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Abstract

When communicating at a very-low bit-rate, video coders are unable to preserve high visual quality for all images.
A selection of key regions according to human viewing and understanding may therefore be useful: it allows extracting
essential features and to code them with a high quality, while the remainder of the image is coarsely transmitted. Such an
approach requires a signal decomposition allowing an adaptive spatial variant bit allocation. Matching pursuits (MP)
explicitly select the information to be transmitted among a large and overcomplete set of functions and quantize it
according to a "xed and constant step. For MP, bit allocation is equivalent to function selection. This makes matching
pursuits well suited for spatial variant bit allocation, since functions matched to important objects can be chosen. In this
paper, we "rst show the abilities of matching pursuits to allocate an available bit-budget according to a semantic
understanding of the scene. This semantic information can be provided either automatically or interactively. Second, the
possibility to incorporate perceptive criteria within the MP coding algorithm is investigated. � 2001 Elsevier Science
B.V. All rights reserved.
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1. Introduction

E$cient video coders need techniques to deal
with the high temporal redundancy of the three-
dimensional video signal [4]. Motion models allow
a compact description of moving images and
motion-driven prediction leads to a high compac-
tion of the video sequence [30]. In the most com-

monly used algorithms (MPEG [20], H263 [36],

2), a frame is predicted from the previous frame,
using local motion information. That is, a particu-
lar block of the current frame to be coded is
predicted as a displaced block of the previous
reconstructed frame [15]. Then, the prediction
error, also named displaced frame di!erence
(DFD), is compressed using techniques involving
a number of signal expansion methods. Typically,
the discrete cosine transform [1] is used, but other
orthogonal transforms are possible [32]. Compres-
sion results from the quantization of the trans-
formed coe$cients. Incorporating the human
visual system (HVS) into the quantizer design
permits minimizing visible distortion throughout
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the picture while drastically reducing the amount of
bits that have to be transmitted.

This paper focuses on a recent signal representa-
tion technique that has been successfully applied in
the framework of DFD coding [2,28]. Matching
pursuits, an algorithm proposed by Mallat and
Zhang [25] decomposes a signal into a linear ex-
pansion of waveforms selected from a redundant
dictionary of functions. A major feature that distin-
guishes matching pursuits from the block-based
signal representation techniques is that MP
explicitly select the information to transmit among
a large and overcomplete set of functions. The atom
selection procedure of MP is equivalent to informa-
tion selection and permits bit-allocation. Actually,
MP allows information and details distribution on
the video frame.

In this paper, by incorporating perceptive, sub-
jective or semantic criteria throughout the selec-
tion procedure, we will explore and demonstrate
the abilities of video coding algorithms based on
matching pursuits, to e$ciently achieve spatial
variant bit-allocation. Section 2 proposes a meth-
odology to achieve spatial variant bit-allocation
using MP. Section 3 brie#y reviews the main results
achieved in the context of semantic video sequence
interpretation, and incorporates semantic know-
ledge within the matching pursuits video coding
algorithm. Results achieved when using the
proposed content-driven MP coding strategy
are presented. In Section 4, we show that the
MP representation is well adapted to the use of
spatially located visual masking criteria. Section 5
concludes.

2. Matching pursuits video coding bit-allocation

Incorporated within a motion compensated
video codec, Matching pursuits is an iterative pro-
cedure that allows for adaptive representation of
the displaced frame di!erence [2,28]. Bit-allocation
procedures for matching pursuits di!er from the
ones used for DCT- or other transform-based sig-
nal representations. For transform-based methods,
the signal is "rst projected on a complete set of
orthogonal base functions. Coe$cients are then
quantized. Quantization may be adapted according

to the frequency of the coe$cient or according to
the activity of the block (spatial masking). The
quantization selects which information is transmit-
ted and the selection is constrained by the chosen
transform. On the contrary, MP explicitly select
the information to be transmitted among a diction-
ary, which is a large and overcomplete set of
functions.

