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Abstract— The use of wavelets in the broad areas of source
coding, communications, and networks is surveyed. Specifically,
the impact of wavelets and wavelet theory in image coding, video
coding, image interpolation, image-adaptive lifting transforms,
multiple-description coding, and joint source-channel coding is
overviewed. Recent contributions in these areas arising in the
subsequent papers of the present special issue are described.

I. INTRODUCTION

Wavelet transforms are arguably the most powerful, and
most widely-used, tool to arise in the field of signal processing
in the last several decades. Their inherent capacity for mul-
tiresolution representation akin to the operation of the human
visual system motivated a quick adoption and widespread
use of wavelets in image-processing applications. Indeed,
wavelet-based algorithms have dominated image compression
for over a decade, and wavelet-based source coding is now
emerging in other domains. For example, recent wavelet-
based video coders exploit wavelet-based temporal filtering
in conjunction with motion compensation to yield effective
video compression with full temporal, spatial, and fidelity
scalability. Additionally, wavelets are increasingly used in the
source coding of remote-sensing, satellite, and other geospatial
imagery. Furthermore, wavelets are starting to be deployed
beyond the source-coding realm with increased interest in
robust communication of images and video over both wired
and wireless networks. In particular, wavelets have been re-
cently proposed for joint source-channel coding and multiple-
description coding. This special issue collects a number of
papers that explore these and other latest advances in the
theory and application of wavelets.

Here, in this introductory paper to the special issue, we
provide a general overview of the application of wavelets
and wavelet theory to the signal representation, source cod-
ing, communication, and network transmission of images
and video. Additionally, we briefly introduce each of the
papers to follow this special issue. The main body of this
introductory paper is partitioned into two major parts—we
first cover wavelets in signal representation and source coding,
and then explore wavelets in communications and networking.
Specifically, in Sec. II, we focus on wavelets in image coding,
video coding, and image interpolation, as well as image-
adaptive lifting transforms. Then, in Sec. III, we explore
the use of wavelets in multiple-description coding and joint
source-channel coding as employed in communication and
networking applications. Finally, we make some concluding
remarks in Sec. IV.

II. WAVELETS IN SIGNAL REPRESENTATION
AND SOURCE CODING

In the most elemental sense, wavelets provide an expansion
set (usually a basis) that decomposes an image simultaneously
in terms of frequency and space. Thus, signal representation—
the representation of a signal using an expansion set and cor-
responding expansion coefficients—can be perhaps considered
to be the most fundamental task to which wavelets are applied.
Combining such a signal representation with quantization
and some form of bitstream-generation yields image/video
compression schemes; such source coding constitutes perhaps
the most widespread practical application of wavelets. In this
section, we overview the role of wavelets in current applica-
tions of both signal representation and source coding. First, we
focus on source coding by examining the use of wavelets in
image and video coders in Secs. II-A and II-B, respectively.
In Sec. II-C, we discuss image-adaptive wavelet transforms
that have been proposed to improve signal-representation
capabilities by adapting to local image features. Finally, in
Sec. II-D, we explore wavelet-based signal representations for
the interpolation (magnification) of image data.

A. Image Coding

Over the last decade, wavelets have established a dominate
presence in the task of 2D image compression, and they
are increasingly being considered for the compression of
3D imagery as well. Wavelets are attractive in the image-
coding problem due to a traditional of excellent rate-distortion
performance coupled with an inherent capacity for progressive
transmission wherein successive reconstructions of the image
are possible as more and more of the compressed bitstream
is received and decoded. Below, we overview several salient
concepts in the field of image coding, including multidimen-
sional wavelet transforms, coding procedures applied to such
transforms, as well as coding methodology for general imagery
of shape other than traditional rectangular scenes (i.e., shape-
adaptive coding). The reader is referred elsewhere for more
comprehensive and in-depth surveys of 2D image coding (e.g.,
[18]), 3D image coding (e.g., [19]), and shape-adaptive coding
(e.g., [20]).

1) Multidimensional Wavelet Transforms: A single stage
of a 1D discrete wavelet transform (DWT) decomposes a 1D
signal into a lowpass signal and a highpass signal. Multidi-
mensional wavelet decompositions are typically constructed by
such 1D wavelet decompositions applied independently along
each dimension of the image dataset, producing a number
of subbands. The decomposition procedure can be repeated



recursively on one or more of the subbands to yield multiple
levels of decomposition of lower and lower resolution.

The most commonly used multidimensional DWT structure
consists of a recursive decomposition of the lowest-resolution
subband. This dyadic decomposition structure is illustrated for
a 2D image in Fig. 1(a). In a 2D dyadic DWT, the original
image is decomposed into four subbands each being one-fourth
the size of the original image, and the lowest-resolution sub-
band (the baseband) is recursively decomposed. The dyadic
transform structure is trivially extended to 3D imagery as
illustrated in Fig. 1(b)—a single stage of 3D decomposition
yields 8 subbands with the baseband recursively decomposed
for a 3D dyadic transform.

Alternative transform structures arise when subbands other
than, or in addition to, the baseband are subjected to fur-
ther decomposition. Generally referred to as wavelet-packet
transforms, these decomposition structures can be fixed (like
the dyadic structure), or be optimally adapted for each image
coded (i.e., a so-called best-basis transform structure [21]).
Packet transforms offer the potential to better match the spatial
or spatiotemporal characteristics of certain imagery and can
thereby at times yield greater coding efficiency. Although not
widely used for 2D image coding, fixed packet transforms,
such as those illustrated in Fig. 2, have been extensively
deployed in 3D image coders and often yield coding effi-
ciency substantially superior to that of the dyadic transform
of Fig. 1(b). In particular, the packet structure of Fig. 2(a)
has been shown to be near optimal in certain applications,
producing coding performance nearly identical to the optimal
packet decomposition structure chosen in a rate-distortion
best-basis sense [22,23].

Although there are many possible wavelet-transform fil-
ters, image-coding applications almost exclusively rely on
the ubiquitous biorthogonal 9/7 transform of [24] or the
simpler biorthogonal 5/3 transform of [25]. Experience has
shown that the biorthogonal 9/7 offers generally good coding
performance [26], while the biorthogonal 5/3 is attractive for
reducing computational complexity or for implementation of
reversible, integer-to-integer transformation [27,28]. In fact,
the biorthogonal 9/7 and an integer-valued biorthogonal 5/3
are the only transforms permitted by Part 1 of the JPEG2000
standard [29], although coding extensions of Part 2 [30] of the
standard permit a greater variety of transforms.

2) Coding Procedures: Many wavelet-based coders for 2D
and 3D images are based on the following observations which
tend to hold true for dyadic decompositions of many classes
of imagery: 1) since most images are lowpass in nature, most
signal energy is compacted into the lower-resolution subbands;
2) most coefficients are zero for high-resolution subbands;
3) small- or zero-valued coefficients (i.e., insignificant coef-
ficients) tend to be clustered together within a given subband;
and 4) clusters of insignificant coefficients in a subband tend
to be located in the same relative position as similar clusters
in the subband of the same orientation at the next higher-
resolution level.

Wavelet-based image coders typically implement the fol-
lowing coding procedure. DWT coefficients are represented
in sign-magnitude form with the signs and magnitudes coded

separately. Coefficient magnitudes are successively approxi-
mated via bitplane coding wherein the most significant bit of
all coefficient magnitudes is coded, followed by the next-most
significant bit, etc. In practice, such bitplane coding is usually
implemented by performing two coding passes through the
set of coefficients for each bitplane—a significance pass and a
refinement pass. In essence, the significance pass describes the
first bitplane holding a nonzero bit for all the coefficients in the
DWT while the refinement pass produces a successive approx-
imation of each coefficient after its most significant nonzero
bit is coded. The significance pass works by successively
coding a map—the significance map—of coefficients which
are insignificant relative to a threshold; the primary difference
between wavelet-based coders lies in how this significance-
map coding is performed.

