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Abstract

For generic 3D sampling, the Body Centered Cubic (BCC) lattice and the Face Centered
Cubic (FCC) lattice are signi cantly superior to the tradit ionally popular Cartesian Cubic
(CC) lattice. Motivated by the goal of high visual delity in the visualization community,
this thesis investigates the relative perceptual merits ofhigh quality reconstruction lIters
for CC, BCC, and FCC sampled data. We recruited 24 participarts and gave them pairs of
images to discriminate. For each pair, a participant is aske to choose the better of the two
images: one image rendered from data sampled on the CC latt&c and one image rendered
from data sampled on the BCC or FCC lattice. We used both synthetic and Computed
Tomography (CT) volumetric data, and report that by using ap proximately 30 { 35% fewer
samples, BCC and FCC reconstructed data result in images theexhibit comparable visual
guality to their CC counterparts.

Keywords:  visual delity; perceptual quality; 3D regular sampling an d reconstruction;
Cartesian Cubic (CC) lattice; Body Centered Cubic (BCC) lattice; Face Centered Cubic
(FCC) lattice

Subject Terms: pattern perception; three{dimensional display systems; eurier analysis
data processing; image processing; visualization data po@ssing; computer graphics
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Chapter 1

Introduction

1.1 Motivation

It is of practical interest to devise sampling schemes that atisfy the requirement of generic
sampling applications. A generic sampling application derands good overall performance
from the chosen sampling scheme on a wide variety of input sitpls. Overall performance
may be measured based on the amount of information capturedigen a xed sampling rate.
When combined with reconstruction lters, performance could also be measured in terms
of numerical accuracy, computational cost of reconstructon, or perceptual quality.

Given an arbitrary input signal, it is equally likely that it possesses detailed information
here or there If we had explicit knowledge of the locations of these detds, we could then
cast samples irregularly and adaptively. This way, more samles are used to capture detailed
information and fewer samples are used to capture homogenesuegions [1]. However in
practice, we do not have knowledge of where details are to befind, in which case irregularly
spaced samples could capture some details with great pre@s, but miss others completely.
Therefore in practice, given a large pool of input signals, ti is best to select a sampling
scheme where the samples are spaced apart eggular intervals. Regularly spaced samples
are well positioned to capture detailed information here and there Even if the samples fall
to capture some detail in its entirety, they are likely to have captured some of it.

Many devices can be considered generic sampling applicatis. As an example in 2D,
when a scanner scans documents, the scanner is the generiergding device and the docu-
ments are the input signals. As an example in 3D, when the Magetic Resonance Imaging
(MRI) machine scans patients, the machine is the generic sapling device and the material
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densities of patient tissues are the input signals. It is nota coincidence that both examples
describe devices that produce images for visual consumptip in today's world, there is an
omnipresence of generic sampling devices that output imagefor visual perception. In the
rest of this section, we focus our discussion on 3D visualizian research|a fast growing
eld that employs generic sampling.

Visualization can be succinctly de ned as makingseenthe unseen[27]. For example, a set
of discrete, sampled points hardly convey much visual meamnig. However, by reconstructing
the sampled data into a continuous signal and then passing ithrough a rendering pipeline,
the unseensignal captured by the sampled points becomeseen In visualization applications
involving discrete sampled data, there is typically no knowedge about the signal to be
sampled. Therefore, generic sampling schemes serve viszation research by ensuring good
overall performance in information capture. As more and moe scientists rely on insights
unveiled by visualization and rendering applications, investigating the perceptual quality of
generic sampling and reconstruction schemes becomes pauiarly valuable.

One of the primary goals in visualization research is to acleve highvisual delity in the
images rendered. In the context of this thesis, visual delty can be de ned as the degree
of perceivedresemblance between images of a pair of signals|the signal @constructed from
some sampled data, and the original signal that was sampledTo achieve high visual delity,
visualization researchers aim to reconstruct sampled datao that images of the reconstructed
signals closely resemble images of the original signal. S%ie only nite sampling resolutions
can be accommodated, this motivates the question of how begb space out a xed number
of samples in a regular fashion in order to achieve the highésevel of visual delity in the
images produced.

In 3D visualization, the Cartesian Cubic (CC) lattice has been the traditional choice for
regular sampling and reconstruction. The popularity of CC sampling and reconstruction
can be explained by the separability property of the CC lattice. Based on this separability
property, n-dimensional Cartesian reconstruction lters can be constucted by taking the
tensor product of its 1D counterparts [14]. This simplicity means that univariate sampling
theory is easily applicable to 3D sampling and reconstrucion on the CC lattice. In turn,
visualization researchers can make use of the wealth of to®ldeveloped from univariate
sampling theory to improve the visual quality of 3D renderings.

Furthermore, there is an assumption that separable reconstiction Iters are more ef-
cient computationally compared to non{separable lters. This assumption appears to be
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common in the visualization community, where high visual delity and interactive frame

rates in 3D rendering applications have long been competingoals. With this assumption,

one might conclude that non{separable reconstruction woull either reduce frame rates at
a xed image quality, or reduce image quality at a xed frame rate. It is understandable

then, that visualization researchers have been slow to expte regularly sampled 3D data
using non{separable reconstruction lters. In this thesis, two non{separable reconstruction
Iters are examined for the Body Centered Cubic (BCC) lattic e and the Face Centered Cu-
bic (FCC) lattice, respectively, and compared to a commonlyused separable reconstruction
Iter for the CC lattice.

For regular sampling of 3D signals, the BCC and FCC lattices mssess attractive theo-
retical advantages over the popular CC lattice. Although all three lattices provide a regular
sampling of 3D space, compared to the CC lattice, it takes theBCC and FCC lattices
signi cantly fewer samples to capture the same amount of inbrmation contained in a sig-
nal. While the BCC lattice has proven to be optimal for regular sampling in an isotropic,
bandlimited setting [44], the FCC lattice has been shown to ke the lattice of choice when
sampling in the presence of aliasing [30]. The concept of alsing is explained in Figure 1.2.

Recently, the theoretical advantages of BCC and FCC samplig have led to practical
algorithms that include high quality reconstruction lter s adapted to the BCC and FCC
lattices [19, 18], as well as e cient implementations of BCC lters that are computationally
twice as fast as their CC counterparts [21]. These mathematial and algorithmic results set
the stage for advocating BCC and FCC based sampling, reconsaiction, and processing of
volumetric data for visualization.

Even though these BCC and FCC reconstruction Iters have bea the subject of accuracy
comparisons against CC reconstruction lters, it is important to point out that existing ar-
guments have been made on the theoretical basis of asymptatierror behavior|the standard
numerical analysis reasoning. However, our goal in visuatation and rendering applications
is to produce images for perceptual consumption. Numericaleasoning is insu cient for
this task, and a perceptual evaluation of the e ectiveness 6CC, BCC, and FCC lattices in
sampling and reconstruction is required.

Motivated by the goal of high visual delity in visualizatio n research, we chose high
guality reconstruction Iters for the CC, BCC, and FCC latti ces in devising a perceptual
study. With 24 users participating in the study, we show that sampling and reconstruction
on the BCC/FCC lattices can produce visually comparable images using about two thirds
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of the samples required for CC sampling and reconstruction.

Combined with the computational e ciency of the chosen BCC and FCC reconstruction
Iters, several consequences of practical importance ares Where sampling is expensive, the
reduction in samples leads to signi cant cost savings withat compromising the perceived
quality of the captured data. Where a sampling device is a sca&e resource, the waiting
time for the device can be reduced proportionate to the amounof samples saved. Finally,
where perceived quality of the captured data is of primary cacern given a xed number of
samples, one can expect BCC and FCC lattices to signi cantlyoutperform the CC lattice
in sampling and reconstruction.

In the remainder of this chapter, we rst review relevant sampling theory. Then we
introduce the formal de nition of lattice and the concept ofdual lattices. Employing the
concept of dual lattices, we go on to consider how well the CCBCC, and FCC lattices
capture information in a general sampling setting. Afterwards, we present a discussion on
practical reconstruction Iters. Finally, we formally pos e our research question and state
our contributions.

1.2 Sampling Theory

In this section we review relevant sampling theory in the unvariate and multivariate settings.
A comprehensive introduction to univariate sampling theory can be found in books by
Oppenheim et al. [42] 43] and Bracewell [5]. Its counterpartn multidimensions can be found
in Dudgeon and Mersereau [14] and Vaidyanathan [56]. Pleas&d a listing of notations
used in this section in Table| 1.1.

We start our review by documenting forward and inverse Fourer transforms and their
application in regular sampling. We then describe why reguir sampling in the spatial
domain results in replication in the frequency domain. The @ncept of replication enables
us to describe the uncertainty principle, which in turn leads us to a discussion on ideal
reconstruction. Finally, we relate ideal reconstruction to upsampling, which is discussed in
conjunction with downsampling.

1.2.1 Fourier Transforms and Regular Sampling

In the univariate setting, the Fourier transform f* of a signal, or function f is de ned as
follows, wheref; f : R! C [61, 5, 43]:
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Notation | Meaning
f’\(t) Fourier transform of continuous signal f
f’\[t] Discrete Fourier transform of sampled signalf
f 1 f | Fourier transform pair
f1 fo | Convolution
R The set of real numbers
C The set of complex numbers
e Natural exponential
i 2= 1
% Vector in R"
vV W Dot product of two vectors
Dirac delta function
M 1 | Inverse of matrix M
M > Inverse transpose of matrixM
jdetM j | Absolute value of the determinant of matrix M

Table 1.1: Mathematical notations and their meanings.
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Z
f(s)=  f(x)e 25 dx
R

The inverse Fourier transform is de ned similarly:

Z
f(x)= f(s)é?% ds
R

In multidimensions, the Fourier transform is de ned analogous to the univariate setting,
wheref; f': R" ! C [61,/14, 56]:

z

f\(s) = f(x)e 2 X dx
Rn

Accordingly, the multidimensional inverse Fourier transform is de ned as:

z

f(x)= f (s)e? S* ds
Rn

The above equations describe the forward and inverse Founidransforms for continuous
signals. However, in regular sampling and reconstruction,we work with discrete data.
Therefore, we document the analogous forward and inverse Fkwier transforms for discrete
data.

In the univariate setting, the discrete Fourier transform is de ned as follows, wheref’\[k]
andf[n]areN 1 vectors [60, 42]:

X 1 .
f/\[k] - f [n]e i2 kn=N
n=0

The inverse discrete Fourier transform is de ned similarly:

1

X .
f [n] — Ni f’\[k]elz kn=N
n=0

A couple of additional de nitions are due before the multidimensional discrete Fourier
transform can be presented. De neR to be the region of support of an m-dimensional
discrete data, wheren; are the elements ofn, and where theit" dimension has sizeN;:
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R=fn:0 n N;y L1i=1;2:::;mg

For 2D discrete data, R can be regarded as the 2D pixel locations of a Cartesian sangyd
image. For 3D discrete data,R can be regarded as the 3D locations of the sample points on
a CC lattice. For an m-dimensional discrete data, let us de neN to be a diagonal matrix

0 Nm

Then, the m-dimensional discrete Fourier transform can be de ned as/[1460,(56]:

f’\[k]: X f[n]e i2 k(N 1n)

n2R

Accordingly, the multidimensional inverse discrete Fourier transform is de ned as:

1 X - 1
fln]= - . k]e? k(N n)
M= fgerny, MK

In this thesis, when we compute discrete Fourier transformsof 3D sampled data, the
underlying equations are equivalent to the ones documenteébove. We used thetw im-
plementation in Matlab to compute forward and inverse discrete Fourier transforms. Docu-
mentation on tw can be found at www. tw.org.

To draw the connection betweenf in the continuous case and the discrete case, we turn
to the comb function, or @ . @ can be described as a series of regularly spaced spikes.
The left image in Figure[1.1 illustrates @ in 1D; higher dimensional @ functions can be
plotted analogously. Regular sampling, or discretizationof some continuous signaf , can be
mathematically modeled as multiplying f with some properly scaledq (Figure 1.1, right
image).

In the univariate setting, @ is de ned below, whereT is a non{zero scalar constant:
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X
@ 7(x)= (x Tk
k2z

In multidimensions, @ is similarly de ned given M , ann n invertible matrix:

X
@ wm(x)= (x  Mk)
k2zn

The Fourier transform of @ is another comb function [6]. The univariate and multi-
variate settings are described below, respectively:

GﬁT= a

2
T

|~

A 1

mM:m“ﬂ2M> (1.1)

1.2.2 Replication and the Uncertainty Principle

The preceding notations and de nitions enable us to discusshe phenomenon ofreplication

in regular sampling. Since multiplication in the spatial domain is equivalent to convolution

in the frequency domain [43, 14], regular sampling of by @ can be equivalently described
as convolvingf’\ with @ . Accordingly, expressions for regular sampling are docunreed

below for the univariate and multivariate settings, respedively:

A 1
GﬂMfl (q]M f/\ (q]ZM> f/\

Convolving @ with f* produces replicas off* centered at the spikes ofgqj [6]. Varying
the scaling of @ will reciprocally a ect the scaling of @ . Therefore, varying the samp-
ling distance in the spatial domain will reciprocally a ect the distance between replicas
of f* in the frequency domain. This reciprocal phenomenon is know as the uncertainty
principle (Figure [1.2).
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f(x) f(x)
4
A A A 4 210 4 4 a ' d
“ !
—0.5 i
-
> X X

AT 2T 0 2T 47 AT - a7

Figure 1.1: Left: the comb, or @ in 1D. As can be seen, its plot can be described as a
series of regularly spaced spikes. Right: regular samplingf a signal can be mathematically
modeled as multiplying a properly scaledqy with the signal.

f(x) f(x) f(x)

K X K
X X X
T 0 T 4T 2T 0 2T 4T 2T T 0 T 2T
Rs) Rs) Rs)
S S S
8 -4p 0 4p 8 > 0 2 4p -20 0 2p 4p
T T T T T T T T T T
Undersampling Oversampling Optimal Sampling

Figure 1.2: lllustration of the uncertainty principle in th e univariate setting. Top row:
regular sampling in the spatial domain. Bottom row: replicas of the signal spectrum in the
frequency domain. Left column: undersampling causes ali@sg, or overlapping of replicas,
making it impossible to recover the original signal. Middle column: oversampling avoids
aliasing but casts unnecessary samples. Right column: optial sampling avoids aliasing
with the minimum number of samples.
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fs)

> S

A

Figure 1.3: Perfect, or ideal reconstruction of a bandlimited signal whose spectrum in the
frequency domain is replicated due to regular sampling in tle spatial domain. To recover
the original signal, we multiply a box Iter as shown in the fr equency domain. The box lter

diminishes all replicas and recovers the main spectrum, wich corresponds to the original
signal.

