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Abstract

Image-based rendering (IBR) has become a very active research areain recent years. The optimal sampling
problem for IBR has not been completely solved. In this paper, we show that theoretically, the optimal
sampling efficiency can be achieved by employing the generalized periodic sampling theory with arbitrary
geometry. When there is no occlusion in the scene and the scene is Lambertian, we show that the sampling
density can be twice of that when we use rectangular sampling. We then propose a general framework for
IBR sampling. Begin with an over-sampled dataset, we down-sample the data first in the discrete domain.
To render an image from the down-sampled data, two approaches are proposed, i.e., to reconstruct the over-
sampled dataset first through up-sampling and then rendering, or to use a continuous interpolation filter to
calculate the desired light rays directly. Eigenfilter method is employed to design filters during down-
sampling and up-sampling. We show that if the proposed approach adopts the same down-sampling density
as the previous work, the reconstruction filter of the proposed approach is easier to design, and the
reconstructed scene could have a higher quality.

However, in practice rectangular sampling has several advantages over generalized sampling. We analyze
the pros and cons for each sampling approach, and explain why in practice rectangular sampling is still

more preferable.

Keywords: plenoptic sampling, image-based rendering, periodic sampling with arbitrary geometry,

eigenfilter.

. Introduction

Image-based rendering (IBR) has attracted a lot of attention recently. Proposed by Adelson and Bergen [1]
as a 7D plenoptic function, IBR models a 3D dynamic scene by recording the light rays at every space
location, towards every possible direction, over any range of wave-lengths and at any time. By removing
the time and the wavelength dimensions, McMillan and Bishop [2] defined plenoptic modeling as
generating a continuous 5D plenoptic function from a set of discrete samples. The concepts of Lightfield by
Levoy and Hanrahan [3] and Lumigraph by Gortler et al. [4] effectively parameterize the plenoptic
function into a 4D function under the constraint that the object or the viewer could be constrained within a
3D bounding box. Shum and He [5] proposed concentric mosaics, where the number of dimensions of the

plenoptic function is decreased further to three by restricting the viewer’s movement inside acircle.
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The principle of the Lightfield can be briefly addressed as follows. By placing the object in its bounding
box which is surrounded by another larger box, the Lightfield indexes all possible light rays entering and
exiting one of the six parallel planes of the double bounding boxes. The Lightfield datais thus composed of

six 4D functions, where the plane of the inner box is indexed with coordinate (u,v) and that of the outer
box with coordinate (s,t) . In Figure 1, we show one pair of the parallel planes and one example light ray
which can be indexed as (uo,vo, so,to). The coordinates are then discretized so that a finite number of light

rays are recorded. Usually, it is discretized more precisely for the inner bounding box closer to the object,
and more coarsely for the outer bounding box. Alternatively, the Lightfield can be considered as six two-

dimensiona image arrays, with al the light rays coming from a fixed (s,t) coordinate forming one image.
This is equivalent to setting a camera at each coordinate (s,t) and taking a picture of the object with the
imaging plane being the (u,v) plane. An example of the Lightfield image array is shown in Figure 2. To

create a new view of the object, we just split the view into its light rays, which are then calculated by
interpolating existing nearby light rays in the image arrays. The new view is then generated by
reassembling the split rays together.

The advantage of IBR is that it reguires little or no geometrical information about the scene to realistically
render it, if the number of sample images are dense enough. This is very attractive due to the difficulty to
construct geometrical models for objects in a real-world scene. Also, the rendering speed of IBR is
independent to the scene complexity. However, the amount of data to be stored for IBR is huge. Recently
Chai et al. [6] proposed to study the plenoptic sampling problem in order to reduce the amount of data for
IBR. A key observation of that paper is that the spectral support of a light field signal is bounded by the
minimum and maximum depths of objects in the scene only, no matter how complicated the spectral
support may be. They claim that by knowing the bound of the support, the maximum sampling density can
be achieved by compacting copies of the spectral support in the frequency domain. The above conclusions
are drawn under the assumption that the Lightfield has no occlusion and the scene is Lambertian.

Chan and Shum went one step further and proposed to view IBR sampling problem as a multi-dimensional
signal processing problem [7]. In this paper, we examine the approach to replacing rectangular sampling
with generalized sampling strategy in the high dimensional space [8]. The analysis is performed in both the
continuous spatial domain and the discrete spatial domain. We propose a general framework for IBR
sampling. Starting from an over-sampled dataset, we down-sample the data first in the discrete domain. To
render an image from the down-sampled data, two approaches are proposed, i.e., to reconstruct the over-
sampled dataset first through up-sampling followed by rendering, or to use a continuous interpolation filter
to calculate the desired light rays directly. Throughout the analysis, the eigenfilter method is used to design
optimal multi-dimensional filters we need during down-sampling and up-sampling process. To compare our
proposed sampling strategy with the conventional one, we show that if the proposed approach has the same
down-sampling density as the previous work, the reconstruction filter of the proposed approach is easier to

design, and the reconstructed scene has a higher quality. Currently, we focus our analysis on 2D Lightfield.



In this case, the pair of planes in Figure 1 degenerates into two lines, e.g., the v axis and the t axis, which
are the two dimensions of the Lightfield. The full analysis of 4D Lightfield and 3D concentric mosaics is
under study.

This paper is organized as follows. In Section |1, we introduce the notations used in this report and present
some background knowledge for multi-dimensional signal processing. In Section 111, we give a complete
analysis of IBR sampling in the continuous spatial domain. Section IV gives a detailed analysis in the
discrete spatial domain, including a general framework on a practical IBR sampling process, discrete
domain down-sampling and discrete domain to continuous domain interpolation. Experimental results are

shown in Section Conclusions and future work are given in Section V1.

