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ABSTRACT

Compression of depth maps is important for “image plus depth” rep-
resentation of multiview images, which enables synthesis of novel
intermediate views via depth-image-based rendering (DIBR) at de-
coder. Previous depth map coding schemes exploit unique depth
characteristics to compactly and faithfully reproduce the original
signal. In contrast, given that depth maps are not directly viewed
but are only used for view synthesis, in this paper we manipulate
depth values themselves, without causing severe synthesized view
distortion, in order to maximize sparsity in the transform domain for
compression gain. We formulate the sparsity maximization problem
as an lp-norm optimization. Given lp-norm optimization is hard in
general, we first find a sparse representation by iteratively solving
a weighted /1 minimization via linear programming (LP). We then
design a heuristic to push resulting LP solution away from constraint
boundaries to avoid quantization errors. Using JPEG as an example
transform codec, we show that our approach gained up to 2.5dB in
rate-distortion performance for the interpolated view.

Index Terms— Depth-image-based rendering, transform cod-
ing, sparse representation

1. INTRODUCTION

Continuing cost reduction of consumer-level cameras means images
and videos previously taken by one camera from a single viewpoint
can now be captured economically by an array of cameras to record
multiple viewpoints. While multiview images/videos can poten-
tially provide richer user experiences such as free viewpoint TV [1]
and immersive teleconferencing, encoding and transmitting multiple
views incurs a high transmission cost. A recent approach for efficient
multiview representation is image/video plus depth [2], where, in ad-
dition to texture maps (images), depth maps of different viewpoints
are also encoded and transmitted, so that a desired intermediate view
can be synthesized at the receiver via depth-image-based rendering
(DIBR) techniques like 3D warping, using texture and depth maps of
neighboring viewpoints. A key to image-plus-depth representation
then, is efficient encoding of depth maps.

Recent efforts to encode depth maps [3] exploit depth signal’s
unique characteristics, such as smooth surfaces and sharp edges, for
efficient compression. Like generic coding schemes like JPEG, how-
ever, the goal is nonetheless to reconstruct a signal § as faithfully as
possible to the original s for a given coding rate. In contrast, given
that a depth map is for view synthesis only but not direct observa-
tion, we remark that one can manipulate depth values without di-
rectly causing signal degradation as observed by users, as long as
the manipulation does not lead to severe synthesized view distor-
tions. In fact, it has been shown [4] that in low texture regions of a
scene, depth value of a pixel can vary to some extent with little ill
effect to the synthesized views. In this paper, we propose to exploit
this degree of freedom to manipulate depth values (to some defined
extent) to maximize representation sparsity in transform domain for

compression gain.

A biorthogonal transform coder maps a signal s € R™ to a set
of N pre-defined basis functions ¢;’s spanning the same signal space
RYN of dimension N. In other words, a given signal s in R can be
written as a linear sum of those basis functions using coefficients
a;’s:

N
s= (1
i=1

Only transform coefficients a;’s are encoded and transmitted to the
receiver for reconstruction of signal s. a;’s are obtained using a
complementary set of basis functions ¢;’s:

a; = (s, ¢;) ®)

where (x,y) denotes a well defined inner product between two sig-
nals x and y in Hilbert space R™.

Compression efficiency of a transform coder depends to a very
large extent on the sparsity of representation of signal s in the trans-
form domain; i.e., the number of zero coefficients a;’s in (1). Much
effort in transform coding is spent on finding basis functions ¢;’s
that maximize representation sparsity for a given class of signals. In
the case of depth map encoding, we solve the complementary prob-
lem: given a set of biorthogonal basis functions ¢;’s, we find the
signal (depth map) s within a well defined subspace that maximizes
sparsity of its representation in the transform domain.

In particular, we perform sparsity maximization for depth map
encoding as follows. For a given code block, we first define a range
of depth values called a don’t care region (DCR) for each pixel in
the block, where any depth value within range will lead to a synthe-
sized view distortion of this pixel by no more than a threshold value
T. We then formulate the sparsity maximization problem as an lo-
norm optimization problem. Given finding lo-norm is hard in gen-
eral, we propose to iteratively solve weighted /1 minimization until
convergence (each can be solved via linear programming (LP)), sim-
ilarly to the approach in [5]. Finally, to avoid rounding errors during
quantization, we design a heuristic to push the LP-derived sparse so-
lution to another one in the interior of DCR. Experimental results
show that our discovered sparse representations can improve stan-
dard JPEG compression of original depth maps by up to 2.5dB in
rate-distortion performance for the interpolated view.

The outline of the paper is as follows. We first overview related
work in Section 2 and discuss how DCRs are derived in Section 3.
Formulation and solution to the sparsity maximization problem are
presented in Section 4. Results and conclusion are presented in Sec-
tion 5 and 6, respectively.