1.2.3 ldeal Reconstruction, Upsampling, and Downsampling

Suppose that with regular sampling, the entire spectrum of asignal is captured without
aliasing. Then according to thesampling theorem or the Cardinal Theorem of Interpolation
Theory, the original signal can be perfectly reconstructed from tte sampled datal[57, 49, 44].
In this case, a box Iter can be devised in the frequency domai to recover the original signal.
The box Iter has a value of 1 in the support of the main spectrum, and O everywhere
else. Therefore, multiplying the box lter to the replicas r ecovers the main spectrum, or the
spectrum of the original signal. As Figure 1.3 illustrates,the box multiplier in the frequency
domain is referred to as anideal reconstruction lter.

Suppose that a discrete dataset has captured the entire sp&am of a signal, then ideal
upsampling, or reconstruction of the data can be achieved byzero padding the discrete
Fourier transform of the dataset. This result is sometimes eferred to as periodic interpola-
tion, or the zero padding theorem [50, 2]. In real world samghg, it is rarely the case that
a discrete dataset captures the entire signal spectrum. Whe the spectrum is not entirely
captured, there is no way to recover it in its entirety. In thi s case, zero padding in the
frequency domain|or periodic interpolation|provides ups ampling [42], rather than ideal
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upsampling.

Whereas upsampling increases the sampling rate of a discretdataset, downsampling
decreases its sampling rate [42]. Downsampling by an integefactor m is achieved by
keeping everym sample point in the dataset. Rational downsampling, or dowrsampling
by a rational fraction n=m, is achieved by rst upsampling by a factor of n, and then
downsampling by an integer factor ofm.

1.3 Regular Sampling Schemes

An n-dimensional lattice is a discrete subgroup ofR" under addition. Every lattice can be
generated from linear combinations of a set of basis vectofg8]. Given a point in the lattice,
its Voronoi cell consists of all points in R" that are closest to the lattice point. Because
the Voronoi cell of every lattice point has the same shape, iis unambiguous to refer to it
as being the Voronoi cell of the lattice [9]. Accordingly, ann-dimensional lattice may be
described as a regular tiling ofn-dimensional space by its Voronoi cell.

The regular tiling concept makes some lattices suitable forregular sampling. In this
thesis, we investigate three lattices that have been emplad for regular sampling in 3D.
They are: the Cartesian Cubic (CC) lattice, the Body Centered Cubic (BCC) lattice, and
the Face Centered Cubic (FCC) lattice

The CC lattice has been traditionally popular in 3D regular sampling. Therefore, it
serves our understanding to rst describe the BCC and FCC latices in terms of the CC
lattice. Figure shows how BCC and FCC lattices can be constructed from the CC
lattice. From an alternative point of view, the BCC lattice ¢ an be constructed by adding
an additional point to the center of each cubic cell formed byeight neighboring points on
the CC lattice|and thus the name Body Centered The FCC lattice can be constructed by
adding additional lattice points to the faces of each CC cubc cellland thus the name Face
Centered

More rigorously, the CC, BCC, and FCC lattices can be descrited by linear combinations
of a set of basis vectors. Such a set of basis vectors, when ptagether as columns of a
matrix, is referred to as a generating matrix. Generating matrices are not unique. One set

1By kind permission of the Eurographics Association. The images in this gure are adopted from Figure 1
of [20], ¢ Eurographics Association 2006.
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Figure 1.4: Left to right: CC, BCC, and FCC lattices, respectively. The BCC lattice can
be constructed from a CC lattice by selecting every fourth ldtice point; the selected lattice
points have coordinates of the same parity. The FCC lattice @n be constructed from a CC
lattice by selecting every second lattice point; each seleed lattice point has coordinates
whose sum is even in parity. The images in this gure have beemdopted from [20].

of generating matrices for CC, BCC, and FCC lattices, respetively, are listed below:

2 3 2 3 2 3
100 1 1 1 011
MCC=§0 1 OZiMBCC =§ 1 1 1Z;Mpcc =§1 0 12 (1.2)
001 1 1 1 110

SinceM ¢cc , M gee , and M gcc  are invertible, they can be used within Equation[1.1
on page[ 8. Equation[1.1 tells us that if the spikes ofg \ are positioned on the lattice
points generated by M , then the spikes ofdj v are positioned on a lattice generated by
M > up to constant scaling di erences. Sinceq » and @ v are a dual Fourier pair, this
gives rise to the notion ofdual lattices; that is, lattices generated byM and M ~ are dual
lattices. In the language of regular sampling, this means tht if we sample a signal on a
lattice generated by M , then the spectrum replicas will be centered on a lattice gearated
by M ~ up to constant scaling di erences.

As can be seen in Equation 1.2M cc = M cc ~ . Therefore, the CC lattice is self{dual
up to constant scaling di erences. In a similar fashion it can be seen that BCC and FCC
are dual lattices up to constant scaling di erences. This ndion of duality will facilitate
discussion in the next section, where we analyze the abiliés of CC, BCC, and FCC lattices
to capture information in a general sampling setting.
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1.4 3D Regular Sampling

Optimal regular sampling can be de ned as casting the least omber of regularly spaced
samples to capture the entire spectrum of a bandlimited sigal. As an illustration, the right
column in Figure 1.2 illustrates optimal regular sampling in 1D.

When discussing the relative merits of sampling on di erentlattices, certain general con-
ditions are implied: we assume that the signal sampled has aisotropic low{pass spectrum.
The isotropy assumption implies that the underlying data has important information in all
directions. The low{pass assumption means that the signal bing sampled is bandlimited.
These are reasonable assumptions when there is no additionenowledge about the signal
to be sampled, which is typically the case for visualizationand rendering applications.

In 3D, the support of an isotropic bandlimited spectrum is a here in the frequency
domain. Since regular sampling in the spatial domain causethe spectrum to be replicated
in a periodic pattern in the frequency domain, the problem ofoptimal regular sampling can
be solved by nding an optimal regular packing arrangement d spheres. In 3D, the opti-
mal regular packing problem asks for the tightest regular arangement of non{overlapping
spheres.

Placing spheres on an FCC lattice is optimal among regular pekings [9]. Since the
packing of spherical spectrum replicas occurs in the frequey domain, the optimality of
FCC sphere packing means that the BCC lattice|dual to FCCl|is  optimal for regular
sampling in the spatial domain. As documented later in this fction, though not quite
as e cient as FCC sphere packing, BCC sphere packing is nondteless signi cantly more
e cient than CC sphere packing.

In the spatial domain, this means that both BCC and FCC sampling are signi cantly
superior in information capture when compared to CC samplirg given the isotropic band-
limited assumption. Even without the assumption of bandlimitedness, Kunsch et al. have
demonstrated in a numerical setting that the BCC lattice is the optimal sampling lattice
given high sampling rates [31].

To develop an understanding of how applicable the isotropidbandlimited assumption is
in practice, let us consider the relationship between real wrld 3D regular sampling and the
sampling scenarios corresponding to regular sphere pacldgs. While regular sphere packing
demands capturing the entire spectrum of the signal, real wdd regular sampling often
dictates capturing nearly the entire spectrum of the signalto ensure that important details
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Figure 1.5: lllustration of regular disk packing. Left: packing disks on a Cartesian lattice,
which has a square as Voronoi cell. Right: packing disks on adxagonal lattice, which has a
regular hexagon as Voronoi cell. The small black dots denot¢éhe underlying lattice points.
Clearly, the hexagonal packing leaves less space uncovered

are not lost. The latter is especially true in visualization applications, where visual delity
of details is often a priority.

Due to the close relationship between real world regular saling in 3D and the sampling
scenarios corresponding to regular sphere packings, our entual goal in this section is to
document CC, BCC, and FCC sphere packings and their relatioship to 3D regular sampling.

It serves our understanding to rst examine the equivalent packing concept in 2D|
that is, the regular packing of 2D disks. Consider the followng lattices in 2D: the popular
Cartesian lattice and the hexagonal lattice. Both lattices are self{dual. The former has
a square as Voronoi cell, whereas the Voronoi cell of the la#ir is a regular hexagon. As
Figure 1.5 illustrates, compared to Cartesian packing, heagonal packing leaves signi cantly
less space uncovered.

The amount of uncovered space is related to thepacking density which measures the
amount of coveredspace. Because Voronoi cells provide a regular tiling of spa, the packing
density of an arrangement of disks can be expressed as the ratof the areas of the disk
and the Voronoi cell of the underlying lattice. As Figure 1.6 illustrates, the ratio of the
packing densities of the Cartesian and hexagonal latticessi 86:6%. In the language of
regular sampling, the 2D disks can be considered as the speoi replicas of an isotropic,
bandlimited 2D signal. Given the self{duality of Cartesian and hexagonal lattices, this
means that hexagonal sampling can capture the same spectrumformation without aliasing
with  13:4% fewer samples relative to Cartesian sampling.



CHAPTER 1. INTRODUCTION 15

25
N

Figure 1.6: Disk packing density can be expressed as the ratiof the areas of the disk and
the Voronoi cell of the lattice underlying the disks as shownin Figure 1.5. Left: packing
density on the Cartesian lattice is ;. Right: packing density on the hexagonal lattice is
P The ratio of the two packing densities is 0:8660.

Similarly in 3D, sphere packing density is expressed as theatio of the volumes of the
sphere and the Voronoi cell of the lattice underlying the sptere packing. The ratio of sphere
packing densities on two di erent lattices then describe the relative ability of the two lattices
to capture spectrum information given the assumption of isdropy and bandlimitedness.
As Table 1.2 shows, in the spatial domain, BCC sampling can gature the same signal
information as CC sampling with 71% of the samples. When FCC ampling is compared
with CC sampling, that relative resolution becomes 77%.

1.5 Practical Reconstruction Filters

Much discussion so far has focused osampling However, our research concerns visual
delity; in any test for visual delity, it is not meaningful to compare the visual quality of
a set of discrete sample points against that of its underlyig, continuous signal. For the
perceptual comparison to be meaningful, it is necessary teeconstruct the sampled data into
a continuous approximation of the original signal.

In Chapter 1.2.3, we introduced the concept ofideal reconstruction. If a discrete dataset
has captured the entire spectrum information of a signal, tken ideal upsampling by periodic
interpolation can perfectly reconstruct the signal; in other words, ideal reconstruction can
recover all of the captured information.

If we are able to employ ideal reconstruction, we could then xtend the sampling re-
sults from the preceding section perceptually. Working with the same isotropic bandlimited
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FREQUENCY DOMAIN CcC FCC BCC
Volume, Inscribing Sphere 1 1 1
Volume, Voronoi Cell Vee = 8| Veee = 49—5 Vece = %

Packing Density Relative to CC | Yec =1 | Yecc. 700719 | ¥Yecc  76:98%

Vee Vee Vee

SPATIAL DOMAIN CcC BCC FCC

Table 1.2: Computations for the sampling performances of BC and FCC sampling relative

to CC sampling given the assumption of isotropic bandlimitedness. Analogous to the 2D
illustration in Figure 1.6, given inscribing spheres of thesame size, volumes of circumscribing
Voronoi cells are determined for CC, BCC, and FCC. As the secod to last row shows,

it takes the BCC lattice 71% of samples relative to the CC lattice to capture the same
information. When FCC is compared with CC, that relative resolution becomes 77%. The
derivations in this table are adopted from [53] and Table A.1of [18].
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assumption in the preceding section, with ideal reconstruton, BCC (FCC) sampled data
can achieve the same visual delity at a sampling resolutionof 71% (77%) of that of CC
sampled data. In this case, because the entire spectrum is sismed to be captured, and
furthermore recovered upon reconstruction, all three recaostructed signals would have per-
fect visual delity. However for reasons set out below, ided reconstruction is not used in
practice.

In the frequency domain, ideal reconstruction by periodic nterpolation has been success-
fully adopted to volume rendering by Artner et al. [2]. However, this periodic interpolation
based rendering application has signi cant drawbacks. Fist, it is complicated to imple-
ment; the rendering application embodies a complex pipelie of processing steps including
shearing, forward and inverse discrete Fourier transformsand warping. Second and perhaps
more importantly, due to the involvement of forward and inverse Fourier transforms, the
method cannot take advantage of the parallelization abiliies of modern graphics hardware.
For those reasons, frequency domain based ideal reconsttian is deemed uncompetitive in
the arena of volumetric rendering and visualization.

In the spatial domain, ideal reconstruction of a sampled sigal is equivalent to con-
volving a properly scaled sinc function with the given sampés [42, 56]. The given samples
in the input data are assumed to have captured the central peiod of some underlying,
periodic signal. Therefore to apply sinc reconstruction, he sampled data need to be repli-
cated periodically. Unfortunately, the sinc function has an unbounded support. Therefore,
convolution with the sinc reconstruction lIter requires an in nite number of terms to be
integrated just to recover one signal value.

Cyclic convolution by a properly scaled periodic sinc is eqivalent to convolution by the
sinc as just described [51]. The periodic sinc has the same oort as the sampled data,
and takes nite time to reconstruct a signal value. Still, th e entire dataset needs to be
processed before a single function value can be determine@his makes ideal reconstruction
in the spatial domain uncompetitive in computational e cie ncy. In favor of computational
e ciency, reconstruction lters with nite spatial suppor t are used in practice.

There is a third, and quite important reason why ideal recongruction is not used even if
it were available: the bandlimited assumption required forideal reconstruction is typically
not met in practice. The violation of this assumption leads to undesirable visual artefacts
and often times, non{ideal lters provide higher quality re construction [55].