Il. Notationsand Background K nowledge

A. Notations

The sampling problem of 2D Lightfield involves many notations for both discrete-time and continuous-
time signals. In this section we give a clarification of al the notations we use.
We use lowercase boldfaced |etters to denote vectors (mostly column vectors, unless specified otherwise),

and capital boldfaced letters to denote matrices. The symbol |, denotes the kxk identity matrix. The

notations AT, A™, AT and A* denote the transpose, the inverse, the inverse transpose and the
conjugate of the matrix A. The continuous signal is typicaly written as s(x), where
x:[x1 Xy oo XD]T isthe spatial domain index (continuous) of the signal, with D denoting the number
of dimensions. Since we are dealing with 2D Lightfield, x isoften a 2D vector. For historical reason, when
we use s(x) to represent the Lightfield signal, we denote x = [)g xv]T , where t and v stand for the camera
line and the focal line, respectively. The continuous Fourier transform of signal s(x) is denoted as S(€),

which is defined as:
s(@)= Ts(x)e’j“Txdx (1)

For the same reason, when we are describing 2D Lightfield signals, we let Q = [Qt QV]T . The inverse

Fourier transform of a multidimensional continuous signal is given by:

sx)= ﬁis(g)emdsz )

When the spatial domain index is discrete, which we call a discrete signal, we represent the signal as s, (n)
(with subscript d often omitted if the context is clear). n = [n1 n, - nD]T is the spatial domain index

(discrete) of the signal. Note that all n’s are integers. Let symbol N denote the set of al Dx1 integer



vectors. Therefore, we have nON . The rea vector @ :[a)1 w, - a)D]T is the frequency domain

variable of the multidimensional discrete signal. The Fourier transform of signa s, (n) is defined as:

Si(@)= Y s, ()7 €)

nCN
if the summation converges. Subscript d is often omitted if no confusion exists. The inverse Fourier

transform is given by:

5,(n) = —

(on]P dotnp Salo)e’” o @

where [a, b)D denotes the set of D x1 red vectors x with components X intherange a< x, <b. When

presenting the 2D Lightfield signal, wedenote n =[n, n|" and 0 =, ,]".

B. Fundamentals of Multidimensional Signal Processing

B.1. Thesampling theory in the multidimensional case
In the multidimensional case, it is well known that the rectangular sampling strategy is not necessary the

optimal [8]. For example, given a circularly band-limited signal in 2D case, the optimal sampling strategy
is to sample it hexagonally, which will increase the sampling efficiency by around 13.4%. In the
multidimensional space, periodic samples can be taken with arbitrary sampling geometry, as shown in

Figure 3. Take the 2D case as an example. Let s(x) be the spatial domain continuous signal, and S(Q) be
its Fourier transform. Define the sampling matrix V as:

Vv, v (5)
where v, and v, aretwo linearly independent vectors. Sampling the continuous signal s(x) produces the
discrete signal:

s,(n)=s(vn) 6)
where s, (n) stands for the sampled signal, n = [n1 nz]T ON isaninteger vector representing the index
of the samples along v, and v,. Notice that ]/|det V| represents the density of samples per unit area,

which should be as small as possible to save the number of samples as long as there is no aliasing. Denote

S (m) as the Fourier transform of s, (n) There is a close relationship between the Fourier transform of

S,(®) and S(Q) [8]:
5,(0)= gy 2V "o -27%)

o, S, (VTQ):—ZS(Q UK)

where k =[k, ko) ON ; U isamatrix that satisfies:

(7)

uTv =27t (8)



and | isthe 2x2 identity matrix. From Equation (7), we can see that periodic sampling on a parallelepiped
lattice in the spatial domain leads to the replication of the Fourier transform on another parallelepiped
lattice in the frequency domain. Thisis shown in Figure 3, where the two lattices satisfy Equation (8).

B.2.  Down-sampling for multidimensional discrete signal
The M -fold down-sampled version of s(n) isdefined as r(n)=s(Mn), where M isanonsingular integer

meatrix called the down-sampling matrix. In the frequency domain, the relation is[8]:

R(o)= st(w(m - 27k) ©

_|detM|kD o)

where N (M T) is the set of all integer vectors of the form M "x, x D[O,l)D. Similar to the continuous
case, in the frequency domain, down-sampling the signal with M is equivalent to duplicating the origina
spectrum on the grid Nk with N=27M " and k ON (M ‘T), followed by transforming the whole

spectrum with matrix M7 .
B.3.  Up-sampling for multidimensional discrete signal
For anonsingular integer matrix L , the L -fold up-sampling of s(n) isdefined as[8]:

()= L) nowaT(L) 10
0 otherwise

where LAT(L) (the lattice generated by L ) denotes the set of all vectors of the form Lm, mON

Clearly, the condition n[ LAT(L) above is equivalent to L™"nON . The corresponding frequency-
domain relation of up-sampling is:
R)=S[L"e) (12)

B.4. Down-samplingfiltersand up-samplingfilters
Similar to the 1D case, a multidimensional signal has to be pre-filtered before entering the down-sampler,
and post-filtered after the up-sampler. Such systems are shown in Figure 4 (a) and (b). Given the down-
sampling/up-sampling matrix M (or L), these filters typically have parallelepiped-shaped passband
support in the region:;

o =M X+ 27K, x0[-12)°,k ON (12)
where 27Kk is only to indicate the periodicity of the spectrum. In this paper, the down-sampling filters and
up-sampling filters play very important roles in the optimal sampling of 2D Lightfiled.

B.5. Down-sampling and up-sampling with arational matrix
In general, we can process any down-sampling or up-sampling matrix with rational elements in a discrete

system. Take down-sampling as an example. Let M be the rational sampling matrix. It is easy to rewrite

M as the multiplication of two matrices:
M=M,™" M g (13)

where both M, and M

p down

are integer matrices. Such a down-sampling process can be realized through

Figure 4 (c), where we first up-sample the signal with matrix M, then pass it through an up-sampling

up?



filter, and finally down-sample the signal with matrix M ... The overall effect is that the signal is down-
sampled with rational matrix M . Rational matrix up-sampling can be implemented in the same way, asis
shown in Figure 4 (d). For more detailed discussion, please refer to [9].