Zerotrees are one of the most widely used techniques for
coding significance maps in wavelet-based coders. Zerotrees
capitalize on the fact that, in dyadic transforms, insignificant
coefficients tend to cluster together within a subband, and clus-
ters of insignificant coefficients tend to be located in the same
location within subbands of different resolutions. As illustrated
in Fig. 3(a), “parent” coefficients in a subband can be related
to “children” coefficients in the same relative location in a
subband at the next higher resolution. A zerotree is formed
when a coefficient and all of its descendants are insignificant
with respect to the current threshold. The Embedded Zerotree
Wavelet (EZW) algorithm [31] was the first image coder to
make use of zerotrees. Later, the Set Partitioning in Hierarchi-
cal Trees (SPIHT) algorithm [32] improved upon the zerotree
concept by adding a number of sorted lists that contain sets of
coefficients (i.e., zerotrees) and individual coefficients. Both
EZW and SPIHT were originally developed for 2D images.
EZW has been extended to 3D in [33,34]; SPIHT has been
extended to 3D in [35-40]. Whereas extending the 2D zerotree
structure to a 3D dyadic transform is simple, fitting zerotrees to
the 3D packet transforms of Fig. 2 is less straightforward. The
asymmetric zerotree structure originating in [38] and illustrated
in Fig. 3(b) typically provides the best performance for the
packet transform of Fig. 2(a).

In the present special issue, [1] presents a 3D zerotree-based
coder operating on hyperspectral imagery decomposed with
the packet transform of Fig. 2(a). The 3D-EZW algorithm is
modified so as to eliminate the refinement pass (called the
“subordinate” pass in the context of EZW [31]). Eliminating
the subordinate pass, which typically entails a sorted list,
simplifies the algorithm implementation but decreases coding
efficiency. However, the use of a signed-binary-digit represen-
tation, rather than the traditional sign-magnitude form, for the
wavelet coefficients increases the proportion of zero bits in the
bitplanes, thereby increasing coding efficiency back to equal
the original 3D-EZW implementation.

Despite the prominence of zerotree-based algorithms, recent
work [41] has indicated that, typically, the ability to predict
the insignificance of a coefficient through cross-scale parent-
child relationships is somewhat limited compared to the pre-
dictive ability of neighboring coefficients within the same sub-
band. Consequently, recent algorithms have focused on cod-
ing significance-map information using only within-subband



information. An alternative to zerotrees for significance-map
coding is within-band set partitioning. The Set-Partitioning
Embedded Block Coder (SPECK) [42,43], originally devel-
oped as a 2D image coder, employs quadtree partitioning (see
Fig. 4(a)) to locate significant coefficients within a subband; a
3D extension (3D-SPECK [44,45]) replaces quadtrees with
octrees as illustrated in Fig. 4(b). A similar approach is
embodied by the Binary Set Splitting with k-d Trees (BISK)
algorithm in both its 2D (2D-BISK [46]) and 3D (3D-BISK
[20,47]) variants wherein sets are always partitioned into two
subsets. An advantage of these set-partitioning algorithms is
that sets are confined to reside within a single subband at
all times throughout the algorithm, whereas zerotrees span
across multiple transform resolutions. Not only does this fact
entail a simpler implementation, it is also beneficial from a
computational standpoint as the coder need buffer only a single
subband at a given time, leading to reduced dynamic memory
needed [43]. Furthermore, the SPECK and BISK algorithms
are easily applied to both the dyadic and packet transform
structures of Figs. 1(b), 2(a), and 2(b) with no algorithmic
differences.

Another approach to within-subband coding is to em-
ploy extensively conditioned, multiple-context adaptive arith-
metic coding. JPEG2000 [29,30,48], the most prominent
conditional-coding technique, codes the significance map of
an image using the known significance states of neighboring
coefficients to provide the context for the coding of the
significance state of the current coefficient. To code a 2D
image, a JPEG2000 encoder first performs a 2D wavelet
transform on the image and then partitions each transform
subband into small, 2D rectangular blocks called codeblocks,
which are typically of size 32 x 32 or 64 x 64 pixels.
Subsequently, the JPEG2000 encoder independently generates
an embedded bitstream for each codeblock. To assemble the
individual codeblock bitstreams into a single, final bitstream,
each codeblock bitstream is truncated in some fashion, and
the truncated bitstreams are concatenated together to form the
final bitstream.

In JPEG2000, the method for codeblock-bitstream trunca-
tion is typically a Lagrangian rate-distortion optimal technique,
post-compression rate-distortion (PCRD) optimization [48,
49]. PCRD optimization is performed simultaneously across
all of the codeblocks from the image, producing an optimal
truncation point for each codeblock. The truncated codeblocks
are then concatenated together to form a single bitstream.
The PCRD optimization, in effect, distributes the total rate
for the image spatially across the codeblocks in a rate-
distortion-optimal fashion such that codeblocks with higher
energy, which tend to more heavily influence the distortion
measure, tend to receive greater rate. As described in Part 1
of the standard, JPEG2000 is, in essence, a 2D image coder.
However, for 3D imagery, the coding extensions available in
Part 2 of the standard can effectuate the packet transform of
Fig. 2(a), and the PCRD optimization can be applied across all
three dimensions; this strategy for 3D images has been called
“JPEG2000 multicomponent” [50]. We note that JPEG2000
with truly 3D coding, consisting of arithmetic coding of 3D
codeblocks as in [51], is under development as JPEG2000

Part 10 (JP3D), an extension to the core JPEG2000 standard;
however, the use of JPEG2000 multicomponent currently
remains widespread for 3D imagery.

In the present special issue, [2] proposes extensions to the
JPEG2000 standard to provide lossless coding of floating-
point data such as that arising in many scientific applications.
Several modifications to the JPEG2000 bitplane-coding proce-
dure and the context conditioning are made to accommodate
extended-integer representation of floating-point numbers.

3) Coding of Arbitrarily Shaped Imagery: In traditional
image processing—as is the case in the preceding discussion—
it is implicitly assumed that imagery has the shape of a
rectangle (in 2D) or rectangular volume (in 3D). The ma-
jority of image-coding literature addresses the coding of
only rectangularly shaped imagery. However, imagery with
arbitrary, non-rectangular shape has become important in a
number of areas, including multimedia communications (e.g.,
the arbitrarily shaped video objects as covered by the MPEG-
4 video-coding standard [52] and other approaches [53-58]),
geospatial imagery (e.g., oceanographic temperature datasets
[20,47, 59, 60], multispectral/hyperspectral imagery [61, 62]),
and biomedical applications (e.g., mammography [63], DNA
microarray imagery [64-66]). Shape-adaptive image coding
for these applications is usually achieved by adapting existing
image coders designed for rectangular imagery to the shape-
adaptive coding problem.

In a general sense, shape-adaptive coding can be considered
to be the problem of coding an arbitrarily shaped imagery
“object” residing in a typically rectangularly shaped ‘“scene”
as illustrated in Fig. 5. The goal is to code the image object
without expending any bits towards the non-object portions of
the scene. Typically, an object “mask” will be required to be
transmitted to the decoder separately in order to delineate the
object from non-object regions of the scene. Below we focus
on object coding alone, assuming that any one of a number
of lossless bilevel-image coding algorithms is used to provide
an efficient representation of this binary object mask as side
information to the central shape-adaptive image-coding task.
Likewise, the segmentation of image objects from the non-
object background is considered an application-specific issue
outside the scope of the shape-adaptive coding problem.

As discussed above, typical wavelet-based coders have
a common design built upon three major components—a
DWT, significance-map coding, and successive-approximation
quantization in the form of bitplane coding. Each of these
constituent processes are easily rendered shape adaptive for
the coding of an image object with arbitrary shape. Typically,
a shape-adaptive DWT (SA-DWT) [53] is employed such that
only image pixels lying inside the object are transformed into
wavelet coefficients. Once in the wavelet domain, all regions
corresponding to non-object areas in the original image are
permanently considered “insignificant” and play the same role
as true insignificant coefficients in significance-map coding.
While most shape-adaptive coders are based on this general
idea, a number of approaches employ various modifications to
the significance-map encoding (such as explicitly discarding
sets consisting of only non-object regions from further consid-
eration [20,46,47,54,55]) to increase performance. See [20]



for a comprehensive overview of wavelet-based shape-adaptive
coders.

