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ABSTRACT

“Texture plus depth” refers to the format where a sender
encodes both texture and depth maps at multiple camera-
captured viewpoints. Having received such a representation,
the decoder can synthesize novel intermediate view images
via depth-image-based rendering (DIBR), using as anchors
the texture and depth maps of the two closest captured view-
points. Ideally then, one would optimally allocate available
source coding bits among the encoded texture and depth
maps, such that the synthesized view distortion is minimized.
However, in many practical application scenarios the precise
rate constraint may either: i) be unknown at encoding time, or
ii) it can take on multiple values for clients of heterogeneous
connectivities. In this paper, we propose a flexible codec and
an associated bit allocation strategy to address both of these
scenarios. In particular, we first present an edge-adaptive
wavelet multiview image codec capable of producing a scal-
able bitstream from which proper subsets can be extracted
and decoded at different bit-rates. Given our scalable codec,
we then propose a rate allocation algorithm that performs
one of the following two actions. The algorithm will ei-
ther incrementally increase the number of bits for encoding
texture or depth maps of already encoded viewpoints, or it
will introduce into the scalable representation new texture
or depth maps of previously uncoded captured viewpoints.
The incremental choice of either refining an existing view
or introducing a new one is carried out one layer at a time,
such that the associated rate-distortion tradeoff is locally op-
timized. By employing our novel bit allocation strategy the
proposed coder outperforms the state-of-the-art H.264/SVC
codec as well as the same wavelet-based coder when armed
with a simple suboptimal bit allocation with the same rate
allocated to each map, in all coding scenarios studied in our
experiments. Furthermore, our coder can achieve an arbitrar-
ily fine granularity of encoding bit rates, while providing the
additional functionality of view embedded encoding, unlike
the other related coders that we examined.

Index Terms— Multiview imaging, depth-image-based
rendering, bit allocation, view and rate scalable encoding
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1. INTRODUCTION

The advances in camera technology have enabled capturing
images from an array of consumer-level cameras at a reason-
able cost. If in addition to texture maps (typical RGB or gray-
scale images), depth maps (comprising per-pixel distances be-
tween captured objects in the scene of interest and the cam-
era) at the same captured view locations are also available1,
then both texture and depth maps can be encoded at the sender
into one bitstream, commonly called the “texture plus depth”
format [3]. Having received such a representation, the de-
coder can then synthesize novel intermediate view images via
depth-image-based rendering (DIBR) techniques [4], e.g., 3D
warping [5], which employ the texture and depth maps of the
two closest encoded view locations as anchors. The ability for
the viewers to select and generate images at any desired view-
point within a specified range for observation is a great leap
forward in interactive viewing experience, enabling a host of
novel applications, e.g., free viewpoint TV (FTV) [6].

Transmission resources are generally limited in the present
day networks. Therefore, compression of the multi-view
texture and depth map content associated with a scene is
necessary. Ideally, one would optimally allocate the avail-
able encoding bit budget among texture and depth maps of
captured viewpoints, such that the expected synthesized dis-
tortion is minimized. However, in many practical application
scenarios, the precise rate constraint may be unknown at en-
coding time or can take on multiple values for clients with
heterogeneous connectivities and device capabilities. The
question that the present paper addresses is how a good “tex-
ture plus depth” representation can be derived, given either
uncertainty or multiplicity of rate constraints at encoding
time, as explained above.

In particular, we first present an edge-adaptive wavelet
multiview image codec that is capable of producing a view
and rate scalable bitstream, out of which proper subsets can
be extracted and decoded at different bit-rates. At each step of
its operation, the codec simultaneously considers the possibil-
ity of either enhancing the quality of already encoded views or
introducing a new viewpoint into the scalable representation.

1Depth maps can be captured directly using time-of-flight cameras [1], or
estimated using depth-estimation algorithms [2].



