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Abstract—In recent years, a tremendous success in wavelet
image coding has been achieved. It is mainly attributed to
innovative strategies for data organization and representation of
wavelet-transformed images. However, there have been only a few
successful attempts in wavelet video coding. The most successful
is perhaps Sarnoff Corp.’s zerotree entropy (ZTE) video coder.
In this paper, a novel hybrid wavelet video coding algorithm
termed video significance-linked connected component analysis
(VSLCCA) is developed for very low bit-rate applications. There
also has been empirical evidence that wavelet transform com-
bined with those innovative data organization and representation
strategies can be an invaluable asset in very low bit-rate video
coding as long as motion compensated error frames are ensured
to be free of blocking effect or coherent.

In the proposed VSLCCA codec, first, fine-tuned motion es-
timation based on the H.263 Recommendation is developed to
reduce temporal redundancy, and exhaustive overlapped block
motion compensation is utilized to ensure coherency in motion
compensated error frames. Second, wavelet transform is applied
to each coherent motion compensated error frame to attain
global energy compaction. Third, significant fields of wavelet-
transformed error frames are organized and represented as
significance-linked connected components so that both the within-
subband clustering and the cross-scale dependency are exploited.
Last, the horizontal and vertical components of motion vectors
are encoded separately using adaptive arithmetic coding while
significant wavelet coefficients are encoded in bit-plane order
by using high order Markov source modeling and adaptive
arithmetic coding.

Experimental results on eight standard MPEG-4 test sequences
show that for intraframe coding, on average the proposed codec
exceeds H.263 and ZTE in peak signal-to-noise ratio by as much
as 2.07 and 1.38 dB at 28 kbits, respectively. For entire sequence
coding, VSLCCA is superior to H.263 and ZTE by 0.35 and 0.71
dB on average, respectively.

Index Terms—Data organization and representation, motion
compensation, motion estimation, video coding, wavelet coding.

I. INTRODUCTION

V ERY low bit-rate video coding has triggered intensive
research in both academia and industry. The adopted

ITU-T H.263 Recommendation [1], offering a solution for
very low bit-rate videophony applications, is the first standard
to break the 64 kbits-per-second (kbps) barrier in audio-visual
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communications. It can be viewed as a modified and enhanced
version of previous block-based video coding standards such
as H.261 [2], MPEG-1 [3], and MPEG-2 [4] but specifically
tailored to very low bit-rate applications. The recently adopted
MPEG-4 standard covers very low bit-rate to medium bit-rate
multimedia communications. One of the functionalities of the
emerging MPEG-4 standard is improved coding efficiency [5].

At very low bit rates, discrete cosine transform (DCT)-
based image coders suffer from blocking effect and mosquito
noise. Subband coding schemes, also popularly used for pro-
gressive image transmission and browsing, offer a possible
alternative to the block-based DCT. Not even mentioning more
advanced subband coding schemes, the conventional ones have
already yielded comparable objective performance to block-
based coders and showed superior visual quality by eliminating
the disturbing blocking artifacts. As for video coding, there
have been three conceptually different ways of using the
wavelet transform reported in the literature:

• using three-dimensional (3-D) wavelet transform;

• wavelet transform of the original frames followed by
motion estimation and motion compensation of wavelet
coefficients;

• traditional time-domain motion estimation and motion
compensation followed by wavelet transform of motion
compensated error frames.

The extension of two-dimensional (2-D) subband image
coding to include the time domain naturally leads to 3-D
(temporal spatial spatial) subband video coding algo-
rithms originally proposed in [6]. The advantages of 3-D
wavelet video coding schemes include their low computational
complexity and prevention of error propagation. The former
is due to the fact that computationally expensive time-domain
motion estimation and motion compensation are replaced by
temporal filtering for which the Haar wavelet is usually used,
i.e., in the time domain, two subbands are obtained as the
sum and difference of two consecutive frames, respectively.
The latter is due to the fact that there is no recursive loop
in the coder architecture as is the case with hybrid coders.
These features make 3-D subband video coders an attractive
tool for mobile communications [7]. Nevertheless, temporal
filtering has not been as successful as time-domain block-
based motion estimation and motion compensation algorithms
for exploiting the temporal redundancy inherent in video
sequences in general, as evidenced by the reduction of coding
gain for high motion sequences at low frame rates. Although

1051–8215/99$10.00 1999 IEEE



VASS et al.: SIGNIFICANCE-LINKED CONNECTED COMPONENT ANALYSIS 631

this problem can be alleviated by using motion-adaptation
schemes [8], [9], 3-D subband video coding algorithms are
mainly applicable for medium to high bit-rate applications
[8]–[10].

A subband domain multiresolution motion estimation and
motion compensation scheme was introduced in [11]. After
wavelet transform of each original frame, hierarchical block-
based motion estimation and motion compensation are carried
out, followed by encoding of significant motion compensated
wavelet coefficients. The proposed coder is well suited for
medium and high bit-rate applications such as HDTV and
provides an easy conversion between different video coding
standards. But subband decomposition is aspace variant
process [12]. Thus, a translational motion between two consec-
utive frames may not be translated into a translational motion
between two consecutive wavelet transformed frames. It was
observed that the performance of multiresolution subband do-
main motion estimation and motion compensation deteriorated
dramatically as the bit rate decreased.

In the third type of subband video coding algorithms, after
time-domain motion estimation and motion compensation,
motion compensated error frames are encoded in the wavelet
domain. Superficially, the difference between this type of
video coding algorithm and the traditional hybrid DCT video
coding scheme is that wavelet transform replaces DCT in
encoding of motion compensated error frames. However,
the replacement seems not to be working adequately with
error frames if generated by nonoverlapped block motion
compensation methods. It is understandable that a global
transform such as wavelet transform by no means tolerates
localized blocking artifacts, and thus its strength in terms
of energy compaction can be severely degraded. Fortunately,
the inconsistency could be largely alleviated by using the
overlapped block motion compensation (OBMC) technique
[13], [14]. As was reported, OBMC not only mitigated the
blocking effect but also reduced the overall energy of motion
compensated error frames. The majority of recently proposed
very low bit-rate wavelet video coding algorithms [15]–[17]
were of this type and used OBMC.