In this thesis, we investigate the visual delity of three reconstruction lters with nite
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spatial support. These Iters provide convolution based reconstruction on the CC, BCC,
and FCC lattices, respectively. Convolution based reconsuction can be regarded as sliding
a \stamp" across the sampled data in devising a continuous gjinal based on the discrete
data. An introduction to convolution based reconstruction techniques can be found in
Glassner [26].

1.6 Research Question

Because our perceptual investigation involves non{ideal econstruction lters, the sampling
results from Chapter 1.4 only provide limited insight on the possible outcome of the inves-
tigation. Non{ideal reconstruction lters by de nition do not recover all the information
captured by a sampled dataset. To capture a signal, the BCC (EEC) lattice might only need
71% (77%) of the samples needed by the CC lattice. However, bgpplying di erent non{
ideal reconstruction lters, di erent amounts of the captu red information will be recovered.
If di erent amounts of information are recovered, the 71% ard 77% will also change when
we analyze the aggregate perceptual e ects of samplingnd reconstruction.

Further limiting the usefulness of the sampling results is he restrictive condition of
isotropy and bandlimitedness. In the real world, few signas are both isotropic and band-
limited. Given a real world signal, it is entirely possible that extra sample points are needed
on one lattice in order to capture the same amount of informaton as on the other lattices.
Therefore, it is not a trivial matter to determine the relati ve perceptual performances of
the chosen non{ideal reconstruction lIters in conjunction with CC, BCC, and FCC samp-
ling. In the absence of an existing metric to answer this queson of relative perceptual
performances (Chapter 2), we resort to conducting a perceptal user study.

Basic perception research typically restricts user studie to simple, structured stimuli
in 2D images. In contrast, 3D sampled data are required to undrgo a complex volume
rendering pipeline before they are ready for visual consunmipn on conventional 2D display
devices such as computer monitors. The volume rendering pgline includes components
such as reconstruction lter, transfer function, gradient computation, lighting and illumi-
nation, camera location, projection from 3D space to the 2D inage plane, and other e ects
depending on the particular volume rendering process chosg45, 38, 33]. All these compo-
nents may in uence the image quality. Ideally, their e ects should be modeled mathemati-
cally and analyzed in a rigorous manner. However, no one haseen able to provide such a



CHAPTER 1. INTRODUCTION 19

comprehensive model of the volume rendering process.

Furthermore, it is extremely di cult to investigate the per ceptual e ects of the afore-
mentioned parameters of the volume rendering process. Vaiwg these parameters would
lead to a high dimensional parameter study that is infeasibé. Therefore, we restrict our
study to a sub{region of this parameter space, and the questin we are trying to answer
in this thesis is: \Given a selection of high quality reconstuction lters, at what sampling
resolutions will BCC and FCC sampled data exhibit comparabk visual delity relative to
CC sampled data for a human observer, provided we hold xed tle camera views, lighting
and illumination, gradient computation, transfer functio ns, and rendering pipeline?"

1.7 Contributions

The main contribution of this thesis is the 24{user perceptual study that investigates the
relative perceptual merits of CC, BCC, and FCC sampling and reconstruction. For both
synthetic and CT data, with a selection of high quality reconstruction lters, BCC/FCC
sampling and reconstruction achieve comparable visual déty relative to CC sampling and
reconstruction, using approximately 30 { 35% fewer samples

For both the synthetic and CT data, given our selection of remnstruction lters, we
report the strong connection betweenL , errors and visual delity. We conjecture that this
connection also applies to other real world datasets, and sose it as a guideline to formulate
perceptual expectations for a number of additional real wold signals sampled on the CC,
BCC, and FCC lattices. After that, we examine three likely sources of secondary e ects:
the downsampling pipeline, choice of sampling resolutionsand signal selection.

Parts of this thesis, including the user experiment that conpares BCC images to CC
images, have been published at Graphics Interface 2007 [39Bince the paper publication
is a collective e ort between multiple authors, it is customary to separate my personal
contributions from those of the co{authors.

| originated the idea of conducting a perceptual study on thevisual delity of CC,
BCC, and FCC sampling and reconstruction. The experiment task design stemmed from
my proposal to compare a set of renderings of BCC datasets ofavying sampling resolutions
against a xed CC rendering. A volumetric raycasting pipeline was chosen for rendering the
sampled data|this raycasting pipeline previously accommodated only CC sampled data,
and | had extended it to accommodate BCC and FCC sampled data.
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In my proposal, a protocol for user data analysis was descried; that protocol was
employed and expanded upon in the actual user data analysis.Next, | implemented a
sampling tool for the synthetic signal investigated in our visual delity study, and devised
appropriate transfer functions and camera views for the daasets sampled from the synthetic
signal. After that, | implemented the L, pipeline that is used to relate numerical errors to
visual delity of 3D sampled data. Finally, given our selection of reconstruction lters, |
investigated three likely sources of confounding e ects.

From the co{authors, Arthur E. Kirkpatrick, Daniel Weiskop f, and Torsten Meller helped
re ne the user study protocol. Alireza Entezari provided the original implementation of
the downsampling pipeline for the non{synthetic signal investigated in our visual delity
experiments. Alireza, Daniel, and Arthur devised a suitabk transfer function to visualize
datasets downsampled from the non{synthetic signal. Benjain Smith implemented the
Java application for the image discrimination task as well & a pipeline that automated the
generation of plots that illustrate our user data analysis. Leila Kalantari and Benjamin
administered the user experiments. Finally, Arthur and Benjamin re ned the protocol for
user data analysis.

In the following chapters, we rst review related work on visual perception. Then the
visual delity experiments are described. Afterwards, study results are presented, andL;
errors are related to visual delity for the sampled data investigated. Next, three potential
sources of secondary e ects are examined. Finally, a list ofaveats are documented before
the thesis concludes.



Chapter 2

Related Work on Visual Perception

A general discussion of human factors in visualization can & found in [54]. In line with calls

to extend visualization to perceptualization [15], human perceptual factors have often been
considered to improve visualization methods. For examplenumerous papers exploit the
principle of contrast sensitivity functions [35] in perceptual error metrics [10, 34]. Similarly,

spatial frequency response and masking can be used for e ci#¢ rendering [4]. Realistic

image synthesis methods can be guided by perceptually baseahetrics [46]. Rendering
parameters can be set according to image metrics [24]. Finlg] the display of animated

scenes can benet from perception based acceleration [41].

There are several user studies that evaluate various percéyal aspects in visualization.
In [28], a perceptual study was conducted to examine the e etiveness of textures in convey-
ing depth and shape information of transparent 3D surfaces.In [3], a user study validated
a set of proposed guidelines for generating texture patters to improve depth and feature
discrimination on multiple surface layers in 3D. In [32], the perceptual merits of six 2D vec-
tor eld visualization methods were compared in a user studywhere participants completed
tasks such as locating critical points in a vector eld. In [52], a user study demonstrated that
parallel plane textures, when seen from certain viewing diections, improve the perception
of surface shape. However, these previous works do not dihe investigate the perceptual
image quality relating to data reconstruction in the underlying rendering pipeline.

On the other hand, the idea of validating reconstruction and rendering algorithms via a
user study is not new. Most relevant to this thesis is the workby Mitchell and Netravali [40],
who studied the perceptual e ects of a class oC! and C? continuous, normalized cubic re-
construction lters for images of 2D sampled data. In a percetual study, 9 expert users

21
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Figure 2.1: Middle: image of truth signal. Left/right: imag es of reconstructed signals that
contain roughly the same numericalL, errors. Clearly, the left image exhibits superior
visual delity. The sampled data underlying each image is oliained by directly sampling
the truth signal. The CC seven directional box spline Iter [18] is used in the left image.
The CC tricubic B{spline reconstruction lIter is used in the right image. Both Iters have
the same continuity and approximation power.

classi ed reconstructed images by way of image matching. Far example images were shown,
which respectively exhibited the e ects of blurring, anisotropy, ringing, and satisfactory per-
ceptual quality. The experts were then shown images generatl with di erent reconstruction
Iters. For each of these images, they were asked to match it ¢ the closest sample image,
thereby classifying the underlying reconstruction lIter under one of the four categories of
perceptual quality. The study demonstrates that numerically similar reconstruction lters
exhibit a wide range of perceptual e ects.

By extension of their result for 2D sampled data, in general,for 3D sampled data we
cannot predict the degree of visual comparability of rendeed images given numerically sim-
ilar reconstruction Iters. Images rendered from reconstucted data with similar numerical
properties could have signi cantly di erent visual qualit ies (Figure 2.1). Therefore, regard-
less of our knowledge of the numerical error behavior of reewstruction Iters for the CC,
BCC, and FCC lattices, questions of perceptual merits stillneed to be investigated.

Given our research question, we considered adopting an exisg 2D perceptual image
metric to answer our research question. Perceptual metricsor 2D images typically gauge
the blurriness, sharpness, ringiness, or related charactistics of images. In particular, the
blurriness metric recently developed by Marziliano et al. B7] seemed to have the potential
to answer our research question. Marziliano et al.'s blur m&ic connects average edge
width to perceptual blurriness. In our preliminary analysis, the problem of determining
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comparable visual delity is related to gauging the amount of details in two images. We
further contemplated that the amount of details could be measured by a blurriness metric.

However, this turned out not to be the case|visual quality of 3D renderings cannot
be measured by the amount of detail alone. For a 3D signal, ashe sampling resolution
decreases, sharp features begin to disintegrate into tiny ipces upon reconstruction. This
results in an increase in detail according to Marziliano et &'s metric, when in fact visual
quality has degraded.

For a metric to be applicable to our research question, it mus be able to discern good
details from bad details. However, in the eld of visualization, it is often a di cult and
discretionary task to distinguish good details from bad detils. Moreover, the use of di erent
sampling lattices and di erent reconstruction lters, and the ensuing projection from 3D
space to the 2D image plane complicate the judgment process.

Perhaps more importantly, existing visual di erence predictors such as proposed by [37,
24,10, 34] measure the degree of visual similarity, not the elyree of visual comparability. An
image pair could be clearly dissimilar in di erent regions and yet overall, exhibit comparable
visual delity. This is the norm rather than the exception in our perceptual study when
comparable visual delity is exhibited by pairs of images. To our best knowledge, there is
no existing visual quality metriclin 2D or 3DJthat could ans  wer our research question
concerning comparable visual delity while accommodatingthe aforementioned problems.

In the absence of an image quality metric, a user study beconsethe natural choice in
our investigation of perceptual merits. To assist in the mockling of the user study as well
as the ensuing data analysis, we considered adopting a commgrotocol from the eld of
psychophysics, which is closely related to the study of pemptual e ects. A common proto-
col of psychophysical research is the use of psychometricriations to model an observer's
performance in stimulus{response experiments [58, 59].

While this approach was considered for our work, typical assmptions of psychophysics
cannot be met. Unlike continuous measures of response intsity in psychophysics, our mea-
sure of user response|in the form of image preference|is discrete. Further, the stimulus of
interest|perceived image quality|is an amalgam of many sub {stimuli including curvature,
symmetry, connectivity, and color; such a scenario is unusal in the psychophysics literature
which tends to consider an isolated stimulus. Therefore, whe our perceptual study employs
the basic idea of a psychophysics experiment|objective meaure of perceptual response to a
stimulus|jour method of analysis departs from the literatur e and is adapted to our specic
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research problem.
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Chapter 3

Visual Fidelity Experiments

We conducted 2 image matching experiments, each with 12 paitipants. The rst experi-
ment compared CC images with BCC images, while the second cgmared CC images with
FCC images. The CC lattice is chosen as the basis for compans in both experiments due
to its popularity in regular sampling and reconstruction. T he goal of the experiments is to
determine the relative sampling resolutions at which humanobservers nd BCC and FCC
images comparable to CC images. In each experiment, we exandd both a synthetic and
a real world signal.

In this chapter, we rst outline reasons behind our lter sel ection and provide the vital
statistics of the chosen reconstruction Iters. Then, we daccument our experiment signal se-
lection. We go on to describe the experiment software and reqrt the experiment task. After
that, we describe the downsampling pipeline used to samplehie real world signal. Sampling
resolutions and camera views chosen for the experiments apgesented next. We then dis-
cuss how the raycasting rendering pipeline is employed to geerate our experiment images.
Experiment setup, participant selection, and experiment alministration are recorded next.
Finally, we conclude the chapter by discussing the expectedutcomes of our experiments.

3.1 Reconstruction Filter Selection

In the visualization community, two reconstruction Iters have been particularly popular,
both for the CC lattice. Since this thesis investigates the vsual delity of 3D reconstruction
Iters, it is natural to select one of them as the basis of comprison. The rst is the trilinear

25
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Trilinear Interpolation Truth Signal Tricubic Approximat ion

Figure 3.1: Clearly, tricubic approximation exhibits a higher degree of visual delity than
trilinear interpolation when compared to the truth signal.

Iter, which is the tensor product of the 1D hat function. The second is the tricubic B{
spline lter, which is the tensor product of the 1D cubic B{sp line function. Details on these
reconstruction lters can be found in [26]. The former is preferred for its computational
e ciency, whereas the latter is favored for its smoothness ad superior visual quality.

Since achieving high visual delity is a primary motivation behind our research, it was
not di cult to pick between the two popular choices (Figure 3 .1). We chose the CC tricubic
B{spline reconstruction lIter as our basis for comparison, and proceeded to evaluate existing
BCC and FCC lters.

The tricubic Iter yields high quality images in part becaus e it has C? continuity. It is
important that all Iters are at least C? continuous because this enable€?! continuity of
the gradients and thus, normal vectors on isosurfaces. In tis way, the chosen Iters provide
su ciently smooth illumination and rendering [47, 22], whi ch is required for generating
images with high visual delity. Gradient computation is di scussed in Chapter 3.7.

For the BCC lattice, there is only one known reconstruction Iter with C?2 continuity
that provides high quality reconstruction; that Ilter beca me the natural choice for the BCC
lattice. For the FCC lattice, there was no known Iter of C?2 continuity that suits the FCC
lattice structure and yields high quality reconstruction. Therefore, the C3 lter chosen
became the best candidate. The vital statistics of the chose lters are listed in Table 3.1.
More details on the chosen BCC and FCC lters can be found in [Z4, 18].