In practice, a set of 2-D functions is "xed and the
center of each function is translated into a set of
pixel positions. Each step of the iterative procedure
selects the function that best matches the signal, i.e.
the one that maximizes the inner product between
the dictionary function and the signal to represent.
As stated by Ne! and Zakhor [28], assuming that
the DFD is sparse with pockets of energy, where
motion prediction was inadequate, the search can
be limited around these high-energy pockets. The
DFD is divided into 12�12 overlapping blocks
located on a 8�8 grid. For each block, the square
of all pixel intensities is computed, providing
a block energy value. The inner product search
is then performed in an S�S search window
around the center of the block with the largest
energy value.

In the MP representation procedure, the search
window selects the spatial area in which the signal
is improved by the new atom. It performs spatial-
variant bit-allocation. A selection based on the
block-energy value is appropriate to maximize the
PSNR of the reconstructed signal. In Sections
3 and 4, the window selection takes into account
other semantic and perceptive criteria. The objec-
tive is to more often select the search window in
areas that have to be displayed with a good visual
"delity. Atoms are preferably selected where
human visual perception is sensitive. It performs
a spatial-variant bit-allocation without transmis-
sion of any `side informationa. Atoms are prefer-
ably searched for around interesting blocks but
they are located anywhere in the search area. The
block decomposition does not appear explicitly in
the picture representation (no blocking artifacts).
The drawbacks of the block-based analysis proced-
ure, e.g. due to the fact that the position of the
objects changes in reference to the "xed grid
decomposing the picture into blocks, are thus
circumvented.
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3. RoI-based bit-allocation

3.1. Video Sequence Semantic Analysis:
state of the question

In this section, we focus on the semantic analysis
of video sequences and on the possibility it o!ers to
balance the quality across the picture according to
the viewer's preferences.

For video-phone or video-conferencing ap-
plications, the face is segmented and tracked along
the sequence, Robust real-time face tracking
has been studied in much recent research
[5,10,12,14,16,29,34,37]. Most of this work men-
tions the fact that the image quality in the face area
is more important for a human observer than the
image quality in other picture areas.

Automatic segmentation of moving objects
along video sequences has also been studied in
a more general context. In some research, this seg-
mentation is directly integrated within a complete
region-based coding scheme [3,13]. In other stud-
ies, segmentation attempts to partition the frames
into objects that are semantically meaningful to the
human observer. This step happens prior to the
encoding of the objects, e.g. using MPEG-4
[11,18,35]. Nevertheless, decomposing a video se-
quence into video objects is very di$cult. We refer
to the comprehensive review proposed by Meier
and Ngan [27]. It summarizes the main motion
segmentation and video object generation tech-
niques that have been developed up to now. It
appears that existing techniques are promising but
as yet unable to accurately locate the boundaries of
moving objects in generic video sequences.

In a block-based coding scheme for which the
quantization is tuned to some local interest, the
analysis and interpretation inaccuracies result in
#ickering e!ects among blocks located at the fron-
tiers of objects. To tackle this problem, MPEG-4
enables quality distribution among a set of extrac-
ted objects. But the use of this functionality relies
on the accurate extraction of the video objects.
Inaccuracy results in ine$ciency as it burdens the
coding cost by reducing the temporal and spatial
redundancies among objects. As explained in the
next section, matching pursuits coding approach
does not su!er from these drawbacks.

3.2. RoI allocation

The aim of this section is to investigate how
the MP coding algorithm is able to take some
semantic information into account while distribut-
ing some available bit-rate along the sequence. The
assumption is made that a level of interest is at-
tributed to each region of each frame in the se-
quence. This can be done by a fully automatic or by
a user-driven mechanism. The goal is to bind the
visual quality of the coded sequence to the given
local interest.

As stated in Section 2, the search for the best
matching 2-D dictionary function is performed in
a window around a chosen 8�8 block. To maxi-
mize PSNR value, one chooses the block with the
maximum signal energy. So, atoms are located
where the DFD signal is signi"cant. When it can be
assumed that the viewer's interest is not uniform on
the whole picture, atoms should be located prefer-
ably around areas captivating the user's attention.
This goal is naturally reached by performing the
search around interesting areas. Search window
does not have to be selected any more to maximize
a global PSNR value, but rather to maximize the
user's satisfaction, i.e. to reach the optimal quality
while distributing it on the sequence according to
his/her preferences. For each 8�8 block, both the
DFD energy signal and the local viewer interest
I are computed (or interactively provided). Note
that the interest value may be computed or pro-
vided on a pixel basis. In these cases, the mean
interest value is computed on each block. The
search window is now chosen around the block
that maximizes an increasing function of these two
factors. In practice, the product of the DFD block
energy with an increasing function of interest I is
maximized.

