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ABSTRACT those papers rely on the assumption that the plenoptic function is

I this paper, we present reconstruction schemes for the plenopticband-llmlted, which is usually not true. Therefore, in this case, the

function. Using new sampling methods developed in [2, 4, 5], we plenoptic function cannot be perfectly reconstructed from its set of
show that, for some particular scenes, it is possible to perfectly re- samlgles. v it has b h hat it ibl devel
construct the plenoptic function from a finite number of cameras i ecsnt v, 'tf as | eens ?Wnt t?t Itc;? ppszl e tol e\ée op sam-
with finite resolution (Theorem 1 and Corollary 1). In more gen- piing schemes for classes of non-ban imited signals [2, 4, 5]. A
eral cases, we demonstrate new ways of interpolating exactly thetommon fegture_s of the.se signals is that they have a paramedtric
plenoptic function (Theorem 2). Finally, we show that it is possible represintatlon with adf'n'tT number Or: degre;es Or: freedorp. fth
to infer camera locations from a finite set of images. In all cases, | In tt_lsfpapﬁr, WS E\ije op ne;/v s¢ emis{hort e Tta”?p l;gj :_) €
we have perfect solutions due to the super-resolution property of P'ENOPtIC | unction h aseh on ex en5|qnlo € r?su IS in [ ’I ’ h].
the sampling. First numerical experiments on noisy observations " Particular, we show that it is possible to perfectly sample the

show the potentiality of this new theoretical developments. plenoptic function of scenes with a f_|n|te number of degree_s of
freedom. Namely scenes made of points, planes, and other simple

objects. Moreover, we show that, in other situations, we can ex-
1. INTRODUCTION actly interpolate the plenoptic function with only a few cameras.

) . ) . . We then propose to use these sampling schemes to solve a differ-
Advances in device technology, networking and information pro- ent problem, namely, to infer the cameras locations from a set of

cessing have allowed the emergence of sensor networks. These A& mples of the plenoptic function. Note that in all cases, we have
densely distributed sensor nodes with the capability to sense ele‘perfect solutions, due to the super-resolution property of the sam-
ments of the environment, make computations and communicate ling.

with other nodes or a central receiver. Signal sensors can be cheap e paper is organized as follows. In the next section, after
temperature sensors, but also cameras or microphones. _ a brief review of some background material, we present our sam-

In this new scenario, there are several problems to mvestlgatep"ng and interpolating results (Theorem 1, Corollary 1 and The-

that span from traditional signal processing problems (i.e., sam- 5,am 2). In Section 3, we address the problem of inferring the
pling, interpolation, compression and detection) to communication -ameras locations from a set samples of the plenoptic function.

and information theory. Among them, of particular interest in this - gection 4 presents some numerical results. Finally, we conclude in
paper, is the sampling and interpolation problem. Section 5.

In particular, we assume that our sensors are cheap cameras
with low resolution and the question we want to address is how
many cameras are needed to obtain a continuous rendering of &
certain scene. That is, assume we have a certain number of cam-
eras taking pictures of a scene from different positions, is there 2.1. Background Material
any sampling theorem that tells us the number of cameras neces="""
sary to reproduce that scene exactly? Or given a certain number ofThe plenoptic function defined in [1] describes the intensity of
cameras can we interpolate other views? each light ray in the world as a function of visual angle, wave-

The problem of rendering a 3D scene from a set of 2D im- |ength, time and viewing position. Therefore, the plenoptic func-
ages is known as image based rendering (IBR) and has attracted &on is a 7D function
lot of attention recently [8, 3, 9]. IBR is related to the concept of
the plenoptic function introduced by Adelson and Bergen [1]. As- Pr = P(0,6,\t,Va, V3, V2). 1)

sume that one is free to take photographs of a visual scene at anyyy fiying the time (static scene) and the wavelength (fixed lighting
possible position, angle and time. Such a complete representation,,gitions), this function becomes a 5D function. As stated in [6],

of that scene can be parameterized by a single function called th& g know that the 5D complete plenoptic function can be simplified

plenoptic function. to a 4D light field plenoptic function by restricting the scene (or
The sampling of the plenoptic function has been addressed by, ersely the camera view) to a bounding box or a convex hull:
several researchers, and a first solution was given in [3]. For fur-

ther results, see [9]. However, the sampling schemes developed in Py = P(u,v,s,t), (2)
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Fig. 1. (a) Points of depth (v, t) are observed by two cameras t’ i 14
and t (b) 2D plenoptic functions of two points observed along the ]
camera path
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where (u,v) and (s,t) represent two parallel planes (the focal

plane and the camera plane respectively) of the bounding box.