2. RELATED WORK

Compression specifically for depth maps has been previously inves-
tigated [3], but the goal there was to reconstruct the original signal
(depth map) faithfully, while in this paper we manipulate the signal
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Fig. 1. Depth Map d,,;q and Don’t Care Region for the first pixel
row in a 8 x 8 block for teddy atT = 7.

(a) Depth Map for teddy

itself (without causing severe synthesized view distortion) for com-
pression gain. A similar recent work is [4], where the authors ana-
lyzed how compression error in depth values can lead to distortion
in synthesized views, and proposed a new metric for mode selection
in H.264 encoding of depth maps. We differ in that we maximize
representation sparsity in transform domain for coding gain.

[6] also presented a signal manipulation problem, where given
the original image block must fall within assigned quantization bins
of the compressed image, the block without high frequency compo-
nents across block boundaries is searched via projection on convex
sets (POCS). [7] discussed near-lossless image compression, where
any given pixel value cannot be erred by more than v values during
compression. More recently, [8] proposed to trade off signal qual-
ity with /1-norm of the transform coefficients for coding gain in a
lapped biorthogonal transform setting. Our work is different from
these previous work in two respects: i) the DCR definition allows
each depth pixel to have its own range for value manipulation; and
ii) our objective to maximize sparsity in transform domain leads to a
challenging /o-norm minimization problem (number of non-zero co-
efficients) which reflects coding rate more accurately than /;-norm.

3. DERIVATION OF DON’T CARE REGIONS

We first discuss how DCRs are derived. Each DCR, specified in
pixel domain, defines the search space of depth maps in which a
sparse representation in transform domain is sought.

We assume a simple setting where we are given three texture
images, Licr¢, Imiq and L.igne, captured by a horizontally shifted
camera, where I,,,;q is at the strict middle of I;cs; to the left and
L.ign: to the right. A texture image I/,.4 is synthesized using I;. fts
I,ignt and depth image dnq. In particular, each pixel I, ,(i, 5 d)
at spatial location (%, j) is a weighted average of two corresponding
horizontally shifted pixels in Ijc r¢ and I.;g5¢ given depthl value d at

(i,):
! . . 1 . . 1 . .
Imid(l7];d) = §Ileft(7f + d7]) + E—lright(z - dy]) (3)

Ground truth depth value d,;q4(i, 7) is one that minimizes the
resulting error (4, j; d) = |I,:4(3, j5 d) — Imaa(i, j)| between syn-
thesized pixel 1},;,4(i, j; d) and captured pixel I,niq(3, §), i.e.:

dumin(i, ) = axgmin e(i, j; d) 4)

I'The more precise terminology for pixel displacement by d in (3) should
be disparity instead of depth. Since depth is simply the inverse of disparity,
we assume encoding and manipulation of depth maps is equivalent.

Given the above definition, we can now determine a DCR at
pixel (4, j) for threshold T as follows: we find the minimum f (%, j)
and maximum g(4,7) depth values such that the resulting error
e(i,7; d) does not exceed T

f(i,7)
g(iv.j) =

min {d}
max {d }

st.oe(i,j;d) <T
ste(i,j;d) <T 5)

See Fig. 1(a) for an example of a depth map d,,;q for image
sequence teddy [9] and Fig. 1(b) for an example of ground truth
depth dim4(%, 5) (blue), DCR lower and upper bounds f(z, j) (red)
and g(i, 7) (black) for a pixel row in a 8 x 8 block in teddy. Notice
that by construction, f(7,j) < dmin(i,7) < g(i, 7).

In general, a larger threshold 7" offers a larger subspace for an
algorithm to search for sparse representations in transform domain
leading to compression gain, at the expense of larger resulting syn-
thesized distortion. We examine in Section 5 how the optimal 7" can
be located experimentally.

4. FINDING SPARSE REPRESENTATION

Given a defined pixel-level DCR described in Section 3, a depth
pixel s(m) at location m must be within range f(m) and g(m),
ie., f(m) < s(m) < g(m), for the resulting synthesized view dis-
tortion not to exceed threshold 7'. Consequently, block-level DCR,
B, is simply a concatenation of pixel-level DCRs for all pixel loca-
tions in a code block. In other words, a signal s is in B if all its pixel
components s(m) fall within the permissible bounds:

s € B iff f(m) < s(m)<g(m), Vs(m)e€s (6)

Given a well-defined block-level DCR B, our goal is to find sig-
nal s € B such that sparsity of its representation using basis ¢;’s in
the transform domain is maximized. More precisely, given matrix ®
containing basis functions ¢;’s as rows:

® = : : )
our sparsity optimization can be written as follows:

glél}zlﬂaﬂlo st. a=®s (8)

where a = [a1,...,an] are the transform coefficients and ||a/l;,
is the lo-norm, essentially counting the number of non-zero coeffi-
cients in a:

lalli, = [{i: ai # 0} | ©)

4.1. Defining Weighted /; Minimization

Minimizing [p-norm in (8)—which is combinatorial in nature—is
in general difficult. An alternative approach, as discussed in [5],
is to iteratively solve a weighted version of corresponding /;-norm
minimization instead:

gléi}zlﬂa”%u st. a=Ps (10)
where [1’-norm sums up all weighted coefficients in a:
an

laliw = wilasl
i
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1. Initialize weights w; = 1 for all ¢’s.
2. Solve [;-norm minimization (10) for solution a;’s.
3. Set weights w; = 1/(|a;| + €) for all #’s.

4. Repeat Step 2 and 3 until convergence.

Fig. 2. Iterative algorithm to solve weighted /; minimization

It is clear that if weights w; = 1/|a;|, then weighted {{"-norm is
the same as lp-norm, and an optimal solution to (10) is also optimal
to (8). Clearly, one cannot know weights 1/|a;|’s a priori when a;’s
are the unknown variables in optimization (10). Hence [5] proposed
an iterative algorithm so that solution a;’s to previous iteration of
(10) is used as weights for optimization in the current iteration. See
Fig. 2 for a pseudo-code of the iterative procedure. € in step 3 is used
to avoid posing an ill-conditioned problem when a a; is very small.

4.2. Solving Weighted /; Minimization

(10) can be solved as a linear program (LP)? via a known method
like Simplex [10]. For our purpose, however, we need to first take
into consideration of transform coefficient quantization, since what
we are seeking is to maximize the number of zero quantized trans-
form coefficients. Without loss of generality, we assume a trans-
form coefficient a; is quantized by factor @); before coding, i.e.,
round(a;/Q;) is encoded instead. Hence a; is encoded as non-zero
coefficient only if a; /Q; > 0.5. Instead of optimizing a;’s directly,
we first introduce a set of new variables, shrinkage coefficients o;’s,
where «; is the absolute value of a;/Q; less 0.5 if a; /Q; > 0.5, and
zero otherwise:

. - 2l 05 if |&|>05 1)
0 0.W.

- max{ 'ﬂ 05 0} (13)
Qi "

We subsequently minimize ), w;a;’s instead. This way, coeffi-
cients a;’s that are quantized to zero will not be counted in the ob-
jective function.

Clearly (13) is not linear. To linearize (13), we write the fol-
lowing inequalities, which is equivalent to (13) when «;’s are mini-
mized:

a;
a > B 5 14
Z o (14)
a > X _o5 a > 0
7 = Qz gy (-

We are now ready to formulate our problem as LP as follows.
The linear objective is to minimize > ; wic. The linear constraints
are: 1) signal s must fall inside defined DCR according to (6); ii) a;’s
are unquantized transform coefficients of signal s according (10);
and iii) s, as shrinkage coefficients, obey inequalities in (14). Us-
ing algorithm in Fig. 2 to iteratively solve this LP, we will arrive at a
signal s with sparse representation in the transform domain.

4.3. Quantization Effects on DCR

Because non-zero quantized coefficients are rounded to the nearest
integer, the rounding operation can force the computed signal s to a
quantized @) (s)—one that is just as sparse as the intended s—that is

2Note that we can reduce LP complexity by keeping all zero coefficients
a;’s of ground truth depth d,, ;4 at zero when searching for a more sparse
signal s, reducing the number of non-zero a;’s that needs to be searched.

SZ
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Fig. 3. Quantization Effects on Sparse Representation

outside DCR. This is particularly problematic when LP is formulated
to find a sparse solution, since LP solvers like Simplex [10] typically
find optimal solutions by iteratively searching among vertices of a
polytope defined by the linear constraints of the problem, meaning
the discovered solution is always at boundaries of DCR. As an illus-
tration, consider Fig. 3, where an LP solver finds a 1-sparse solution
(block dot) that is at the boundary of DCR (grey box). Rounding LP
solution to the blue square using grid 1 below will keep the quan-
tized solution inside DCR, while rounding the LP solution to the
blue square above will force the quantized solution outside DCR.