In recent years, an impressive success of wavelet im-
age coding has been achieved due to the use of innovative
strategies for data organization and representation of wavelet-
transformed images. There were four such wavelet image
coders published in the literature. Shapiro’s embedded zerotree
wavelet (EZW) [18] coder and Said and Pearlman’s set parti-
tioning in hierarchical trees (SPIHT) [19] use the regular tree
structure and the set-partitioned tree structure to approximate
insignificantwavelet coefficients across subbands. Servettoet
al.’s morphological representation of wavelet data (MRWD)
[20] finds irregular-shaped clusters ofsignificantcoefficients
within subbands. Chaiet al.’s significance-linked connected
component analysis (SLCCA) [21]–[26] extends MRWD by
exploiting both within-subband clustering of significant co-
efficients and cross-scale dependency of significant clusters.
Among the above four wavelet image coding algorithms,
SLCCA delivers the highest performance in general.

Despite success in still image coding, there have been only a
few successful attempts in wavelet video coding. Bhutani and

Pearlman proposed to use Shapiro’s EZW algorithm to encode
error frames obtained by recursive motion compensation [15].
Their coder showed superior performance when compared to
the MPEG-1 standard. Kim and Pearlman proposed to extend
SPIHT to 3-D subband video coding [27], and results superior
to MPEG-2 were reported. Recently, Vasset al. applied
the SLCCA data organization and representation strategy for
low computational complexity, highly scalable video coding
[28]. In Sarnoff Corp.’s zerotree entropy (ZTE) [16] video
coder, after time-domain block-based motion estimation and
motion compensation similar to that of H.263, an EZW variant
algorithm was proposed for the representation and encoding of
motion compensated error frames.

In the paper, a high performance hybrid wavelet video
coding algorithm termed video significance-linked connected
component analysis (VSLCCA) (partially presented in [29])
is developed for very low bit-rate applications. As is empiri-
cally evidenced, the wavelet transform with the aid of those
innovative data organization and representation methods can
be an invaluable asset in very low bit-rate video coding if
motion compensated error frames are ensured to be free of
blocking effect or coherent. In VSLCCA codec, first,fine-
tuned time-domain motion estimation based on the H.263
Recommendation [1] is used to reduce temporal redundancy,
and exhaustiveoverlapped block motion compensation is
utilized to ensure the coherency in motion compensated error
frames. Second, wavelet transform [30] is applied to each
coherent motion compensated error frame to attain global
energy compaction. While the within-subband clustering prop-
erty of wavelet decomposition is exploited by organizing
and representing significant wavelet coefficients asconnected
components[31] obtained by morphological conditioned dila-
tion operation [32], the cross-scale dependency of significant
wavelet coefficients is exploited by thesignificance linkage
between clusters at different scales. Last, motion vectors
are encoded directly, and significant wavelet coefficients are
encoded inbit-plane order, both by using an adaptive arith-
metic coder [33] with space-variant high order Markov source
modeling. Performance evaluation on several MPEG-4 test
sequences shows that for intraframe coding, the proposed
VSLCCA codec exceeds H.263 and ZTE in peak signal-to-
noise ratio (PSNR) by as much as 2.07 and 1.38 dB at 28
kbits on average, respectively. For entire sequence coding,
VSLCCA is superior to H.263 and ZTE by 0.35 and 0.71 dB on
average, respectively. The subjective advantage of VSLCCA
over H.263 is also distinctive in that the disturbing blocking
effects are entirely eliminated.

The rest of this paper is organized as follows. In the next
section, the entire VSLCCA coding algorithm is presented in
detail. Section III gives a thorough performance evaluation
in comparison to other state-of-the-art video coders. The last
section concludes the paper.

II. VSLCCA VIDEO-CODING ALGORITHM

In this section, after reviewing the SLCCA data organization
and representation strategy, the VSLCCA video coding tech-
nique is described, which in addition includes fine-tuned mo-
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tion estimation, exhaustive overlapped block motion compen-
sation, and adaptive arithmetic coding of motion information.

A. Image Coding

The main building blocks of the SLCCA image coding
technique include:

• multiresolution discrete wavelet transform and quantiza-
tion;

• connected component analysis within subbands;

• postprocessing of significance map;

• significance-link registration across scales;

• adaptive arithmetic coding with space-variant high order
Markov source modeling.

1) Wavelet Transform and Quantization:Wavelet trans-
form decomposes a signal into different frequency components
and then investigates each component with a resolution
matched to its scale [34], [30]. The wavelet transform of
a signal evolving in time depends on two variables: scale
(or frequency) and time. Wavelets provide a tool for time-
frequency localization. Thus, the wavelet transform represents
an excellent alternative to short-time Fourier transform [35],
well suited to the analysis of nonstationary signals. Due to the
use of short-time windows at high frequencies and long-time
windows at low frequencies, the wavelet transform is able
to maintain a constant relative bandwidth analysis. Since its
extension to multidimensional signal analysis [36], it recently
has found significant applications in image and video coding
[11], [16], [18]–[20], [25], [27]. The originalLena image
and its corresponding three-scale wavelet decomposition are
shown in Fig. 1(a) and (b), respectively.

A wavelet coefficient is calledsignificantwith respect to a
predefined threshold if its magnitude is larger than or equal
to i.e., ; otherwise, it is deemedinsignificant. An
insignificant coefficient is also known as a zero coefficient.

In SLCCA, all the wavelet coefficients are quantized with
a single uniform scalar quantizer. The quantizer step size

is specified by the user and used to control the bit rate.
All the wavelet coefficients that are quantized to nonzero are
significant and are to be transmitted. Since a uniform midstep
quantizer with a double-spaced dead zone is applied,

This quantization choice might seem oversimplified, but
as was evidenced by our experiments and also stated in
[37], using more sophisticated quantization and optimization
schemes such as optimal bit allocation among bands [38],
optimal nonuniform scalar quantization [39], or vector quanti-
zation [40], [41] was not justifiable when the aforementioned
advanced data representation and organization strategies were
used since the performance gain, if any, was only marginal.