In [9], bit-rate had been shared between
segmented video objects in order to adapt their
quality to the level of interest. The aim was to reach
maximal global quality while keeping VOs quality
as close as possible to a linear function of the level
of interest.

The extension of this constraint in the context of
MP coding leads to atoms spreading on the picture
so that local PSNR values are a linear function of
the local interest. Considering two 8�8 blocks
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Fig. 2. Content-based bit-allocation for Akiyo video sequence. Frames 21 (left) and 77 (right): original (top), classic encoding (middle),
subjective encoding (bottom).

Fig. 1. Interest mask extracted for three successive coded frames of Akiyo (13, 17, 21). Lightning is proportional to the level of interest.

labeled i and j, this means that
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Fig. 3. PSNR curves for the interest-driven coding algorithm
and for the classic frame-based MP algorithm. VOP shapes are
only used to compute PSNR values. They are not used to drive
the allocation process.

where E
�
and E

�
are the sum of the DFD squared

values on blocks i and j. This means that, when the
linear constraint is satis"ed, one has

E
�
�10����� ����"E

�
�10����� ����.

MP is an iterative algorithm for which E
�
decreases

each time a block i is selected. At each step, select-
ing the block i that maximizes E

�
�10����� ���� pro-

gressively decreases the coding error while balancing
the quality according to the interest constraint.

The advantage of MP compared to other coding
algorithms is that it does not require accurate prior
analysis. Local temporal or spatial instabilities of
the analysis system a!ect the atom selection pro-
cedure but these oscillations are absorbed and
everything happens as if the quality share-out was
bound to a smoothened version of the analytic
process. In particular, MP bit allocation strategies
and MPEG-4 object-based functionalities can be
considered as complementary. Even if it enables
quality distribution between a set of extracted video
objects, MPEG-4 relies on the accurate extraction of
these objects, which remains an unsolved problem
for generic and natural sequences. This makes the
use of this functionality rather unpractical.

3.3. Allocation results based on automatic RoI
selection

In this section, like in [9], we have used a com-
pletely automatic fuzzy logic analysis system to
extract subjectively interesting areas of a video
sequence. The method described in Section 3.2 is
used to guide the search process of the MP coding
algorithm. Our goal is to show that the proposed
method permits to distribute the quality on the
picture even with an inaccurate analysis system.
The `Akiyoa video sequence has been encoded at
10 kbits/s with a frame rate of 7.5 frames/s. As can
be seen from Figs. 1 and 2, despite the instabilities
and inaccuracies of the extracted level of interest,
the pictures displayed do not su!er from any dis-
turbing #ickering e!ect or sudden spatial quality
jump. It is worth noting that no smoothing was
introduced on the interest used to guide the coding
procedure, as would have been the case with the
introduction of the spatial local sensitivity used
in [5].

To compare the performance of the interest-
driven MP coding algorithm with a classic frame-
based MP algorithm, an accurate segmentation of
the video sequence is provided (see Fig. 3). A PSNR
value is computed on each object of the sequence
for both coding scenarios. One may note that
the PSNR increases faster in the face area for the
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Fig. 4. The `newsa video sequence encoded according to the user's interest. Frames 1 (top), 7 (middle), 13 (bottom): (a) original,
(b) interest mask, (c) subjective encoded picture.

interest-driven case. This proves that "rst coded
atoms are preferably located in this area. After
some delay, quality of the classic MP coding
scheme joins the one of the interest-driven scheme.
This can be explained by the nature of the sequence
studied. The head moves on a still background. In
the classic coding scheme, once the level of quality
of the background is su$cient, no more atoms are
put on it. All atoms are spread on the face, just as in
the interest-driven version.

This example illustrates the e$ciency of the
allocation procedure. We can also notice that an
unbalanced allocation between two picture areas is
only relevant when both areas contain signi"cant

information (objects in motion, etc). In these cases
the generation of accurate segmentation is still an
unsolved problem. Nevertheless, as our scheme
is supposed to deal with analysis inaccuracies,
a coarse automatic or user-assisted segmentation
may be enough to distribute the quality around
some selected objects and along all the sequences.
This is investigated in the following section.

