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ABSTRACT since the required number of recorded views is much reduced, the

We consider the problem of estimating and encoding depth map3!BR offers a compact data representation.
from multiple views in the context of 3D-TV with free-viewpoint In this paper, we propose to study the encoding of the DIBR
rendering. We propose a novel codec based on the Rate-Distortigiid the estimation of its depth maps from multiple views using a
(RD) optimization of the Depth-Image-Based Representation (DIBR)ovel Rate-Distortion (RD) optimization. For simplicity, we limit
in the wavelet domain. The rate constraint enforces the piecewis@e study to static DIBR with a unique pair of grayscale image and
smoothness of the depth map, which improves the reliability of itglepth map. The proposed RD framework considers both the image
estimation. We propose an efficient optimal solution for the joint es@nd the depth map jointly to obtain an automatic allocation of the
timation and coding of the depth map using dynamic programmingivailable bitrate between the two. The choice of the S transform, an
along the tree of wavelet coefficients. It also provides an automatitteger version of the Haar transform [3], to represent the depth map
bitrate allocation between images and depth maps. Experiments @ows us to use the rate constraint to obtain piecewise smooth depth
real data show that the wavelet approach can improve RD perfofhaps and as a consequence to reduce spurious depth errors. More-
mances over a state-of-the-art technique that uses quadtrees. over, the S transform introduces a tree of dependencies between the
wavelet coefficients, which allows an efficient solution of the RD
optimization using dynamic programming [4]. Experimental results
on real data confirm the efficiency of the wavelet-based smoothness
and show that the RD performances of the proposed codec can out-
1. INTRODUCTION perform those obtained using quadtrees [5, 6].

) ] ) ) Note that the problem of depth-map estimation is related to the
The success of three-q|men3|ona| (3D) v|dep games and online 3Bhe of motion-field estimation in video coding, where techniques
virtual worl_ds emphas_lzes the Qeman_d for viewing experiences b&sased on RD-optimized quadtrees have also been proposed [7].
yond passively watching two-dimensional televisions. In particu-  The remainder of the article is organized as follows. Section 2
lar, viewers look for increased interactivity inside four-dlmensmnalgiveS an overview of the RD framework, while Section 3 presents an

(3D+1) environments. This demand is likely to be increased by theficient solution and Section 4 gives an account of our experimental
advent of autostereoscopic displays [1], which let user perceive thg,gits.

third dimension without wearing special glasses.
However, recording and broadcasting such 3D+t environments
is still an open problem. In spite of an intense research effort in the 2. RATE-DISTORTION FRAMEWORK
domain of free-viewpoint 3D-TV [1], virtual worlds are still mostly
synthetic, created using computer graphics tools. Indeed, allowinghe encoder has access to a set of views. These views are repre-
users to freely choose their viewpoints requires the encoding of aiented by the column vectors s € [0, ..., N, — 1], obtained by
the possible views, i.e. the entire plenoptic function [2]. Such a masstacking all the pixels together. The vidw; called the reference
sive amount of data is not compatible with the current broadcastingiew, is the image in the DIBR. The views are assumed to be from
systems. coplanar viewpoints and to have been rectified [8], so that the motion
This issue is avoided in synthetic environments by encoding th&ectors due to the motion parallax between the reference view and
underlying 3D geometry of the world, along with its photometric any other view are parallel to the baseline between these two views.
properties, and rendering views on demand at the decoder. This ap- The decoder renders arbitrary views inside the plane by mo-
proach greatly reduces the amount of data to broadcast. Howevertibn compensating the reference view using motion vectors obtained
requires the knowledge of the 3D geometry, whose estimation frorfrom the depth map. Since this is a forward motion compensation,
real data is still a difficult issue. it leaves holes in the rendered view which are filled using interpola-
The Depth-Image-Based Representation (DIBR) tries to mitition. The norm of the motion vectors is inversely proportional to the
gate these issues by providing a trade-off between no 3D geometdepth of the scene. It is therefore more practical to define the RD
and exact 3D geometry. In this representation, the plenoptic functioffamework in terms of inverse depths, that is, disparities.
is approximated locally by pairs of images and depth maps, arbitrary The goal of the encoder is then to find a DIBR such that the
views being created on demand at the decoder using Image-Baseghdered views, are as close as possible to the actual viéwis
Rendering (IBR) [2]. Since depth errors tend to be more conspicthe mean-square sense, under the constraint of the available bitrate.
uous when the virtual viewpoint is far from the actual one, this ap4n order to reduce their entropy, both the reference Vigand the
proach can cope with approximate depth maps. At the same timeljsparity map’ are encoded in the wavelet domain. We consider two

Index Terms— Free-viewpoint rendering, Depth-Image-Based
Representation (DIBR), disparity-map estimation



different wavelet synthesis operators to obtain an efficient solution to
the RD problem: a linear operator with matfIxfor the image and

an non-linear integer operat@r for the disparity map. Let andd

be the vectors of their wavelet coefficients. We can then write

To2 Tc and 6 £ 7(d). 1)
Introducing the Lagrange multipliex [9], also known as RD slope,
the RD optimization is given by
Ny—1
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where N, denotes the number of view,||3 the norm 2,R(.) the
bitrate andM (1o; §) the forward motion compensation that trans- Fig. 1. Dependency graph of a two-level S transform. The coeffi-
forms the encoded reference viyinto the rendered view using ~ cients in bold are those included in the wavelet vedtdgray nodes
the disparity mag. represent the MSE and rate terms of the RD optimization.