In the present special issue, [3] examines sources of in-
efficiencies as well as sources of performance gains that
result from the application of shape-adaptive coding. It is ob-
served that inefficiencies arise from both the reduced energy-
compaction capabilities of the SA-DWT (due to less data
for the DWT to process) as well as an interaction of the
significance-map coding with object boundaries (for example,
in shape-adaptive SPIHT [54], zerotrees which overlap the
object/non-object boundary). On the other hand, image objects
tend to be more coherent and “smoother” than full-frame im-
agery since object/non-object boundary edges are not present
in the object, a characteristic that may lead to coding gains.
Experimental results in [3] provide insight as to the relative
magnitude of these losses and gains as can be expected in
various operational conditions.

B. Video Coding

The outstanding rate-distortion performance of the coders
described above has led to wavelets dominating the field of
still-image compression over the last decade. However, such
is not the case for wavelets in video coding. On the contrary,
the traditional architecture (illustrated in Fig. 6) consisting of a
feedback loop of block-based motion estimation (ME) and mo-
tion compensation (MC) followed by a discrete cosine trans-
form (DCT) of the residual is still widely employed in modern
video-compression systems and an integral part of standards
such as MPEG-2 [67], MPEG-4 [52], and H.264/AVC [68].
However, there has naturally been great interest in carrying
over the gains seen by wavelet-based still-image coders into
the video realm, and several different approaches have been
proposed. The first, and most straightforward, is essentially an
adaptation of the traditional ME/MC feedback architecture to
the use of a DWT, employing a redundant transform to provide
the shift invariance necessary to the wavelet-domain ME/MC
process. A second approach involves eliminating the feedback
loop of the traditional architecture by applying ME/MC in
an “open-loop” manner to drive a temporal wavelet filter.
Finally, a recent strategy proposes eliminating explicit ME/MC
altogether and instead relying on the greater directional sen-
sitivities of a 3D complex wavelet transform to represent the
motion of signal features. Below, we overview each of these
three recent approaches to wavelet-based video coding.

1) Redundant Transforms and Video Coding: Perhaps the
most straightforward approach to wavelet-based video coding
is to simply replace the DCT with a DWT in the traditional
architecture of Fig. 6, thereby performing ME/MC in the
spatial domain and calculating a DWT on the resulting residual
image (e.g. [69]). This simple approach suffers from blocking
artifacts [70], which are exacerbated if the DWT is not
block-based but rather the usual whole-image transform. An
alternative paradigm would be to have ME/MC take place in
the wavelet domain (e.g., [71]). However, the fact that the crit-
ically sampled DWT used ubiquitously in image-compression
efforts is shift variant has long hindered the ME/MC process
in the wavelet domain [72,73].

It was recognized in [74-76] that difficulties associated with
the shift variance of traditional DWTs could be overcome by
choosing instead to perform ME/MC in the domain of a redun-
dant transform. In essence, the redundant DWT (RDWT)' [78—
80] removes the downsampling operation from the traditional
DWT to ensure shift invariance at the cost of a redundant, or
overcomplete, representation.

There are a several equivalent ways to implement the
RDWT, and several ways to represent the resulting over-
complete set of coefficients. The most popular coefficient-
representation scheme employed in RDWT-based video coders
is that of a coefficient tree. This tree representation is created
by employing filtering and downsampling as in the usual
critically sampled DWT; however, all sets, or phases, of
downsampled coefficients are retained and arranged in a tree-
like fashion. The RDWT was originally formulated, however,
as the the algorithme a trous implementation [78,79]. In
this implementation, decimation following wavelet filtering
is eliminated, and, for each successive scale of decomposi-
tion, the filter sequences themselves are upsampled, creating
“holes” of zeros between nonzero filter taps. As a result, the
size of each subband resulting from an RDWT decomposition
is exactly the same as that of the input signal, as is illustrated
for a 2D image in Fig. 7. By appropriately subsampling each
subband of an RDWT, one can produce exactly the same
coefficients as does a critically sampled DWT applied to the
same input signal.

The majority of prior work concerning RDWT-based video
coding originates in the work of Park and Kim [76], in
which the system shown in Fig. 8 was proposed. In essence,
the system of Fig. 8 works as follows. An input frame is
decomposed with a critically sampled DWT and partitioned
into cross-subband blocks, wherein each block is composed
of the coefficients from each subband that correspond to the
same spatial block in the original image. A full-search block-
matching algorithm is used to compute motion vectors for each
wavelet-domain block; the system uses as the reference for this
search an RDWT decomposition of the previous reconstructed
frame, thereby capitalizing on the shift invariance of the redun-
dant transform. Any of the 2D image coders described above in
Sec. II-A.2 is then used to code the MC residual. Subsequent
work has offered refinements to the system depicted in Fig. 8§,
such as the deriving of motion vectors for each subband [81,
82], or resolution [83], independently; sub-pixel accuracy ME
[84, 85]; and resolution-scalable coding [82, 83, 86].

In most of the RDWT-based video-coding systems described
above, the redundancy inherent in the RDWT is used exclu-
sively to permit ME/MC in the wavelet domain by overcoming
the well-known shift variance of the critically sampled DWT.
However, the RDWT redundancy can be put to greater use,
as was demonstrated in [87,88], wherein the redundancy of
the RDWT is used to guide mesh-based ME/MC via a cross-
subband correlation operator, and in [89,90], wherein the
transform redundancy is employed to yield multiple predic-
tions diverse in transform phase that are combined into a single

IThere are several names that have been given to this transform, including
the overcomplete DWT (ODWT) and the undecimated DWT (UDWT)—our
use of the RDWT moniker is from [77].



multihypothesis prediction.

2) Motion-Compensated Temporal Filtering (MCTF):
Given the fact that wavelets are inherently suited to scalable
coding, it is perhaps natural that the most widespread use of
wavelets in video has occurred in conjunction with efforts to
produce coders with a high degree of spatial, temporal, and
fidelity scalability. It is thought that such scalability will be
useful in numerous video-based communication applications,
allowing a heterogeneous mix of receivers with varying ca-
pabilities to receive a single video signal, decoding at the
spatial resolution, frame rate, and quality appropriate to the
receiving device at hand. However, it has been generally
recognized that the goal of highly scalable video represen-
tation is fundamentally at odds with the traditional ME/MC
feedback loop (such as in Figs. 6 and 8) which hinders the
achieving of a high degree of scalability. Consequently, 3D
transforms, which break the ME/MC feedback loop, are a
primary focus in efforts to provide full scalability. However,
the deploying of a transform in the temporal direction without
MC typically produces low-quality temporal subbands with
significant “ghosting” artifacts [91] and decreased coding
efficiency. Consequently, there has been significant interest
in motion-compensated temporal filtering (MCTF) in which
it is attempted to have the temporal transform follow motion
trajectories. Below, we briefly overview MCTF and its recent
use in wavelet-based video coding; for a more thorough
introduction, see [92,93].

Many approaches to MCTF follow early work [94,95]
which adapted block-based ME/MC to the temporal-transform
setting. That is, video frames are divided into blocks, and
motion vectors of the blocks in the current frame point to
the closest matching blocks in the preceding reference frame.
If there is no motion, or only pure translational motion,
the motion vectors provide a one-to-one mapping between
pixels in the reference frame and pixels in the current frame.
This one-to-one mapping between frames then provides the
trajectory for filtering in the temporal direction for MCTFE.
However, in more realistic video sequences, motion is usually
much more complex, yielding one-to-many mappings for some
pixels in the reference frame and no mapping for others, such
as illustrated in Fig. 9. These latter pixels are thus “uncon-
nected” and are handled in a typically ad hoc manner outside
of the temporal-filtering process, while a single temporal path
is chosen for multiconnected pixels typically based on raster-
scan order.