B.6. Multidimensional filter design with eigenfilter
Multidimensional filter design has been studied for many years. We are especialy interested in the FIR

multidimensional filter design, because FIR filter can give the result of the filtering in a fixed amount of
time, which is essential in Lightfield rendering. Most of the 1D FIR filter design technologies, such as the
windowing method [8], the Parks-McClellan algorithm [10] and the eigenfilter approach [11][12], have
been extended to multidimensional case. We take the eigenfilter approach throughout this paper.

The optimization criterion of eigenfilter approach is to minimize a quadratic measure of the passband

and/or stopband error (sometimes also the transitionband error). Assume that we are designing 2D linear
phase FIR digital filters. Let D(wl,a)z) be the desired frequency response in the passband, G(wl,wz) be
the one in the transition-band, and H (a)l,a)z) be the filter we try to optimize. The Eigenfilter approach
finds:

argmin E = argmin{aE, + fE, + JE}
H(w @) H(a.w,)

:aﬁ?ﬂi?{”” (Do)~ H ey 0,1 dey e
+B[[[H(w @, ) doda, (14)

+yme(%wz)—H(@,wz)lzdwldwz}

where E isthe overall square error measured by the weighted sum of the passband error E, , the stopband

error E; and the transitionband error E;; a, B and yare weighting constants which control the
accuracies of the approximation. Usualy, y is set to be zero because we are not care about the
transitionband response of the filter too much'. Equation (14) means that the eigenfilter approach
minimizes the errors in the passband and the stopband in the square error sense. Through some
manipulations, the overall error in equation (14) can be reformulated as [14][15]:

E=a'Qa (15)
where a isareal vector related with the 2D filter impulse response h(nl,nz); Q isared, symmetric and

positive-definite matrix; T stands for transpose. It is well known that the eigenvector associated with the

minimum eigenvalue of matrix Q minimizes the overall error.

1 However, in some cases, the transition band constrain has to be included because otherwise the transition
band response goes very bad.



[11. Continuous Spatial-Domain Analysis

A. Overview of the previous work
When there is no occlusion and the scene is Lambertian, we can show that the intensity of a light ray

entering a specific camerais equal to that of a corresponding light ray entering the camera at the origin. As
shown in Figure 5, suppose we have cameras lying along a horizontal line x,. Horizontal line x, isthe
focal line of the cameras. To be consistent with [6], we set up local coordinate on the focal line base on
where the camerais. Denote x = [xt xv]T as a column vector. In the two-dimensional space where vector
x is defined, each point maps one-to-one to a light ray unparallel to the two axes. Denote s(x) as the

intensity of the light ray corresponding to x . If there is no occlusion and the scene is Lambertian, it is
obvious from Figure 5 that

A A )

where z(x) is the depth of the object surface hit by light ray x , fisthe focal length of the cameras.
An epipolar image (EPI) is constructed by plotting the intensity function s(x) inthe x space. An example

EPI is shown in Figure 6, where we have a two-layer scene, with the contents of each layer be sinusoids for
a finite length. Figure 6 (b) shows the EPI of the scene (left), and its Fourier transform (right). The
sampling analysisis basically the Fourier analysis of the EPI. Starting from the simplest case, if ascenelies

at a constant distance to the cameras, e.g., z(x) = z,, the Fourier transform of the EPI can be obtained by:

o] ies il e

=278(Q,)B(1Q, /7, +Q,)
where S(Q,) is the 1D Fourier transform of the continuous signal observed at camera position x =0,
5([)] is the 1D Dirac delta function. For optimal sampling, we are only interested in the support of the
frequency response of the EPI. Therefore, from Equation (17), we know that the frequency support of a
scene at a constant depth liesalong aline with slope Q,/Q, =-z,/f .

Since any complex scenes can be decomposed into separate layers, the above deduction can be generalized
to complex scenes when there is no occlusion between layers, in which case the Fourier transform of the

whole scene is simply the sum of the Fourier transforms of al the layers. The overall frequency support of

a complex scene is bounded by the two slopes determined by the maximum scene depth z . and the

minimum scene depth Z, . In Figure 6, we have a simple two-layer scene. At each layer, the origina 1D

signals are sinusoids with only two basic frequency components. Consequently, in the frequency domain of
the EPI, we can see several peaks, which correspond to certain frequencies. These peaks lie on the two lines
pretty well, and the slope of each line is determined by the layer’s depth. One thing to notice is that there

are some additional artifacts in the frequency response. The horizontal and vertical additiona artifacts are



due to the windowing of the camera. The additional artifacts on the line corresponding to the farther layer,
which is actually paralel to the line of the closer layer, is due to occlusion. For the analysis of non-
Lambertian and occluded scenes, please refer to [17].
For now if we ignore the occlusion between layers, the frequency support of a general continuous EPI is
shown in Figure 7 (a). We assume here without loss of generality that the resolution of the camera
(capturing camera or rendering camera) or the contents of the EPI image, whichever is lower, is unity.
Therefore, the sampling period along the focal line is unity, and the continuous frequency response of the
EPI is bounded within [— 71,77] aong Q, .
When a continuous signal is sampled in the spatial domain, its frequency response is replicated at a certain
distance. The optimal sampling agorithm is to find the minimum replicas’ distance in the frequency
domain so that there is no aliasing effect. Figure 7 (b) shows the “optimal” sampling strategy proposed in
[6]. Along the Q, axis, the frequency support is compacted as much as possible. The maximum sampling
distance along the X, lineis:

DX, =21/ AB (18)
where

AB =7tz -Yz,.,) (19)
where z_ and z_, arethe maximum and minimum scene depth, respectively; f is the focal length of the

cameras.