The approximation power of a reconstruction lter (Table 3. 1, column 4) describes the
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Lattice | Reconstruction Filter Continuity | Approx Power | Support Size
cC Tricubic B{spline c? 4th 64
BCC | Quintic Box Spline c? 4th 32
FCC Nine Directional Box Spline c3 3rd 40

Table 3.1: Column 2: name of reconstruction lIter chosen forthe lattice in column 1.
Columns 3 & 4: continuity and approximation power of the Ite r in column 2. Last column:
size of the lter support expressed as the number of sample gots falling within the support
of the lter.

rate of numerical error decay in the reconstructed signals & sampling resolution tends to in-
nity. The CC and BCC lters can be as good as 4™ order and the FCC lter can be as good
as 39 order in approximation power. However, their best approximation schemes cannot be
attained without pre{ ltering the data|for example, by way  of quasi{interpolation [8, 7, 12].
Without pre{ ltering, Condat et al. has shown that the appro ximation power of a Iter
cannot exceed 2 [7]. This explains why for our chosen ltersthe asymptotic error decay
rates appear to be the same (Chapter 5.2), even though the besase approximation powers
are di erent.

Regardless of how much di erences there are between the chas Iters in terms of
continuity and approximation power, we note that these dierences will be re ected in
the visual delity of images produced using these lIters. Solong as the chosen BCC and
FCC lters possess superior visual delity and have equal or better computational e ciency
compared to the chosen CC tricubic lter, they are worthy of consideration as attractive
alternatives to the traditional choice of tricubic reconstruction on the CC lattice. This thesis
is devoted to comparing the visual delity of the chosen recastruction lters, and rely on
previous and future works to settle questions of computatimal e ciency, which we brie y
discuss below.

To compare the computational e ciency of the three chosen Iters, we look to the sizes
of their supports. From a simplistic view, lters whose support covers fewer sample points
can be deemed more computationally e cient. With this view, the CC Iter covers 64
sample points, the BCC Iter covers 32 sample points, and theFCC Iter covers 40 sample
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points (Table 3.1, last column). Therefore, both the BCC and FCC lters have the po-

tential for signi cantly improved computational e ciency compared to the CC lter. An

implementation of the BCC lIter that is computationally twi ce as fast as the CC lter has
been published in [21]. An e cient implementation of the FCC Iter remains a subject of
future research.

3.2 Signal Selection

Given the one hour time limit of our user study, we chose to inestigate only two signals.
The rst is the Marschner{Lobb function [36]. Hereafter, we refer to this signal as \ML"

(Figure 3.2 a { b). ML is chosen as a representative of visuatiation research, as in that
eld it is commonly used as a benchmark for testing 3D reconstuction algorithms. The

analytical de nition of ML is as follows:

1 sin(z=2)+0:25(1+ (p X2+ y?))
2:5

ML (x;y;z) =

where

(r) =cos(12 cos(r?))

The second signal is a carp as recorded by a CT scan. We focused the back half of
the sh, including the tail n, and refer to this signal as \Fi sh Tail" (Figure 3.2 c¢). Fish
Tail was chosen as a representative for real world datasetsdm the biomedical visualization
domain. The CT scan was made available on the CC lattice at a reolution of 256 256 256.
Because the CT scan is recorded in discrete form, we do not havan analytical description
of Fish Tail.

To approximate the truth signal, we reconstruct the CT scan using the tricubic Iter
described in the preceding section. Therefore to be exact,Rish Tail" refers to the recon-
structed signal obtained from the discretized CT scan. Thisreconstructed truth signal is
used both in the rendering pipeline (Chapter 3.7) and theL, pipeline (Chapter 4.3).

Both ML and Fish Tail exhibit high frequency features along di erent orientations.
Hence within one image, the perceptual e ects of di erent sanpling lattices on a wide range
of frequency contents can be observed.
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(a) ML View 1 (b) ML View 2 (c) Fish Tail

Figure 3.2: The synthetic ML signal as in (a, b) and the real wald Fish Tail signal as in
(c) were investigated in the visual delity experiments. To account for possible bias due to
camera view, ML was presented from both a \straight on" view, or View 1 as in (a), and a
\tilted" view, or View 2 as in (b).

3.3 Experiment Software and Task Description

Towards the goal of comparing the visual delity of the chosen reconstruction lters, partici-
pants were instructed to perform an image matching task. The were shown three images
in the experiment software (Figure 3.3). A \truth" image was displayed at the top, and a
CC image paired with either a BCC or a FCC image was displayed aithe bottom. Each
image was 500 500 pixels in dimension.

The CC sampled image was randomly assigned to be the bottom fieor the bottom right
image, and the BCC or FCC image was placed in the other slot. Pdicipants were asked
to select the bottom image that \most closely resembles thermage above". In other words,
they were instructed to select the bottom image with the bestvisual delity. If participants
could not determine which bottom image more closely resemleld the truth image, they were
asked to make an arbitrary choice. A choice was made by mouselicking within one of the
two bottom images.

During pilot runs of the experiment software, an illusion of motion was sometimes ob-
served when images changed between trials. To eliminate thie ect, blank rectangular
regions were displayed between trials for 0.25 seconds, andshed over the spaces where
the new images were to appear in the experiment software.

The user study took place in two parts: the training phase, ard the main experiment.
The training phase was designed to give the participant pratice with the software and
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Figure 3.3: Screenshot of the software used to perform the iage discrimination task. The
image at the top is the truth image. Images at the bottom consst of a CC image and a
BCC/FCC image. Participant selected the better of the botto m images by mouse{clicking

within the chosen image.
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the image matching task. Image pairs for the training phase pesented a xed sequence of
gradually more di cult choices. As with trials in the main ex periment, each pair contained a

CC and a BCC/FCC image, and participants were not given feedkack about the correctness
of their choices. Training images were taken from the set offhages for the main experiment.

For the BCC vs. CC experiment, 9 images of ML and 4 images of Fis Tail were chosen for

the training session. For the FCC vs. CC experiment, 8 image®f ML and 4 images of Fish

Tail were chosen.

The main experiment consisted of 8 blocks of 24 trials eachpof a total of 192 trials per
participant. Trials alternated between blocks of ML images and blocks of Fish Tail images.
Within each block, images were presented for all chosen sartipg resolutions and camera
views of that signal. Therefore, participants were shown eeh image pair 4 times, with at
least one block of trials between repetitions of the same imge pair. Trials within blocks
were randomized. To help alleviate boredom and maintain foas on the task, participants
were encouraged to rest between blocks if they wished. Eachaticipant took between 30
minutes and an hour to complete the user study.

In case the participant made a choice inadvertently, the exgriment software provided
an \undo" button (Figure 3.3) that would return the particip ant to the previous trial. In
total, 4 participants from the BCC experiment and 5 particip ants from the FCC experiment
used this \undo" feature: 8 of these 9 participants used the undo" feature 1 or 2 times,
while the remaining participant used it 7 times.

3.4 Downsampling Pipeline

To determine the relative sampling resolutions at which BCCand FCC sampled data exhibit
comparable visual delity to CC sampled data, we must be ableto sample the signals under
investigation at various resolutions. Whereas it was posgile to sample directly from the
analytical de nition of ML, it was necessary to reconstruct the Fish Tail dataset before
sampling the reconstructed signal. Towards this end, we chge to use periodic interpolation
followed by downsampling (Chapter 1.2.3), and call the resliing pipeline the downsampling
pipeline.

Using the 256 256 256 CC volume data for Fish Tail as input, the downsampling
pipeline produces CC, BCC, and FCC data of reduced samplingates. In accordance with
the concept of rational downsampling documented in Chapterl.2.3, when downsampling
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the input dataset to CC datasets by a rational factor, we rst upsample by zero padding
in the frequency domain. Next, we downsample in the spatial dmain by throwing away
samples. BCC and FCC downsampled data are created in a simitaway. After the same
zero padding step to upsample on the CC lattice, downsamplig from CC data to BCC or
FCC data in the spatial domain is achieved as described in [0

The choice of our downsampling pipeline resulted in a discigancy in truth reconstruc-
tion for Fish Tail. Whereas in the rendering pipeline (Chapter 3.7) and the L, pipeline
(Chapter 4.3) we use tricubic reconstruction on the Fish Tal truth dataset (Chapter 3.2),
in the downsampling pipeline we use periodic interpolation This discrepancy in truth re-
construction for Fish Tail is discussed in Chapter 6.3.

3.5 Sampling Resolutions

Since the goal of our research is to determine the perceptuaherits of BCC and FCC
sampling relative to CC sampling, a natural choice is to selet a xed CC sampling resolution
and then vary BCC and FCC sampling resolutions to compare theresulting variety of
perceptual e ects. For Fish Tail, we selected two CC resolutons: 140 140 140 and 180
180 180. We denote the corresponding sampled data as CC140 and @80, respectively.
In the rest of this thesis, CCn will denote a CC sampled data that containsn n n
samples.

The ML signal is a ripple{like pattern with an in nite series of concentric rings. The
further a ring is from the center of the ML signal, the higher its frequency content. Tradi-
tionally, only a few rings of ML con ned to the domain of [ 1;1]® were sampled at the
resolution of 40 40 40 on the CC lattice. This sampling resolution is sometimes efered
to as the \critical sampling rate", and is originally propos ed by Marschner and Lobb for
benchmarking 3D reconstruction Iters [36, 19].

However, the domain of [ 1;1]®> was not adequate. That domain captures a limited
number of rings, and it was not possible to show all these ring in an image without also
showing the boundaries of the datasets. As boundaries do nagxist in the analytical ML
de nition, we do not want them to appear in images. Therefore, we chose to sample within
the domain of [ 2;2]® so that the traditionally used domain of [ 1;1]® can be displayed
without boundaries. To maintain the critical sampling rate within the domain of [ 2; 2], we
cast 80 80 80 samples on the CC lattice. This will be denoted as CC80 in th remainder
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Figure 3.4: Each xed CC sampling resolution (in red) is labded as 100% and indicated
by the solid vertical line. An image of each CC sampled data isshown to the left of the
gure. BCC (solid green ovals) and FCC (blue rings) sampled data chosen for the perceptual
experiments are shown with their sampling resolutions as peentages of the corresponding
CC resolution. The perceptual experiments were designed ghat the chosen BCC and FCC
sampling resolutions are more densely distributed around & { 70%|the range of resolutions
around which comparable visual delity is expected betweenCC and BCC/FCC images.

of the thesis.

BCC and FCC sampled data, along with their sampling resolutions relative to the xed
CC sampled data, are listed in Appendix B. The same relative esolutions are plotted in
Figure 3.4 to show the distribution of BCC and FCC sampling resolutions. To keep the
number of trials manageable within the one hour limit of our user study, we did not feature
more sampling resolutions.

3.6 Camera View

Due to the geometric di erences of the CC, BCC, and FCC lattices, the position of the
camera used to create an image can cause signi cant perceple ects. For example, a pair
of CC and BCC sampled data may exhibit comparable visual deity when displayed using an
axis aligned view, but appear di erent from a non{axis aligned view. Therefore, the camera
views were chosen as illustrated in Figure 3.2. For ML, we ingstigate a straight{on view,
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which is typical in biomedical imaging applications, and a tilted view which is commonly
used by visualization researchers. To keep the number of tals manageable within the one
hour limit of our user study, Fish Tail was only featured with a straight{on view.

3.7 Rendering Pipeline and Image Generation

Since our research concerns the visual delity of 3D renderigs, it is important to choose
a rendering pipeline that generates high quality images. Inthe visualization community,
raycasting is well known for producing high quality 3D renderings and so became the natural
choice in our perceptual investigation. A raycaster projets viewing rays from the 2D image
plane to determine the values of the image pixels based on thenderlying 3D volume data.
Further reading on the raycasting concept can be found in Faty et al. [23] and Engel et
al. [17].

In the raycasting pipeline, all CC, BCC, and FCC sampled data were reconstructed
using the three chosen lters described in Chapter 3.1. Once dataset is reconstructed, an
opaque transfer function is applied to extract isosurfacenformation. The chosen isosurfaces
provided an appropriate level of detail for the users to makecomparisons. The isovalues
were chosen so that meaningful isosurfaces with su cient véual information were shown.
Transparent volumetric renditions were avoided, as they waild clutter images with too much
detailed information and make the judgment process unduly dcult. For each of ML and
Fish Tail, the same transfer function was used.

Data reconstruction also enabled the computation of gradiats. Once a dataset has been
reconstructed|that is, once a scalar eld has been reconstructed|the popular central dif-
ferencing estimator [29, 33] was applied to the continuouscalar eld to estimate gradients.
For each of ML and Fish Tail, we used a xed central di erence gep size.

When the step size is large, central di erencing produces amdient eld that has the
same degree of continuity as the underlying scalar eld. Whe the step size approaches zero,
central di erencing produces a gradient eld equal to the analytical derivative of the scalar
eld, which has a continuity of one degree less than that of tre scalar eld. For ML, we
chose a step size for which the subsequently generated truttmages appeared perceptually
identical to the truth images generated using analytical deivatives. For Fish Tail, we chose
a step size proportionate to the ML step size.

Though we cannot prove that the chosen step sizes result in gdient elds that are
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perceptually equivalent to analytical derivatives, we cansay with certainty that all gradient

elds have at least C* continuity. Since the chosen reconstruction lters are all C? or higher
in continuity, the gradient elds computed by central dier encing cannot be less thanC?!
continuous. This satis es the requirement of C! continuity for gradients which enables
su ciently smooth illumination and rendering (Chapter 3.1 ).

After the gradients were computed, Phong illumination [33]was applied with directional
lighting. For each of ML and Fish tail, the same illumination coe cients and lighting setup
were used. Finally, the chosen camera views were applied lmeé the 3D renderings were
projected onto the 2D image plane.

