motion in the traditional and in the Low Cost
Tomo PIVsetup.

the second exposure. The schematic highlights that in the traditional Tomo PIV
setup, as described by Elsinga et al (2011)hgst particle formed from the same set
of actual particles in both the reconstructed volumesare characterized by a
resulting displacementthat is approximately the average displacement of the set of
the associated actual particles(see Sec. 2.2.2 for further details), causing a
modulation of the velocity gradients. It has to be pointed out that the coherent
motion of the ghost patrticles determines a non negligible contribution in building
higher (but, unfortunately, biased) crosscorrelation peaks. This aspect is
particularly dangerous, as it might result in misleading interpretation on the quality
of the measurement.In the proposed Low Cost TomePIV setyp (from now on
referred as with the acronym LC, i.eLow Cos) the ghost particles formed in the
two subsequent exposures by the same set of actual particles arepected to
randomly contribute to the crosscorrelation maps In fact, as shown in Fig. 6.2
(bottom), the number of ghost particles is the same of the standard Tomographic
PIV system, as it depends mainly on the number of cameras and actual particles;
however, their locations in the two exposures are completg uncorrelated with the
actual particles displacement field. Acordingly, the bias effect is completely
removed, at the expense of a reductioof the signatto-noise ratio.
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Traditional Tomo PIV setup
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Fig. 6.3 Schematic of the workng principle of MTE in case of weakelocity gradients alongthe depth
direction for the traditional TomoPIV setup and theLCsystem

As a matter of fact, in this framework the ghost particles contribution to the
cross-correlation maps can be imagined as an owdf-plane motion (without any
implication on perspective effects), determining a loss of pairs between the two
exposures. A more complete model for the prediction of the number and intensity
of the ghost particles, in this scenario, would potentially lead to an analytical
predictability of the performance of the 3D crosscorrelation interrogation via
introduction of a novel loss of pairs factor in the analysis conducted by Keane &
Adrian (1992).

6.1.2 Accuracy improvement via MTE -MART

The noncoherent ghost particles motion can be exploited forhte suppression
of the reconstruction artefacts. The MTE is particularly well suited to perform this
task, since it is designed to eliminate inconsistent features of subsequent
exposures. The working principle of MTE and its high effectiveness for the lovost
Tomo-PIV setup are highlighted in Fig. 6.3, where the same particle pattern and
camera configuration of Fig. 6.2 are used. In principle, a first guess for the
distributions is obtained using, for example, the MART procedure. A rough
displacement field is obtained by crosscorrelating the first guess distributions.
Subsequently, a pseuddst exposure is built by deforming the 2d exposure
according to the displacement field interpolated on each pixel (the same procedure
is applied on the other exposure).The pseudo % exposure is summed to the
original one; in this step, the actual particles are supposed to be strengthened,
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while the ghost particles are not if, and only if, they do not move coherently in the
two exposures.

In the standard implementation of Tomo PIV the coherent motion of ghost
particles strongly limits the effectiveness of MTE. In fact Novara & Scarano (2G4)2
show that, when the velocity gradients are limited,only a moderate reduction in
ghost intensity is expected by MTEThis aspectis clearly evident in the top part of
Fig. 6.3. In the case of the traditional Tomo PIV setup, in fact, by summing the
pseudo Xt exposure to the Ft exposure the ghost particles have nearly the same
displacement of the actual particles and the resulting ugss for the next MART
iteration s still contains the ghost particles unabated. On the other hand, in the case
of the LC setupthe MTE isevidently effective independently of the flow features
(i.e. the velocity gadients along the cameras viewing directin). Of course, the
execution of the MTE algorithm implies an increase of the computational cost;
however, one can easily reduce the processing time of the 3D PIV processing
algorithm of one or two orders of magnitude with the solutions presented in
Chapterb5.

6.2 Numerical simulations

In this section the performances of the LC setup are assessed in terms of spatial
resolution and potential improvement on the accuracy with the MTEMART. The
spatial resolution is assessed similarly to the approach in Sec. £2imposing a
sinusoidal displacement on 2D distribution of particles reconstructed with 1D
cameras. The accuracy of the method and the test on the effectiveness of the MTE
MART for the LC system is tested in the 3D scenario with synthetic particles
distri butions and the jetlike displacement field modelled by (5.9).

6.2.1 Spatial resolution

The volume considered for the present analysis is a slice @f m@p ¢ &
discretized with ¢ 1 €7@ &. The synthetic imaging system for thetraditional
Tomo-PIV arrangementis composed by three cameras oriented a#45°, 0° and 45°
The proposedLC systemis composed by 3+3 cameras oriented a#5°,-10° and 30°
for the first exposureand-30°, 10° and 45° for the seconédxposure The results are
compared also withthe case ofa setup composed by six doublshutter cameras in
the sameoverall arrangement of the LC systemGaussian particles with a diameter
of 3 voxels and maximum particle intensity of 200 counts are randomly distributed
in the slice to be reconstruted. A sinusoidal displacement field, with™Y
i Q& dr_ andw Tis imposed; the wavelength_is varied between 24 and 290
pixels. The present simulation is performed at three levels of source density
(namely 0.15, 0.25 and 0.35), defined a4..4); the only difference is that the area is
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Fig 6.4 Modulation Transfer Function plotted against the normalized frequency for the 6cam, 3cam and
LCsystemsa) 0 T )0 T1® w)0 7@ v The MTF of the process on the exact distributions
and the sinc function are included for reference.

not circular, but it is the area occupied on a linear sensor (the terthQ j T has to be
replaced by simply Q). The Modulation Transfer Function is evaluated with the
(4.2) on the detected flow field averaged over 500 images. The resolution ratio
between pixels and voxels is set equal to 1; the reconstruction is performed by 5
MART iterations with a relaxation coefficient of 1.