It has been recognized that a lifting® implementation [96,
97] permits the MC process in the temporal filtering to be
quite general and complex while remaining easily inverted. For
example, let z1(m, n) and x2(m, n) be two consecutive frames
of a video sequence, and let W; ; denote the operator that
maps frame 7 onto the coordinate system of frame j through
the particular MC scheme of choice. Ideally, we would want
Wi [z1] (m,n) ~ x2(m,n). Haar-based MCTF would then

2See Sec. II-C for more on lifting in general.

be implemented via lifting as

h(m,n) = %(xg(m,n) — Wi o [xq] (m,n))7 (1)
l(m,n) = z1(m,n) + Waq [h] (m,n), 2

where [(m,n) and h(m,n) are the lowpass and highpass
frames, respectively, of the temporal transform [97]. This
formulation, illustrated in Fig. 10, permits any MC to be used
since the lifting decomposition is trivially inverted as

z1(m,n) =1l(m,n) — Waq [h] (m,n), (3)
xo(m,n) = 2h(m,n) + Wi 2 [x1] (m, n). “4)

The lifting implementation of the temporal filtering facilitates
temporal filters longer than the Haar [97-99], sub-pixel accu-
racy for ME [96, 97, 100-103], bidirectional MC and multiple
reference frames [102-104], multihypothesis MC [105-108],
ME/MC using meshes rather than blocks [91, 101, 107, 108],
and multiple-band schemes that increase temporal scalability
[109-111].

For coding, MCTF is combined with a 2D spatial DWT,
and typically one of the 3D coders described in Sec. II-
A.2, such as 3D-SPIHT or JPEG2000 multicomponent, is
applied to render the final bitstream. In the absence of MC,
the temporal transform would be applied separately from the
spatial transform, resulting in the packet decomposition of
Fig. 2(a). In such a case, the order in which the temporal and
spatial transforms were performed would not matter. However,
due to the shift invariance of the spatial DWT in the presence
of MC, the temporal and spatial transforms do not commute,
giving rise to two broad families of MCTF architectures.

Most MCTF-based coders apply MCTF first on spatial-
domain frames, following with a spatial 2D dyadic DWT. Such
“t+2D” coders have the architecture illustrated in Fig. 11(a).
A number of prominent MCTF-based coders (e.g., [94-105,
112]) employ the ¢ 42D architecture, including the prominent
MC-EZBC coder [102]—Ilargely considered currently to be the
state-of-the-art in wavelet-based MCTF scalable coding—and
its refinements [112—114]. Alternatively, one can reverse the
transform order, applying the spatial transform first and then
conducting temporal filtering among wavelet-domain frames.
Such “2D +¢” coders [85, 106-108, 115-118] typically apply
MCTF within each subband (or resolution) independently as
illustrated in Fig. 11(b); a spatial RDWT such as described
in Sec. II-B.1 is often used to provide shift invariance for
the wavelet-domain MCTF. Finally, a hybrid “2D +t 4+ 2D”
architecture was proposed in [92,119,120] to continuously
adapt between the t + 2D and 2D + t structures to reduce
motion artifacts under both temporal and spatial scaling.

In the present special issue, it is recognized in [4] that
different temporal-filter synthesis gains between even and odd
frames lead to fluctuations in quality from frame to frame
in the reconstructed video sequence for both the ¢ + 2D and
2D + t MCTF architectures. Two approaches are proposed
in [4] for dealing with the temporal quality variation: a rate-
control algorithm that sets appropriate priorities for the tem-
poral subbands as well as an approach to modifying the filter
coefficients directly to compensate for the fluctuation. Also in
this issue, a t+2D coder that produces a JPEG2000 bitstream



(using the Part 3 [121], “Motion JPEG2000,” component of
the standard) is proposed in [5]. In this coder, a model-based
bit-allocation procedure is designed to yield a high degree of
scalability.

3) Complex Wavelet Transforms: Although MCTF as dis-
cussed above is a relatively recent innovation, the concept of
coding video by grouping several frames together into a 3D
volume and employing transforms in the spatial and temporal
directions has been explored on and off in the literature for
the past several decades. However, temporal transforms for
video pose a unique problem that causes 3D video coding to
be different from the coding of other 3D data types; MCTF is
just one approach to temporally decorrelating object pixels
regardless of the frame-to-frame motion they undergo. An
alternative to MCTF has arisen recently in the form of the
complex dual-tree discrete wavelet transform (DDWT) [122—
124]. The DDWT is a redundant transform that, in the 3D case
[124], produces four times as many subbands as the DWT, with
each subband oriented in a different spatiotemporal direction.
When applied to a video signal, these orientations help isolate
image features moving in different directions, providing inher-
ent motion selectivity. The ability of the transform to describe
motion without explicit ME/MC has motivated the use of the
DDWT in video-coding systems [125, 126] looking to avoid
the computational complexity associated with ME. However,
since the 3D DDWT is four times redundant, efficient coding
of the transform coefficients is a challenging task.

In [6] in the current special issue, as well as in preceding
work [126], a DDWT-based video coder is proposed to exploit
the fact that a significant degree of correlation exists between
DDWT coefficients residing at the same spatiotemporal lo-
cations in different subbands. 28-dimensional cross-subband
vectors of DDWT coefficients assembled from the 28 highpass
DDWT subbands are assembled and coded with arithmetic
coding resulting in rate-distortion performance superior to
that of 3D-SPIHT [35,36] applied directly to a 3D DWT
of the video sequence with no ME or MC. In [127], it is
further recognized that large-magnitude DDWT coefficients
occur rather sparsely such that small or zero coefficients
tend to form spatiotemporally coherent regions within each
subband. A coder is then proposed that combines the BISK
algorithm [20, 46,47], the packet transform of Fig. 2(b), and
4-dimensional cross-subband vectors of DDWT coefficients.

C. Image-Adaptive Lifting Transforms

The 2D and 3D image coders discussed above rely on the
DWT applied to the image data to result in coefficients having,
more or less, the properties outlined at the start of Sec. II-A.2.
Although traditional DWTs do a reasonably good job at this
task, there have been a number of efforts to improve wavelet
decompositions by abandoning their fixed structure in favor of
transforms that adapt to local signal characteristics. For this,
an alternative transform implementation is essential.

Although DWTs have long been understood, and imple-
mented, in terms of filter banks, recent use has favored
implementations based on lifting [128, 129]. It is well-known
that any biorthogonal DWT can be factored into a sequence

of lifting steps, typically resulting in an implementation with
computational complexity significantly reduced as compared
to the traditional convolution-based filter-bank implementation
[130]. This fact alone would account for widespread use in
practical DWT implementations; however, the lifting structure,
depicted in Fig. 12, permits a number of interesting general-
izations to the DWT via suitably modifying the prediction or
update operators. Such “second-generation” wavelet constructs
include boundary wavelets, wavelets on irregular sampling,
and wavelets that map integers to integers [27,28]; see [131]
for an extensive overview of both first- and second-generation
wavelets based on lifting.

The key to second-generation lifting formulations is that the
inverse transform is trivially effectuated by simply reversing
the operations of the forward transform, as is illustrated in
Fig. 12(b). This fact has been exploited recently in order
to devise transforms that adapt to local signal features by
modifying the prediction or update operations in response to
local signal characteristics [132—148]. In these schemes, as
long as the inverse transform can track the prediction/update
variations made by the forward transform, perfect reconstruc-
tion is assured. Such signal-adaptive transforms clearly lack
shift invariance and are typically nonlinear, but often produce
subband signals that can be better exploited in applications. Of
primary interest are schemes that permit adaption to take place
without the need for “side information” between the forward
and inverse transforms. Although explicitly describing the
adaption decisions made at the forward transform permits easy
implementation of the inverse transform, the side information
results in a transform that is, in essence, no longer critically
sampled but, rather, overcomplete.

The most common approach to adaptive lifting is based on
the idea that highpass DWT subbands should be relatively
sparse to be beneficial in most applications. As a consequence,
the usual strategy is to design the prediction operator to adapt
to the signal locally so as to minimize the energy in the result-
ing highpass subband. The update step, on the other hand, usu-
ally remains fixed, typically set to the update operator for some
first-generation biorthogonal transform, such as that of the 5/3
DWT. This adaptive-prediction lifting strategy, employed in
[132-138, 148], is illustrated in Fig. 13. Alternatively, in [139—
147], the opposite approach of an adaptive update operator
plus fixed prediction is pursued; in this adaptive-update case,
a large signal gradient produces a “weak” update step such
that edges and other sharp signal features are not smoothed
but retain their sharpness.