The recongtruction filter for the above sampling strategy is aso given in Figure 7 (b). It is a tilted
parallelogram, as marked with bold contours. It happens to be well approximated by the bilinear
interpolation filter already used in the Lumigraph [4], where depth information of the scene is used to help

improve the rendering quality. Moreover, through Figure 7 (b), we get the optimal rendering depth 7, if
only one depth can be used during the rendering, i.e., Z,, satisfies:

2/Zopt = (]/ Zmax +]/Zmin) (20)
In the spatial domain, the explicit form of the ideal reconstruction filter is:

_sin(aBx,/2) Sin7lx, — fx, /2, )
fil)= ABx, /2 Dn(xv—fxt/zom(j

It is the product of two sinc functions along two non-orthogonal directions, which we call the principle

(21)

directions of the interpolation filter.

B. Theoptimal sampling strategy
B.1l. Thespectrum analysis
We notice that the sampling problem for image-based rendering is a multidimensional sampling problem.

The question is, can we do better than the rectangular sampling approach in [6]? The answer is affirmative

based on the sampling theory for multidimensional signal outlined in Section I1-B.1.



Figure 8 shows how we can compact the frequency support and the replicas better. With this sampling
strategy, the sampling efficiency can be improved by a factor of 2, which means we only need 50% of the
samples. The reconstruction filter is atilted fan-like filter, which will be discussed later.

Given the frequency support of an image-based rendering scene as in Figure 7 (a), the optimal replication
lattice U can be easily found. We define:

U :|:n‘/zmin _n(/zmax:| (22)
-7 m

where z_ and z_, arethe maximum and minimum scene depth, respectively; f is the focal length of the

cameras. This replication lattice compacts the frequency support of Figure 7 (a) into Figure 8, which is the
optimal. In the spatiad domain, the above replication in the frequency domain corresponds to a

parallelepiped lattice sampling structure with sampling matrix V :

2z,/f 2z, f -
22,/2,, 22,/z (23)

V=2mJ7" :[
where z, isan equivalent depth defined by 1/z, =1/z,,, -1/ 7., -
To show what happens in the spatial domain when we sample with the sampling matrix given in Equation

(23), we show an example in Figure 9. The circles represent the data samples we keep after the sampling.

The lattice is derived by assuming z,, = 4

§f’ and z,, =4f . Therefore, our sampling matrix

4 4 4 0
isV = L 3} . As a comparison, the rectangular sampling approach has a sampling matrix V = {0 J ,

which is diagonal. Comparing the number of samples per unit area, :I/ |det V| , of the two sampling matrices,

it is obvious that the new approach saves half of the samples.

B.2.  Thecontinuous spatial-domain reconstruction filter
Image-based rendering is essentialy the interpolation of sampled light rays in order to reconstruct the

continuous IBR scene. Although many mature interpolation technologies exist, such as the hilinear
interpolation, the cubic interpolation and the spline interpolation, they are mostly approximations of the
ideal low-pass filter. Aswill be shown later, under the new sampling approach, the reconstruction filter has
to be high-pass along some direction. Principaly, the reconstruction filter is exactly the inverse of its
frequency response. The tilted fan-like filter marked as bold contour in Figure 8 can be used directly to
reconstruct the continuous signal. Although the explicit form of the tilted fan-like filter is available, the

filter in Figure 8 is not fixed when the scene changes. A better way to reconstruct the continuous sceneisto
first take atransform from the x space to another space y = [y1 yz]T through:

y =V X (24)
After the transform, sampling in the x space by sampling matrix V is equivalent to sampling in the y

space by a 2x2 identity matrix, and the sampling index is given by the integer vector n in Equation (6).



The Fourier transform of the sampled signal in the y space is shown in Figure 10 (a). The reconstruction

filter is drawn in bold in Figure 10 (&) and its spatial domain response is shown in Figure 10 (b). The

explicit form of the spatial domain reconstruction filter is:

_ yzsin275/1+Y1Sin2W2
fr y !y - (25)
o) Y., (¥, +¥,)

Unfortunately, this reconstruction filter is not alow pass filter. Along the direction where y, +y, =0, this
filter can be represented as:

. _ sinz, (27, cosmy, —sin7gy,)
Jim f () == oy : (26)

which is a high pass filter and has a minimum peak of value —0.587 around y, = -y, =+0.65. In practice,
both the reconstruction filter for the previous approach in [6] and the one for the proposed approach have
infinite support. Truncation or other techniques have to be employed to roughly reconstruct the original

continuous signal.

V. Discrete Spatial-Domain Analysis

In the last section, we discussed about the sampling of the 2D Lightfield in the continuous spatial-domain.
However, given area scene, typically the minimum and maximum distances of the scene are unknown. At
the first try of capturing the scene, a more natural approach is to first take images for the scene as many as
possible, and then analyze the captured data and try to remove the redundant images that have been taken.
This givesrise to the analysis of IBR sampling problem in the discrete spatial-domain, which we believe is
more practical than the continuous analysis given in the last section.

A. Thediscrete spatial-domain sampling framework
We assume that we are given a set of images captured at equal distances on the camera line in Figure 5.

The distance between neighboring cameras is small enough so that there is no aiasing effect between the
replicated spectrums. The Fourier transform of the discrete signal is shown in Figure 11. The frequency
response is still bounded by two lines passing the origin, with slopes -k, and -k, , as has been stated in
Section I11-A. However, since the distance between neighboring cameras may not be the same as the

distance between neighboring pixelsin the captured images (as was assumed in Section 1), K., = Zy, / f
and K, =2z.,/f arenot necessary held. Nevertheless, k;, and k,, can be easily obtained through the
Fourier analysis of the original discrete signal, and we do not care about what z, and z, redly arein

the following analysis®.
The sampling framework is illustrated in Figure 12. Starting with the original discrete signal, we first

analyze the spectrum so that we know what are k., and k., . We then down-sample the data by matrix

Therelation between z,,, , z,, and K., , K., Ccanbe easily obtained if we know the sampling distance
of the camera with respect to the camera resolution.