Since the flow field is onedimensional, the PIV process can be performedith
interrogation windows elongated along the wdirection (in the present case
L Tt ag voxels with x & overlap in the gradient direction) in order to guarantee a
sufficient number of particles in every interrogation window.

The theoretical MTF of a stadard PIV approach without applying weighting
windows (and for the commonly adopted values of the normalized frequency
defined as the ratio of the interrogation window sizew along the depth direction
and the wavelength_) is that of a top hat filter, i.e ai "Q#udttion. Thus thei Q¢ @
profile is used as a reference for the MTF reported in Fig. 6.4.

For 0 1 u(Fig. 6.4) no significant differences are found between the
proposed methodology and the 3 camema(3cam) system, while the MTF relatie to
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the 6 camera (6cam) system is practically the same of the one obtained by
interrogating the original images(indicated asexactin the legend). One should note
that for large wavelengths the 3cam system performs better than the LC one, since
it benefits of the ghost particles contribution to the crosscorrelation (the bias
effect is less important, due to the relatively low gradient along the depth
direction), reducing the measurement noise It is important to point out that the
equation (4.2) is sensitive to noise, i.e. a MTF lower than 1 is estimated in presence
of noise even if the mean profile is not modulatedwhen the number of actual
particles per interrogation window is relatively small, the noise induced by the
uncorrelated ghost particles leads to a much larger random error, determining a
lower MTF for the LC systemBYy increasing the sine wavelength, the bias effect due
to the ghost particles motion modulates the gradient in the case of thec&8m
system, while the LC system, as expecteappears to be less affectedit larger
source densites (see for example( & YFig. 6.4b) the MTF of the LC system
strongly benefits of the higher number of true particles, and it is comparable with
that of the 6cam system, while the MTF of the tditional 3cam system is
consistently lower (the higher is the source density, the higher is the number of
ghost particles; accordingly the bias effects are more intense); at source density
0 1@ YFig.6.4c) this effect is significantly more evident.

In Fig. 6.5a-c the averaged flow fieldsand the correlation maps relative to a
L T @p T mixels region in the centre of the slice are presented for the condition
with _ ¢ T yoxelsand0 1@ v The LC system is able to obtain the sanmean
flow field obtained by the 6cam system, even if the slightly lower MTF testifies an
increase of the measurement noise on the single realizatioithe presence of the
noise is exemplified in the correlation maps. The LC system produces a normalized
correlation peak of 0.2 corresponding to a signal to noise ratio (defined as the
ratio of the first and the second tallest peaks in the crossorrelation map) of 2.8,
which is much lower with respect to the signal to noise ratio achieved by the 6cam
system (approximately 8.2) and by the 3cam system (about 5.6). It has to be
remarked that the 3cam system, despite of the high signal to noise ratio (which
might lead to a misleading interpretation on the quality of the results), is affected
by bias effects due to the correlation othe ghost particles (see Fig. 6.5, middikeft).
On the other hand, the noise level for the LC system can basily reduced by
applying the MTEMART, as discussed in th&ec. 6.1.2 and illustrated in Sec. 6.2.2

Interestingly enough, the results of Figs6.4-6.5 reveal thatthe quality of the
reconstruction does not tell everything about the accuracy and the spatial resolution
of the measured velocity fieldn fact, the quality of the reconstructed slices for the
3cam and the LC system is exactly the sarf@ the two exposures (about 0.81, 0.59
and 0.47 for the three tested levels of source density), but the final results are
dramatically different. In other words, the statement on the quality factor
@ 1§ us a good indicator for the quality of the re#sdis flawed.
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Fig 6.5 Evaluated flow field and example of correlation maat _=248 pixels andNs=0.35:LC (top), 3cam
(middle), 6cam (bottom) .

6.2.2 Measurement noise and MTE

In this sub-section numerical simulations on 3D synthetic particle distributions
reconstructed by 2D cameras are presented in order to analyze the effect of the
proposed imaging setup on the measurement noise and the possibility to improve
the quality of the results with MTE-MART. The reconstructed region for the present
analysis is a volume oft ™0t ™®p W & with a spatial discretization of
¢ é@ & (Y @Y Tt @o T voxels).

The synthetic imaging system for the reference Tom®@IV system is composd
by 6 cameras, disposed on two horizontal groupgas in Fig. 6.1b) on each
horizontal group the cameras are angularly equally spaced by 30° and the two
horizontal systems describe an angle of 60°, so that, in total, an angle of 60° is
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