3.4. Allocation results based on interactive RoI
selection

Here, the viewer has coarsely selected regions of
interest in the video sequence `newsa encoded at
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Fig. 5. The `newsa video sequence encoded according to the user's interest. Frames 235 (top), 241 (middle), 268 (bottom): (a) original,
(b) interest mask, (c) subjectively encoded picture.

24 kbits/s and 10 frames/s. A watershed algorithm
and a basic tracking algorithm has been used to
distinguish complete objects from the kernels
provided by the user. Along the sequence display,
the user interest goes from the head to the back-
ground and then comes back to the head. From
Figs. 4 and 5, one may note that the quality is
distributed in accordance with the users' require-
ments along the sequence, even if the provided
segmentation is only user-assisted and rather inac-
curate. Moreover, changes of interest result in fast
transitions in the distribution of quality on the
picture.

In Fig. 4, the "rst frame has been intra-encoded
without reference to the user's interest. For the
two next frames, a mask selecting the speaker's
head has been used to allocate preferably in these
areas the available bit-budget. One may notice
that the background quality decreases rapidly
while the heads are rather accurately encoded.
Actually, the background information is not trans-
mitted any more, After some delay, the objects
present in the background disappear. This is
noticeable on the "rst frame of Fig. 5. In this "gure,
the user interest is extended to incorporate the
background. Rapidly, the background quality is
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Fig. 6. Original image (a), local activity (b) and threshold extracted from the distance histogram (c) for `mother}daughtera (top), `silenta
(middle) and `coastguarda (bottom). Block lightning is proportional to the activity or threshold measure. Local activity overestimates
masking capabilities around edges.

improved. Of course, this is done in return
for a quality decrease on the head. This may be
noted when comparing the heads on frames 235
and 268.

These results demonstrate that the MP coding
scheme should be able to distribute quality on
complex video sequences, only requiring limited
user assistance. For some speci"c applications (e.g.
video-conferencing), a priori knowledge is available
and permits the development of e$cient tracking
algorithms (see Section 3.1). Automatic applica-
tion-dedicated and intelligent codec could thus be
developed.

4. Perceptive bit-allocation

It is now admitted that the retina of the eye splits
the visual stimulus, decomposing an image into
components that are characterized by their spatial
frequency and their location in the visual "eld.
Sensitivity of the HVS to a component depends on
these characteristics. Moreover, interactions exist
between components with similar features (mask-
ing). The relevance of the HVS models in regards
with the MP signal representation is discussed in
this section. MP represents a signal as the sum of
precise spatially localized functions. It makes local
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Fig. 7. Block energy weighting factor as a function of the block
mean luminance and the threshold extracted from the `distance
histograma.

spatial modeling of the HVS more suitable than
models based on a frequency analysis of the signal.

4.1. Sensitivity of the HVS to spatial frequencies:
discussion

Many studies on eye sensitivity have shown that
the perception of noise depends on its frequency
distribution. A contrast sensitivity function (CSF)
has been build to express this dependency [26].
Nevertheless, it is based on assumptions that makes
its use for natural image processing applications
questionable:
� The CSF results from studies performed on grat-

ings, i.e. monochromatic signals of one single
frequency and orientation. Extension to random
real pictures is risky.

� The model validity for low frequencies is subject
to the assumption that curves can be extra-
polated to very low frequencies. Indeed,
sinusoidal gratings at zero frequency have no
sense. This is disturbing in the framework of
picture coding where the DC component is very
important.

For DCT or wavelet-based coding methods, the eye
sensitivity has been taken into account for the de-
sign of quantization matrix [17,22,24,31]. In an
MP representation framework, in order to minim-
ize visible distortions on the reconstructed picture,
the sensitivity of the HVS to each dictionary func-
tion could also be estimated. Following a similar
methodology as the one presented in [24] and
using the sensitivity curve of Mannos and Sakrison,
one may express the weighted noise power reduc-
tion resulting from the selection of a single atom
g� at each step of the algorithm as

P
�

"=
	
(g�) ) �� f (x, y), g�(x, y)��
, (4)

where

=
	
(g� )"���G�(u, v)�
 ) �CSF( f )�
 du dv, (5)

where G� (u, v) is the Fourier transform of the se-
lected dictionary function. u and v are normalized
horizontal and vertical frequencies. f is the spatial

frequency in cycles/degree. i.e. f"�.¸.N.�v
#u
/
180, where ¸ is the distance to the screen expressed

in screen height and N is the number of rows on the
screen.