In order to permit trivial transform inversion of an adaptive-
lifting scheme, the adaptive operator must operate on the same
polyphase signal component as is used to drive the adaption
of the operator itself. For example, as shown in Fig. 13,
the adaption of the predictor operator is driven by the even
polyphase component, and the predictor produces its predic-
tion from the same even samples. In this manner, the predicted
values, as well as the predictor itself, can be determined
within the inverse transform. Most adaptive-lifting schemes
follow this polyphase-based approach. However, the adaption
of the predictor in [137,138] is driven from the highpass
subband (the opposite polyphase component); this adaption



is based causally on already-processed highpass coefficients
such that the inverse transform can produce the same adaption.
Additionally, the adaption of the update operator in [139-147]
is driven from both polyphase components; in this case, the
adaption is carefully designed mathematically to ensure perfect
reconstruction.

In any case, the key to inversion of an adaptive lifting
transform is having the inverse produce the same adaptive
operator as did the forward transform. Clearly, any signal-
processing operations—in particular, quantization—that lie
between the forward transform and its inverse can jeopardize
the ability to track the adaption of the operator in question.
As a consequence, much of the prior literature considers only
the application of lossless compression in conjunction with
adaptive lifting (e.g., [134, 135, 146, 148]). On the other hand,
lossy compression can by considered if one is mindful of the
consequences that quantization can entail within the adaption
process of the inverse transform. For example, in [132, 133],
the adaptive-prediction step follows the fixed update step
(contrary to the architecture of Fig. 13), and the adaption
of the predictor is driven by quantized signal values; in
[137], quantization is applied within the feedback loop of
the causal highpass prediction update; and, in [144, 145, 147]
conditions are determined for recovering the original adaption
decisions at the inverse transform, and a relation between the
reconstruction error and the quantization error is derived.

To this point, we have considered issues surrounding adap-
tive lifting of 1D signals. For 2D imagery, the typical approach
is to apply a 1D adaptive-lifting scheme such as depicted
in Fig. 13 separably to the rows and columns of the image.
The 1D-based strategy can be further refined for 2D coding
by enlarging the prediction (or update) context to include
samples for rows/columns than the current one [132, 133, 137,
138]. Alternatively, a quincunx subsampling scheme (Fig. 14)
permits lifting to be applied in a nonseparable fashion directly
in 2D [135, 148—151]; in this case, each lifting stage produces
a single lowpass and a single highpass subband rather than
the four directional subbands that arise in a separable DWT.
Finally, the four directional subbands of the separable decom-
position can be produced simultaneously via a single update
operator combined with three prediction operators [140].

In the present special issue, [7] proposes a vector-valued
adaptive-lifting scheme in which a predictor is adapted on a
block-by-block basis to the signal within quincunx-based lift-
ing. Although the transform is overcomplete in that prediction-
adaption decisions are explicitly transmitted to the inverse
transform, the adaption decisions are conveyed simultaneously
with the quadtree-based coding of the transform coefficients.
In [8], an adaptive prediction is designed in order to detect
edge orientation and to form predictions accordingly; a 2D
window is employed to determine edge orientation. Finally, in
[9], the adaptive image-interpolation scheme of [152] is used
as the basis of adaptive predictors and updates for lifting, and
an application to lossless image compression is considered.

D. Image Interpolation

Although wavelets have perhaps played their most promi-
nent role in source-coding applications such as the image

and video coders described above, wavelet-based signal rep-
resentations are widely used in other applications, such as
signal filtering, denoising, feature detection, and signal en-
hancement. In particular, the multiresolution characteristic
inherent to wavelet transforms makes them a natural choice
for the task of image interpolation—the magnification or
resolution-enhancement of an image with the goal of no loss
to the sharpness of the image. The philosophy fundamental
to wavelet-based image interpolation is illustrated in 1D in
Fig. 15. Essentially, a highpass subband is synthesized by a
prediction process from the given low-resolution signal which
is, itself, treated as a lowpass subband. Both subbands then
undergo a single stage of DWT synthesis, resulting in a high-
resolution signal magnified by a factor of 2 as compared to
the original input signal.

Although image interpolation is a classic problem in the
field of image processing, traditional solutions such as bilinear
or bicubic interpolation impose a constraint on continuity in
the image, resulting in a tendency to produce oversmoothed
edges [153]. Additionally, these traditional interpolators in-
clude the original image pixels in the interpolated output
image, essentially making an inherent assumption that the
original low-resolution input image was produced by direct
downsampling of a some higher-resolution image. Yet, an-
tialiasing filters are often used in practice in image acquisition
or resolution reduction [153]. On the other hand, the inclusion
of the lowpass synthesis filter in Fig. 15 can be seen as
compensating for the antialiasing filter (which would be the
lowpass analysis filter in a nonexistent DWT analysis stage),
while the predictor in Fig. 15 explicitly adds high-frequency
information to retain sharp edge and texture details.

Many wavelet-based interpolation schemes are based on
the techniques originating in [154—-156]. In these algorithms,
a 1D RDWT (see Sec. II-B.1) is used to determine edge
locations in an image row or column by identifying signal
features that persist across wavelet scales in accordance with
the theory of [157]. The highpass band is then synthesized
by “copying” signal features from a lower-resolution subband
into the new highpass band at the locations of the identified
edges. The regularity of the edges is preserved by measuring
the decay in regularity across scales at the edge locations and
extrapolating into the newly created highpass subband. This
basic strategy has been enhanced by projection onto convex
sets (POCS, e.g., [158]) to iteratively refine the initial ex-
trapolated highpass band [154, 155]. Additionally, alternative
strategies for producing the highpass prediction were proposed
in the form of linear minimum mean square estimation [153],
hidden Markov models [159], hidden Markov trees [160], and
Gaussian mixture models [161].

In the present special issue, [10] adopts a POCS strategy
consisting of an observational constraint (DWT analysis ap-
plied to the high-resolution interpolator output must match
the original low-resolution input) as well as several additional
constraints on sharp highpass signal features. Specifically,
separate constraints are formulated for edges, contours, and
texture features.



III. WAVELETS IN COMMUNICATIONS AND NETWORKING

In a typical communication scheme, the output of a source
coder must be protected against errors caused by channel
noise. Traditionally, this protection is accomplished by adding
redundancy to the output of the source coder through channel
coding, i.e., via some form of error-correcting code. The
traditional paradigm is to conduct the design of the source and
channel coders separately from each other, concatenating the
two once they have been independently optimized. However,
it turns out that the overall, concatenated system is typically
optimal only under idealized conditions. As a consequence,
several alternative strategies have arisen for producing the
added redundancy necessary for error-resilient communication,
and wavelets have played a role in a number of them. Below,
we survey the use of wavelets in the communication and net-
worked transmission of images and video. First, in Sec. III-A,
we overview procedures that produce redundancy by creating
multiple correlated codings, or descriptions, of the imagery for
transmission across separate network paths. Then, in Sec. III-
B, we overview techniques that dispense with the assumption
of the separability of the source and channel design problems
to develop systems in which the source and channel coders
are jointly designed.

A. Multiple-Description Coding

With increasing use of the Internet and other best-effort
networks for multimedia communication, there is a growing
need for reliable transmission. Traditional research efforts
have concentrated on enhancing existing error-correction tech-
niques; however, recent years have seen an alternative solution
emerge and garner increasing attention. This latter solution
focuses mainly on the situation in which immediate data
retransmission is either impossible (e.g., network congestion or
broadcast applications) or undesirable (e.g., conversational ap-
plications with very low delay requirements). We are referring
to a specific technique known as multiple description coding
(MDC). In this section, we overview the use of wavelets in
MDC; the reader is referred to [162] for a comprehensive
general review of MDC.

In essence, the MDC technique operates as illustrated in
Fig. 16. The MDC encoder produces several correlated—but
independently decodable—bitstreams called descriptions. The
multiple descriptions, each of which preferably has equivalent
quality, are sent over as many independent channels to an
MDC decoder consisting of a central decoder as well as
multiple side decoders. Each of the side decoders is capable
of decoding its corresponding description independently of the
other descriptions, producing a representation of the source
with some level of minimally acceptable quality. On the
other hand, the central decoder can jointly decode multiple
descriptions to produce the best-quality reconstruction of the
source. In the simplest scenario, the transmission channels are
assumed to operate in a binary fashion; that is, if an error
occurs in a given channel, that channel is considered damaged,
and the entirety of the corresponding bitstream is considered
unusable at the receiving end.