2) Connected Component Analysis:For natural images,
the majority of pixels belong to either homogeneous regions
or texture regions. Most of the energy of homogeneous and
texture regions is compacted into the low frequency subband
by the wavelet transform. By contrast, highly condensed
energy around edge regions is compacted into high frequency
subbands distributed over their small spatial neighborhoods.
This signifies that most of the high frequency coefficients

(a)

(b)

(c)

Fig. 1. Illustration of wavelet transform. (a) OriginalLena image. (b)
Three-scale wavelet decomposition of theLena image. (c) Corresponding
parent–child relationship between subbands at different scales.

are clustered (around discontinuities), a phenomenon called
within-subband clustering[20]. This within-subband clustering
property of wavelet transformation is exploited by organizing
wavelet coefficients into irregular-shaped clusters orconnected
components implemented by morphological conditioned
dilation operation.
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First, some basic binary morphological operations relevant
to our application are reviewed. More detailed discussion of
mathematical morphology can be found in [42] and [31]. A
binary image can be thought of as a subset of where

denotes the set of numbers used to index a row or column
position on a binary image. Clearly, pixels are in this subset
if and only if they have the binary value one on the image.
The dilation of set with set is defined by

where denotes the translation of by
For a structuring element that contains the origin, the dilation
operation produces an enlarged set entirely containing the
original set The conditioned dilationoperation [32] will be
used to recursively find a cluster in a set. Let denote
the set wherein a cluster is to be sought. Let
represent a subset of to be used as a seed to be grown into a
cluster in Then the dilation of by the structuring element

with the origin being included conditioned ondefines the
conditioned dilation

where the structuring element also plays a role in con-
trolling the density and geometric shape of the cluster. If the
conditioned dilation is recursively applied, i.e.,

(1)

then a cluster is formed as the recursion terminates, i.e.,

After quantization of wavelet coefficients, asignificance
map,which has the same size as the original image, is defined

if the wavelet coefficient at
location is significant
otherwise

The conditioned dilation can be progressively used for seg-
mentation of thesignificance mapinto within-subband signif-
icant clusters.

The segments generated by the conditioned dilation seem
to fall into a more restrictive category of clusters named
connected components,which have been popularly used in
machine visionfor segmentation of a binary image over
decades. A connected component is defined based on one of
the three types of connectivity: four-, eight-, or six-connected
geometric adjacency. Since the significant wavelet fields are
only loosely clustered, the conventional definition of connected
component using a strict geometric adjacency may produce
too many components, affecting the coding efficiency. Thus,
in SLCCA, we use symmetric structuring elements with a
size larger than 3 3 square, but the segments generated by
the conditioned dilation are still calledconnected components,
even if they may not be geometrically connected. Some
structuring elements tested in our experiments are shown
in Fig. 2. Those in Fig. 2(a) and (b) generate four- and
eight-connectivity, respectively. The structuring elements in
Fig. 2(c) and (d) represent a diamond of size 13 and a 5

5 square, respectively. These latter two may not preserve
geometric connectivity but perform better than the former two
in terms of coding efficiency.

(a) (b)

(c) (d)

Fig. 2. Structuring elements used in conditioned dilation. (a)
Four-connected, (b) eight-connected, (c) diamond of size 13, and (d)
5 � 5 square.

To delineate a significant cluster, all zero coefficients within
the neighborhood of each significant coefficient in the
cluster are labeled as the boundary of the cluster. The boundary
information needs to be transmitted to the decoder. As the
size of the structuring element increases, the number of
connected components decreases and the number of boundary
zero coefficients increases. The optimal choice of structuring
element is determined by the comparative costs of encoding
boundary zero coefficients versus encoding the positioning
information (seed position) of connected components. Both
the encoder and the decoder must use the same structuring
element, which is fixed during the entire coding process.

The conditioned dilation operation is used to recursively
detect and transmit the significance map. At each step of the
recursive conditioned dilation operation, the newly discovered
significant and insignificant (boundary zero) coefficients are to
be transmitted to the decoder after adaptive arithmetic coding,
as described in Section II-A5. Since both the encoder and the
decoder use the same structuring element and seed positions,
the decoder can exactly replicate the operation of the encoder
and thus construct the significance map.

3) Postprocessing of Significance Map:As very small
clusters likely do not produce discernible visual effects but
render a higher boundary-to-area ratio than large clusters, they
are eliminated by using area thresholding to avoid their more
expensive coding cost. As evidenced by several experiments,
this area thresholding is quite practical to reach a higher
coding gain without sacrificing the perceived image quality.

The connected component analysis and postprocessing are
illustrated for theLena image at 0.25 bits per pixel (bpp) in
Fig. 3. The significance map is obtained by quantizing the
wavelet coefficients with a uniform scalar quantizer.
The 11 797 wavelet coefficients are organized in 930 clusters
by using the diamond structuring element of Fig. 2(c). After
removing isolated wavelet coefficients (clusters with only one
coefficient), the 11 340 wavelet coefficients constitute 473
clusters [Fig. 3(a)]. Fig. 3(b) shows thetransmittedsignifi-
cance map, which also includes boundary zero coefficients
for delineating significant clusters. It is clear that only a small
fraction of zero coefficients are to be transmitted.

4) Significance-Link Registration:Naturally, the seed po-
sition of each connected component must be available at the
decoder. In the following, we will show how the cross-scale
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(a)

(b)

Fig. 3. (a) Significance map for six-scale wavelet decomposition ofLena
image after quantization(q = 20:98) and removal of isolated wavelet
coefficients. White pixels denote insignificant coefficients, and black pixels
denote significant coefficients. (b) The transmitted significance map with a
diamond structuring element [Fig. 2(c)]. White pixels denote insignificant
coefficients that are not encoded at all. Black and gray pixels denote encoded
significant and insignificant wavelet coefficients, respectively.

dependency property of the wavelet transform can be exploited
to reduce the cost caused by explicit transmission of the cluster
positioning information. Naturally, seed positions that cannot
be predicted must be explicitly encoded and transmitted.