In order to minimize the weighted noise power,
the atom should of course be chosen as the one that
maximizes P

�
. While computing the weighting

factor, we observe that the dictionary functions
have a wide spectrum with many spectral compo-
nents located around the maximum of the fre-
quency sensitivity curve. Considering that the
model used is derived from gratings, the wide extent
of the spectrum of the dictionary functions suggests
that frequency weighting should not be used. This
has been con"rmed by experiments. Selecting other
factors than unity degrades quality. Further exam-
ination of the phenomenon has revealed that, on
a particular frame, only small perceptive improve-
ments may result from the selection of adapted
weighting factors. This is obtained as a counterpart
of an objective PSNR quality reduction. Incorpor-
ated within a video codec, this PSNR reduction is
ampli"ed by motion compensation, the e$ciency of
which also decreases. Degradation of motion com-
pensation e!ectiveness completely outstrips visual
improvements that may be obtained on a particular
frame.
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Fig. 8. `Hall-monitora sequence (15 kbits/s, 7.5 frames/s): (a) original, (b) encoded without perceptive considerations, (c) encoded with
block categorization according to masking capabilities during search window selection.

4.2. Local interaction between components:
spatial masking

4.2.1. Models involved
The MP basis functions' support is often very

compact, so that their frequential contents is not
correctly modeled by gratings. On the contrary,
they are spatially located. Models expressing local
noise visibility are thus better suited than fre-
quency-based models. Weber's law [33] states that
the visibility threshold of a noise is larger for bright
areas than for dark ones. Other models express the

masking phenomenon. Masking is the reduction of
visibility of noise by a stimulus at the location
where the noise is introduced. In the MP repres-
entation framework, the understanding of masking
phenomenon may prevent the selection of an atom
in areas where it is masked by the local signal.

Rather than complex and computationally heavy
masking models [7,8,19,21,38}40], practical tools
for subjective visual quality measurement are based
on the concept of spatial activity [23]. The use of
spatial activity relies on the fact that noise visibility
decreases in areas with sharp luminosity variations.
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Fig. 9. `Mother-and-daughtera sequence (28 kbits/s, 10 frames/s): (a) original, (b) without perceptive considerations, (c) with block
categorization according to masking capabilities during search window selection.

Spatial activity A
�����

around pixel position (i, j) is
de"ned as the sum of local variations of surround-
ing pixels.

A
�����

"�
���

=(k, l ) ) �x(i#k, j#l )!x� ��, (6)

where=(k, l ) is a weighting window used for activ-
ity localization. x� is the mean pixel value around
position (i, j).

4.2.2. Perceptive allocation using matching pursuits
In this section, a modi"cation of the search win-

dow selection procedure is proposed in order to

incorporate spatial masking concepts within the
MP coding algorithm. The goal is to reduce the
chance to select and transmit atoms that are likely
to be masked by the local content of the scene.

The perception of noise in some spatial area
depends on mean luminance and on the masking
capabilities of the area. With the aim of developing
a low-cost watermarking algorithm, Darmstaedter
et al. [6] have tried to discriminate blocks accord-
ing to their masking capabilities. Actually, they
have categorized picture blocks according to their
mean luminance value and their spatial activity.
The activity of an 8�8 block is assimilated to the
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Fig. 10. Blow-ups of encoded frames. Left: encoded without perceptive consideration. Right: encoded with masking capabilities
estimation. Top: `Hall-monitora, frame 77. Bottom: `Mother-and-daughtera, frame 28.

one of its central pixel, using a power r"2 and
a block window as weighting function=(k, l ). So,
according to Eq. (6), the activity is simply de"ned as
the variance of the block. For a block whose top left
corner is located in (i, j),

A
�����

"

1

64

�
�

�����

�x(i#k, j#1)!x� �
. (7)

The relevance of the categorization based on this
measure of spatial activity has been tested on
a large set of pictures. It has revealed that local
activity overestimates the masking capabilities
around edges.