The specific choice between refinement of an already encoded
texture or depth map, for one of the encoded views, or com-
pression of the texture or depth map of a newly selected view,
is done based on the rate-distortion efficiencies of the two
operations. Constructing a scalable representation in such a
way allows us to incrementally add encoding bits to the com-
pressed content, while maintaining high quality synthesized
view distortion. We can control the scalability level of the
compressed bitstream that our codec produces in response to
the specific deployment scenario. For instance, the codec can
enable decoding at very fine-grain bit-rates, which is neces-
sary for the case when the transmission rate is unknown ahead
of time. Equally important, the codec can also create a some-
what coarser, layered, representation of the compressed con-
tent that is more suitable for the case when there is a finite set
of transmission rate constraints that needs to be met. We show
via simulation experiments that our coder with the novel op-
timized rate allocation can achieve a superior rate-distortion
performance to those of the same coder with a simple uni-
form rate allocation and the state-of-the-art H.264/SVC scal-
able coder [7]. Furthermore, unlike H.264/SVC, our coder
can provide an arbitrarily fine granularity of the encoded bit
rate, while simultaneously providing view scalability.

The he paper is organized as follows. We first discuss re-
lated work in Section 2. Then, we overview the edge-adaptive
wavelet codec that we use for multiview image coding in Sec-
tion 3. Subsequently, we formulate our bit allocation problem
for the two scenarios under consideration in Section 4. Fi-
nally, we present our experimental results and provide some
concluding remarks in Sections 5 and 6, respectively.

2. RELATED WORK

In general, many different representations of a static scene are
possible for image-based rendering of any viewpoint at the
receiver, e.g., layered depth images [8], light fields [9], lumi-
graph [10], and view-dependent texture mapping (VDTM) [11].
See [12, 4] for surveys of representations in the literature. In
contrast, “texture + depth” format [3]—the focus of this
paper—has one texture and depth map at each captured view-
point, where each depth map is a 2D representation of the 3D
surface associated with the static scene. Image sequences en-
coded in the “texture + depth” format can enable the decoder
to synthesize novel intermediate views via depth-image-based
rendering (DIBR) techniques such as 3D warping [5].

“Texture + depth” format has several desirable proper-
ties. First, depth maps can be obtained relatively easily, either
via stereo-matching algorithms [2], or directly using time-
of-flight cameras [1]. Second, depth maps can better handle
scenery with multiple objects compared to mesh-based model
that requires dense image sampling around a single object. Fi-
nally, “texture + depth” format is more adaptable to dynamic
scenes where objects change positions and shapes over time.

The present paper extends our previous work [13] on bit
allocation among texture and depth maps for DIBR. [13] as-

sumed that a single rate constraint is known a priori, so that
the encoder can optimally select texture and depth maps of
captured viewpoints for encoding at appropriate rates to min-
imize synthesized view distortions. In this paper, we assume
either: (1) the singular rate constraint is not known at encod-
ing time, or (2) there are multiple rate constraints given het-
erogeneous clients have different transmission rate require-
ments. This new problem is more challenging than one in
[13] and calls naturally for a scalable coding approach.

A bitstream is called scalable or layered if it can be trun-
cated in such a way that the resulting sub-streams are still de-
codable, providing lower reconstruction quality or resolution
than the original stream. A layered bitstream starts with the
most important layer (base layer), and continues with a set of
progressively less important layers (enhancement layers).

H.264 Scalable Video Coding (SVC) [7] is a recent exten-
sion of the H.264/AVC standard that provides efficient scala-
bility functionalities with competitive video quality. An SVC
encoded stream has a layered structure consisting of an AVC
base layer (for compatibility with AVC), and one or more en-
hancement layers that provide temporal, spatial, and quality
scalability, or any combination of these. Quality or signal-to-
noise ratio (SNR) scalability, the focus of our paper, enables
the use of a single stream to describe video content at differ-
ent fidelity levels. In this way, the receivers that only receive
a part of the stream can still reconstruct the content, though
at lower quality. The more enhancement layers the receiver
decodes the higher the reconstruction video quality. State-
of-the-art wavelet-based scalable video coders (see [14] and
references therein) that use motion-compensated temporal fil-
tering usually provide better quality scalability features than
SVC but suffer from performance loss. However, a recent
JPEG2000-compatible scalable wavelet-based codec of [15]
provides results close to that of H.264.