The success of an MDC technique hinges on path diversity,
which balances network load and reduces the probability of
congestion. Typically, some amount of redundancy must be
introduced at the source level in order that an acceptable
reconstruction can be achieved from any of the descriptions,
and such that reconstruction quality is enhanced with every
description received. An issue of concern is the amount
of redundancy introduced by the MDC representation with
respect to a single-description coding, since there exists a
trade-off between this redundancy and the resulting distortion.
Therefore, a great deal of effort has been spent on analyzing
the performance achievable with MDC ever since its begin-
nings [163, 164] up until recently, e.g., [165].

As an example of MDC, consider a wireless network in
which a mobile receptor can benefit from multiple descriptions
if they arrive independently, for example, on two neighboring
access points. In this case, when moving between these two
access points, the receiver might capture one or the other
access point, and, in some cases, both. Another way to take
advantage of MDC in a wireless environment is by splitting
the transmission in frequency to form the two descriptions.
For example, a laptop may be equipped with two wireless
cards (e.g., 802.11a and g) with each wireless card receiving
a different description. Depending on the dynamic changes
in the number of clients in each network, one wireless card
may become overloaded, and the corresponding description
may not be transmitted. In wired networks, different descrip-
tions can be routed to a receiver through different paths by
incorporating this information into the packet header [166]. In
this situation, the initial scenario of binary “on/off” channels
might no longer be of interest. For example, in a typical
CIF-format video sequence, one frame might be encoded into
several packets. In such cases, the system should be designed
to take into consideration individual or bursty packet losses
rather than a whole description.

Practical approaches to MDC include scalar quantization
[167-169], polyphase decompositions [170, 171], correlating
transforms [172-178], and frame expansions [179-181]. We
overview each of these strategies in the next sections below,
first in the context of wavelet-based MDC for still images
before turning attention to MDC for video to conclude this
section.

1) Multiple-Description Scalar Quantization: Multiple-
description scalar quantization (MDSQ) [167] consists of en-
coding a memoryless stationary zero-mean source using a sep-
arate scalar quantizer for each descriptions. The dictionaries
of the scalar quantizers are determined from the minimization
of the central distortion, subject to a maximal admissible
distortion on the side distortions. Once the dictionaries are
found, they must be indexed. In [167], two types of index-
ing are described: nested index assignment and linear index
assignment. When one takes into account the rate on the two
channels in addition to the distortion, the optimization problem
is slightly different—in this case, the central distortion is
minimized under rate as well as distortion constraints for
the side decoders. Entropy coders follow the quantizers, and
the system is called entropy-constrained MDSQ (ECMDSQ)
[168]. An extension of the previous results to vectors was



provided in [182-185] in the form of multiple-description
lattice vector quantization.

In this special issue, [11] describes an embedded MDSQ
which takes into account variations in the channel packet-loss
rate to yield an adaptive bitrate allocation. This embedded
MDSQ is applied to both still-image as well as video coders.

2) Polyphase Decompositions: A polyphase decomposition
provides a straightforward and relatively simple approach
to achieve MDC—one first splits the source samples into
polyphase components (e.g., even and odd samples) and then
encodes the polyphase components independently. Recall that
the M polyphase components of a source x[n] are the signals
y1[n], y2[n], ..., ya[n] such that

yiln] =z[Mn+i], neZ, ie{l,...,M}. (5

In the polyphase approach to MDC, each description consists
of a single polyphase component, and, at the decoder side, the
correlation between the components is exploited to recover
any lost data.

This straightforward polyphase-based MDC strategy is re-
fined slightly in [170] wherein, after polyphase decomposition,
redundancy is introduced in each description by adding a
low-rate version of the other polyphase components. As a
consequence, each description involves a main polyphase
component, encoded at high resolution, and several secondary
polyphase components, encoded with less rate. The decoder
simply merges the received polyphase components, and if
several versions of a given polyphase component are received,
the decoder makes use of only the one encoded at the highest
precision. For efficient coding, the polyphase signals must be
decorrelated; if not, the decoder will be suboptimal, since
it does not exploit the existing correlation. This system is
therefore intended to be used after an initial source-coding
step which consists of decorrelating the input data (e.g., a
DWT or DCT).

For imagery, polyphase decompositions can be applied to
different types of information in the image—pixels in the
spatial domain, coefficients of a 2D DWT, or even zerotrees
of wavelet coefficients (see Sec. II-A.2 above). In this latter
scheme, odd and even zerotrees are split into two descriptions
and encoded as main and secondary components using SPIHT
[170,171]. In this special issue, [12] enters into this general
category; in this coder, a generic redundant dictionary is par-
titioned such that different, yet correlated, dictionary “atoms”
are put into different descriptions.

It is useful to note that, whereas in most other MDC sys-
tems, redundancy between the descriptions is controlled only
implicitly in the generation of the descriptions themselves, the
polyphase-based MDC of [170] explicitly separates generation
of the descriptions from the addition of redundancy addition;
specifically, redundancy is controlled through the bitrate allo-
cated to the secondary components. Thus, we find, in a certain
sense, a separation principle between source coding (main
quantization) and channel coding (added redundancy). While
traditional source coding relies on a transform to reduce corre-
lation between original-data (image) samples, MDC consists of
the introduction of correlation in order to control redundancy
in the transmitted bitstream. Below, we consider two types of

correlation for the wavelet-based MDC of images—statistical
correlation, through correlating transforms; and deterministic
correlation, through projection onto frames.

3) Correlating Transforms: A multiple-description corre-
lating transform (MDCT) consists of transforming a block
of N centered, independent Gaussian random variables into
a block of N correlated variables. MDCT was introduced in
[172,173] for the case of N = 2 variables and generalized
in [175,176] to N > 2 variables. In [176], it was shown
that performing quantization after a linear continuous-valued
transform 7T led to a distortion significantly higher than when
transform and quantization are performed in the reverse order.
This is due to the fact that the quantization of Tx, x =
[xl xg}T, is equivalent to a trellis-coded quantization of
vector x in a trellis whose cells are not square, which is
suboptimal. The idea is therefore to look for an optimal
discrete-valued transform 7'(x) (to be applied to quantized
vectors of the input source). For an equal probability of failure
on the two channels, it is shown in [176] that the optimal
continuous-valued transform has the form
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where the parameter o € [,/2%,00) allows tuning the
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where o7 and o3 are the variances of the two sources.

The discrete-valued 7 transform is then derived from (6)
by factoring 7' into triangular matrices and then computing
intermediate roundings of the triangular matrix factors. One
can remark that, in the case that the two variances are equal,
the side distortion is constant whatever the redundancy. In
fact, this distortion is the same as that obtained when sending
each source without transformation and estimating the missing
source by the mean value in the case of a transmission failure.
Moreover, the side distortion does not tend to zero when the
rate tends to infinity. Finally, it was concluded in [176] that
MDCT appears more efficient for low redundancies, while
MDSQ, for example, is better at higher redundancies.

A generalization of the MDCT strategy was proposed in
[177,178]. There, an orthonormal two-band filterbank fol-
lowed by different quantizers produces the correlation between
the two descriptions. When one of the channels is off, for
example the first one, the missing symbols transmitted on this
channel are linearly estimated from the decoded symbols on
the second channel. Since the size of the filters is not restricted,
this framework is more general than that of the MDCT of
[176], where the size of the transform is 2 x 2. Additionally, in
[177,178], the source is considered to be stationary Gaussian
of power spectrum density (psd) S(w) instead of i.i.d. as
in [176]. Consequently, in [177,178], rate-distortion theory
for Gaussian processes (i.e., “reverse waterfilling” [186, 187])
is used to determine the optimal filters. Reverse waterfilling
dictates that, for a sufficiently small distortion D, the minimum



rate to transmit a Gaussian process with a psd of S(w) is

1 /™1 S(w)
=5 / 5 log ) dw. ()
This formula is used to compute the transmission rate of the
Gaussian variables on each channel, supposing that the entropy
coding achieves its theoretical limit. Moreover, an optimal
allocation among the channels is assumed; consequently, the
two descriptions y;[n], i € {1,2} are transmitted at the rates