3.8 Experiment Setup

The experiments were conducted in a small room that was genatly insulated from outside
distractions. The room was evenly lit with a uorescent light xture on the ceiling. The light
xture contained two 54 watt uorescent tubes with a white po int of 3500K. Participants
sat on a chair with an adjustable height of 45 { 55cm, and were rfee to adjust the height
of the chair to meet their comfort. The chair was before a deskthat was roughly 73cm
in height, and the participants sat approximately 0.5 meters away from the experiment
software displayed on a BenQ LCD monitor (model no. Q23W3). The monitor screen was
set to a resolution of 1920 1200 pixels at a refresh rate of 60Hz. The experiment softwar
ran within Windows XP on a desktop computer connected to the €reen. The desktop
computer contained a GeForce FX 5900 Ultra graphics card wih 256MB of memory, two
Intel Xeon CPU's at 3.06GHz each, and 4GB of RAM.

3.9 Participant Selection and Experiment Administration

In total we recruited 24 participants: 12 of them compared the visual delity of BCC and CC
images, and 12 of them compared the visual delity of FCC and CC images. No participant
took part in both the BCC and the FCC experiments. All partici pants were graduate
students from the School of Computing Science or the SchoolfdEngineering Science at
Simon Fraser University. Age and gender were not consideretb a ect a person's ability
to detect relative di erences in images, so no attempt was mde to balance these variables
across experiment conditions.
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We required that participants be unfamiliar with the process of sampling and reconstruc-
tion, and not involved in the generation of experiment images. Individuals with expertise
in color science, medical imaging, and computer graphics igeneral were also excluded due
to their potential expertise in perceptual research. Participants were required to have suf-
ciently good eyesight so they can perceive the experimentmages clearly. Eyesight was
evaluated by asking participants to read a short sentence diplayed on the LCD screen on
which the user study was to take place.

To minimize the possibility of in uencing participant choi ces, the experiment admin-
istrators had minimal exposure to, and minimal knowledge ofthe CC/BCC/FCC image
generation process. At the start of the user study, the adminstrators informed the partici-
pants of the nature of the experiment task before having the p@rticipants read and sign a
consent form, a copy of which is included in Appendix A. During the training phase and
the main experiment, the administrators assumed a passiveale, and did not interact with
participants except to record participant comments regardng the image discrimination task.
After the image discrimination task was completed, the admnistrators remunerated each
participant with $15 and collected participant signatures in a receipt book.

3.10 Expected Results

Prior to conducting the perceptual experiments, CC, BCC, ard FCC images were shown to
expert users. By comparing BCC and FCC data of increasing sapling resolutions against
xed CC data, the expert users observed that comparable visal delity for BCC sampled
data occurs at sampling resolutions of around 65% { 70% relate to the CC sampled data.
The same range of 65% { 70% applies to FCC sampled data. Basedhdhe observations of
the expert users, experiment images were chosen and pilot pgriments involving non{expert
users took place. The results from the pilot experiments weg in line with the observations
of the expert users.

Figures 3.5 and 3.6 illustrate ML and Fish Tail signals rendeed at various CC, BCC,
and FCC resolutions, and crudely show that for the signals uwler investigation, BCC/FCC
reconstructed data is comparable in visual delity to CC reconstructed data at sampling
resolutions of around 65 { 70% relative to CC. In these gures we can see that the dis-
crimination process is quite simple for image pairs contaird in the rst and last columns|
the CC images are either clearly better or clearly worse reléve to the truth images shown
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in Figure 3.2 a and c. In contrast, it takes time to see that the image pairs in the middle
columns exhibit comparable visual delity, as explained next.

In the middle column of the Fish Tail gure (Figure 3.6), alth ough the BCC (FCC) image
is clearly di erent from the CC image, it is di cult to tell wh ich image is better relative to
the truth image (Figure 3.2 c¢). Both the BCC and FCC images cafure fewer details along
the backbones than the CC image. In contrast, both the BCC andFCC images capture
more details on the tail n than the CC image. In other words, the BCC and FCC images
exhibit better visual delity than the CC image in some regio ns, and poorer visual delity
in other regions. When these di erence are viewed holisticlly, the image pairs contained in
the middle column are deemed by experts to exhibit comparald visual delity.

Moving onto the middle column of the ML gure (Figure 3.5), le t us start with the BCC
and CC image pair. Unlike the BCC and CC image pairs in the rst and last columns, this
image pair exhibits comparable attributes in terms of thickness of the rings, overall intensity
values, amount of wiggliness along the rings, and shading ects. Therefore, the experts
came to the conclusion that the middle BCC and CC image pair ekibits comparable visual
delity.

The ML FCC and CC image pair in the middle column is more challenging to dis-
criminate primarily because the rings exhibit di erent art efacts. Along the rings, where
the CC image exhibits wiggles, the FCC image contains light ad dark bands. In the left
column, the banding e ects in the FCC image are so bad that they sometimes \melt" the
rings together. In the right column, the bands in the FCC image are so subtle that they
may go unnoticed when compared with the prominent wiggles inthe CC image. Finally,
in the middle image pair, the two types of artefacts are deemé by the experts to cause
comparable amounts of perceptual contamination; it is hardto say whether the bands are
worse or the wiggles are worse relative to the truth image (Fgure 3.2 a).

There is additional evidence why the middle ML FCC and CC image pair exhibits com-
parable visual delity. Unlike the image pairs in the rst an d third columns, the thickness
of each corresponding ring in the middle image pair is approxnately equal. Along with
the foregoing analysis on the comparability of the prominen artefacts along the rings, the
experts concluded that the middle ML FCC and CC image pair exhbits comparable visual
delity.

The same analysis may be repeated for other ML and Fish Tail egeriment image pairs,
which can be found in Figures B.2 to B.5. For most image pairsit is rather simple to decide
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whether the CC images are better or worse relative to the truth images. For a small set
of image pairs, this discrimination process is di cult, and the expert users concluded that
comparable visual delity are exhibited by these image pais. The BCC and FCC images
in these di cult pairs are generated from BCC and FCC sampled data with sampling re-
solutions around 65% { 70% relative to the xed CC sampled da@a. Therefore, sampling
resolutions of around BCC/FCC 65% { 70%]relative to CC| beca me the range of re-
solutions around which comparable visual delity is expected between CC and BCC/FCC
sampled data.

It is important to reiterate that this range of 65 { 70% applie s to sampling and re-
construction. This is not to be confused with the BCC 71% and FCC 77% described in
Chapter 1.4. These latter relative resolutions describe tle performances of BCC and FCC
sampling relative to CC sampling given the assumption of istropic bandlimitedness. As
mentioned in Chapter 1.5, if we had the luxury of ideal recongruction lters and work
with isotropic, bandlimited signals, these sampling resuls could then be extendable toboth
sampling and reconstruction.

However, our chosen lters do not provide ideal reconstructon, and our chosen signals
do not satisfy the isotropic bandlimited assumption. Therefore, it is no surprise that the
sampling results of BCC 71% and FCC 77% could change given odter and signal selection.
The expected range of comparable visual delityBCC and FCC 65 { 70% relative to CC]|
embodies both the above departures from the theoretical angsis.

With the range of 65 { 70% in mind, we continue our discussion a expected results.
During the user experiments, participants were instructedto choose arbitrarily upon seeing
a pair of images that exhibit comparable visual delity. The refore, when such an image pair
was presented repeatedly to the participant at di erent tim es, the participant was expected
to choose each image in the pair as being \better" 50% of the tne. In the user study, each
image pair was presented 4 times. Therefore, given an imageajp that exhibits comparable
visual delity, each image in the pair was expected to be chosn 2 times.

We use \range of visual comparability”, \visual range of comparability”, or simply \vi-
sual range" as shorthand for the range of relative BCC or FCC ampling resolutions that
exhibit comparable visual delity when compared to some xed CC resolution. For both
BCC and FCC sampling, we anticipate that the ranges of visualcomparability are charac-
terized by uncertainty and variability in participant pref erence, peaking near the expected
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resolutions of 65 { 70%. In addition, we expect that as the BCCand FCC sampling reso-
lutions decrease, the xed CC image would become increasityg preferred, whereas when
the BCC and FCC resolutions increase, the xed CC image wouldbe chosen less and less
often.
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BCC 41% BCC 69% BCC 102%
CC80 = 100% CC 100% CC 100%
FCC 43% FCC 67% FCC 104%

Figure 3.5: Images of ML sampled data. Sampling resolutiongre shown relative to the
xed CC resolution, which is labeled as 100%. The CC image is dplicated three times for
ease of comparison. The images o er con rming evidence thaBCC and FCC 65 { 70%
(relative to CC) is where comparable visual delity occurs for ML (compare the middle
columns to the other columns). Note that the diagonal asymméry in the ML images is due
to the lighting direction; if the lighting direction were st raight{on, the two diagonals would

appear symmetric.
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BCC 48% BCC 69% BCC 100%
CC140 = 100% CC 100% CC 100%
FCC 48% FCC 67% FCC 99%

Figure 3.6: Images of Fish Tail sampled data. Sampling resations are shown relative to
the xed CC resolution, which is labeled as 100%. The CC images duplicated three times
for ease of comparison. The images o er con rming evidenceltat BCC and FCC 65 { 70%
(relative to CC) is where comparable visual delity occurs for Fish Tail (compare the middle

columns to the other columns).



Chapter 4

Results and Discussion

In this chapter, we rst present quantitative results from t he visual delity experiments.
From the record of participant choices for the image discrinination task, we decipher ranges
of visual comparability for BCC and FCC sampled data relative to CC sampled data. User
response times are then reported for a number of experimentonditions. We go on to
describe the qualitative aspects of the study|the criteria that participants employed in
forming their perceptual judgments. Finally, given our selection of reconstruction lters, we
report the strong connection betweenL, errors and visual delity for both ML and Fish
Tail sampled data.

4.1 Quantitative

4.1.1 BCC and FCC Image Preference

We processed the image preference data of all 24 participasitand classi ed them accord-
ing to sampling lattice, signal, CC resolution, and camera vew. The preference data are
enumerated in Appendix C. Aggregate plots are created to shw our user data analysis (Fig-
ure 4.1 a { e). Each plot in Figure 4.1 reports user preferencelata for either BCC or FCC
images, and incorporates all 12 users who participated in ta BCC or FCC experiment.
Mean user preferences for BCC and FCC images are plotted witl0% bias{corrected and
accelerated (BCa) bootstrapped con dence intervals [16].A higher level of con dence was
not employed due to the small number of samples|each con dence interval is based on a
mere 12 samples from the 12 users patrticipating in the BCC or EC experiment.

42
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Bootstrap methods can be used to accurately estimate stattics of interest by repeatedly
sampling, at random and with replacement, from observed daa. An important characteristic
of bootstrap methods is that they do not require an assumptimmn about the underlying
distribution of the statistic. For the chosen BCa bootstrap method, con dence intervals for
image preference data are calculated using; 800 bootstrap data samples for each BCC and
FCC experiment image.

The popular student{t method of computing con dence interv als is not employed here
because its assumption of an underlying population with nomal distribution cannot be
justi ed for all data points. Based on prior knowledge, we can argue convincingly that some
experiment images will not lead to image preference data thiaare normal in distribution.
To do so, let us rst examine the possible values of mean imagpreference.

Mean image preference|the average number of times that a BCC (FCC) image is se-
lected as being \better" across the participants|is a numbe r between 0 and 4. When the
BCC (FCC) sampling resolutions are su ciently low, the xed CC image is clearly better
(Figures 3.5 and 3.6, column 1). Therefore, the expected meeimage preference for the BCC
(FCC) images rendered from low resolution sampled data is O lps epsilon, which accounts
for occasional mental lapses when participants are engaged the image discrimination pro-
cess. Similarly, given su ciently high BCC (FCC) sampling r esolutions (Figures 3.5 and 3.6,
column 3), the expected mean image preference is 4 minus efusi.

At the aforementioned two extremes, highly skewed and neayl one{tailed distributions
in image preference are expected. Contrast this with a normladistribution which is sym-
metrically two{tailed. Expectations at these two extremes are con rmed by observed image
preference data (Figure 4.1 and Tables C.1 to C.4). Con dene interval computations that
assume an underlying population of normal distribution|su ch as the student{t method|
are clearly not applicable to image preference data near thee two extremes. To maintain
consistency in con dence interval computations across thedata points, normal distribution
based methods also cannot be used on the image preference adietween the extremes.

Furthermore, by examining the histograms of participant preferences for each BCC/FCC
image, no clear parametric distributions were observed. Een if the underlying populations
have parametric distributions, the small number of preferance samples collected for each
BCC (FCC) image|12|is too small to have reliably captured th e underlying parametric
distributions. This precluded the use of parametric con dence intervals, and we therefore
report the non{parametric BCa con dence intervals and use them in the following analysis.
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Since each experiment image is generated from a dataset with certain sampling reso-
lution, user preference can be equivalently viewed in term®f sampling resolutions. When
the user preference con dence interval for a particular BCCor FCC sampling resolution
crosses, or touches, the 50% user preference line, we say tl@mparable visual delity
occurs at that particular BCC or FCC resolution relative to t he xed CC resolution. For
the purposes of user data analysis, we further de ne the rang of visual comparability as
all relative sampling resolutions falling between the two \isually incomparable resolutions
immediately before (after) the rst (last) visually compar able resolutions.

The results for ML View 1 and View 2 are shown in Figure 4.1 a { c. The results for
Fish Tail CC140 and CC180 are shown in Figure 4.1 d { e. These pis show a general trend
of increasing participant preference for both BCC and FCC dda with respect to increasing
sampling resolution. The results also show that variability in participant preference, as
measured by the con dence intervals, increases as relativeampling resolutions approach
the range of visual comparability. These are in excellent ageement with expectations.

The ranges of visual comparability are delineated by verti@al dotted lines in each plot in
Figure 4.1, and summarized in Figure 4.3. As Figure 4.3 showghe visual ranges are gen-
erally 10 { 15% in width, which is quite narrow considering the small amount of participant
preference data collected. Averaging the midpoints of thes visual ranges, we get 68% for
BCC, and 65% for FCC images. These midpoints are within the epectation of 65 { 70%
discussed in Chapter 3.10.

As discussed above, the plots for both ML View 1 and ML View 2 eRibit a general
upward trend. However, the BCC curve for ML View 2 (Figure 4.1 a) exhibits one unex-
pected feature: a sharp \dip" in preference around BCC 65%. Te dip is not statistically
signi cant because the large con dence intervals around tte dip still allow us to t a mono-
tonically increasing user preference curve. However, an westigation of the corresponding
BCC images of ML revealed a wave interference pattern that igparticularly pronounced at
the sampling resolution at which the dip occurred.