Here we consider a pinhole camera model under which a point © )

in space with coordinateX=(z,y,z)" is mapped to the point

(fx/z, fy/z, f)" onthe focal plane defined by= f wheref is

the focal length. By taking &v slice of the 4D plenoptic function

(which is equivalent to fixing the viewpoint) we reduce the plenop- Fig. 2. Plenoptic function of a stream of Diracs and reconstruction

tic function to a 2D parametrization which is called 2D light field (a) Original scene made up dff = 3 Diracs, (b) 2D plenoptic

or epipolar plane image (EPI). functions (c) blurred plenoptic functions, (d) reconstruction of the
As shown in Figure 1, each point of an object is seen by two points from the projecting lines. The Diracs correspond to points

cameras lying on the t-axis. The v-axis corresponds to the focal where exactlyMl + 1 = 4 lines intersect.

line of the cameras. As in [3], we set up local coordinate on the

focal line base on where the camera is. Each point is represented

by a line in thet-v plane where the slope of the line is related to Consider a set of\/ singular points (2D Diracs generated
the depth of the point through the following equation: by a Poisson process) and a seti6fcameras. LeB;(v), i =
, , 0,1,...K — 1 be their perspective projections of optical centres
v =ft-t)/z @) S;(v) can be represented as a weighted sum of at mést-D

Note that the image or focal line is placed in front of the cam- Diracs lying on the image line. In practice, we observe a sampled
era centre. From now on, for simplicity, we will focus on the 2D and distorted version of these projections, but as stated in [2], the

plenoptic function. However, all results can be extended to the Signal Si(v) made up of maximum\/ Diracs can be recovered
general case. from a set o2 M samples by using either the sinc or the Gaussian

sampling kernel. Therefore, the perspective projections can be re-
constructed. Moreover, one can prove (see [5]) that it is possible
to recover the original scene frold > M + 1 projecting lines.
The new sampling schemes we use [2] concern with a certain Finally, the weights of the singular points can be found by solving
class of non-bandlimited signals namely those of finite rate of in- a linear system of equations. Hence, we can state the following
novation such as streams of Diracs and piecewise polynomials. Ittheorem:

has been shown that these signals can be sampled uniformly at Theorem 1: Consider a scene made up &f singular points

(or above) the rate of innovation using either a sinc or a Gaussian(Diracs) and let its perspective projection be convolved with a sinc
kernel, and then be perfectly reconstructed. These results concermor a Gaussian sampling kernel. By takifg > M + 1 perspective
one-dimensional signals whereas [4] presents extensions to classegrojections and for each projection, at leasi/ samples, we can

of 2D signals with finite complexity such as 2D Diracs (Poisson perfectly reconstruct the scene.

process), polygons and bilevel signals with piecewise polynomial

boundaries. In [5], the case of the Radon transform of finite rate of Figure 2 shows an example of Theorem 1 with = 3 and
innovation objects is studied, showing that a finite number of pro- four camerag K = 4). Theorem 1, basically, states that with
jections and a finite number of samples is sufficient for an exact K > M + 1 cameras (or withK different pictures of the same
reconstruction of certain simple objects such as Diracs. scene), we can recover exactly a visual scene madé @firacs.

In this work, we extend these results to the case of the plenop-In many cases, however, it is possible to have the same result with
tic function. We show that it is possible to have an exact recon- only two cameras. In fact, in IBR, one has access to the perspective
struction of the plenoptic function of simple objects from a finite projections and can label the points (Diracs) in these projections.
number of samples and a finite number of cameras. That is, as-Then, in this case, and in absence of occlusions, two cameras are
sume a finite number of cameras with finite resolution and some sufficient to reconstruct the plenoptic function of a scene made up
lens distortion, then the plenoptic function can be recovered from of an arbitrary but finite number of Diracs. For the sake of clarity,
this finite number of blurred and sampled images. we state this in the following corollary:

2.2. Interpolation And Sampling Results



Corollary 1: Consider a scene made uplf labelled Diracs
and two perspective projections of this scene with no occlusions.
Then,N > 2M sample values of each projection taken with a sinc
or Gaussian sampling kernel are a sufficient representation of the
scene.