M after the down-sampling filter®. The down-sampled data are then stored as a compact representation of
the IBR scene. To reconstruct the continuous IBR scene for rendering, two approaches can be employed. In
approach A, we first try to reconstruct the original discrete signal by up-sampling the compact data with

matrix M followed by an up-sampling filter. After that, a continuous interpolation filter H , isdesigned to

get the continuous signal for rendering. Since the original discrete signal is supposed to be over-sampled,

the interpolation filter H, is easy to design. Approach B combines the three steps in approach A and
designs only one continuous interpolation filter H, to reconstruct the continuous signal from the compact

representation directly. The advantage of approach A is that all the major filter designs are done in the
discrete domain, which has been studied extensively in the signal processing literature. If the reconstructed
original discrete signal can be held in the main memory completely, rendering the scene can be very fast

because the continuous interpolation filter H, can be very simple due to the over-sampling. For example,
H, can be simply bilinear interpolation. On the other hand, approach A has to reconstruct the original

discrete signal before any rendering can be done, and the storage space for the reconstructed data is
extremely huge. As a comparison, approach B requires much less memory during the rendering, because
only the compact representation of the scene is required. The price of saving the memory spaceisto have a
complex interpolation filter B, which slows down the rendering speed.

We want to compare the sampling approach in [6] and the proposed approach using periodic sampling with
arbitrary geometry. As has been shown in Section I11-B, the most aggressive compacting of the spectrum
with the proposed approach can save half of the samples with respect to the previous approach.
Theoretically, such aggressive compacting causes no aliasing and the signal can be perfectly reconstructed.
However, infinite-length reconstruction filter is required and thus impractical. In this section, we compare
the two approaches by making them have the same sampling density or the same number of samples per
unit area. We show that under the same setting, the filter of the proposed approach is easier to design, thus
having smaller design and reconstruction errors compared with the previous approach.

B. Thedown-sampling of the given data
Given that the original discrete signal has a frequency response bounded by two lines passing the origin and

with slopes -k, and -k, , ais shown in Figure 14, we can easily obtain the down-sampling matrix for

the previous approach in [6] and the proposed approach. For the previous approach, the duplication matrix
in the frequency domain is defined as:

N, = |:n/kel - Zﬂ/kez} 27)

0 2
where Kk, isdefined by I/k, =1k, =YK, and k., isdefined by 2/k,, =1/k.;, +¥/K,., - The sampling

meatrix in the spatial domain can be achieved as:

% The discussion of the down-sampling filter isignored in this paper. We assume that it has been done
before we get the original discrete signal, such as what the camera’ s limited resolution does.



(28)

2k 0
M1:27N1'T:[ ol }

2kel/kez 1
Notice that matrix M, is not diagonal. We deliberately make it so that the Fourier transform of the down-

sampled data has a standard fan shape, as is shown in Figure 13 (a). This eases the design of the
interpolation filter.

For comparison, we let the proposed sampling approach have the same sampling density as the previous
one. If the new sampling matrix is M ,, we want to have |detM | =|detM ,|. In the frequency domain, if
the new duplication matrix is N, then |detN,| =|detN,|. From Figure 11, we can obtain that the new

duplication matrix should be:

N, = |:7T/kmin +7 2Ky = 7Ky + n/Zkﬂ 29)
- T
And the sampling matrix in the spatial domainiis:
k k
M, =2, = . B 30
2 7N {kel/km Y2 Ky /K +1/2} %0

It is easy to verify that |detM,|=|detM ,|. The down-sampled signal has a standardized spectrum as in
Figure 13 (b).

In the discrete down-sampling process, the down-sampling matrix M typically has to be an integer matrix.
In this case, all we need to do is to remove those samples that are not on the down-sampling grid, or, those

samples whose index cannot be written as Mn, where nON . Unfortunately, neither M, nor M, is

guaranteed to be an integer matrix. There are two ways to solve this problem. One of them is to sacrifice

the sampling efficiency and force M, and M, to be integer matrices with a higher sampling density than

they need to be. For example, if only down-sampling along the camera line is considered, as in [6], one of
the best integer sampling matrices (in the sense of lowest sampling density and integer elements) is:

M, = Fgﬂj ﬂ (31)

where | a | stands for the largest integer that is smaller than o .

When arbitrary geometry sampling is employed, we may be able to find integer sampling matrix that gives
a lower sampling density than that of the sampling matrix in Equation (31). Since the entries of the
sampling matrix are all integers, exhaustive search can be used to find the optimal matrix that has the
smallest sampling density without aliasing effect.

A more elegant way to deal with non-integer down-sampling matrix is through the rational matrix sampling
theory introduced in Section 11-B.5. With this approach, we first approximate the sampling matrix with a
rational matrix, and then employ the theory in the discrete domain. Since this is a mature research areain
the signal processing literature, we refer the reader to [9]. In the following sections, we assume that we are

able to take this approach to down-sample and up-sample the data. Therefore, the down-sampling matrices



of the previous approach in [6] and the new approach are taken exactly as Equation (28) and Equation (30).

|detM ,| =|detM ,| is satisfied and we can have a fair comparison between these two down-sampling

approaches.

C. TheApproach A
The flow of Approach A is shown in Figure 12. We up-sample the stored signal with the same matrix M

as before. After the up-sampling, the signal has the same density as the original discrete signal before
down-sampling. In the frequency domain, the Fourier transform of the up-sampled signal is a duplication of
that of the original discrete signal, as is shown in Figure 14. Figure 14 (&) shows the Fourier transform of
the original signal; Figure 14 (b) shows the Fourier transform of the up-sampled signal with the previous
approach; Figure 14 (c) shows the Fourier transform of the up-sampled signal with the new approach.
Notice the difference between (b) and (c) for the arrangement of duplications.

When we design the up-sampling filter for the up-sampled datain order to reconstruct the origina discrete
signal, the two different approaches have different design specifications. Figure 14 (d) and Figure 14 (e)
shows the difference, where Figure 14 (d) corresponds to the previous approach and Figure 14 (e)
corresponds to the proposed approach. P, S and T stand for passband, stopband and transitionband,
respectively. We claim that the up-sampling filter for Figure 14 (d) is easier to design than the filter for
Figure 14 (€). Therefore, with spectrum distribution of Figure 14 (c), we can reconstruct the signal better.