As can be seen in the top row in Figure B.3, the image for BCC 65%contains two
blurry spots near the left and right boundaries of the image. Images for BCC 62% and
BCC 69% both do not have these blurry spots. On the other hand,BCC 55% has these
blurry spots, and BCC 41% again does not. These images providconvincing evidence that
the blurry spots are artefacts due to destructive wave inteference, which is a particular
type of aliasing.
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BCC FCC

(a) ML View 1, CC80

(b) ML View 2, CC80

(c) ML Combined Views, CC80

(d) Fish Tail, CC140

(e) Fish Tail, CC180

Figure 4.1: Mean image preference. Each plot is calculateddm choices made by all 12
participants for either the BCC or FCC experiment. The verti cal axis shows the average
number of choices made in favor of BCC/FCC images at the relaitve sampling resolutions
indicated by the horizontal axis. Vertical error bars represent a 90% BCa con dence interval
about the mean. The ranges of visual comparability are delieated with vertical dotted lines,
and labeled near the top of each plot.
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This \dip" problem motivated us to examine other dips in the plots in Figure 4.1.
Smaller dips occur at around FCC 67% for ML View 1 and BCC 72% fo Fish Tail
CC180 (Figure 4.1 a, e). However, by observing the correspaling experiment images
(Figures B.2 and B.5), it is not clear why these dips occurred A more advanced evaluation
of these \dips" as part of a more detailed user study could be &asis for future work.

Another discrepancy was observed with regards to camera we. For ML BCC sampled
data, the ranges of visual comparability are 65% { 84% for ML Mew 1 and 55% { 72% for
ML View 2. For ML FCC sampled data, the ranges of visual compagbility are 58% { 71%
for ML View 1 as well as ML View 2 (Figure 4.1 a { b). The visual ranges for the two
views do not appear to coincide for the BCC lattice, but coindde very well for the FCC
lattice. This indicates that camera views may have an e ect a the perceived visual delity
of images, but also opens the possibility that some latticesare more robust visually under
di erent camera views. Further work is required to fully explore the signi cance of this
disparity.

4.1.2 User Response Times

Each participant took between 30 minutes to an hour to complee the user study (Chap-
ter 3.3), with the average completion time being approximakly 35 minutes. This includes
the time that it took the participants to become informed of t he nature of the experiment
task, to sign a consent form, to complete the training phaseand then the main experiment.

For the main experiment, the average completion time is aromd 27 minutes. Average
user response times for various experiment conditions areeported in Table 4.1. Standard
deviations in user response are recorded in parentheses. Alse last column of Table 4.1
shows, for ML images across both the BCC and FCC experimentspn average it takes a
user 6.9 seconds to discriminate an image pair, with a standd deviation of 8.0 seconds.
For Fish Tail images across both experiments, on average itakes a user 9.8 seconds to
discriminate an image pair, with a standard deviation of 112 seconds. For all experiment
image pairs across both experiments, the average discrimation time is 8.4 seconds, with a
standard deviation of 9.8 seconds.

These rather large standard deviations can be explained byhe experiment task. Recall
that images of sampled data with varying BCC (FCC) resolutions are compared to xed CC
images (Figure 3.4 and Figures B.2 to B.5). On the one hand, wéan comparing a low (high)
resolution BCC (FCC) dataset to a xed CC dataset, the CC image is clearly better (worse)
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Experiment Condition BCC vs. CC | FCC vs. CC | Both Experiments
ML View 1 7.4 (8.4) 7.0 (8.1) 7.2 (8.3)

ML View 2 7.1 (8.2) 6.2 (6.9) 6.6 (7.6)

ML View 1 + 2 7.3 (8.3) 6.6 (7.5) 6.9 (8.0)
Fish Tail CC140 8.1 (8.7) 10.7 (13.8) 9.4 (11.6)
Fish Tail CC180 8.2 (8.1) 12.3 (12.7) 10.3 (10.9)
Fish Tail CC140 + CC180 8.2 (8.4) 11.5 (13.3) 9.8 (11.2)
ML + Fish Tail 7.7 (8.4) 9.1 (11.1) 8.4 (9.8)

Table 4.1: Column 1 and row 1: experiment conditions. Column2: user response data
from the BCC vs. CC experiment. Column 3: user response datarém the FCC vs. CC
experiment. Last Column: combined user response data from dth the BCC and FCC
experiments. Each entry in the table denotes the average tira|in seconds|that a user
spends discriminating an image pair under the correspondig experiment conditions. The
standard deviation of user response timesj|also in seconds| are reported in parentheses.

and so little time is needed to complete the discrimination pocess (Figures 3.5 and 3.6,
columns 1 and 3). On the other hand, when comparing CC and BCC FCC) images that
are perceptually di erent but which exhibit comparable vis ual delity, considerably more
time is needed to complete the discrimination process (Figres 3.5 and 3.6, middle columns).

4.2 Qualitative

During the user study, participants were encouraged to disass the criteria they used to
discriminate between images. Participants commented on a umber of aspects of the dis-
crimination task, none of which were unique to a speci c lattice. The variable criteria used,
and comments made by participants highlight the complexity of the image discrimination
task.

For both ML and Fish Tail, some participants used di erencesin color and shading e ects
to help discriminate images. While examining the ML images,participants remarked that
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curvature, symmetry, and the degree of distortion along edgs to be important characteristics
for making comparisons. Speci c to the Fish Tail images, paticipants reported focusing on
the ribs of the sh and evaluating their connectivity and thi ckness compared to the truth
image. In addition, participants commented that the shape d the larger, lower segment of
the sh's tail provided a useful criterion.

Some participants reported using a static set of criteria fo quality, while others observed
that their criteria changed during the user study. Several participants noted that the task
could be di cult in some cases: sometimes the two images werelearly di erent, but neither
image was \better" than the other. The majority of participa nts also remarked that the
discrimination task caused less mental fatigue when Fish Té&images were presented. This
last feedback is understandable for two reasons. First, thesh bones under comparison
occupy less pixels in total than the ML signal, which decreass the visual area to search
and reduces cognitive e orts. Second, compared to ML, Fish @il contains more prominent
landmarks]in the form of bones rendered on a homogeneous bakground|and ease visual
comparison e orts by increasing target nding accuracy.

4.3 L, Errors and Visual Fidelity

To complement the perceptual study results, we should idedy devise a metric that ac-

curately predicts the perceptual merits of CC, BCC, and FCC sampling and reconstruc-

tion. As mentioned in Chapter 2, existing visual di erence predictors such as proposed
by [37, 24, 10, 34] are not applicable for two important reasos. First, these metrics mea-
sure the degree of visual similarity, not the degree of visuecomparability. Some experiment

image pairs are clearly dissimilar in di erent regions, but overall exhibit comparable visual

delity. Second, these existing metrics apply to 2D images,and do not account for the

complex e ects due to 3D sampling and reconstruction, whichinclude the use of di erent

sampling lattices and di erent reconstruction lters, and the ensuing projection from 3D

space to the 2D image plane.

Fortunately, we discovered that a common 3D metric|the L, error metriclmay serve
our desire to connect numerics to visual delity. Given our chosen Iters, we have discovered
an apparent connection betweerl ; error comparability and visual comparability. We hasten
to point out that in accordance with Mitchell and Netravali [ 40], given an arbitrary selection
of reconstruction lters, L, errors are in general not well related to visual e ects|it wa s
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a coincidence thatL, errors relate well to visual delity given our particular se lection of
reconstruction lters. Below, we de ne the L error and explain howL , errors are computed
for the sampled data investigated.

Given functions f1;f, : R" ! R, the L, error between the two functions, or signals is:

S

-
Z

La(f1;f2) = . (fa(x) fa(x))?dx

Relating to the visual delity experiments, f; refers to the reconstructed signal from a
sampled data, andf , refers to its corresponding truth signal. We use L, error of a sampled
data" as a shorthand for the L, error of the signal reconstructed from a sampled data and
its corresponding truth signal.

Computing the L, error of a 3D sampled dataset involves reconstruction follered by
integration of 3D functions. Analytic integration is compl icated in this case, and typical
deterministic quadrature rules are computationally expersive. Therefore, we use a stochastic
approach by Monte{Carlo integration. We base eachL, computation on 10,000 points
randomly positioned within the support of the dataset accoring to a uniform probability
density function. Since 10,000 is well above the sample sizaf 30 required by the Central
Limit Theorem [13], we know that by repeating computations involving 10,000 samples, the
means of these computations will have a normal distribution Con dence intervals can then
be determined for these means based on the normal distribudin.

Twenty of these L, computations were evaluated for each dataset. We chose to plerm
twenty trials of 10,000 points each for computational consilerations|that is, so that the
computations will complete in a reasonable amount of time. The meanL, error across
the twenty computations are plotted against BCC or FCC sampling resolution for each CC
sampling resolution under study (Figure 4.2). The horizontal lines in the plots denote the
L, errors recorded for the xed CC sampled data, whereas the fding curves denote the
L. errors recorded for BCC/FCC data of various sampling resoltions. A 95% con dence
interval|based on the aforementioned normal distribution |is overlaid on each data point
to show the variability of the Monte{Carlo results. Each mean L error, along with its 95%
con dence interval, can be viewed as an accurate approximaon to the true L, error.

For a pair of CC and BCC/FCC sampled data, we say they are \numerically com-
parable" if they have computed L, errors whose con dence intervals overlap. We use the
terms \range of numerical comparability”, \numerical rang e of comparability”, or simply
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\numerical range" to refer to the range of relative BCC/FCC s ampling resolutions that are
numerically comparable to some xed CC resolution.

To be consistent with the de nition of \visual ranges of comparability" (Chapter 4.1.1),
the range of numerical comparability is de ned to be all relative sampling resolutions falling
between the two numerically incomparable resolutions immdiately before (after) the rst
(last) numerically comparable resolutions. In this thesis the Monte{Carlo computations
for L, errors, the ensuing con dence interval computations, and he nal determination of
numerical ranges of comparability are refered to as thd_, pipeline.

The L, numerical ranges are summarized in Figure 4.3 along with thie corresponding
visual ranges. As Figure 4.3 shows, there is signi cant oveapping between the numeri-
cal ranges and their corresponding visual ranges, con rmig a strong connection between
numerical ranges and visual ranges given our selection of censtruction Iters. Therefore,
L, numerical ranges seem like a strong candidate to gauge vislenges of comparability
between CC and BCC/FCC sampled data, and are employed in the Bxt chapter to help
measure the confounding perceptual e ects due to two source choice of sampling reso-
lutions, and signal selection.
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ML BCC vs. CC80 ML FCC vs. CC80
Fish Tail BCC vs. CC140 Fish Tail FCC vs. CC140
Fish Tail BCC vs. CC180 Fish Tail FCC vs. CC180

Figure 4.2: L, errors of CC, BCC, and FCC sampled data. 95% con dence interals are
plotted as vertical error bars. The horizontal lines denotethe L, errors of the xed CC
sampled data. The falling curves denote thel , errors of BCC/FCC data whose sampling
resolutions are recorded on the x{axis. Ranges of numericatomparability are delineated
with vertical dotted lines and labeled near the top of each pbt.
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Figure 4.3: BCC/FCC visual and numerical ranges of comparaliity for experiment con-
ditions illustrated on the left part of the gure. There is si gni cant overlapping between
corresponding visual and numerical ranges. Further, all vsual and numerical ranges do not
deviate far from the expected 65 { 70% shown in gray dotted vetical lines.



Chapter 5

Secondary E ects Examined

In this chapter, we examine three likely sources of confouridg e ects: the downsampling
pipeline, choice of sampling resolutions, and signal selgon. In all three cases, confounding
e ects appear small relative to the perceptual superiority of BCC and FCC sampling and
reconstruction.

5.1 E ect due to Downsampling Pipeline

As discussed in Chapter 3.4, we make use of a downsampling @line for Fish Tail, rather
than directly sampling the real world signal underlying the Fish Tail truth dataset. Since
the title of this thesis implies that our results apply to dir ect sampling, in this section we
examine the numerical and perceptual e ects of using downsapling rather than direct
sampling.

Because the ML signal is analytical, it can be subjected to diect sampling as well as
the downsampling pipeline. If the downsampling pipeline wee not a source of confounding
e ects, we would expect the ranges of numerical comparabity as computed in Chapter 4.3
to be the same, with or without using the downsampling pipelne. As reported below,
with or without using the downsampling pipeline, the L, pipeline computes nearly identical
numerical ranges for ML when the downsampling ratios corregond to the downsampling
ratios for Fish Tail. This provides evidence that the downsampling pipeline, when used for
Fish Tail within our perceptual study, does not confound the numerical ranges computed
by the L, pipeline.

The downsampling pipeline requires a truth dataset as input To decide on the resolution
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ML Direct Sampling | Downsampling
BCC vs. CC70| 64{73% (69%) | 69{73% (71%)
FCC vs. CC70 | 64{75% (67%) | 64{75% (69%)
BCC vs. CC80 | 69{72% (71%) | 69{72% (71%)
FCC vs. CC80 | 67{76% (71%) | 67{71% (70%)
BCC vs. CC90 | 69{72% (70%) | 69{72% (71%)
FCC vs. CC90 | 69{73% (71%) | 69{73% (70%)
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Table 5.1: Ranges of numerical comparability for ML, with and without employing the
downsampling pipeline. Parentheses denote estimated pdis of numerical comparability.

of the truth dataset for ML, we look to the CC downsampling ratios of Fish Tail. For Fish
Tail, we downsampled from CC256 to CC140 and CC180. To mainten similar downsamp-
ling ratios as Fish Tail, and to stay close to the resolutionsof directly sampled ML data
investigated in the visual delity experiments, we chose CCL28 as the truth resolution for
ML, and downsampled to CC70, CC80, and CC90. For each downsapted CC resolution,
we also produced a range of corresponding BCC and FCC downsaied data.