1 /1 Yi(w
Ri(Do) = ﬁ/ 510g D(o) dw, 9

where Y;(w) is the psd of y;[n|, and Dy is the central
distortion. The redundancy is then
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the second term corresponding to the rate-distortion curve of
the source x[n]| with psd S(w). In case of failure on channel 1,
y1[n] is estimated by Wiener filtering as Y2; (w)/Y2(w), where
Y51 (w) is the cross-psd of y1[n] and y2[n]. One can then com-
pute the side distortions D; and Dy which are approximately
equal to the estimation errors of y; [n] and yz[n] by the Wiener
filter. The frequency responses of the optimal filters, H;(w)
and Hs(w), are then the solution of

1
min — (D1 + D3) + Ap(Dy),
Hl(w),Hz(w)2( 1+ D2) + Ap(Do)

(1)

with the central distortion fixed. The Lagrangian parameter
A also allows adjusting the redundancy and thus the balance
between central and side distortions. Several conclusions of
this study are of interest:

e When A\ — oo, one simply tries to minimize the redun-
dancy p. In this case, we arrive at classical source-coding
results, with the optimal filters producing decorrelated
variables y1[n] and yo[n|. The filterbank is, in this case,
a Karhunen-Loeve transform.

e When A = 0, the redundancy is not taken into account,
and one minimizes only the side distortions. The optimal
filterbank then corresponds to a polyphase decomposition,
and the correlation between y;[n] and yo[n] is maximal.

o If the source is i.i.d. by blocks of 2 (i.e., vectors of two
successive samples are Gaussian i.i.d.), the optimal filters
will be FIR of length 2, and we arrive at the MDCT of
[176]; this result was also shown in [188].

[177,178] also provide optimal filters for an AR(1) process
and compare to classical orthonormal wavelet transforms
(Haar, Daubechies, Coifman).

4) Correlation Through Frames: A frame is a family of
vectors generating a Hilbert space; contrary to a decomposition
in a basis, frame decompositions often lead to redundant
coefficients. Moreover, the correlation in such a redundant
decomposition is deterministic, since for a vector space of
dimension N, NN coefficients suffice to reconstruct the original
signal. The redundancy permits, on the one hand, reduction of
quantization noise [189], and, on the other hand, recovery after
channel errors. In fact, it was shown [180] that uniform tight
frames are optimal in the case of erasures.

The difference between error resilience via frames and that
obtained through a traditional error-correcting code comes
from the placement of quantization—in the frame-based ap-
proach, redundancy is added before quantization (by the
frame-based transform), whereas, in channel coding, redun-
dancy is added after quantization. Even though it is difficult
to perform a theoretical comparison that deduces the superi-
ority of one approach with respect to the other, a numerical
comparison of the two schemes is presented in [179] for a
Gaussian source of dimension N = 4, comparing a harmonic
frame of dimension M =5 to a (5,4) block code. From this
comparison, the advantage of frames occurs at high bitrate and
for a very low, or very high, a packet-loss rate. Otherwise,
error-correcting codes are better. However, when there are
no packet losses, the redundancy added by the channel code
cannot be exploited, whereas frame-based redundancy can still
be used by the decoder to reduce quantization noise.

5) MDC for Video: Several directions have been inves-
tigated for video using MDC. In [190-193], the proposed
schemes are largely deployed in the spatial domain within hy-
brid video coders such as MPEG and H.264/AVC; a thorough
survey on MDC for such hybrid coders can be found in [194].

On the other hand, only a few works investigate MDC
schemes that introduce source redundancy in the temporal
domain, although this approach has shown some promise. In
[195], a balanced interframe MDC was proposed starting from
the popular DPCM technique. In [196], the reported MDC
scheme consists of temporal subsampling of the coded error
samples by a factor of 2 so as to obtain two threads at the
encoder which are further independently encoded using pre-
diction loops that mimic the decoders (i.e., two side prediction
loops and a central prediction loop).

MDC has also been applied to MCTF-based video coding
(see Sec. I1I-B.2 above); existing work for t+2D video codecs
with temporal redundancy addresses 3-band filter banks [197,
198]. Another direction for wavelet-based MDC video uses
the polyphase approach in the temporal or spatiotemporal
domain of coefficients [199-201]. In the present special issue,
[13] focuses on a two-description coding scheme for scalable
video, wherein temporal and spatial scalability follow from a
classical dyadic subband transform. The correlation between
the two descriptions is introduced in the temporal domain
by exploiting an oversampled MCTF. An important feature
of the proposed scheme is its reduced redundancy, which
is achieved by an additional subsampling of the resulting
temporal details. The remaining detail coefficients are then
distributed in a balanced manner between the two descriptions,
along with the non-decimated approximation coefficients. The
global redundancy is thus tuned by the number of temporal
decomposition levels.

B. Joint Source-Channel Coding

Shannon’s separability theorem [202] states that if the
minimum achievable source-coding rate of a given source
is below the capacity of a channel, then that source can be
reliably transmitted through the channel. In addition, it states
that the source and channel encoders can be separated in such



a way that the source-coding rate reduction takes place in the
source encoder, while the protection against channel errors
occurs separately in the channel encoder—that is, source and
channel coding can be treated separately without any loss
of performance for the overall system. Such a concatenation
of a source coder followed by a channel coder which are
separately optimized is a tandem communication scheme.
However, Shannon’s separation theorem, and thus tandem
communication, is valid only for blocks of source and channel
symbols sufficiently long and for encoders and decoders of
arbitrarily large complexity.

In practical situations, there are limitations on both system
complexity and block length which call into question the
validity of separate design. In recent decades, alternative
approaches consisting of combining source and channel coding
have arisen. The objective is to include both source- and
channel-coding modules in the same processing block in
order to reduce the complexity of the overall system while
simultaneously increasing the system performance in a non-
ideal, real-world setting. Typically, efforts toward such joint
source-channel coding have focused on either designing chan-
nel coding with respect to a fixed source—source-optimized
channel coding—or on designing source coding with respect
to a fixed channel—channel-optimized source coding. Below,
we overview both strategies as applied to wavelet-based image
and video source coders.

1) Source-Optimized Channel Coding: In source-optimized
channel coding, the source code is first designed and optimized
for a noiseless channel. A channel code is then designed for
this fixed source code so as to minimize end-to-end distortion
over a given channel (typically a binary symmetric channel
(BSC), an additive white Gaussian noise (AWGN) channel
with a given modulation, or a time-varying channel).

For example, [203] considers transmission of a video se-
quence over fading channels. A 3D spatiotemporal subband
decomposition followed by vector quantization (VQ) of the
subband coefficients forms the source coder, while the VQ
indexes of each coded subband are interleaved and protected
using rate-compatible punctured convolutional (RCPC) codes
[204]. The source-coding and channel-coding rates are jointly
chosen on a subband-by-subband basis to minimize the to-
tal end-to-end mean distortion. Interleaving facilitates the
analytical computation of the channel-induced distortion by
making the equivalent channel memoryless, and the optimal
allocation of source- and channel-coding rates is formulated
as a constrained optimization problem.

In [205,206], 3D subband coding using multirate quan-
tization and bit sensitivity over noisy channels is consid-
ered for video. An analytical expression for the end-to-end
transmission distortion is found for the case of a scalable
subband coding scheme protected with RCPC codes. The
source coder consists of 3D spatiotemporal subbands which
are successively refined via layered quantization and finally
coded by a conditional arithmetic coding. In the case of
channel errors, unequal error protection (UEP) of the source
bits is applied using RCPC codes such that source bits deemed
more important to the end-to-end quality are given more
protection. The problem of optimal partitioning of source- and

channel-coding bits is based on two assumptions. First, all bits
within the same quantization layer must receive the same level
of protection, and second, higher quantization layers never
receive more protection than lower layers. These constraints
are formulated as

minD:minde(nk,mk) (12)
,m n,m .
subject to
> nk <R, (13)
k
and
> my < B-R,=R., (14)
k
where m = [ml mK] is the distribution vector of
channel bits used to protect n = [nl n K] source bits
in subbands k = 1,..., K; di(ng,my) is the distortion for

subband k; B is the total bit budget; and Rs and R, are
the target source and channel rates, respectively. Thus, the
corresponding unconstrained Lagrangian problem is

%iBZ(dk(nk, mg) + Ay, + ,umk>. (15)
Tk

If there exist multipliers A and p such that the source-
and channel-rate budgets are satisfied with equality, then the
optimal solution to the Lagrangian problem is also the optimal
solution to the original problem. In [206], an extended analysis
of the estimation of these Lagrange multipliers is presented.
The algorithm is based on [207] with an extension to two
Lagrangian parameters. It is shown that, when the error proba-
bility of the channel increases, the total number of quantization
layers selected decreases. In addition, in low-noise channel
conditions, the high-frequency layers are dropped largely due
to the low error sensitivity of the high-frequency components.
On the other hand, in high-noise channel conditions, the num-
ber of layers of low-frequency subbands is reduced. Finally, it
is shown that the above optimized codec with RCPC-based
UEP outperforms the case wherein equal error protection
(EEP) is used (i.e., all source bits receive the same level of
protection).