Ignoring the issues of occlusions and resampling, the Mean-
Square Error (MSE) term can be defined either in terms of backwar

- . : ) g rate model whose graph of dependencies is a tree, as shown in
motion compensation or forward motion compensation. The latter '?—igure 1

mgrﬁ1 cp))trii%tlgslmspl)r;cr:]es ;ttigﬁcoljjglr(]egs tt:ii Zgg(r)g;gw;?ifc?r:e?ﬁ: c\)/::)et:/r\:uf;(;m Disparity maps tend to be piecewise constant, so the Haar wavelet
tion becomes ) ’ transf_orm is suna_ble to prc_)wde a compact repre;entatlon. _Slnce

quantized disparities are discrete, we choose an integer version of
Ny—1 ) the Haar transform, that is, the S transform [3]. It is defined as fol-
Z HMf;(IS; 7)) — TcH +A(R(c) + R(d)), (3) lows. Letl{?) andh?’ be two integer coefficients of the S transform
s=0 2 at levels, respectively low-pass and high-pass. L&t " andiy,")

h b(1.:5) d he backward . ion th be two low-pass integer coefficients at the next finer Igvell. The
where M¢(ls; 5) denotes the backward motion compensa’[loArlt atanalysis operator of the S transform relates these quantities by

transforms the rendered view into the encoded reference vidw

.1
min
c,d v

using the disparity map. 1) — 1970 197y
n 2 (5)
3. EFFICIENT OPTIMIZATION G) _ G-1) _ G-1)
hn = lZn - 12n+1
3.1. Overview where|z | denotes the largest integer less or equal.tét the finest

level, the high-pass coefficients are not defined and the low-pass
coefficients are equal to the disparity map, that/i¥, = 4. The
wavelet vectod is made of the low-pass coefficients at the coarsest

The MSE term of (3) depends on the wavelet vectaaadd in very
different ways: it is quadratic in but non-linear ird. Therefore, the
problem is solved using successive optimizations, first optimizing - -
and therd. This way, we can design optimization techniques adapteé]’sveI and all the high-pass coefficients.

to each case. The optimization is initialized at high bitrate where thea re 'i:r?(;ethgnrg(teitmo?‘dc?rl;ewaenifhsgrmtehctah?otvs-ll :Si \I(\:Ig\é?fli(e;;e(;cisetfgglents
MSE is virtually null, that isTc ~ lo and M (1,; 7 (d)) ~ lo. P ’ P

coarsest level following a uniform distribution and the high-pass co-
] efficientsh following a discrete truncated Laplace distribution with
3.2. Reference view zero mean and scale parametef herefore, the rate (in bits) is ap-

Assuming that the wavelet transforfiiis nearly orthonormal, like ~Proximated by

the 9/7 wavelet used in JPEG 2000 [3] for instance, the optimization 1 L Non(G)-1
(3) with regard to the image wavelet coefficientsan be rewritten R(d) = Tors Z Z WD | + est (6)
as 08 j=1 n=0
. —1 2
min ||T lo — CH2 +AR(c), ) wherecst is a term independent af, L is the index of the coarsest

for which JPEG2000 provides a near-optimal solution [3]. level andN., (j) the number of high-pass coefficients at leyel
Let the quantized disparity map take integer values in the range

[0, N5 — 1]. The backward motion compensation of viéwcorre-

sponding to the pixet of o when its disparity isn takes the simple

For simplicity, we present the case of one-dimensional disparity magerm

The procedure can be generalized to two-dimensional maps by ap- Mg,n(ls; m) = s ntasm+se @)

plying it alternatively along the horizontal and vertical axes. wherea, andj, depend on the camera parameters of the views.
Since motion compensation is a non-linear function of the dis-  For a fixedc, and thus a fixed, £ Tc, Equation (3) can be

parity map, we cannot rely on the wavelet transform being nearlyyritten as

orthonormal to simplify the problem. Instead, we take advantage of | Nom1Naz1 ,

the fact that quantized disparity maps take only a finite number of . b . B

disparity valuqes. We then Ehogse aﬁ integer WZtveIet transformand 4 N, Z Z (MS‘"(IS’ On) = IO"”) HARM), (8)

3.3. Disparity map

s=0 n=0
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Fig. 2. Example of node-wise minimization fd)é'l) = 2 with Ns =

5andu = 1. The error matrixJ is the sum of the error vectors and (@ A=59x10"? (b) x=6.5x 1074
the rate matrix. The minimum is searched for among the values in
the gray boxes and is found in the dark-gray box. Fig. 3. DIBR of the Tsukuba set estimated at two RD slopes. The bi-

trate constraint limits spurious noise during the disparity estimation.