Scalability has been used for multiview video coding
(MVC). Extensions of single-view SVC to MVC is presented
in [16, 17]. Building on single-view wavelet-based scalable
video coding, in [18, 19, 20], scalable multiview wavelet-
based video coders are proposed that outperform simulcast
coding with AVC and SVC. In [21], SVC and MVC are
combined for joint texture+depth coding, where each view is
coded as a two-layer representation, with the texture forming
the base layer and the depth the enhancement layer, coded
using the coarse granular scalability (CGS) of SVC.

3. MULTIVIEW IMAGE CODER AND RENDERING
In this section, we first review the concepts of shape-adaptive
wavelet transforms (SA-WT) and depth image-based render-
ing for virtual view synthesis. Then, we explain how these
concepts are combined in our scalable multiview image coder.

3.1. Shape-adaptive wavelet image codec
The SA-WT has been originally proposed in [22] to effi-
ciently process irregular shapes of objects in images, where
the wavelet filtering has been adapted to object boundaries to



avoid filtering across edges and generating high magnitude
wavelet coefficients. The SA-WT has been modified in [23]
to allow for adaptation of the wavelet filtering to the shapes
defined by open contours.

For encoding texture and depth images, we use the modi-
fied version of the SA-WT from [23] followed by the wavelet-
based image coder Set Partitioning in Hierarchical Trees
(SPIHT) [24]. The coder is applied to each image sepa-
rately, while the output bit rate is controlled for optimizing
the overall RD performance.

3.2. Depth image-based rendering
In a common DIBR setup, a virtual view is synthesized using
information captured at two anchor (reference) viewpoints.
The captured information consists of a texture map and an as-
sociated per-pixel depth map that is used to determine the dis-
tance (depth) between the camera and the scene’s 3D surface.
A virtual view in between the two anchor views is synthesized
by warping the captured texture maps to the new virtual view
location, where the corresponding disparity shift is computed
from the captured depth maps. To prevent overwriting the
foreground with background pixels in the synthesized view, a
depth buffer is maintained such that, given more pixels pro-
jected to the same pixel coordinate at the virtual view, only
the closest pixel (with the minimal depth) is retained.

Denote the two anchor views as left, vl, and right, vr, and
the associated captured texture and depth maps as tl, dl, tr
and dr. Warping the two texture maps, tl and tr, to the virtual
viewpoint v results in two projections, t′l→v and t′r→v , that
are not perfectly identical in realistic circumstances due to
occlusion or rounding of the captured depth values. Following
the results of [25], these two projections are blended using the
following equation:

tv(i) =


(1− x)t′l→v(i) + xt′r→v(i) t′l→v(i), t

′
r→v(i) ̸= 0,

t′r→v(i) t′l→v(i) = 0,
t′l→v(i) t′r→v(i) = 0,
0 t′l→v(i) = t′r→v(i) = 0

,

(1)
where i is the pixel coordinate, x is the distance between v and
vl and t′l→v(i) = 0 or t′r→v(i) = 0 means that the respective
pixel value is unavailable. The remaining zeros obtained by
the bottom line in (1) are filled in a post-processing step of
inpainting or interpolation.

3.3. Scalable multiview image codec
Our proposed scalable multiview image coder generates cod-
ing layers. At each coding layer, the coder encodes a se-
lected subset of texture and depth maps from the captured
views. For each selected viewpoint, the SA-WT followed by
SPIHT is used to compress the difference between the original
captured uncompressed image and the prediction at the same
viewpoint, which is either (i) the previously quantized ver-
sion of the same image, or (ii) a synthesized image obtained
via DIBR using the closest left and right previously encoded
views as anchors. Thus, in case (i), the encoder refines an

already compressed view using the best predictor, whereas in
case (ii), the encoder starts encoding a new captured view.

Given the possibility to control the encoding bit rate of
each image and the freedom to select the views that are en-
coded at each layer with respect to their available predicted
instances, the coder chooses the optimal strategy in order to
optimize the RD performance. The optimization techniques
depend on the specific coding scenarios and criterion func-
tions, as explained next.

4. FORMULATION

4.1. System Overview

Fig. 1. Overview of a multiview imaging system. A set V of
N images are captured by a 1D camera array from different
viewpoints. A subset V0 of views is encoded and transmitted.
The receiver reconstructs view v̂ ∈ [v̂1, v̂N ] selected by the
client. Solid lines from Camera array to Sender denote the
views in V0.