By definition of [18] and [43], relative to a given wavelet
coefficient, all coefficients at finer scales of similar orientation
that correspond to the same spatial location are called its
descendents;accordingly, the given coefficient is called their
ancestor. Specifically, the coefficient at the coarse scale is
called theparent, and all four coefficients corresponding to
the same spatial location at the next finer scale of similar ori-
entation are calledchildren. This parent–child dependency for
a three-scale wavelet decomposition is illustrated in Fig. 1(c).
Although the linear correlation between the values of parent
and child wavelet coefficients has been empirically found to
be extremely small, as expected, there is likely additional
dependency between the magnitudes of parent and children.
Experiments showed that the correlation coefficient between
the squared magnitude of a child and its parent tends to

be between 0.2 and 0.6, with a strong concentration around
0.35 [18]. These properties of wavelet-transformed images
can be seen in Figs. 1(b) and 3. The cross-subband similarity
amonginsignificant coefficientsin a wavelet pyramid has been
exploited in EZW and SPIHT, which greatly improves the
coding efficiency. On the other hand, it is found that the spatial
similarity in the wavelet pyramid is not satisfied strictly, i.e.,
an insignificant parent does not warrant all four children’s
being insignificant. The “isolated zero” used in EZW indicates
the failure of such a dependency. In SLCCA, as opposed
to EZW and SPIHT, the spatial similarity amongsignificant
coefficients is exploited. However, SLCCA does not seek
a very strong parent–child dependency for each and every
significant coefficient. Instead, it predicts the existence of
clusters at finer scales. The fact that statistically the magnitudes
of wavelet coefficients decay from a parent to its children [44]
implies that in a cluster formed within a fine subband, there
likely exists a significant child whose parent at the coarser
subband is also significant. In other words, a significant child
can likely be traced back to its parent through thissignificance
linkage. It is crucial to note that this significance linkage relies
on a much looser spatial similarity.

Now, we definesignificance linkformally. Two connected
components or clusters are calledsignificance linkedif the
significant parent belongs to one component, and at least one
of its four children is significant and lies in another component.
If the positioning information of the significant parent in the
first component is available, the positioning information of
the second component can be inferred through labeling the
parent as having a significance-link. Since there are generally
many significant coefficients in a connected component, the
likelihood of finding a significance link between two connected
components is fairly high. Apparently, labeling the signifi-
cance link costs much less than directly encoding the position,
and a significant savings on encoding cluster positions is thus
achieved.

The efficiency of the significance-linkage technique is evi-
denced by the significant reduction of explicit seed positions.
For the Lena image at 0.25 bpp, the seed positions of only
seven out of 473 clusters need to be explicitly transmitted,
which renders significant savings of the required bit budget.

5) Adaptive Arithmetic Coding of Significance Map and
Significant Magnitudes:Usually, the last step of a coding
algorithm is the entropy coding. The entropy coding techniques
attempt to exploit the source statistics in order to generate
an average code-word length closer to the source entropy for
which, in SLCCA, adaptive arithmetic coding [33] is used.
In contrast to a fixed arithmetic coder, which works well
for a stationary Markov source, an adaptive arithmetic coder
updates the corresponding conditional probability estimation
every time the coder visits a particular context.

In SLCCA, both the significance map and the magnitudes
of the significant coefficients in each subband are encoded
by adaptive arithmetic coding. It is known that for the data
stream generated by a nonstationary source such as natural
images, the conditional probabilities may vary substantially
from one section to another. The knowledge of the local
probability distributions acquired by an adaptive model is more
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(a) (b)

Fig. 4. Conditioning context for adaptive arithmetic coder. Dependency on (a) neighboring pixels and (b) parent pixel.

robust than the global estimates and follows well the local
statistical variation. To exploit the full strength of adaptive
arithmetic coding, it is preferable to organize the outcomes of a
nonstationary Markov source into a data stream such that each
local probability distribution is in favor of one symbol. The
well known losslessbit-planeencoding is built upon the above
idea. In SLCCA, the magnitude of a significant coefficient
in each cluster in a subband is converted into a fixed-length
binary representation and encoded in bit-plane order, where
the length is determined by the maximum magnitude in the
subband. Generally, most magnitudes in any cluster in a
subband are smaller than the maximum magnitude in the
subband, implying that the more significant bit planes would
contain significantly more “0”’s than “1”’s. Accordingly, the
adaptive arithmetic coder would generate more accurate local
probability distributions in which the conditional probabilities
for “0” symbols are close to one for more significant bit planes.
In the following, the intersection of a cluster in the subband
with a bit plane is called acluster section.

The context used to define the conditional probability mod-
els at each pixel is related to the status of significance of its
eight neighbors and its parent as well. As shown in Fig. 4(a),
the number of significant coefficients in the eight-connected
neighborhood of a given pixel yields nine possible models.
As shown in Fig. 4(b), the significance status of the parent is
also used in determining the final context resulting in a total
of possible models. Those 18 contexts are used to
define conditional probabilities needed for adaptive arithmetic
coding of both the significance map in the subband and the
cluster sections in every bit plane in the subband.

First, four symbols are used to encode the significance map
in the subband. POS and NEG symbols are used to repre-
sent the sign of positive and negative significant coefficients,
respectively; a ZERO symbol is used to label insignificant
boundary pixels; and a special SL symbol is used to indicate
that a significant pixel in a cluster has been assigned a
significance link. All four children of the SL pixel belong
to a new cluster or its boundary at finer scale, and at least
one child must be inside the new cluster. To determine the
context around a pixel in the significance map or its boundary,

TABLE I
BIT BUDGET DISTRIBUTION AMONG THE EXPLICIT SEED

POSITIONS, SIGNIFICANCE MAP, AND MAGNITUDES OF

SIGNIFICANT COEFFICIENTS FOR THELENA IMAGE AT 0.25 bpp

only the number of those significant neighbors that are already
transmitted is counted.

Second, the significant magnitudes in the subband are
encoded in bit-plane order. In each bit plane, cluster sections
are encoded following the same order that the clusters in the
subband are detected by the previously described conditioned
dilation operation. Apparently, only two symbols, i.e., “0”
and “1,” are needed. This time with no change, the originally
defined 18 contexts are used to adaptively calculate the con-
ditional probabilities to be used in adaptive arithmetic coding.

The distribution of the bit budget for theLena image at
0.25 bpp is as follows. As shown in Table I, 11 bytes are
required to specify the seven seed positions needed to be
transmitted explicitly. The majority of the bitstream (4989
bytes) is spent on transmitting the significance map, which
includes implicit seed positions (SL symbol), the sign of
the significant coefficients (POS and NEG symbols), and the
boundary zero coefficients (ZERO symbol). Last, 3192 bytes
are spent on specifying the magnitude of significant wavelet
coefficients.