This result can be extended to the class of piecewise constant
signals. Assume, the scene is made up of surfaces of different
uniform color. In this case, the perspective projection on the im-
age plane is a piecewise constant signal contaifiqgeces. The
positionsty andt; of the cameras are such that none of these () (b)
pieces is occluded in the rang [t:]. Using [2], we also know
that the two views given by the cameras can be recovered from
N > 2L + 1 samples. From the reconstructed views and by
means of projective geometry, we can then reconstruct any view
in between {o, ¢1].Thus we can derive the following result:

Theorem 2: Consider a scene made up of surfaces contain-
ing L pieces each of different uniform color. Two cameras are at
the positiong, and¢;. Suppose that these positions are such that
none of the pieces is occluded in the range {:]. Then, by using
a sinc sampling kernel and at lea®L + 1 samples of each view
taken by the cameras, we can:

Fig. 3. Monte Carlo simulations for the estimation of Diracs po-
sitions (a) and weight (b). Horizontal axis is the additive noise
standard deviation and vertical axis the estimation error standard
deviation.

wherewv;, is the image of the reference point on the camer#

0 = 0, then the system is linear. The variables, j = 1,..., N

are observed but thanks to the sampling theorem given in [2], we
can know them exactly (i.e with infinite precision) and thus we can
1. recover perfectly the two views. solve the system of equations to find the exact values. pf

2. interpolate the plenoptic function in between the two views.
4. SIMULATION RESULTS

3. SUPER-RESOLUTION CAMERA LOCATION In Section 2, it has been shown that the positiong/b&ingular

Until now, we have considered the case where cameras locationd?©!Nts can be reconstruct_ed perfectly takf_lvig;amples orK_ pro-
are known. What if we do not know this information? In this JSCtONS: The reconst.ructlon IS qbtalned n t\.NO steps: .flrstNhe
case, what additional knowledge do we need in order to Completelysamples are used to find the position of the singular points on each

recover cameras locations and hence the scene? The problem cHrOjeCtlon, then such positions are used to reconstruct the positions

finding the camera positions and orientations has been extensiveI)Pn.thet —vplane. Ina practlt_:al §etup, the precision of the methOd
studied in computer vision (see for instance [7]). is limited by the sensors, which introduce distortion and noise that

Our novel approach to this problem is to use the sampling limit the prgcision of the first step of the reconstru.ction qlgorithm.
schemes for signals of finite rate of innovation to find exact cam- In orc_ier to investigate the rob_ustness of the algorithm with respect
eras locations. These methods lead to perfect reconstruction fromf© NOISe, M(_)nte Carlo simulations ha_ve been_performed. Namely, a
a finite number of samples of the perspective projections and al_n0|seless.5|gnal mg(;ie upbf = 3 weighted Diracs has been gen-
lows us to recover the exact positions of the cameras. In the gen_erated. Diracs positions were@af = 5.3, v = 16.2, vy = 22.7
eral case, the system of equations we have to solve is polynomialand weightsap = 404, a1 = 275, az = 126. The signal has
but if we suppose that the cameras have the same orientation meeen filtered with the Gaussian kemel with parametgr = 5

then the system becomes linear and in this case we can derive th@nd V' = 7 samples has beef? considered uniformly spacgd be-
following theorem: tweenv = 0 andv = 24. Noisy samples have been obtained

Theorem 3: Consider a set ol aligned cameras looking at adding Gaussian noise and the position and weights of the Diracs
a scene compésed of singular points. Suppose that we know reconstructed with the algorithm presented in [2]. Different level
the exact location of one of these points (reference point). Then,,Of nolsehstangard dew?tlom hﬁs bgenl con|5|geredfat?]d 200 e>§per-t
we can perfectly recover the N cameras positions and the original Iments have been run for éach noise level. Une of the experiments

scene by taking at leag8(N — 1) samples for each view taken by corr.eslpondlng to, = 0.31s deP'Cte.d In Flgur.e 4 The standarq

acamera. deviation of thg parameter estimation error is |IIu_strated in Fig-
To prove this theorem, we just have to notice that the coordinates of '€ S_for the Diracs positions anq weights res_pectlvely. It should
the reference point are used to find the locations of¥heameras be pointed out that, in the currentimplementation of the algorithm,