We first outline the multiview imaging system that our bit
allocation algorithms target. A set of capturing cameras in
a 1D array, at viewpoints V = {v1, . . . , vN}, vi < vi+1

2,
sense texture and depth maps at their respective locations,
synchronously. A multiview image encoder encodes the cap-
tured texture and depth maps at selected viewpoints V0 ⊆ V .
Each view vjm ∈ V0, for m = 1, . . . , |V0|, is allocated en-
coding rates Rt,jm and Rd,jm , respectively, for its texture and
depth maps. The compressed content corresponding to V0 is
then transmitted to interested client(s). Fig. 1 provides an il-
lustration of the multiview image communication system de-
scribed above.

Upon receipt of the encoded bitstream, a client can select
any view v ∈ [v1, vN ] for reconstruction and display, where
the chosen view v can be at any continuous-coordinate loca-
tion in between the left-most and right-most views v1 and vN .
Because the encoder does not know a priori which viewpoint
the client will choose to view, the objective is to minimize the

2We denote view v1 as the left-most and view vN as the right-most even
though the viewpoint indices do not have necessarily to grow in the rightward
direction.



aggregate distortion at all allowed viewpoints, i.e.,

D(V0) =

∫ vN

v=v1

ds(v)dv (2)

where ds(v) is the reconstructed view distortion at viewpoint
v. If v is actually one of the coded viewpoints, i.e., v ∈ V0,
then ds(v) is the distortion between the encoded and captured
images at view v. On the other hand, if v is a virtual view,
then the image at v is synthesized via DIBR using as anchors
the texture and depth maps of the two closest encoded left
and right viewpoints, vl and vr, respectively. The distortion
ds(v) for vl ≤ v ≤ vr then corresponds to the difference
between the images reconstructed at view v using respectively
the original texture and depth maps of views vl and vr or their
compressed versions. Following the conclusion from [26], we
model ds(v) as a cubic polynomial of viewpoint location v.

4.2. Rate Constraints

The total bit rate transmitted from the encoder to a client is
equal to the sum of the rates allocated to all encoded texture
and depth maps, i.e., R =

∑|V0|
m=1(Rt,jm + Rd,jm). Now,

the underlying transport network can impose multiple rate
constraints on R. In particular, we consider the following
two prospective scenarios. In the first one, we assume that
the eventual transmission rate is unknown at encoding time.
Therefore, a scalable bitstream, whose subsets can be de-
coded at very fine granularity in order to adapt to any pos-
sible transmission rate, is desirable. We refer to this setup as
the rateless constrained problem. In the second scenario we
consider, we assume that there are K monotonically increas-
ing rate constraints r1, r2, . . . , rK known at encoding time at
which the encoded content needs to be served to heteroge-
neous clients. We denote this setting the multiple constrained
problem. We address both of these problems by designing an
efficient view and rate scalable representation of the encoded
content that is described next.

4.3. Rateless Constrained Problem

For the rateless constrained problem, at encoding time we
only know the possible range of the eventual transmis-
sion rate r, but not its actual value, i.e., we assume that
r ∈ [rmin, rmax]. Hence, a scalable bitstream must be opti-
mized for all possible rates between rmin and rmax.

More specifically, in the rateless constrained problem,
using the scalable codec described in Section 3, we allo-
cate bits into layers to construct layered scalable stream
Φ = {ϕ1, . . . , ϕL}, where layer l, ϕl, has rate RΦ(l) and
layers 1 up to l collectively induce distortion DΦ(l). Note
that each layers 1 up to l will in general include texture and
depth maps of different subset of captured views V . The goal
is to find layered stream Φ, whose subset of layers L(r) ≤ L
has coding rate no larger than r, and induces the smallest

possible resulting distortion DΦ(L(r)), for all possible r.
Mathematically, we write:

min
Φ

rmax∑
r=rmin

DΦ(L(r))

L(r) = max
l=1,...,L

{l}, s.t.
l∑

k=1

RΦ(k) ≤ r (3)

where L(r) is the largest number of layers l such that the
total rate of the first l layers,

∑l
k=1 RΦ(k), do not exceed

rate budget r.
To solve (3), we design the following allocation strategy.