Timing results of both the encoder and decoder of SLCCA
for the Lena image at 0.25 bpp executing on one 195 MHz
R10000 CPU of an SGI Octane workstation are shown in
Table II. As there is no optimization involved, both the de-
coder and the encoder have approximately equal low compu-
tational complexity comparable to that of zerotree algorithms.

B. Video Coding

The block diagram of the proposed VSLCCA video coding
algorithm is shown in Fig. 5. As is seen, the SLCCA data
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Fig. 5. Block diagram of the proposed VSLCCA video coding algorithm.

TABLE II
SLCCA TIMING RESULTS (SECONDS) FOR 512� 512 LENA IMAGE AT 0.25 bpp

organization and representation technique is embedded in
the VSLCCA video coding scheme. In addition, VSLCCA
includes:

• motion estimation;

• motion compensation;

• adaptive arithmetic coding of motion information.

Fine-tuned block-based motion estimation following the
spirit of the H.263 Recommendation is used to reduce temporal
redundancy. Zero, one, or four motion vectors per macroblock
are determined by using a full-search block-matching algo-
rithm with half pixel refinement. Then,exhaustiveoverlapped
block motion compensation [13] is used to reduce the artificial
blocking effect caused by block-based motion estimation. Each
predicted block in the current frame is formed as a weighted
sum of as many as nine blocks from the previous reconstructed
frame, which are determined by translating the current block
using the motion vectors associated with the current block and
its eight neighboring blocks. This fine-tuned motion estimation
followed by exhaustive overlapped block motion compensa-
tion results in a coherent motion compensated error frame
without artificial block boundaries, for which the wavelet
transform can be efficiently applied to compact the frame
energy into few significant coefficients.

After wavelet transform of a motion compensated error
frame, all the wavelet coefficients are scalarly quantized.
The SLCCA algorithm is then utilized to organize and rep-
resent significant wavelet coefficients as significance-linked
connected components to exploit both the within-subband
clustering and cross-scale dependency.

Last, adaptive arithmetic coding is used for the direct en-
coding of motion vectors and bit-plane encoding of significant
coefficients modeled as a space-variant, high order Markov
source.

1) Motion Estimation: The original frame is divided into
nonoverlapping 16 16macroblocks. As in the H.263 Recom-
mendation [1], each macroblock may have zero, one, or four
motion vectors. Full-search block-matching algorithm with
integer pixel resolution is used on the luminance component
to determine one motion vector per macroblock usingmean-
squared error(MSE) criterion. In the current implementation,
the previous reconstructed (instead of original) frame is used
as a reference since it provides better performance. The
search range is 15 pixels in both vertical and horizon-
tal directions. As is well known, the performance of block
matching can be substantially improved by using subpixel
resolution. As was specified in the H.263 Recommendation,
the initial integer motion vectors can be refined to half pixel
resolution in both directions in terms of computationally
inexpensive bilinear interpolation, and again, the previous
reconstructed frame is used here as a reference. Each mac-
roblock is then split into four 8 8 blocks,and one motion
vector per block is searched and refined to half pixel res-
olution by using just the same procedure. The four block
motion vectors are determined independent (as opposed to
H.263 test model [45]) of the motion vector of the mac-
roblock.

Afterwards, zero motion vectors per macroblock are decided
when MSE MSE where MSE and MSE
are the resulting MSE of the macroblock by using zero motion
vectors and one motion vector per macroblock, respectively,
and is a specifiednull margin. When this condition is
not satisfied and MSE MSE four motion
vectors per macroblock are used, where MSEdenotes the
macroblock MSE when four motion vectors per macroblock
are used and is a predefinedsplit margin. Otherwise,
one motion vector per macroblock is used. Naturally, the
number of motion vectors used for each macroblock needs
to be transmitted to the decoder as side information.

By increasing the null margin , the number of mac-
roblocks with zero motion vectors increases. This results in
a reduction of bandwidth spent on transmission of motion
vectors and an increase of motion compensated error frame en-
ergy. By reducing the value of split margin , four motion
vectors over one motion vector per macroblock are favored,
resulting in an increase of motion vector information and a
decrease of motion-prediction error energy. By using several
test image sequences, it has been experimentally found that

matches well theexhaustiveOBMC algorithm
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Fig. 6. Exhaustive overlapped block motion compensation used in
VSLCCA; M = 8 denotes the block size.

to produce coherent motion compensated error frames with a
significant reduction of MSE.

2) Motion Compensation:Blocking-effect-free coherent
motion compensation is crucial to the success of VSLCCA. In
DCT-based hybrid video coding algorithms, the effectiveness
of DCT is not significantly degraded by artificial blocking
effect introduced by block-based motion estimation and
motion compensation due to the fact that the motion
block boundaries are well aligned with the DCT block
boundaries. However, in the case of a global transform such
as wavelet transform, the introduced artificial blocking effect
(discontinuities) may generate quite a lot of spurious high
frequency components, and thus the effectiveness of wavelet
transform in terms of its energy compaction is significantly
degraded. As a remedy, in VSLCCA,exhaustiveoverlapped
block motion compensation is used to alleviate the blocking
effect of motion compensated error frames. OBMC not only
provides a coherent motion compensated error frame but also
decreases the motion compensated prediction error. Therefore,
a simple OBMC algorithm is included as part of the H.263
Recommendation.

The operation of theexhaustiveOBMC algorithm as applied
in VSLCCA is illustrated in Fig. 6. The frame is divided
into nonoverlapping blocks of 8 8 pixels, and one motion
vector per block is assigned. That is, when one motion vector
per macroblock is decided in motion estimation, that motion
vector is replicated for each of the four constituent blocks.
Each predicted block is composed as the weighted sum of as
many as nine blocks from the previous reconstructed frame
determined by translating the current block by using the nine
motion vectors assigned to the current block and its eight
neighboring blocks. Performance evaluation on several test
image sequences shows that araised cosinewindow with
four-pixels overlap (Fig. 7) is a good choice for weighting.