The results from the L, pipeline are summarized in Table 5.1. As can be seen, the
numerical ranges, as well as the estimated points of numera comparability are nearly
identical, with or without using the downsampling pipeline. As a follow{up to the L,
results, we compared ML images rendered from downsampled tiaagainst images rendered
from directly sampled data. Given such a pair of images, pereptual di erences appear
negligible (Figure 5.1). This suggests that the perceptuale ect due to the downsampling
pipeline is negligible.

5.2 E ect due to Sampling Resolutions

In our visual delity experiments, we investigated the perceptual performances of BCC and
FCC sampled data against a few xed CC sampling resolutions.The choice of CC sampling
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ML Truth Signal ML CC128 Directly Sampled

ML CCB80 Directly Sampled ML CC80 Downsampled

Figure 5.1: Top left: ML truth signal. Top right: ML CC128. Bo ttom left: ML CC80.

Bottom right: ML CC80, downsampled from CC128. CC128 and CC® are sampled directly
from the ML truth signal. As can be seen, the two CC80 images orthe bottom row appear
to be nearly identical. This suggests that the perceptual eect due to the downsampling

pipeline is negligible.
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resolutions may have been a source of confounding e ects. Ithis section we make use of
the connection betweenl » errors and visual delity as reported in Chapter 4.3 to conjecture
the relative perceptual behavior of CC, BCC, and FCC sampleddata across a broad range
of CC sampling resolutions.

We start by evaluating the L, errors of a broad range of sampling resolutions of the
ML and Fish Tail signals. For both signals, we evaluated CC resolutions that range from
80 80 80 samplesto 180 180 180 samples. We also evaluated BCC and FCC resolutions
that range from approximately 0:7 80 80 80 samplesto @/ 180 180 180 samples.
These broad ranges of resolutions encompass the ranges ofeotutions under study in the
visual delity experiments.

The meanL errors for sampled data are plotted against increasing sammg resolutions
for each signal (Figure 5.2, left column). Sampling resolubn is expressed as the number
of samples contained in a sampled dataset. As in Chapter 4.3 95% con dence interval is
computed for eachL , data point to account for the stochastic nature of the L, computations.
However, the con dence intervals are not shown because thegre narrower than the stars
used to plot the meanL , data points. The L, curves plotted describe thelL , error behaviors
of their corresponding reconstruction lters.

For every pair of reconstruction lters, the relative ratio s of the number of samples
required to achieve the samel, errors are plotted in Figure 5.2, middle column. Across
the aforementioned ranges of sampling resolutions, we obse that the ratios between the
error curves of any two reconstruction lters are roughly constant. Consequently, a constant
ratio is estimated for each pair of L, curves by averaging the values of the data points in
the corresponding ratio curve.

In particular, the BCC to CC error ratio and the FCC to CC error ratio are approx-
imately 0.70 (or 70%) for ML and 0.72 (or 72%) for Fish Tail. These average ratios can
be regarded as the average midpoints for BCC and FCC numeridaanges of comparability.
Guided by the connection betweenL , errors and visual delity (Chapter 4.3), we conjecture
that BCC/FCC visual ranges of comparability will also have midpoints that stay close to
70% for ML and Fish Tail across the broad range of CC, BCC, and EC sampling resolutions
investigated.

We are now in a position to discuss the claim from Chapter 3.1 hat the three chosen

Iters appear to have the same asymptotic error decay rate. Gudely speaking, asymptotic
error decay rates can be determined by the slopes of thie, error curves. In Figure 5.2, right
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ML.: error curves ML.: ratios of curves ML: registered curves

Fish Tail: error curves Fish Tail: ratios of curves Fish Tail: registered curves

Figure 5.2: First column: L, errors of a wide range of CC, BCC, and FCC sampling
resolutions. Second column: ratios of each pair of error cwes in the rst column. Last
column: plots in the rst column scaled horizontally by constant ratios computed from the
second column.

column, the constant error ratios are used to register the oiginal error curves. The constant
scaling does not a ect the computation of error decay ratesand the near perfect overlapping
of curves in the third column demonstrates that the rates of eror decay for the three lters
are nearly the same everywhere across the broad range of réstions investigated.

To summarize, the important result in this section is the conjectured perceptual per-
formances of BCC and FCC sampled data given varying CC sampfig resolutions. For
both ML and Fish Tail, across a wide range of CC, BCC, and FCC sanpling resolutions,
visual ranges of comparability for BCC and FCC sampled data ae conjectured to center
around sampling resolutions of 70% relative to CC sampled da. This conjecture is rather
in agreement with the expected visual range of 65% { 70% conmed by our perceptual

study.
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5.3 E ect due to Signal Selection

Due to the limited time frame a orded by a user study, we were aly able to investigate two
signals|ML and Fish Tail. It is then natural to question how w ell the perceptual results
of our study might extend to other signals. In this section, we conjecture the perceptual
performances of CC, BCC, and FCC sampled data for a number of @ditional real world
signals based on numerical test results.

Following the downsampling con guration of Fish Tail, we performed L, numerical
comparability tests for the Skull, Aneurism, and Foot, which are frequently used by re-
searchers in the biomedical visualization community. As Tdle 5.2 demonstrates, it takes
the BCC and FCC lattices roughly 20 { 30% fewer samples to acléve numerical compara-
bility with the CC lattice.

Guided by the connection between numerical comparability aad visual comparability as
documented in Chapter 4.3, we conjecture that for these addional signals, BCC and FCC
lattices save roughly 20 - 30% in samples relative to the CC ltice in achieving comparable
visual delity. Though this conjectured savings is slightly lower than the 30 { 35% saving
in samples reported by our perceptual study, it nonetheless ers evidence that the BCC
and FCC lattices are signi cantly superior perceptually compared to the CC lattice.



CHAPTER 5. SECONDARY EFFECTS EXAMINED

Signal | Truth Res | Downsampled Res| Numerical Range
Fish Tail CC256 CC140 vs BCC 67{73% (71%)
CC140 vs FCC 67{75% (70%)
CC180 vs BCC 69{74% (72%)
CC180 vs FCC 69{75% (71%)
Skull CC256 CC140 vs BCC TL{77% (74%)
CC140 vs FCC 69{75% (73%)
CC180 vs BCC T74{77% (76%)
CC180 vs FCC 73{77% (75%)
Aneurism | CC256 CC140 vs BCC 71{84% (79%)
CC140 vs FCC 69{86% (79%)
CC180 vs BCC 70{86% (81%)
CC180 vs FCC 75{89% (82%)
Foot CC256 CC140 vs BCC 75{82% (79%)
CC140 vs FCC 72{80% (76%)
CC180 vs BCC 79{83% (80%)
CC180 vs FCC 75{79% (78%)
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Table 5.2: Ranges of numerical comparability for di erent signals (column one) under the
same downsampling con guration (second, third columns). The last column shows ranges of
numerical comparability, with estimated points of numerical comparability in parentheses.
Numerical ranges for Fish Tail are presented as basis for coparison. The Skull, Aneurism,
and Foot datasets along with their thumbnail images are taken from the public repository
www.volvis.org. The source of each dataset is recorded in # Acknowledgments section on
page Vi.



Chapter 6

Caveats

While our perceptual experiments provide convincing evidace for the visual superiority of
BCC/FCC sampling and reconstruction, there are a number of ssues in the experiment
setup and data analysis that may temper the strength of our caclusions.

First, we describe two camera issues for ML sampled data. Nexwe discuss a discrep-
ancy in truth reconstruction for Fish Tail: while the Fish Ta il truth dataset was recon-
structed by periodic interpolation when passing through the downsampling pipeline, it un-
dergoes tricubic reconstruction both for the perceptual eperiments and in the L, pipeline.
Then, we report errors in scaling factor computations for Fsh Tail sampled data. After
that, we consider the discretization of the FCC reconstrucion lter. Finally, we discuss the
pros and cons of not removing a potential outlier from the andysis of user preference data.

6.1 Camera Rotation for ML BCC Images

ML is an arti cial signal designed to highlight reconstruct ion artefacts [36]. For ML sampled
data, reconstruction artefacts are so pronounced that theydeserve special consideration.
To ensure that this extra accentuation of artefacts does notconfound our perceptual study
results, we must ensure that similar artefacts are illuminged similarly.

When viewing ML images, we observed that CC and BCC sampled da exhibit similar
artefacts along di erent directions. The directionalitie s of the artefacts di er by 45 degrees
on the two lattices along the x{y plane. This presented a prodem if we were to hold lighting
xed for the two lattices: similar artefacts along di erent directions would be illuminated
di erently.
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Fortunately, due to the symmetry of ML, this confounding e e ct can be canceled by a
45 degree camera rotation along the x{y plane of ML (Figure 61). The camera rotation
aligns the directional artefacts, so that similar artefacts become illuminated similarly under
the same lighting speci cation. No camera rotation was necssary for FCC sampled ML
data, because the FCC artefacts are signi cantly di erent from the CC and BCC artefacts
(Figure 3.5 on page 40).

6.2 Camera View Discrepancy between ML Images

The following observations were true of the camera views foexperiment images. The ML
truth images were properly aligned with the ML FCC images. The ML CC images were
properly aligned with the ML BCC images. However, ML truth and FCC images were not
properly aligned with the ML CC and BCC images.

After the user studies completed, this discrepancy was obseed. We then faced the
question of whether the experiments needed to be re{done. Reating the experiments was
not deemed necessary, because the camera view discrepanegms to have little e ect on
the image discrimination task.

In Figure 6.2, we reproduce ML CC and FCC experiment images asvell as ML FCC
images with a corrected camera view. The same exercise is regted for ML CC and truth
images in Figure 6.3. As can be seen, with or without the camexr discrepancy, perceptually
the truth and FCC images do not look much di erent.

In this thesis, other than Figures 6.2 and 6.3 as just discussd, Figures 2.1, 3.1 and 5.1
have incorporated the illustrated camera corrections. Ths is deemed acceptable because
these gures illustrate concepts that do not require the useof experiment images. All other
gures involving ML images directly relate to the perceptual experiments, and therefore
stay true to the experiment images.

6.3 Discrepancy in Truth Reconstruction

In this thesis, there is a discrepancy in truth reconstruction for Fish Tail. On the one hand,
the downsampling pipeline makes use of periodic interpolabn (Chapter 3.4). On the other
hand, the raycasting pipeline andL , pipeline reconstruct the Fish Tail truth using tricubic

reconstruction (Chapter 3.2). Though this discrepancy in truth reconstruction may seem
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No Rotation: BCC 55% 69% 93%
CC80 = 100% 100% 100%
With Rotation: BCC 55% 69% 93%

Figure 6.1: Top row: without rotating the camera. Bottom row : camera rotated 45 degrees
along the x{y plane of ML. The directionality of reconstruct ion artefacts di er on CC and
BCC lattices by 45 degrees along the x{y plane. Without a camea adjustment, the same
lighting would illuminate similar artefacts located along di erent directions di erently.
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FCC 67% CC80 = 100% FCC: Camera Corrected

Figure 6.2: Left/middle columns: ML FCC and CC experiment images, respectively. Right
column: FCC images with a corrected camera view. The corredbn consists of a small
translation of the camera together with a slightly bigger zoom. The same FCC sampled
data is used to generate all four FCC images above. With or witout camera correction,

the FCC images do not look much di erent.
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Truth Signal CC80 = 100% Truth: Camera Corrected

Figure 6.3: Left/middle columns: ML truth and CC experiment images, respectively. Right
column: truth images with a corrected camera view. The corretion consists of a small
translation of the camera together with a slightly bigger zoom. With or without camera
correction, the truth images do not look much di erent.
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ominous at rst glance, a good argument can be made that it dos not play a role either in
the image discrimination task nor in the relative behavior of L, errors.

The image discrimination task in essence asks the participats to gauge the relative
perceptual distance between non{truth images and truth images. The truth dataset for
Fish Tail contains 256° samples, whereas the densest sampled data investigated ¢aims less
than 38% of the samples in the truth dataset. This is strong ewdence that the perceptual
distances between experiment images and the truth image arkarge, and these perceptual
di erences can be seen in Figures B.1, B.4 and B.5. In compason, the perceptual distance
between a truth image that uses tricubic reconstruction and another that uses periodic
interpolation is believed to be small, and is not believed tohave a confounding e ect on
user choices. The same line of reasoning applies to, error computations which measure
the numerical distances|rather than perceptual distances |between the truth dataset and
sampled datasets.

6.4 Scaling Errors in Fish Tail Sampled Data

After the perceptual experiments, we discovered two bugs inthe computation of scaling
factors for Fish Tail sampled data. The two bugs were both of he o {by{one variety, and
nearly canceled each other out. As a result, the scaling facts were found to be o by
less than 1% in each dimension of the sampled datasets. Unékthe visible camera view
discrepancy between ML FCC and CC images (Chapter 6.2), the prceptual e ect due to
these tiny scaling errors seems non{existent (Figure 6.4).

However, even small scaling errors causke, computations to become highly inaccurate,
as scaling errors cause sampled data to become mis{regisésr with the truth signal. To
ensure that our revised scaling computation is in fact corret, we performed two tests as
documented below.

Because the Fish Tail truth dataset contains 256 256 256 samples, downsampling it
to dyadic resolutions is equivalent to keeping a subset of th original samples. That means
downsampling to CC128, BCC128, FCC64 and so on will result indatasets that contain
exact sample values. The scaling factor for these dyadic dasets is correct if and only if the
absolute numerical error at every sample point is zero. Thigs in fact the case and provides
evidence that the revised scaling computation is indeed coect.

To further verify the revised scaling computation for non{dyadic sampling resolutions,
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Figure 6.4: Left: experiment image of a Fish Tail FCC dataset Right: an image of the
same dataset but with corrected scaling. Because the scalinerror is so tiny, the two images
appear identical.

we perturbed the revised scaling factors by epsilon and obseed the resulting L, errors.
We know that when expressed as a function of scaling error, AL, error is minimized when
the scaling error is O|that is, when a sampled data is properly registered with the truth
signal. Indeed, multiple trials involving various epsilons con rm that the revised scaling
computation is in fact correct.

In this thesis, all gures involving Fish Tail sampled data contain the aforementioned
scaling errors with the exception of Figure 6.4, right image On the other hand, all L,
computations in this thesis were performed with the correctscaling factors.