In [208], a method for optimal rate allocation for standard
video encoders is presented. This rate allocation is based upon
an assumption of dependence between the video frames, and,
to limit the complexity of this otherwise difficult problem,
models are proposed for the operational distortion-rate char-
acteristics as well as the channel-code bit-error rate (BER)
as a function of the available bandwidth. The compressed
video is channel-coded using rate-compatible punctured sys-
tematic recursive convolutional (RCPSRC) codes [209]. The
focus is on rate allocation at the frame level, and a single
quantization parameter per frame is selected. Specifically, q =
[q1 --+ qx] is the vector of quantization parameters for a
K-frame group of pictures (GOP) where ¢ € {1,2,...,31}
is the quantization parameter for frame k. Similarly, the
channel encoder assigns a selected channel-coding rate 7 to
each frame with r = [rl TK] being the vector of
channel-code rates for the K-frame sequence. The general



minimization problem is then, given a set Q of admissible
quantizers and a set R of admissible channel-coding rates,
find q* (with each ¢; € Q) and r* (with each r; € R) such
that

(q",r*) = argmin D(q,r) (16)

subject to
(k)(

1 s Qk) 1
SN ) o 2 g
sz: Tk - K

A7)

where D(q,r) is the average K-frame sequence distortion,
R is the overall rate constraint, and ng) (gr) is the source-
rate function for frame k. In order to perform an optimal
rate allocation through the above minimization, a model for
RCPSRC codes is proposed. In general, the results show that
more rate should be allocated to earlier frames in a sequence
than to later frames, and that, for a fixed source-coding rate,
there is a significant advantage to a UEP strategy that allows
variable channel-coding rates between frames in a sequence.

In [210], the 3D-SPIHT video coder of [35, 36] is cascaded
with RCPC codes applied in combination with an automatic
repeat request (ARQ) for transmission over a BSC. The 3D-
SPIHT bitstream is partitioned into blocks of equal length
with each block receiving parity bits from a cyclic redundancy
code (CRC) before being passed into the RCPC code. At
the receiver side, a Viterbi decoder is employed, and, if the
decoder fails to decode the received block within a certain
trellis depth, a negative ARQ acknowledgment is sent back to
the transmitter thereby requesting re-transmission of the same
block. We note that the use of ARQ results in delay that may
be incompatible with the needs of real-time communications
and requires the additional bandwidth of the feedback channel.

In [211], the 3D wavelet coefficients are divided into several
groups according to their spatial and temporal relationships
and then each group is encoded independently using 3D-
SPIHT. The channel-coding procedure of [210] is employed
without ARQ. By coding the wavelet coefficients into multiple
independent bitstreams, any single bit error affects only one
of these streams, while the others are received unaffected.
Decoding of a bitstream simply stops if a certain trellis depth
is reached without successful decoding of a received packet,
and the decoding procedure continues until either the final
packet has arrived or a decoding failure has occurred in all
bitstreams.

In [212], UEP of 3D-SPIHT is proposed with the channel
coding of [210] applied on unequally long segments of the
bitstream. Lower RCPC code rates are used for the more
sensitive, significant subblocks to provide better error protec-
tion, while larger RCPC code rates are used for insensitive,
insignificant subblocks. It is observed that, when the noise
exceeds a certain level for a fixed RCPC code rate, the
performance of an EEP scheme will deteriorate immediately,
while the proposed UEP strategy provides a better trade-off
between rate-distortion performance and error resilience.

In the present special issue, [14] designs an iterative pro-
cedure for the joint decoding of low-density parity-check
(LDPC) codes [213,214] and a JPEG2000 bitstream. The
proposed method exploits error-resilience information from the

JPEG2000 source code to drive the channel decoder. During
each decoder iteration, a tentative guess at the decoded channel
bits is provided to the source decoder, with the positions of
error-free bits as determined by the source decoder being fed
back to the channel decoder. Experimental results reveal that
the joint decoder reduces the number of decoder iterations
and improves distortion performance as compared to a similar
system that is not source-controlled.

2) Channel-Optimized Source Coding: In channel-
optimized source coding, the source code is designed by
minimizing a distortion criterion which includes the effect
of channel errors on the channel code. Typically this is
accomplished by designing the codebook for the quantizer
within the source coder for the specific channel in question.

An early attempt in this area is [215] wherein, instead of
considering the quantizer and the channel encoder separately,
the focus is on the design of an encoder function that maps
the output of the source-coder quantizer to the channel input.
For a fixed decoder, necessary conditions for the optimality
of the encoder function are derived. Subsequently, necessary
conditions for the optimality of the decoder are derived for
a fixed encoder function. The resulting set of conditions
are merely necessary, and not sufficient, for overall system
optimality; consequently, the final solution obtained is only
locally optimal.

In this category, [15] in the present special issue proposes a
scalable, wavelet-based video coder which is jointly optimized
with a turbo encoder providing UEP for the subbands. The
end-to-end distortion taking into account channel rate, turbo-
code packet size, as well as the interleaver is minimized at
given channel conditions by an iterative procedure. Also in
this special issue is [16] which proposes a 3D video wavelet
codec followed by forward error correction (FEC) for UEP
with the focus being on the content-adaptive packetization for
video streaming over IP networks. At a given packet-loss rate,
the video distortion resulting from packet loss is translated
into source distortion, thus yielding the best FEC protection
level. The run-time packet-loss rate that is fed back from
the receiver also enters into the optimization algorithm for
choosing the FEC protection level. Finally, a similar approach
in a different context is presented in [17] in this special
issue. In this work, image quality and energy consumption
are jointly optimized over a wireless sensor network. The
image encoder, which uses a 2D DWT, is adapted according
to the state of the network (global energy dissipated in all the
nodes between the transmitter and receiver) so as to send a
greater or lesser number of resolution levels. The model for
energy consumption involves the image-transmission energy,
the radio-transceiver consumption, and the energy required to
perform the 2D DWT. Despite the fact that the optimization
criterion employed is not identical to that of classical joint
source-channel coding, the source encoding and packetization
are optimized to follow the channel (energy) conditions in
much the same way as the other channel-optimized source-
coding schemes surveyed here.



IV. CONCLUSION

In this introductory paper, we have surveyed a number of
salient examples of the use of wavelets in source coding,
communications, and networking, and the papers that follow
in this special issue delve into greater depth in topics of
recent interest in these areas. We have, however, by no means
exhaustively covered all the image and video applications that
have been impacted by wavelets and wavelet theory. Indeed,
we anticipate that wavelets will remain firmly entrenched in
widespread applications in image and video processing for
some time to come.
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(b)

Fig. 2. Examples of 3D wavelet-packet DWTs with three levels of decom-
position. (a) 2D dyadic plus independent 1D dyadic; (b) three independent
1D dyadic transforms.
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Fig. 3. Zerotrees in (a) the 2D dyadic transform of Fig. 1(a), (b) the 3D

packet transform of Fig. 2(a).
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Fig. 4. Set partitioning. (a) 2D quadtree partitioning. (b) 3D octree

partitioning.

(b)

Fig. 5. (a) Original scene. (b) Arbitrarily shaped image objects to be coded
with shape-adaptive coding.
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Fig. 10. Haar-based MCTF, depicting three levels of temporal decomposition.
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in the feedback loop can be computationally simplified by using a complete-  architecture, with “in band” MCTF applied individually on each spatial

to-overcomplete transform [216-218]. subband. “3D Coder” indicates any of the 3D wavelet-based coders from
Sec. 1I-A.2.
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