3) Effectiveness of Proposed Motion Estimation and Motion
Compensation Techniques:The effectiveness of the applied

Fig. 7. Raised cosine window for block size 8� 8 with four pixels overlap.
(0, 0) is the center of the block.

motion estimation and motion compensation schemes is ev-
idenced by a significant reduction of MSE of the motion
compensated error frames and a thorough elimination of the
blocking effect as follows. For theForemansequence at 48
kbps, the H.263 test model spends 982 bits per frame (bpf)
on average for motion vectors, while the averaged MSE of
the motion compensated error frames is 90.06. On the other
hand, the applied motion estimation and motion compensation
techniques spend 1704 bpf for motion vector information but
with a significant reduction of the averaged MSE of the motion
compensated error frames to 72.76. As clearly shown in Fig. 8,
the one-hundred-fifty-sixth motion compensated error frame of
the Foremansequence produced by the H.263 test model still
suffers from blocking effect, while the error frame from the
adopted technique is free of blocking artifacts.

This bit budget increase is due to two reasons. First,
as shown in Fig. 9, in VSLCCA, a larger portion of the
macroblocks is coded by using four motion vectors than in
the H.263 test model. Second, unlike in H.263, in VSLCCA,
the four motion vectors of each macroblock are independently
determined from the initial one motion vector of the mac-
roblock with the same search range, which requires more
bits for the encoding. However, this motion vector bandwidth
increase is inevitable in order to ensure the coherency of
motion compensated error frames and is well compensated by
the reduction of bandwidth spent on encoding of significant
wavelet coefficients of motion compensated error frames.

The coding mode selection (zero, one, or four motion vec-
tors per macroblock) for VSLCCA and H.263 for theForeman
sequence sampled at 5 frames per second (fps) is shown in
Fig. 9. As is seen, there are two major differences between
VSLCCA and H.263. First, in VSLCCA, the frequency of
macroblocks with four motion vectors is approximately two-
to-three times higher than in H.263. Second, as opposed
to H.263, the probability of macroblocks with four motion
vectors decreases as the bit rate increases. The explanation
of this latter phenomena follows. In H.263 and its optimized
mode-selection algorithm [46], as the bit rate decreases, more
bits are spent on the encoding of motion compensated error
frames than motion information, which increases the objective
performance. However, as is well known, as the bit rate
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(a) (b)

Fig. 8. Motion compensated error frame for the one-hundred-fifty-sixth frame ofForemansequence by (a) H.263 test model and (b) proposed motion
estimation and motion compensation algorithm.

(a) (b)

Fig. 9. Mode selection versus average bit rate for theForemansequence sampled at 5 fps by (a) H.263 and (b) VSLCCA.

decreases, more blocking artifacts are introduced. This cannot
be tolerated in VSLCCA, where, due to the global wavelet
transform, maintaining the coherency of motion compensated
error frames is of key importance. Thus, at low bit rates,
more accurate motion estimation is required in order to prevent
the more apparent blocking effects of the block-based motion
estimation and motion compensation schemes. At higher bit
rates, where the difference between the reference and motion
compensated error frame decreases, one motion vector per
macroblock yields satisfactory performance.

The proposed motion estimation and motion compensation
technique moderately increases the computational complexity
of both the encoder and the decoder. Since H.263, ZTE, and
VSLCCA all use full-search block-matching algorithm with
subpixel refinement, the increase of computational complexity
of motion estimation is due to the fact that in VSLCCA,
the four motion vectors per macroblock are determined with

15 pixels search range, whereas in the H.263 test model

and ZTE, only a few pixel refinement is used. Since the
computational complexity of the full-search block-matching
algorithm is quadratically proportional to both the search
range and the block size, the computational complexity of
the VSLCCA motion estimation scheme is at most twice
that of H.263. The increase of computational complexity of
motion compensation is due to the fact that in VSLCCA, nine
blocks are used to determine each predicted block, whereas
in H.263 and ZTE, only three blocks are used. Furthermore,
VSLCCA uses a raised cosine window weighting function
implemented with floating-point arithmetic compared to the
integer implementation of H.263. Computer experiments show
that while H.263 spends 99.7 ms for motion compensation per
frame on average, VSLCCA requires 208.9 ms.

4) Adaptive Arithmetic Coding of Motion Vector Informa-
tion: As mentioned, each macroblock may have zero, one, or
four motion vectors associated. The number of motion vectors
per macroblock is encoded by using adaptive arithmetic coding
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(a) (b)

(c) (d)

Fig. 10. Illustration of the wavelet transform on the original and motion compensated error of the one-hundred-fourteenth frame of theForemansequence.
(a) Original and (b) motion compensated error frames. Significance map after wavelet decomposition and quantization of the (c) original and (d) motion
compensated error frames. (Motion compensated images have been processed for display.)

TABLE III
PERFORMANCE COMPARISON OF SLCCA AND SPIHT FOR

THE ONE-HUNDRED-FOURTEENTH MOTION-COMPENSATED

ERROR FRAME OF THE FOREMAN SEQUENCE

with a single model of three symbols and is transmitted to
the decoder as side information. As in H.263, motion vector
components are encoded separately, i.e., a different adaptive
model is used for the vertical and horizontal components,
respectively. In each model, each possible value of compo-
nents is represented using a different symbol. Since the motion
vector range is 15 pixels with half pixel resolution, a total
of 64 symbols are needed to encode each component of the
motion vector.

Note that, as opposed to H.263, motion vector predic-
tion is not applied in VSLCCA. In H.263, each motion
vector component is separately predicted by the median of
already transmitted components of neighboring (left, above,
and right) macroblocks. This is necessary due to thenonadap-

tive variable-length coding used for motion vector coding in
H.263 (without Annex E). In VSLCCA, however, the adaptive
arithmetic coder well exploits the local statistics of motion
vector components, thereby making motion vector prediction
unnecessary.

C. Justification of VSLCCA Algorithm

All the previously mentioned four top wavelet image coding
algorithms can be applied for video coding. In this section,
we show that SLCCA is more applicable for the encoding of
motion compensated error frames generated by the proposed
fine-tuned motion estimation and overlapped block motion
compensation algorithms than zerotree-like algorithms.