6.5 Discretization of FCC Reconstruction Filter

For the CC tricubic B{spline and the BCC quintic box spline | ters employed in the visual
delity experiments (Chapter 3.1), their piecewise polynomial representations in the spa-
tial domain are known [11, 21]. The piecewise polynomial remsentations of the CC and
BCC lters are used directly to achieve convolution based reonstruction for the raycasting
pipeline in the spatial domain. However for the FCC nine directional box spline lter, only
its frequency domain representation is known [18].

To adopt the FCC lter into the spatial domain reconstructio n framework of the ray-
casting pipeline, we look to the frequency domain. The Fourr transform of the FCC lIter
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is known to be a product of sinc functions [18]. We sampled ths Fourier transform at
high resolution and then applied the inverse discrete Fourer transform. We end up with a
discretized lIter in the spatial domain. To reconstruct the high resolution discretized lter

in the spatial domain, we made use of nearest neighbor intemgation. Nearest neighbor
interpolation was deemed acceptable given the high resolidn of the discretized FCC lter,

as discussed next.

The FCC lter is discretized at a resolution of 301 301 301 samples. Ad{hoc vi-
sual testing was done to ensure that higher levels of discreation do not provide further
improvements in visual delity. Further, numerical testin g was performed to ensure that
errors due to discretization are small relative toL, errors. When tested on data sampled
from low order polynomials for which the FCC Iter is known to reconstruct perfectly, the
error due to discretization was on the order of 108. This discretization error is far smaller
than the L, errors observed for ML and Fish Tail sampled data, which are a the order
of 10 2.

6.6 Not Removing Potential Outlier

Out of the 24 patrticipants, one exhibited some unexpected bleavior. In accordance with
Chapter 3.10, our expectations of participant preference ee rather minimalist. We expected
a participant to predominantly choose CC images as better wen BCC/FCC sampling reso-
lutions are low. When BCC/FCC sampling resolutions are high, we expected predominant
preference for BCC/FCC images. There is a great deal of exiliity in between: so long
as a user's preference data show some monotonically increéag behavior towards higher
BCC/FCC resolutions, our expectations are met.

All participants except one behaved according to our expedtions. Detailed participant
preference data are available for perusal in Appendix C. Theproblematic participant is
labeled P7. As seen in Tables C.1 to C.4, P7 exhibited some moitonic behavior for trials
involving ML View 2 and Fish Tail CC140. However, P7's preference behavior for trials
involving ML View 1 and Fish Tail CC180 appears much more rancbm.

We considered removing P7 as an outlier. However, there arebwious problems to this
approach. First, P7 exhibited monotonic behavior half the time, and so did not clearly
violate our expectations. Second, because the instructiamwe gave our participants were
rather broad, P7 was free to make use of any criterion to makeydgments. Therefore, an
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unobvious criterion could have been chosen that led to unexgcted but consistent prefer-
ence behavior. Furthermore, data trimming is a risky operaion and could draw unwanted
criticism; critics may argue that data trimming is a cheap way to doctor the study results.
For all the foregoing reasons, we chose to include P7 in our es data analysis. Fortunately,
the inclusion of P7 did not appear to a ect any visual ranges d comparability determined
in Chapter 4.1.1.



Chapter 7

Conclusions and Future Work

The results of our perceptual study provide strong evidencethat it takes the BCC and
FCC lattices signi cantly fewer samples than the CC lattice to achieve comparable visual
delity. For the two signals investigated, the savings in samples are around 30 { 35% for
both the BCC and FCC lattices. Another nding is that numeric al comparability and
visual comparability are connected, given our selection ofeconstruction Iters (Figure 4.3
on page 52).

It should be noted that the parameter space of signals, sampig resolutions, and camera
views examined in this study was relatively small. Based on or study results, we have
reason to believe that in the general case, BCC and FCC latties boast signi cant perceptual
superiority over the CC lattice in sampling and reconstruction. For a broad class of signals,
other parameters of the rendering pipeline such as lightingor transfer function are not
believed to have a signi cant e ect on the perceptual merits of the BCC and FCC lattices
relative to the CC lattice.

Due to the high number of parameters involved in a volume renering process, our
general belief encompasses a vast parameter space. The esipent described in this thesis
only investigated a small sub{region of this vast space. Onalirection for future work then is
to continue exploring this space of parameters. For examplethe e ect of camera placement
could be more thoroughly investigated. As another examplethe e ect of varying isovalues
could be evaluated. To accommodate the high dimensionalityof the parameter space, a
more advanced user study protocol such as the conjoint anagis method presented in [25]
can be employed.

As the research community develops a better understanding fothis parameter space, a
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de nitive metric may be developed that accurately predicts the ranges of visual compara-
bility for a broad class of signals, and for a broad range of CCBCC, and FCC sampling
resolutions. Until then, the downsampling pipeline in conjunction with the L, pipeline em-
ployed in this thesis can provide guidelines concerning thevisual delity of CC, BCC, and
FCC sampled data.

It is important to point out that in accordance with Mitchell and Netravali's obser-
vation [40], the L, error metric is not generally a good predictor of visual delity given
an arbitrary set of reconstruction lters|even if they have similar numerical properties.
However, we were fortunate to have chosen three reconstruictn lters for which L, error
comparability seems to be strongly connected to comparableisual delity.

Based on this visual delity study and previous theoretical and algorithmic results [19,
21, 18], we now have evidence that sampling and reconstruath on the BCC and FCC lat-
tices is signi cantly more accurate, computationally e ci ent, and superior in visual delity
compared to sampling and reconstruction on the traditionaly popular CC lattice. This
study completes the argument that the BCC and FCC lattice are preferable in every aspect
relevant to volume rendering and visualization. If our perceeptual results are con rmed for a
variety of other signals and rendering pipelines, it will m&ke a strong case for BCC and FCC
sampling as the sampling methods of choice for 3D visualizain and rendering applications.



Appendix A

User Consent Form

Every participant signed a consent form prior to the start of the experiment. The consent
form is reproduced in Figures A.1 and A.2.
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Figure A.1l: User consent form: page 1.
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Figure A.2: User consent form: page 2.



Appendix B

Experiment Image Selection

Recall that we use the notation CCn to denote a CC sampled dataset that containsn

n n samples. Similarly, we use the notation BCQ to denote a BCC sampled dataset
that contains n  n (2n) samples, and FCG for an FCC sampled dataset that contains
n n (4n) samples. For a detailed explanation of how BCC and FCC datasts are stored
on le, and how the above notations are derived, please refeto Entezari et al. [20].

For ML and Fish Tail, the chosen BCC and FCC sampled data are Isted in Table B.1
along with their sampling resolutions relative to the xed C C data. Since CC images were
the basis of comparison for BCC and FCC images, we rst preserthem alongside the truth
images in Figure B.1, and then replicate them in Figures B.2 b B.5 for ease of comparison
against the BCC and FCC images.
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ML, CC80 Fish Tail, CC140 | Fish Tail, CC180

BCC47 | 41% || BCC87 48% || BCC105 40%
BCC52 | 55% || BCC91 55% || BCC113 49%
BCC54 | 62% || BCC95 62% | BCC118 56%
BCC55 | 65% || BCC97 67% | BCC122 62%
BCC56 | 69% || BCC98 69% | BCC125 67%
BCC57 | 72% || BCC99 71% | BCC128 72%
BCC58 | 76% || BCC100 73% || BCC130 75%
BCC59 | 80% || BCC102 77% || BCC132 79%
BCC60 | 84% | BCC103 80% || BCC136 86%
BCC62 | 93% || BCC105 84% || BCC140 94%
BCC64 | 102% | BCC111| 100% | BCC143 | 100%
BCC66 | 112% || BCC114 | 108% | BCC147 | 109%

FCC36 | 36% | FCC64 38% || FCC84 41%
FCC38 | 43% || FCC67 44% || FCC87 45%
FCC40 | 50% | FCC69 48% || FCC90 50%
FCC41 | 54% || FCC71 52% | FCC93 55%
FCC42 | 58% || FCC73 57% || FCC96 61%
FCC43 | 62% || FCC75 61% | FCC98 65%
FCC44 | 67% || FCC77 67% | FCC100 69%
FCC45 | 71% | FCC79 72% || FCC102 73%
FCC46 | 76% || FCC81 77% | FCC105 79%
FCC47 | 81% | FCC83 83% || FCC108 86%
FCC49 | 92% || FCC85 90% | FCC111 94%
FCC51 | 104% | FCC88 99% || FCC114 | 102%

Table B.1: For each CC sampled data as indicated by heading, BC and FCC sampled
data are shown with their relative resolutions as a percentge of the resolution of the CC
sampled data.
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ML View 1, Truth

ML View 2, Truth

Fish Tail, Truth

Fish Tail, Tr  uth

ML View 1, CC80

ML View 2, CC80

Fish Tail, CC140 Fish Tail, CC180

Figure B.1: Experiment images. Top row: truth images.

sampled data.

Bottom row: images of CC
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BCC 41% BCC 55% BCC 62% BCC 65% BCC 69% BCC 72%
BCC 76% BCC 80% BCC 84% BCC 93% BCC 102% BCC 112%
CC80 = 100% CC 100% CC 100% CC 100% CC 100% CC 100%
FCC 67% FCC 71% FCC 76% FCC 81% FCC 92% FCC 104%
FCC 36% FCC 43% FCC 50% FCC 54% FCC 58% FCC 62%

Figure B.2: Experiment images: ML View 1.
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BCC 41% BCC 55% BCC 62% BCC 65% BCC 69% BCC 72%
BCC 76% BCC 80% BCC 84% BCC 93% BCC 102% BCC 112%
CC80 = 100% CC 100% CC 100% CC 100% CC 100% CC 100%
FCC 67% FCC 71% FCC 76% FCC 81% FCC 92% FCC 104%
FCC 36% FCC 43% FCC 50% FCC 54% FCC 58% FCC 62%

Figure B.3: Experiment images: ML View 2.
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BCC 48% BCC 55% BCC 62% BCC 67% BCC 69% BCC 71%
BCC 73% BCC 77% BCC 80% BCC 84% BCC 100% BCC 108%
CC140 = 100% CC 100% CC 100% CC 100% CC 100% CC 100%
FCC 67% FCC 72% FCC 77% FCC 83% FCC 90% FCC 99%
FCC 38% FCC 44% FCC 48% FCC 52% FCC 57% FCC 61%

Figure B.4: Experiment images: Fish Tail, CC140.
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BCC 40% BCC 49% BCC 56% BCC 62% BCC 67% BCC 72%
BCC 75% BCC 79% BCC 86% BCC 94% BCC 100% BCC 109%
CC180 = 100% CC 100% CC 100% CC 100% CC 100% CC 100%
FCC 69% FCC 73% FCC 79% FCC 86% FCC 94% FCC 102%
FCC 41% FCC 45% FCC 50% FCC 55% FCC 61% FCC 65%

Figure B.5: Experiment images: Fish Tail, CC180.



Appendix C

User Preference Data

In Tables C.1 to C.4, we tabulate the user preference data, oimage preference data used
to construct the plots in Figure 4.1. For each of these tablesBCC and FCC experiment
images are described by column 1, which speci es the samplinresolutions of the datasets
from which images were generated. The relative resolutionén column 1 are computed as
in Appendix B. The next 12 columns enumerate the image prefence data logged by the
experiment participants. There were 12 participants in the BCC vs. CC experiment, and 12
additional participants in the FCC vs. CC experiment. The 24 participants are labeled P1
to P24.

Recall that during the user experiments, the bottom image par in each trial consisted
of a CC image, and a BCC or FCC image. Furthermore, each imageagir was shown 4 times
to each participant (Chapter 3.3). Therefore, user preferace for a BCC or FCC image is
a number between 0 and 4, denoting the number of times that theparticipant chose that
BCC or FCC image as possessing better visual delity.
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ML View 1: BCC and FCC vs. CC80

BCC% | PL P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12
41 0O 0 O 0 0 1 =2 o0 o0 o0 0 o
55 o o o O0O o0 1 1 o0 0 O0 1 o0
62 1 o o O 1 1 2 2 1 1 2 0
65 o o o 1 1 1 1 3 1 2 2 0
69 2 0 1 1 1 2 1 3 3 2 2 0
72 4 0o 3 1 0 1 4 3 3 2 2 0
76 4 1 4 1 3 2 0 3 4 2 3 0
80 3 1 3 3 0 1 3 2 4 1 4 0
84 4 2 4 3 3 1 2 4 4 3 4 1
93 4 3 4 4 0O 4 2 4 4 3 4 2
102 4 3 4 4 1 3 3 3 4 4 4 4
112 4 3 4 4 4 2 1 4 4 4 4 4

FCC % | P13 P14 P15 Pl6 P17 P18 P19 P20 P21 P22 P23 P24

36 0 0 0 0 0 0 0 0 0 0 0 0
43 0 0 0 0 0 0 0 0 0 0 0 0
50 0 0 0 0 0 0 0 0 0 1 1 0
54 0 0 0 0 1 0 0 0 0 1 1 0
58 0 0 1 0 1 2 0 1 1 3 3 0
62 2 1 1 0 3 0 1 0 2 3 4 1
67 0 2 2 0 2 1 0 1 2 2 3 0
71 2 2 2 4 4 2 2 4 3 4 3 0
76 3 4 2 4 4 2 2 4 3 4 4 1
81 3 4 3 4 3 2 3 4 1 4 4 0
92 4 4 4 4 4 3 4 4 4 4 4 1
104 4 4 4 4 4 4 4 4 3 4 4 3

Table C.1: User preference for BCC and FCC images: ML View 1. Glumn 1. sampling
resolutions of datasets from which experiment images wereendered. Next 12 columns:
image preference data for the 24 participants. Each row of nonbers shows the user preference
data for the BCC or FCC image described in column 1. Because eha pair of CC and
BCC/FCC images were shown 4 times, a user could have preferdg or chosen the BCC/FCC
image between 0 and 4 times.
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Table C.2: User preference for BCC and FCC images: ML View 2.
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Table C.3: User preference for BCC and FCC images: Fish Tail C140.
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Table C.4: User preference for BCC and FCC images: Fish Tail C180.
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