To find a quantized sparse solution within DCR as much as pos-
sible, we perform the following heuristic after a sparse pre-quantized
solution s has been found by the iterative algorithm in Fig. 2. We
perform one more LP, where the constraints are: i) the three linear
constraints as described in previous LP formulation; and ii) shrink-
age coefficients «;’s that correspond to zero quantized coefficients,
round(a; /Qi) < 0.5, in pre-quantized solution s are kept at zero
to maintain the same sparsity. The objective is to find a new pre-
quantized solution s’ with same sparsity, such that it is furthest away
from any DCR boundary possible. While such strategy does not
guarantee new quantized Q(s’) to be inside DCR (e.g., if grid 2 is
used for quantization in Fig. 3, no sparse quantized solution is inside
DCR), moving a solution s to a solution s’ far from DCR bound-
aries does give s’ a higher chance of remaining inside DCR after
quantization to Q(s’). In practice, we compare quantized Q(s) of
original pre-quantized solution s, and quantized Q(s’) of the modi-
fied solution, s’, and count the number of pixels in each that violate
pixel DCR. We select one that has the fewer number of pixel DCR
violations as our chosen sparse representation.

5. EXPERIMENTATION

5.1. Experimental Setup

To test the RD performance of sparse representations found using
our algorithm, we used a free implementation of JPEG from Inde-
pendent JPEG Group [11], cjpeg version 8a, for image compres-
sion of a depth map from image sequences teddy and bull [9]. In
brief, cjpeg divides an image into 8 X § pixel blocks, performs 2D
Discrete Cosine Transform (DCT), and quantizes the resulting DCT
coefficients for run-length coding in a zigzag pattern.

cjpeg offers a quality setting, from 1 (low) to 100 (high), to
adjust compression ratio of an image. quality is mapped to a scale
parameter, which is used to scale a default quantization matrix Q
for DCT coefficient quantization. In particular, the following proce-
dure is performed to map quality setting to a quantization parameter
Qi ).

1. scale := —2 * quality + 200.

.. i,7)*scale450
2. Qi,j) = L‘Q( ])100 2.

3. Q(i,4) :=max {1, Q7,J) }.
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Fig. 4. PSNR Comparison between proposed Sparse Representa-
tions and Ground Truth Depth Maps, and Synthesized View for
T =17, quality = 70 for teddy.

4. Q(4,7) :=min {32767, Q(i,7) }.

For a given quality setting, we fed the corresponding quan-
tization matrix QQ into our sparse representation search algorithm
as previously discussed, together with a defined DCR (for a given
threshold 7). The computed sparse representation is compressed us-
ing cjpeg at this quality setting, and uncompressed back to pixel
domain for view synthesis of the middle image I,,,,, as described
in Section 3. quality setting from 50 to 90 and threshold 7" rang-
ing from 3 to 9 for teddy and from 1 to 5 for bull were used
in our experiment. Computed sparse representations were compared
against the ground truth depth map d,,;q compressed using cjpeg
at the same quality settings.

5.2. Experimental Results

For the teddy sequence, in Fig. 4(a) we see the rate-distortion (RD)
performance—quality of synthesized view I,,,;, in Peak Signal-to-
noise Ratio (PSNR) versus size of the compressed depth map—of
our computed sparse representations for different threshold value 7'
and the ground truth depth map d,,;q. We see that as 7" increased,
RD performance of our sparse solutions improved. In particular, at
70 kbytes, our sparse solution at 7' = 7 offered more than 2.5dB
gain over d,,;q. We see also that as 7" increased from 7 to 9, the RD
curve is almost exactly the same. This shows the law of diminishing
return: the increase in freedom to explore sparser representations in
a larger DCR no longer offers a strictly beneficial RD gain, given the
cost in synthesized distortion has become significant.

In Fig. 4(b), we see synthesized view I,,;; of teddy when
sparse solution is found using 7" = 7 and compressed at quality =
70. As shown, there are no annoying visual artifacts unique to our
use of sparse representations that were not already present when
ground truth depth maps were used.

In Fig. 5(a), we see the RD performance of our discovered sparse
representations and the ground truth depth signal for the bull se-
quence. Because the texture maps are inherently more complex than
teddy, DCR for given threshold value tends to be smaller, and the
PSNR gain of our scheme over ground truth is not as large; maxi-
mum PSNR gain in this case is about 1.5dB. The synthesized view
for T" = 5 and quality = 70 is shown in Fig. 5(b). Again, we notice
no disturbing visual artifacts unique to our sparse representations.

6. CONCLUSION

In this paper, observing that depth maps are for view synthesis only
and not for direct observations by users, we first constructed don’t
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Fig. 5. PSNR Comparison between proposed Sparse Representa-
tions and Ground Truth Depth Maps, and Synthesized View for
T =5, quality = 70 for bull.

care region (DCR), where one can manipulate depth values within
DCR without causing severe distortion in the synthesized view. Ex-
ploiting the freedom to pick any signal within DCR, we seek sparse
representations in the transform domain for coding gain via iterative
weighted /1 minimization. Our scheme achieved up to 2.5dB gain
over compression of the ground truth depth map in JPEG.
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