Ideally, motion compensation should result in zero residual
error. However, lack of a good match from the previous frame
usually results in large error magnitudes. This includes [47]:

1) a new object coming into the scene, i.e., pixels belonging
to the new object do not have a good match in the
previous frame;

2) uncovered background areas, i.e., pixels belonging to
these areas do not have a good match in the previous
frame, where they were covered by the object;
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TABLE IV
PERFORMANCE COMPARISON OF INTRAFRAME CODING RESULTS AT 14 kbits

TABLE V
PERFORMANCE COMPARISON OF INTRAFRAME CODING RESULTS AT 28 kbits

3) moving texture areas, since texture areas have a high
intensity variance and an even small deviation from the
true motion can yield large magnitudes.

As a result, motion compensated error frames have very
different statistics than natural images. Their histogram can
be well modeled by a generalized Gaussian distribution, and
the correlation between pixels is very low in comparison to
natural images [48]. Furthermore, motion compensated error
frames show both line structure belonging to the edges of
moving components [49] and texture structure belonging to
moving texture regions. This is clearly visible in Fig. 10(a)
and (b), depicting the one-hundred-fourteenth original and
motion compensated error frames of theForemansequence,
respectively. The line structure and texture of the motion
compensated error frame are also clearly recognizable in the
wavelet-transformed error frame [Fig. 10(c)].

When texture- and edge-rich frames are encountered,
wavelet transform is unlikely to give large zero regions
due the lack of large homogeneous regions. Thus, the
advantage of using the zerotree structure, as in EZW, or
set-partitioned zerotree structure, as in SPIHT, is weakened.
On the other hand, SLCCA uses significance-based clustering
and significance-based between cluster linkage, which is not
affected by the existence of texture and line structure.

In very low bit-rate video coding, motion compensated error
frames are to be highly compressed. As is experimentally
evidenced in [25], SLCCA is more applicable for very low
bit-rate coding than zerotree-like algorithms, i.e., the objec-

tive performance measured by PSNR between SLCCA and
SPIHT increases as the bit rate decreases. This is also empiri-
cally justified in Table III, where the performance of SLCCA
and SPIHT is compared on the one-hundred-fourteenth mo-
tion compensated frame of theForeman sequence shown
in Fig. 10(b). As seen, at 0.0625 bpp, SLCCA outperforms
SPIHT by as much as 0.43 dB in PSNR with an average
increase of 0.23 dB.

III. CODING RESULTS

The performance comparison of different video coding
algorithms is fairly difficult. One cause is that the MPEG-
4 test sequences were distributed in original ITU-T 601
format, and everyone was welcome to use his own format
conversion. Another cause is the wealth of different rate-
control algorithms. To ensure a fair performance comparison
among H.263, ZTE, and VSLCCA, the test sequences used
in VSLCCA are the same as in [16], and there is no rate
control being applied in both VSLCCA and H.263. Instead,
all the frames have been quantized with the same uniform
scalar quantizer, with the step size being used to adjust the
final bit rate.

In VSLCCA, motion estimation is performed only on the lu-
minance component. For motion compensation of the chromi-
nance components, the corresponding luminance motion vec-
tors are divided by two, and OBMC with block size 4 4
and raised cosine window function with two pixels overlap is
applied. Then, four- and three-scale dyadic wavelet decom-
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(a)

(b) (c)

(d) (e)

Fig. 11. Intraframe coding results of the first frame of theAkiyo sequence. (a) Original frame. Reconstructed frame by (b) H.263 at 14 kbits, PSNR= 33:06

dB; (c) VSLCCA at 14 kbits, PSNR= 35:34 dB; (d) H.263 at 28 kbits, PSNR= 38:42 dB; and (e) VSLCCA at 28 kbits, PSNR= 41:67 dB.

position is carried out on the luminance and chrominance
components, respectively, by using a 9/7 biorthogonal filter
bank [41]. Both the luminance and chrominance components
are quantized with the same uniform scalar quantizer. In all of
the experiments, a 5 5 square structuring element, shown
in Fig. 2(d), is used, and clusters having fewer than three sig-
nificant coefficients are removed. The objective performance

is measured by PSNR, defined as

PSNR [dB]
RMSE

where RMSE is the root mean-squared error between the
original and reconstructed frames. All the reported results (bit
rates and PSNR performance) are computed from the decoded
bitstream.
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(a)

(b) (c)

(d) (e)

Fig. 12. Intraframe coding results of the first frame of theForemansequence. (a) Original frame. Reconstructed frame by (b) H.263 at 14 kbits, PSNR=

30:11 dB; (c) VSLCCA at 14 kbits, PSNR= 32:25 dB; (d) H.263 at 28 kbits, PSNR= 35:05 dB; and (e) VSLCCA at 28 kbits, PSNR= 37:02 dB.

Performance comparison is carried out on eight standard
MPEG-4 test sequences (four Class-A sequences:Akiyo, Con-
tainer Ship, Hall Monitor,and Mother & Daughter;and four
Class-B sequences:Coast Guard, Foreman, News,and Silent
Voice) in QCIF resolution.

Due to their prime importance, first intraframe coding results
are given. Then, coding results of the entire sequences (includ-
ing first intraframe followed by interframes) are presented.

A. Intraframe Coding

The intraframe coding comparison is done on the first frame
of all eight test sequences at 14 kbits (0.55 bpp) and 28
kbits (1.10 bpp). First, H.263 was run; then the quantizer step
size was adjusted in VSLCCA to exactly match the bit rate
obtained by H.263. The results of H.263, ZTE, and VSLCCA
are summarized in Tables IV and V at the corresponding
two bit rates. As shown in Table IV, at 14 kbits, for the
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TABLE VI
PERFORMANCE COMPARISON OF CODING RESULTS FORCLASS-A SEQUENCES AT 5 fps, 10 kbps

TABLE VII
PERFORMANCE COMPARISON OF CODING RESULTS FORCLASS-A SEQUENCES AT 10 fps, 24 kbps

TABLE VIII
PERFORMANCE COMPARISON OF CODING RESULTS FORCLASS-B SEQUENCES AT 7.5 fps, 48 kbps

TABLE IX
PERFORMANCE COMPARISON OF CODING RESULTS FORCLASS-B SEQUENCES AT 15 fps, 112 kbps

luminance component, VSLCCA outperforms H.263 by 1.79
dB on average and also exceeds ZTE ranging from 0.64 to
1.39 dB. At 28 kbits, the difference between VSLCCA and
H.263 increases, i.e., VSLCCA exceeds H.263 by 1.31–3.25
dB. At the same bit rate, VSLCCA is also superior to ZTE
by 1.38 dB on average. For the chrominance components at
14 kbits, VSLCCA is superior to H.263 by 1.27 and 1.09
dB on average for the U and V components, respectively.
At 28 kbits, VSLCCA outperforms H.263 by 1.62 and 1.44
dB on average for the U and V components, respectively.
For the averaged chrominance components, VSLCCA also
exceeds ZTE by 0.46–2.10 and 1.23–2.23 dB at 14 and 28
kbits, respectively.