1. Initialization: Set V0 = {v1, vN}, Rt,1 = Rd,1 = 0,
Rt,N = Rd,N = 0, and l = 1. Let ∆R be a given
constant.

2. Action - refinement: Given a viewpoint v ∈ V0, com-
pute and record the overall distortion in (2) resulting
from each of the following two actions: (i) Refine the
encoded texture map of v by encoding the difference
between the original captured image and its previously
quantized version, using ∆R additional bits; (ii) Refine
the corresponding encoded depth map of v in the same
way.

3. Action - inserting new viewpoint: For each viewpoint
location v ∈ V \ V0, synthesize the corresponding vir-
tual view using DIBR, where as reference views (an-
chors) we employ either (a) the original texture and
depth maps at the left vl and right vr viewpoints in
V0 closest to v or (b) the previously quantized versions
of the texture and depth maps associated with vl and
vr. Then, compute and record the overall distortion
D(v ∪ V0) using (2), for the following two cases:

(i) Encode the difference between the two synthesized
versions of the texture map for view v, as described
above, using ∆R bits; (ii) Encode the difference be-
tween the two synthesized versions of the correspond-
ing depth map for v, again using ∆R bits.

4. Choosing optimal action: Choose the smallest distor-
tion value from the 2|V| values recorded in Steps 2 and
3 above. If the minimum is achieved by refinement
(Step 2), for a given view v ∈ V0, then increase by ∆R
the corresponding rate Rt,v or Rd,v already allocated
to the texture and depth map information of view v, re-
spectively. That is, either update Rt,v = Rt,v +∆R or
Rd,v = Rd,v +∆R.

Otherwise (the minimum is achieved in Step 3), in-
troduce the corresponding minimum achieving new
viewpoint v ∈ V \ V0 into the set of already en-
coded views, i.e., V0 = v ∪ V0. Finally, set either



(Rt,v, Rd,v) = (∆R, 0) or (Rt,v, Rd,v) = (0,∆R),
depending on whether option (a) or option (b), respec-
tively, in Step 3 achieved the minimum value.

5. Next layer: Increase l: l = l + 1. If l ≤ L(r), go back
to Step 2.

4.4. Multiple Rate Constrained Problem

The multiple rate constrained problem can be formulated sim-
ilarly to the rateless constrained problem (3), with the excep-
tion that the rate constraint r is known to be in a sparse set
r1, . . . , rK . We can hence write the rate allocation problem
as follows:

min
Φ

K∑
k=1

DΦ(L(rk)) (4)

where L(r) is defined in (3).
In this scenario, we consider that the bit budget rj − rj−1

available for encoding the j-th layer, for j = 1, . . . ,K and
assuming r0 = 0, is not constant, i.e., ∆R, as in Section 4.3.
In addition, we assume that rj − rj−1 can be significantly
larger in value than the constant rate increment between indi-
vidual layers employed in Section 4.3. Therefore, to allow for
a finer bit allocation, we divide each layer budget into M sub-
layers. In particular, the allocation strategy from Section 4.3
is repeated with fixed rate increments per sub-layer defined
as ∆R

(j)
l = (rj − rj−1)/M for all possible sequences of

actions in steps 2 and 3. The sequence that results in the min-
imal distortion computed by (4) is chosen as optimal. Finally,
we include the selected optimal sequence of actions into the
scalable representation of the content by appending the cor-
responding refinement bitstream to the already compressed
layers 1, . . . , n− 1.

5. PERFORMANCE EVALUATION

5.1. Experimental setup

To compare the performance of our proposal to that of related
state-of-the-art algorithms (e.g., H.264/SVC [7]), we use the
Middlebury [27] data set Rocks2 with 7 texture and depth
maps captured with a 1D camera setup at the resolution of
1110 × 1276 pixels. Due to constraints of the H.264/SVC
JSVM9.8 reference software [28], the images were cropped
to size 1024× 1024 pixels. In addition, to reduce the compu-
tational complexity, only 4 viewpoints are used (viewpoints 2
to 5 from the original data set).

In the proposed system, the SA-WT is applied to the data
set and the transform coefficients are encoded using SPIHT in
two different encoding scenarios, as explained in Section 4.
The virtual view synthesis distortion in between the encoded
viewpoints is computed as an MSE using the cubic model
(similarly to [26]) and the average synthesis distortion is used
for performance evaluation.