We give an example to verify our claim. Assume we have a scene with k., =4/3 and k., =4.

4 0
Therefore, with the previous approach, the sampling matrix is M, = {2 J; with the proposed approach,

2 2
the sampling matrix is M, :[O 2}

In the literature on 2D FIR Eigenfilter design [14][15], quadrantal symmetric FIR filters design was
discussed predominantly. However, the Fourier transform of the impulse response of our reconstruction
filter has symmetric axis H(a),,a)v): H(—a)t,—a)v) only, as is observed in Figure 14 (d) and (e). The
design process has to be modified to produce the correct result.

We employ the eigenfilter algorithm on the design of the filters in Figure 14 (d) and (€), where the two
bounding slopes are k,;, =4/3 and k., =4. The passband response is set to be a constant, and the

reference point is chosen to be at (— /4, i 2). We find that with the specification given in Figure 14 (d),

sometimes the result is really bad if there is no transitionband constrain. For example, if we design an
11x11 eigenfilter for Figure 14 (d), we get the Fourier transform of the resultant filter asin Figure 15 (a).
The two peaks in Figure 15 (a) correspond to the two transitionbands, while the passband and stopband are
both close to zero. Because the eigenfilter method does not control the amplitude of the filter in the
passband, which happens to result in the minimum overall error of Equation (14) when the passband
response is close to zero. In contrast, Figure 15 (c) shows the same filter design result for Figure 14 (e),

which is more reasonable.



To overcome the above problem, we add transitionband constrain G(a)t , a)v) as the linear horizontal slope

connecting the passband and the stopband. The transitionband error weight is set to be 0.1. The resultant
design outputs are shown in Figure 15 (b) and (d). Both of them are very reasonable. Eigenfilter does not
output a filter with unit passband amplitude. To compare different filter design results, we scale the
reference point response to unit amplitude, and the corresponding overall square error given in Equation
(14) is used as the criterion of the performance. Asis shown in Figure 16, the horizontal axisis the order of
the designed filter, e.g., an order of 5 means we design a 5x5 filter that tries to give the frequency response
in Figure 14 (d) and (€). The vertical axisis the overall square errors. A curve closer to the origin performs
better because it brings smaller square error with respect to the specification. It is obvious that the new
filter design specification of Figure 14 (e) is easier to fulfill and thus gives a smaller design error.

D. TheApproach B
In Approach A, we first reconstruct the original over-sampled signal in the discrete domain, and then get

the continuous signal though simple interpolations such as bilinear interpolation. One of the disadvantages
of Approach A isthat it requires huge memory to store the reconstructed original signal. Considering that
IBR typically has a very huge data amount, Approach A is not practical in real applications. A much more
attractive approach would be to generate the continuous signal from the down-sampled data directly.
Approach B is such an approach. Basically Approach B combines the stepsin Approach A and simplifies
the problem into the design of a continuous interpolation filter.

Notice that after down-sampling with matrix M , the spatial domain has been distorted. Given alight ray

coordinate x = [x‘ xv]T in the original spatial domain to be rendered, we first employ atransformon x,

i.e, let y =M 7x. After the transform, the y space is coincident with the down-sampled signal. All we

need to do is to design discrete-to-continuous interpolation filters for the spectrums given in Figure 13.
Since the explicit form of the optimal continuous interpolation filter is not available, we first design a
discrete filter and then get the continuous filter through interpolation. To achieve a good approximation of
the optimal continuous filter, we up-sample the discrete filter by a factor of M in each dimension through
zero padding, which is equivalent to squeeze the pass band and transition band of the filter specification by
M, asis shown in Figure 17 (b). After the design, we scale the filter back by M in the spatial domain; hence
we have the filter response on some non-integer points. Bilinear interpolation is followed to obtain the
spatial response at arbitrary points. We call this process interpolated eigenfilter design, which is essentially
the same as the interpolated FIR filter design approach in [13]. Again we use eigenfilter to design the
optimal discrete filter we want. Figure 18 shows one of the design results in the spatial domain. The filter
has window size 4x4, and we up-sample the filter by 8x8. The discrete filter we designed has order 33x33,
where 33=8x4+1.

E. Enhanced Eigenfilter Design for Optimal Reconstruction
We can improve the reconstructed image quality through a modified eigenfilter approach. This approach

applies for both Approach A and B above. We know that eigenfilter is optimal for filter design itself, but it
is not necessarily optimal in terms of the reconstruction error for a certain signal. Let the down-sampled



signal spectrum (such as Figure 14 (b) and (c)) be X(a)v,cq). We try to find the optimal reconstruction
filter (ORF) through:

agminE" =ar min{E; +E;}
H{w, @) H{w, @)

_ar?mm{mx w, @) |Dlw, @)~ H(w, o) dw,da (32)

*flxfanar) (e ) s

where E' isthe overall reconstruction error, E;, and Eg are the reconstruction errorsin pass-band and stop-

band, respectively. Equation (32) can still be solved through the eigenfilter approach, as it differs from
Equation (14) only by a weighting function. Notice that the optimal filter is related with the signa
X(w,, @) . To design the ORF, we model each replica of the Fourier spectrum as the Fourier transform of

an AR-1 signal with p=0.9 aong w,, and constant along «, . For example, the replica centered at
aw, =« =0 isrepresented as:

1
1- pelwv

where the subscript P simply meansthat it is valid only in the pass-band.