The coding results for theAkiyoandForemansequences are
shown in Figs. 11 and 12, respectively. Both figures include
the original image and the reconstructed images from H.263

and VSLCCA at 14 and 28 kbits. At a bit rate as low as
14 kbits, the visual advantage of VSLCCA over H.263 is
distinctive in both images by the elimination of the annoying
blocking artifacts of H.263. As the bit rate increases to 28
kbits, the PSNR attained by both the algorithms in both images
is quite high, and the visual quality of the two algorithms
becomes more compatible even though VSLCCA maintains
much higher PSNR.

B. Entire Sequence Coding

For interframe coding comparison, for H.263, both unre-
stricted motion vector mode and advanced prediction mode
are used (Annexes D and F, respectively). Class-A sequences
are sampled at frame rate 5 fps and encoded at bit rate 10
kbps, or sampled at 10 fps and encoded at 24 kbps. Class-B
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(a)

(b)

(c)

Fig. 13. Interframe coding results of the fifty-fourth frame of theAkiyo
sequence at 5 fps, 10 kbps. (a) The original frame, reconstructed frame by
(b) VSLCCA and (c) H.263.

sequences are sampled at 7.5 fps and encoded at 48 kbps,
or sampled at 15 fps and encoded at 112 kbps. The coding
results are summarized in Tables VI–IX. First H.263 was run,
and then in VSLCCA, the quantizer step size was adjusted to
match the bit rate of H.263.

For the luminance component, for Class-A test sequences
at 5 fps and 10 kbps, VSLCCA is superior to H.263 and ZTE

(a)

(b)

(c)

Fig. 14. Interframe coding results of the one-hundred-sixtieth frame of the
Foremansequence at 7.5 fps, 48 kbps. (a) The original frame, reconstructed
frame by (b) VSLCCA and (c) H.263.

by 0.73 and 1.10 dB on average, respectively. At 10 fps and
24 kbps, VSLCCA is superior to H.263 and ZTE by 0.35
and 0.99 dB, respectively. For Class-B test sequences, for the
luminance component at 7.5 fps and 48 kbps, VSLCCA still
outperforms H.263 by 0.23 dB on average. However, as the
bit rate increases to 112 kbps at a frame rate of 15 fps, the
two coding algorithms in terms of objective performance are
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Fig. 15. Performance comparison (PSNR [dB]) between H.263 and
VSLCCA for the luminance component of theAkiyo sequence at 5 fps,
10 kbps.

compatible. When compared to ZTE, VSLCCA is superior by
0.24–0.62 and 0.03–0.53 dB at 7.5 fps and 48 kbps or at 15
fps and 112 kbps, respectively.

For the chrominance components, for Class-A test se-
quences at 5 fps and 10 kbps, VSLCCA outperforms H.263
by 0.95 and 0.50 dB on average for the U and V compo-
nents, respectively. At 10 fps and 24 kbps for the averaged
chrominance components, VSLCCA is superior to H.263 by
0.32 dB on average. For Class-B test sequences, the difference
between VSLCCA and H.263 decreases; at 7.5 fps and 48
kbps, VSLCCA exceeds H.263 by 0.08 and 0.13 dB on average
for the U and V components, respectively. At 15 fps and
112 kbps for the U component, the performances of the two
algorithms are compatible, while for the V component, H.263
performs slightly better—by 0.07 dB on average.

The coding results for the fifty-fourth frame of theAkiyo
and one-hundred-sixtieth frame of theForemansequences are
shown in Figs. 13 and 14, respectively. TheAkiyo sequence
is coded at 5 fps, 10 kbps, and theForeman sequence is
coded at 7.5 fps, 48 kbps. Both figures include the original
and decoded images from VSLCCA and H.263. The superior
visual quality of VSLCCA is clearly visible in both sequences
in the elimination of both mosquito noise and blocking artifacts
of H.263. The frame-by-frame luminance PSNR comparison
between H.263 and VSLCCA for the above two video se-
quences at the corresponding bit rates is given in Figs. 15 and
16, respectively.

IV. CONCLUSIONS

This paper presented a novel hybrid wavelet-based coding
algorithm termed video significance-linked connected compo-
nent analysis for very low bit-rate video coding applications.
The proposed fine-tuned motion estimation combined with ex-
haustive overlapped block motion compensation produced co-
herent motion compensated error frames with significantly re-

Fig. 16. Performance comparison (PSNR [dB]) between H.263 and
VSLCCA for the luminance component of theForeman sequence at 7.5
fps, 48 kbps.

duced frame energy to which the wavelet transform associated
with innovative data organization and representation strategies
could be most successfully applied. In VSLCCA, significance-
linked connected component analysis was used to organize
and represent wavelet-transformed error frames. The informa-
tion of significance-linked connected components or clusters
in each subband was assumed to have an eighteenth-order
Markov source with an alphabet of four symbols and encoded
by adaptive arithmetic coding. The significant magnitudes in
each subband were also assumed to have an eighteenth-order
Markov source but with an alphabet of only two symbols and
encoded in bit-plane order by adaptive arithmetic coding. The
contexts used to define conditional probabilities needed by
adaptive arithmetic coding in both cases were the same. With
strong empirical evidence, we may say that wavelet transform
with innovative data organization and representation strategies
represents an invaluable asset for not only still-image coding
but also video coding. Extensive computer experiments on
several standard test sequences have shown that VSLCCA
consistently outperforms both nonwavelet low bit-rate video
coding standard H.263 and high performance wavelet low bit-
rate video coder ZTE. VSLCCA is among the best low bit-rate
video coders.
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