] ] The quality of both the image and the disparity map varies according
whereN,, is the number of pixels. to the available bitrate.

The MSE term can be factorized into a product of two matri-
ces: an error matriE(?), which shall serve as initialization of the
dynamic programming presented in the following section, and a seFor each valuen of the low-pass coefficienty ™" at the coarser
lection matrixS(d). The entryE("),, of the error matrix gives the level, it performs the minimization
square error that the pixel of 1, would be associated with if it had

quare . W) 4, G)
disparitym. Thatis, min  J ), ) suchthat| 22 2t | — o (12)
16D G Lo o bomyt
N, —1 2n "2n+1
© a 1 b a2
Emn = N, > (Ms,n(ls;m) - '0,n> : ) as shown in Figure 2(b). The value of the minimum is stored in
s=0 +1)

the entryEﬁ,Jm of the error matrix at the coarser level. The co-
This error matrix is also called “disparity space image” [8] and isefficients1{/)* andi$/)7, achieving this minimum give the optimal
independent of the disparity maﬁn The selection matriXS(9) is valueHﬁf;f;f) that 9 +Y would take if the optimal value gt
made only of zeros and ones with exactly one one along each ro
The locations of the ones are given by the values of the disparity
map . The optimization (3) with regard to the disparity wavelet
coefficientsd can then be written as

This process is repeated until the coarsest |dvéd reached.

At this point, the optimal low-pass coefficientd”’” are obtained
by selecting the column-wise minimima of the error mafiiX”’.

. L Na(G)-1 This starts the backtracking of the top-down pass. At lgvehe
H{}ntr(s(T(d))E( Ntud ) > P Qo) optimal high-pass coefficients are given by’* = Hj{j))* . The
= on=o synthesis operator of the S transform then gives the Spti’rrﬁal low-pass
wheretr denotes the trace operator gnd \/(blog2). coefficientsly’, " andi/. )" at the finer level. This procedure is
repeated until the finest level is reached.
3.4. Dynamic programming It remains to estimate the optimal scale fadiorit is obtained

) ) ) ) using a procedure akin to dichotomy. The procedure starts with a
Since the graph does not contain loops, the optimal solution can kgven range fop: and an initial value of.. It then iteratively finds
efficiently computed by grouping the terms of the summation in (10khe optimal vectod, then the optimal scale factéin the Kullback-
such that the large minimization becomes a recursion of small mingejpler sense and finally the actual Lagrange multipher Each
imizations. This dynamic-programming approach consists of tWajme, the smoothness is adapted so that eventually the optimiza-

passes: one bottom-up which performs minimizations at each nodgyns of both the image and the disparity map are performed using

of the graph, followed by one top-down which backtracks throughthe same Lagrange multipliex

the node-wise minimizations to find the globally optimal solution.
Let us define a rate matriR.,., £ pln — m|, as shown in

Figure 2(a). At levelj, the error matrix?) is known and the error

matrix EV!) at the coarser level is calculated. A matti/ ™V of g present experimental results on two image sets, Tsukuba and
high-pass coefficients is also computed to prepare the backtrackinqeddy [8], displayed in Figures 3 and 4. Experiments were run in

At the node connecting the low-pass coefficiegfsandly)), ;,  the grayscale domain with intensity values in the rafiige]. Nine

4. EXPERIMENTAL RESULTS

the algorithm creates a node-wise error-malrisuch that views were used from the Tsukuba set and two from the Teddy set.
. v The proposed wavelet codec is compared to a codec based on
Jo o 2EBY  +EY +R,6 0 - (1)
19050 1) 2n 1§, 2nt1 195 quadtrees [5-7]. Both codecs rely on the Kakadu JPEG2000 codec [3
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(a) Image

(c) Disparity map — Quadtree

(b) Disparity map — Wavelets

Fig. 4. DIBR of the Teddy sequence At= 4.5 x 10~3: image (a)

limits spurious noise.
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Fig. 6. RD performances of the DIBR codecs using either wavelets
or quadtrees on the Teddy set. The wavelet-based codec offers im-
provements of up to 1.3dB.

5. CONCLUSION

We have proposed a novel codec of the depth-image-based repre-

) ' / ¢ sentation based on rate-distortion optimization. Using wavelets lets
and disparity maps estimated using wavelets (b) or quadtrees (Ghe encoder enforce the piecewise smoothness of the disparity map,
Unlike quadtrees, wavelets enforce inter-block smoothness whicjhich reduces spurious noise. The optimization is efficiently solved
using dynamic programming and provides an automatic bitrate al-
location. The experiments on real data show a PSNR gain of up-to
1.3dB and a bitrate allocation stable across the range of bitrates with
around 15% dedicated to the depth map.
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