A similar block categorization has been incorp-
orated within the search window selection proced-
ure of the MP coding algorithm. Actually, the block
energy is weighted by a factor depending on the
category the block belongs to. The purpose is to
place more atoms around blocks with poor mask-

ing capabilities. As contours have to be sharply
represented, local activity, which overestimates
masking abilities around edges, is not a suitable
classi"cation measure. Another measure has been
investigated. For each pixel, the distance to each of
its neighbours (i.e. the luminance di!erence) is com-
puted. A histogram of the distances is constructed.
P being a percentage, the smallest threshold ¹, for
which P% of the distances are lower than ¹, is
extracted. This threshold and the mean luminance
of the block determine the category of the block.
The greater the threshold ¹ for a block, the greater
its masking ability. Fig. 6 compares local activity
and threshold values for three frames of sequences
`Mother-daughtera, `silenta and `coastguarda:
local activity overestimates the masking capabili-
ties around the edges. Fig. 7 summarizes the
luminance and the threshold values for each cat-
egory (P"40). The energy weighting factor that

622 C. De Vleeschouwer, B. Macq / Signal Processing: Image Communication 16 (2001) 611}626



Fig. 11. `Coastguarda sequence (48 kbits/s, 10 frames/s): (a) original, (b) encoded without perceptive considerations, (c) encoded with
block categorization according to masking capabilities during search window selection.

has been chosen for each category is also men-
tioned. These have been empirically chosen. The
smaller weighting factors are attributed to the
blocks with high masking capabilities (large thre-
shold and large luminance). As a result, these
blocks are less often chosen in the search for a new
atom.

4.2.3. Perceptive allocation results
Incorporating masking capabilities within the

search window selection procedure brings improve-
ments for all sequences. Figs. 8, 9 and 11 present
coded frames of the `hall-monitora, `mother-and-

daughtera and `coastguarda sequences. One may
observe that only small di!erences exist between
the encoding schemes proposed. For `coastguarda,
one notices that artifacts in the background are
reduced. For `hall-monitora and `mother-and-
daughtera, improvements mainly appear along the
edges surrounded by #at areas. Blow-ups of some
frames are provided in Fig. 10. For these sequences,
the improvements cannot be considered signi"cant.
Nevertheless, one observes from Fig. 12 that, for
sequences with complex areas that change in time,
e.g. the public in `Stefana, large improvements are
achieved for the rest of the picture. Here, Stefan, the
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Fig. 12. `Stefana sequence (75 kbits/s, 7.5 frames/s): (a) original, (b) encoded without perceptive considerations, (c) encoded with block
categorization according to masking capabilities during search window selection.

linesman and the billboards are signi"cantly im-
proved compensating for public degradation.

5. Conclusion

In this paper, we have investigated the matching
pursuits abilities of incorporating both perceptive
and semantic criteria within a matching pursuits
video codec.

In the context of very low bit-rate coding, the
knowledge we have of the HVS is incomplete and
partial. This is because most of the HVS models

were built around visual thresholds, i.e. for slightly
impaired pictures. Incorporating these models
within VLBR coding algorithms did not always
provide the expected improvements. From the
di!erent perceptive criteria we have investigated,
only an empirical measure of the local masking
abilities of the picture content has provided signi-
"cant visual improvements of the displayed
sequence.

The main objective of this paper has been to
demonstrate that MP inherently permits spatially
distributing information on each frame of the
picture and adapting this distribution along
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time. A signi"cant advantage of MP vis-a-vis
object-based methods as the one proposed within
MPEG-4 is that it does not require accurate picture
segmentation and interpretation. Even if the analy-
sis su!ers from inaccuracies or temporal instabili-
ties, the sequence displayed remains pleasant to the
eye and the coding e$ciency is preserved. These
results are promising for the development of intelli-
gent dedicated coding schemes in which an auto-
matic analyzing system provides some information
concerning the relevance of the information cap-
tured by the camera. It also opens the door to simple
user-assisted coding schemes in which the user
coarsely selects areas of interest in the sequence.
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