X(@,,0), = (33)

V. Experimental Results

In this subsection, we show some experimental results on the optimal IBR sampling approach. In order to
have full control on the scenes and the cameras, we choose a synthetic scene and two scenes rendered from
3D models with texture. These scenes are shown in Figure 23, where scene (@) is the synthetic scene and
scene (b) and (c) are 3D model scenes named Duck and Containers, respectively. Since we focus on 2D
lightfield in this paper, we take the center horizontal line to construct the EPIs. Figure 23 (al), (b1) and (cl)
are snapshots of the scenes; (a2), (b2) and (c2) are their EPIs; (a3), (b3) and (c3) are the Fourier transform
of the EPIs. Although occlusions can be observed in the scenes, we analyze them as if occlusions do not
happen since the ringing artifacts caused by occlusions are not serious.

The synthetic scene has two layers, with 4 sinusoids on each layer. The closer layer has finite width

occluding the other layer with infinite width. The depth of the layers are z, =1.1f and z, =2.8f , where
f stands for the focal length. Considering the ringing artifacts, we leave a margin for the frequency

support and assume that the support is bounded by two slopes —z,/f =-1.0 and -z /f =-3.0. Follow

30
the discussion given in Section 1V-B, for fair comparison, the two down-sampling matrix are M, = {2 J

32 32

for the previous approach, and M, :{ 0 2

} for the proposed approach. They have the same number



of samples per unit area. As M, is not an integer matrix, we interpolate from the original EPI to get the

samples we want to preserve, aswas discussed in Section I1-B.5 as rational down-sampling.
The two scenes rendered with 3D textured models are aimed to simulate real-life lightfields. The originally

sampled EPIs have roughly the same support of frequency responses. These responses are bounded by

5.8500 0}

K, =—0.9 and -k, =—1.3. The down-sampling matrices can be easily obtainedas M, = { 5500 1

29250 2.9250

for the previous approach and M , = for the proposed roach. We control the camera
PrEvIots app ’ {1.7500 3.7500} PrOposEE app

and recapture the scene with distance 5.8500 times and 2.9250 times of the original distances when we
construct the original EPIs. After that, rational down-sampling is employed to get the desired overall down-
sampling results.

In this experiment, we mainly test the ability to render the scene properly with the proposed Approach B,
since this is the more practical approach. Notice that if we want to reconstruct the original EPI as in
Approach A, Approach B is also applicable since we only need to render the images at those integer points
along axis x, where the origina EPI is captured®. Starting from different down-sampled data, we test

different interpolation filters in this experiment. For data down-sampled with matrix M,, we test
interpolated eigenfilters designed for Figure 13 (&), while for data down-sampled with matrix M ,, we test

interpolated eigenfilters designed for Figure 13 (b).

As we use synthetic and virtual scenes to perform our experiment, we are able to evaluate the IBR quality
by comparing the rendered images and what they should be if we really capture them. We randomly choose
1000 camera positions aong the camera axis and render their images with our optimally sampled data.
These images are then synthesized or virtually recaptured through the 3D model rendering engine. The
difference between the synthesized images and the rendered images is a good measurement for the quality
of the sampled data under a certain rendering strategy. PSNR is used to measure such differences.

Table | shows the results of different filters for different down-sampled data. For simplicity, we use D1 and

D2 to represent downsamplings with matrix M, and M,. W(M,I) stands for interpolation eigenfilter

designed with upsampling factor M and window size | by | (See Section IV-D). For example, W(8,4) means
we upsample the desired filter by a factor of 8, and a discrete filter of support 33x33 (33=8x4+1) is
designed, which is then bilinearly interpolated to get the continuous interpolation filter with window size
4x4. The character T means transitionband constrain is added, which will be addressed |ater.

To design the interpolation eigenfilter, we need to upsample the filter first, thus squeeze the filter design
specifications. Notice that after squeezing, Figure 13 () becomes a problematic specification. Although for
the W(10,2) setting the resultant intermediate discrete filter looks good and its frequency response seems

* The Approach A and Approach B can be considered as adual problem. While Approach A up-sample the
signal and interpolate the signal, Approach B up-sample the filter and interpolate the filter. Essentially they
are the same approach.



reasonable, the same problem as Figure 15 (a) happens when we change to W(8,4). Moreover, the
rendering quality with the filter of W(10,2) setting is very bad. Therefore, we add transitionband constrains
for the filter design of Figure 13 (&) and list the experimental results in Table I, too. For the proposed
approach’s specification in Figure 13 (b), no transitionband constrain is needed. From Table | we can see
that the rendering quality of the proposed approach is always better than the previous approach, with an
improvement of 0.5-1.7 dB.

We then apply the optimal reconstruction filter (ORF) design for the scenes. The results are shown in Table
I1. To give a complete comparison, the results for rectangular sampling with bilinear interpolation are also
reported. For different eigenfilter designs, the best results are reported here for different
downsample/upsample factor combinations. Several conclusions can be drawn from the table. First,
rectangular sampling with D1 and regular eigenfilter performs much worse than generalized sampling with
regular eigenfilter, which has been shown before. In al cases, ORF is significantly better than designing a
general-purpose filter. This is because extra knowledge was employed during the ORF design process.
With ORF, the difference between D1 and D2 becomes very small, which again shows the power of ORF.
Interestingly, the simple approach that uses rectangular sampling with bilinear interpolation gives
comparable performance as generalized sampling with optimal filter for reconstruction. This is unexpected
but was verified in some other scenes we tested. Comparing the two test scenes, there is more improvement
by using generalized sampling for the scene Containers, because Containers has more high frequency

components in its spectrum.

V1. Conclusionsand Future Work

In this paper, we gave a complete analysis of the optimal sampling problem. First, we improved the
sampling efficiency by employing the generalized periodic sampling theory with arbitrary geometry. When
there is no occlusion and the scene is Lambertian, we showed that the sampling density in the spatial
domain could be twice of that when we use rectangular sampling. We then proposed a framework for IBR
sampling. Two approaches to render the continuous IBR scene are discussed in detail. When the proposed
approach has the same down-sampling density with the traditional rectangular sampling, we showed that
the reconstruction filter for the proposed approach is easier to design, and thus gives higher rendering
quality.