5.2. Performance metric

To objectively evaluate scalable bitstreams encoded by differ-
ent codecs and bit allocation algorithms, we define metrics for
the rateless constraint problem and the multiple rate constraint
problem, as follows. Let DΦ(L(r)) denote the aggregate dis-
tortion over all possible viewpoints v ∈ [v1, vN ], as defined
in (2), given that up to L(r) layers of the scalable bitstream Φ
are used. Specifically, L(r) denotes the maximum number of
layers of bitstream Φ such that the aggregate data rate of these
layers does not exceed r. In the rateless constraint problem, r
can be any integer value between rmin and rmax. Hence, the
metric characterizing the performance of a scalable bitstream
Φ can be written as:

rmax∑
r=rmin

DΦ(L(r)) , (5)

for L(r) = max{l} s.t.
l∑

k=1

Rk ≤ r ,

where Rk denotes the encoding rate of layer k in bitstream Φ.
On the other hand, in the multiple rate constraint problem,

the transmission rate can only take on a finite set of values
r1, . . . , rK . Therefore, the performance metric for a scalable
bitstream Φ can be written in this case as

K∑
k=1

DΦ(L(rk)) (6)

In the following, we employ the two metrics above to
evaluate the performance of the coding algorithms we exam-
ine, for the two respective scenarios studied in this paper.

5.3. Rateless operation: Experiments

In the rateless scenario (Section 4.3), the rate granularity step
for our bit allocation algorithm between two consecutive en-
coding layers is fixed to 0.01bpp3. We compare in Table 1 the
performance metric of our proposed codec with optimal bit al-
location (denoted as optimal) with three other alternatives.
The first scheme uses the same proposed codec together with
a simple bit allocation (simple), where all captured texture
and depth maps are processed equally and the rate increments
are allocated uniformly across all compressed maps.

The second and third schemes under examination use
H.264/SVC to respectively encode four and two (leftmost and
rightmost) captured views, for all layers, and are henceforth
denoted as SVC4 and SVC2 in Table 1. Note that the SVC
coder cannot achieve such a fine granularity of the encoding
rate, and therefore only a few layers could be generated. For
both SVC4 and SVC2, we concatenated the selected views
and encoded independently the corresponding texture and

3Note that the bit rates are expressed in terms of bits-per-pixel (bpp)
computed as the total number of bits divided by the image resolution
(1024× 1024 in this case), even though the total number of pixels including
all encoded texture and depth maps is equal to a multiple of the resolution.



Table 1. MSE of competing codecs & bit allocation schemes
Algorithm MSE for rateless MSE for multiple
optimal 90.08 78.12
simple 104.07 84.59
SVC4 117.10 103.38
SVC2 122.42 108.51

depth images into two CGS layers, using the same QP param-
eters for both texture and depth maps. In total, eight texture
and ten depth layers are then generated by medium granular
scalability (MGS) via bit extraction from the enhancement
layer.

In the left column of Table 1, we show the aggregate dis-
tortion associated with each of the four schemes under exam-
ination, for the rateless scenario. In particular, we employed
the metric (5) to compute the overall MSE associated with
the scalable bitstream produced by each coding scheme, for
the rate range [rmin, rmax]=[0.01bpp, 1.5bpp]. It can be seen
from Table 1 that the proposed coding scheme and optimal al-
location outperforms the other three techniques, providing a
13% reduction in MSE over simple as well as 20% and 26%
reductions in MSE relative to SVC4 and SVC2, respectively.
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Fig. 2. Performance comparison of our coder with optimized
and simple rate allocation (shown in blue and black, respec-
tively) and H.264/SVC (red) in the rateless scenario.

In addition, we graphed in Fig. 2 the performances of the
four schemes in terms of the average Peak-Signal-to-Noise-
Ratio (PSNR) per viewpoint, as a function of the rate r ∈
[rmin, rmax]. It can be seen from Fig. 2 that our optimization
technique optimal outperforms the other three schemes for
the majority of rate values r. For instance, at r = 0.5bpp,
optimal provides an improvement of over 2dB in average
view quality over the two SVC schemes. Similarly, at r =
1bpp, optimal again outperforms the SVC schemes with a
gain of 1.5 dB.