and then we use our algorithm and the positions of the cameras tothe parametes  cannot be too small to avoid il conditioning of

reconstruct the locations of thé — 1 points. We can illustrate this :Ee sygtem.t SLéCh da dpar_artr_\eter |n2utﬁncest_als?_the relat|(?n ]E)et;/veen
by considering the case wheé — 2: let (x1, z1) and (2, 22) e noise standard deviatiom, and the estimation error. In fact,

be the coordinates of two poinf3, and P», respectively and let forfa If'xed vlalueand, a_blggt;ﬁra;{tl_ncr?ases the number of mean-
(2cj, 2zcj,0;) be the coordinates of the camefgl < j < N) Ing l_f_ sgmpt()els,tre ucu:gl tees |nf1a||0n ffrr]ror. | set
where z.; is the same for each camera and is known (see Fig- 0 be able to use his type of aigorithm on a real Setup, one

ure 1(a)). LetP; be the reference point. Then, the systen\of must be careful in avoiding potential additional sources of errors,
equationé we have to solve is of the forrﬁ: ' such as lens distortion, poor precision of lens calibration, sensor

noise and non linearities and bad illumination conditions. To make
(Tej — 1) + tan b (ze; — 21) a preliminary evaluation of the proposed method we determined

J— 4 . . L . L
Uit = on 0;(Tej — 1) — (20 — 21) (4) the estimation errors indirectly, using a pattern containing four ver-




Fig. 4. One experiment of the simulation with a noise standard
deviationo,, = 0.3. Points correspond to th% = 7 samples
used by the algorithm. The line correspond to the reconstructed
values and is practically superposed to the ground truth values.

() (b)

Fig. 5. An image of the pattern used to measure the estimation

error on diracs positions (a). The dots represent the sensor data

corresponding to the marked line of the pattern. The solid line
corresponds to the reconstructed stream of Diracs (b).

tical lines at positionsy, v1, v2 andvs. The positions are chosen
so thatvy —vp = vs — v2 > v2 —vo. The four lines of the pattern
are printed on a transparent slide placed in front of a uniform light
source. The images of the pattern were acquired using a digital

camera with the settings chosen to operate on the linear region of

the CCD. The focus control was deliberately set to have a slightly
defocused image, to reduce the influence of print imprecision and
light conditions. Also, a defocused image corresponds approxi-
mately to increase the parametex of the kernel, avoiding the
problems of ill-conditioning mentioned above.

To avoid the influence of lens distortion, only the center of

the image was used, namely a rectangle of 100x300 pixels (the

image size was 1456x2224). An example of the acquired image
is given in Figure 5(a) and the samples for the marked line are
reported in Figure 5(b). Since the thickness of the lines is small
with respect to the parametetx of the Gaussian kernel, every
line can be modelled as a Dirac impulse in the horizontal direction
and the algorithm in [2] applied witl = 4. The estimations

of the positions of the Diracsjo, 91, 2 andvs can be used to
estimate the ratio:

V1 — Vo
Tzi

—2, (5)
V2 Vo

The advantage of using a ratio between distances rather then com-
puting an absolute measure on the pattern is that knowledge of lens
parameters (such as focal length and position of the nodal point) is
not required, avoiding a potential source of errors. It can be easily

verified that the estimation erroes = 9o — vo, €1 = ©1 — v1 ON
the Diracs’ positions and the ratio estimation error are related by

(6)

If we modeleg, e; as i.i.d. variables, one can compute the es-
timation error standard deviation. ~ (# — r)(v2 — vo)/v/2.

This method has been used to evaluate the estimation error of the
proposed technique, obtaining ~ 0.2 pixels. That is, on this
blurred and noisy image case, we have obtained a precision of
aboutl/5 of a pixel, which is a promising preliminary result.

e1 —eo ~ (F —r)(v2 — vo).

5. CONCLUSIONS

We have developed perfect reconstruction methods for simple
scene models using a small number of cameras. These methods
are based on new sampling schemes for signals of finite rate of in-
novation [2, 5]. We have derived interesting results for a perfect
interpolation of the plenoptic function of piecewise linear objects.
We also have shown that the cameras locations can be recovered
if we know the position of one point in the scene. Finally, prelim-
inary results on real cameras have shown the potentiality of these
new sampling schemes.
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