However, with optimal reconstruction filter, the difference between rectangular sampling and the proposed
approach is minor. Rectangular sampling with bilinear interpolation even sometimes gives better rendering
quality than the complex proposed method.

If we re-examine Figure 14 (b) and (c), we can observe that the transition-band of the up-sampling filter for
rectangular is very narrow for high frequency components, but very wide for low frequency components.
On the other hand, the transition-band of the filter for generalized sampling has constant width along all the
frequencies. This observation implies that rectangular sampling is better for scenes that have less high-

frequency components, while generalized sampling is better otherwise. Real world scenes often has weak



high frequency components and strong low frequency components due to reasons such as occlusions, thus
rectangular sampling is usually more suitable than generalized sampling. Even for the Containers scene,
the improvement by using the latter is minor, which cannot justify the increased complexity in the latter.
Since generalized sampling is inconsistent with how the images are taken, the required re-sampling may
introduce extra error. The rendering speed is another concern. Unless we build a huge look-up table for the
reconstruction filter and always do simple rounding when searching for a filter value, bilinear interpolation
is required to get the filter values at arbitrary viewpoints. Even if the designed reconstruction filter has the
same size of support as bilinear interpolation, the filter interpolation will slow down the rendering by a
factor of 4. Therefore, we conclude that in practice rectangular sampling is preferable to non-rectangular

sampling for lightfield.
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Tables

Table| Rendered images qualitiesfor different interpolation filters and different down-sampling
methodsin Approach B

Synthetic Scene Duck Containers
D1-W(10,2) 20.31dB 29.87 dB 18.46 dB
D1-W(10,2) -T 21.29dB 32.87dB 20.42 dB
D2 -W(10,2) 23.02dB 33.58 dB 20.90 dB
D1-W(8,4) - - -
D1-W(84)-T 24.86 dB 33.99dB 20.44 dB
D2-W(8/4) 27.30dB 35.68 dB 22.04 dB

Tablell Rendered images qualitiesfor different sampling methods and reconstruction filters

(PSNR: dB)
Duck Containers
D1, regular eigenfilter 33.99 20.44
D1, optimal reconstruction filter 35.89 21.81
D2, regular eigenfilter 35.68 22.04
D2, optimal reconstruction filter 36.06 22.21
D1, bilinear interpolation 36.10 21.67
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Figure 1 The parameterization of the Lightfield.
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Figure 3 Generalized sampling theorem in 2D space. (a) Spatial sampling on a lattice with arbitrary
geometry. (b) Frequency domain replication along a corresponding lattice.
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Figure 4 (a) the down-sampling system (b) the up-sampling system (c) down-sampling with rational
matrix (d) up-sampling with rational matrix.
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Figure5 Thelight ray correspondence.
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Figure 6 A two layer scene, itsEPI and the Fourier transform of the EPI. (a) A scenewith two layers.
(b) The EPI (left) corresponding to the scenein a) and its Fourier transform (right).



Figure 7 Freguency response of a no occlusion EPI and the “optimal” samplingin [6]. (a) Frequency
support of a scenewith no occlusion and Lambertian model. (b) The“Optimal” compacting and the
reconstruction filter in [6].
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Figure 8 Optimal sampling for image-based rendering.
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Figure 9 Comparison of therectangular sampling approach with our new approach. (a) the new
approach (b) the proposed approach
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Figure 10 Thereconstruction filter. (a) The frequency support and optimal compacting in the
transformed frequency space. (b) The standard reconstruction filter.
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Figure 11 The Fourier transform of the original discrete signal.
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Figure 12 The discrete spatial-domain sampling framework. There ar e two approachesto
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-7
(@)

Figure 13 The Fourier transfor ms of the down-sampled data. (a) With the previous approach in [6].
(b) With the proposed approach.
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Figure 14 (a) The Fourier transform of the original discrete signal. (b) The Fourier transform of the
signal after the down-sampling asin [6]. (¢) The Fourier transform of the signal after down-sampling
with the new approach. Note: (b) and (c) have the same down-sampling density. (d) Up-sampling
filter specification for the previous approach. (€) Up-sampling filter specification for the proposed
approach.

-25-



Figure 15 Filter design resultsfor different specifications and methods. (a) Specification Figure 14
(d), no transitionband constrain. (b) Specification Figure 14 (d), with transitionband constrain. (c)
Specification Figure 14 (e), no transitionband constrain. (d) Specification Figure 14 (e), with
transitionband constrain.

0.45
04 —e&— Filter design for the | |
: old approach
s 0.35 \\ —— Filter design for the [
= 03 new approach
(O]
5 0.25 1
=
8 0.2 \
3 0.15
iT \
01 —
0.05 -
O T T T
0 5 10 15 20
Filter Order

Figure 16 The comparison of thefilter design for the old approach and the new appr oach.
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Figure 17 The design of the reconstruction filter. (a) The passband (P), the stopband (S) and the
transition-band (T). (b) The corresponding digital filter has frequency response on [— TT, 77] ><[— TT, 72]
After up-sample, the passband and the transition-band ar e squeezed.

Figure 18 The optimal digital filter designed by Eigenfilter, with 4x4 window size, up-sampled by
8x8.

Figure 19 Optimal sampling when there are occlusions. (a) The most conservative sampling strategy.
(b) The optimal sampling strategy when the occlusions ar e weak.
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Figure 20 Epipolar image and epipolar mask. (a) A three-layer scene EPI. (b) The Fourier transform
of the EPI in (a). (c) The EPM of thefirst layer. (d) The mulplication of the EPM s of thefirst and the
second layers.
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Figure 21 One-layer Lambertian and non-Lambertian scenes. (a) A Lambertian scene. (b) The
Fourier transform of (a). (c) A non-Lambertian scene. (d) The Fourier transform of (c).



Figure 22 Optimal sampling when the scene isnon-Lambertian.
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Figure 23 Thetesting scene EPIsand their Fourier transforms. (a) The synthetic scene. (b) The scene
Duck. (c) The scene Containers.