Finally, the optimal bit rate allocation, as computed by our
optimization, is shown in Fig. 3. Specifically, the vertical bars
in Fig. 3 illustrate the rate allocated to each of the captured
texture and depth maps for several layers of the compressed
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Fig. 3. Rate allocation to each of the captured texture and
depth maps at several layers in the rateless scenario.

scalable bitstream.

5.4. Multi-Rate constrained operation: Experiments

In the multiple constraint scenario, we apply an exhaustive
search to compute the best sequence of rate allocations, us-
ing S = 4, as explained in Section 4.4. The rates are con-
strained to the finite set r ∈ {0.06, 0.10, 0.15, 0.67, 0.74,
1.14, 1.19, 1.23, 1.36, 1.43, 1.47, 1.52, 1.55, 1.62, 1.65,
1.69, 1.71}bpp. Note that these rate constraints are obtained
as the resulting rates from the SVC coder and, even though
our coder can achieve any rates in between these values, we
impose the same constraints for the sake of fair performance
comparison. In Table 1, we also computed the aggregate MSE
performances of the four schemes under comparison for this
scenario, using the metric provided in (6). It can be seen from
Table 1 that our proposed technique optimal again exhibits
the lowest MSE distortion relative to the other three schemes.

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8
25

26

27

28

29

30

31

32

33

34

35

bpp

dB

Rate constrained scenario
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Simple allocation
H.264/SVC − 4 views
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Fig. 4. Performance comparison of our coder with optimized
and simple rate allocation (blue and black, respectively) and
H.264/SVC (red) in the rate constrained scenario.

Next, in Fig. 4 we show the average PSNR performances
of the four schemes, as a function of the available rate r ∈
{r1, . . . , rK} computed in a similar manner as those shown
in Fig. 2. It can be seen from Fig. 4 that also for this sce-
nario optimal outperforms the other coding systems, ex-
cept at very high rates, where the SVC coder has a compara-
ble performance. Note again that H.264/SVC is only capable



of providing a very coarse granularity featuring large rate in-
crements between consecutive layers, whereas our coder can
adaptively choose any rates within the given range. However,
in the comparison in Fig. 4, for the reason of comparison fair-
ness, we match the constrained rates to those produced by the
SVC coder.

Finally, the cumulative rate allocation across the different
texture and depth maps, as computed by our optimization al-
gorithm for this scenario, is shown in Fig. 5 after the 5-th,
9-th, and 14-th layer.
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Fig. 5. Optimal rate allocation to each of the captured texture
and depth maps after the 5-th, 9-th, and 14-th layer in the rate
constrained scenario.

Note that the exhaustive search with S sub-layers in the
multiple constraint scenario can result in high computational
complexity of the entire scalable coding algorithm. Still,
we focused in the present paper on formulating the problem
under investigation, deriving an optimization framework to
solve it, and on investigating the resulting performance via
simulation experiments. We leave as future work the study
of further improvements of our framework with respect to
complexity and rate-distortion performance.

6. CONCLUSIONS

”Texture plus depth” refers to the format where texture and
depth maps of multiple captured viewpoints are encoded at
the encoder. In this paper, we address the problem of finding
the best “texture plus depth” representation of a static scene
for two network scenarios: i) the rateless constrained case
where the transmission rate is not known at encoding time,
and, ii) the multiple constrained case where the transmission
rate takes on multiple values for heterogeneous clients with
different network connectivities. In response, we first pro-
posed a rate-scalable edge-adaptive wavelet multiview image
codec to code the texture and depth maps of multiple cap-
tured viewpoints. We then define our objective of interest to
be the synthesized view distortion at all possible intermedi-
ate views—each intermediate view is synthesized using coded
texture and depth maps of the closest left and right views via
depth-image-based rendering (DIBR). We posed the bit allo-
cation problem for each scenario as the problem of construct-
ing a single optimal scalable bitstream, where the bitstream’s
distortion objective is evaluated at multiple rate points cor-
responding to different possible rate constraints. Our exper-
imental results showed that the proposed scalable codec and
bit allocation strategy outperform H.264/SVC, in all experi-

mental settings under consideration.
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