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Correspondence

Fast Fractal Compression of Greyscale Images attempts to reduce the compression time have been made. The first of
) them was block classification: the search is restricted to domain blocks
Jean Cardinal in the class of the range. For example in [1] blocks are classified using

edge informations, and in [2] the quadrants variances of the block are
. . . sorted to obtain 72 block classes. But one important step has been made
Abstract—A new algorithm for fractal compression of greyscale images . .
is presented. It uses some previous results allowing the compression procesd” [3], where the best match search process is reduced to a nearest
to be reduced to a nearest neighbors problem, and is essentially based on aneighbor search in a suitable metric space. In this technique, each block
geometrical partition of the image block feature space. Experimental com- is associated with a feature vector so that minimizing the collage error
parisons with previously published methods show a significant improve- petween the range and the domain is equivalent to minimizing the dis-
ment in speed with no quality loss. tance between the corresponding feature vectors. This is possible if the
Index Terms—Fractal compression, image coding, tree searching. feature vector is chosen invariant to block transformations. The search
for a best match then simply consists of finding the nearest vector in
the vector space. Note that this result is exact only when we ignore the
contractivity constraint: practically, we will have to find more than one
We begin with a brief summary of the fractal compression methodector close enough to the query. This can however be done much faster
Let (M, d) denote a metric space of digital images, whérs a  than the linear search using—as suggested in [3]—a k—d tree structure
given metric. Letuo,;, be the image we want to encode. We try tqfirst described in [4]).
find a mappingr : M — M, satisfying the following contractivity  Similar ideas are exploited in, e.g., [5] and [6]. In a recent book [7],

. INTRODUCTION AND PREVIOUS WORK

property: another related method is described, close to the one we describe in
this paper, although less sophisticated. These techniques clearly out-
W <s <1, Vi, v €M, d(m(p), 7(v)) < s.d(p, v) (1) perform the classical methods relying on a reduction of the size of the
domain pool, either by classification or using some heuristic, like local
and searching. For more insights on the efficiency of these different classes

of algorithms, one can refer to [7]. Finally, such techniques may be
compared to those used in vector quantization, like the one presented
in [8], which is in turn closely related to [9].

We present here a new algorithm allowing even more acceleration in
the compression process. Althoughiitis closely related to more classical
tree structures, it appears to be faster than the previous methods.

d(jtorig. T(Horig)) = 0. )

This distance is called the Collage error. When the operaoapplied
recursively on any initial picturgo, the limit of the sequence;+1 =
7(p;) does exist and is close 1Q.r;4. SO Should be close to the
fixed point of 7.

In the partitioned iterated functions system (PIFS) [1] theory, the
mapping consists of a collection of local blockwise transformations, Il. GENERAL DESCRIPTION

and each of these transformations is contractive in the image space. ag described above, the problem of seeking the best transformations
In the original—and still most used—scheme presented in [1], th@n pe reduced to the classical computational geometry problem of

image is partitioned in so-callednge blockswhich are nonoverlap- finding nearest neighbors in a Euclidean space.

pingimage blocks. We constructiamain poglwhichis a collectionof - oy algorithm takes two sets of image blocks as parameters: the do-

larger overlapping image blocks. For each rangee try to find @ do-  main plocks set and the range blocks set. All the feature vectors—or

maind and a transformatioffi so thatf (d) ~ r. The transformatioff  keyscorresponding to each block in the two sets are computed: the

consists of two parts: a spatial part, usually a translation and a scalifghiure vectors may be, for instance, given by the Saupe’s projection

and a massic part, modifying the pixels in the block. The massic paieratore. This operator was called theormalized projection oper-

is itself usually composed of a rotation or a symmetry, and of a |lé10r‘ and was first introduced in [2, Appendix]. It is written

minance transform, modifying the pixels intensities. Traditionally, the

distortion measure used is the mean square error (MSE). In the scheme L aw—{x,e)e 3

described in [1], the luminance transform is a first-degree polynomial, (@) = ||  — (z,e).e|| ®)

so only two coefficients, called respectively the scaling (order-1), and

the offset (order-0), have to be computed. To ensure the contractiwiieree = (1, - - -, 1)/V'k, k is the number of dimensions, agd .)

of the transformation, the scaling coefficient should have a magnitudenotes the dot product. We assume that image blocks have the same

less than one. size (i.e., the domain blocks have been downsized), and we treat them
The problem in the fractal method is that it needs a huge amows simple vectors iit". Actually, applying this operator is equivalent

of processing time for compression: for each range, the whole domégrmakingz both zero-sum and normalized. In [6], a similar operator is

pool has to be scanned in order to find the best matching domain. Matgfined in the frequency domain, and in [3], the operator is generalized

to the case where fixed basis blocks are used instead of a simple offset

. . . ) term. Our approach, described in the following, is applicable to those
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small number: of domain keys is left in each subspace. Each of the
ranges corresponding to the keys left in a subspace is then compared to
each of the domains corresponding to the remaining domain keys, and
the best transformation for each range is saved. Sometimes the process
can end up with a subspace containing no domain at all. This exception
case must be treated separately, for example by canceling the previous
partition. The information used for the partitioning need not be saved,
which means that the technique does not use much memory space.
The core of the algorithm is, of course, contained in the partitioning
procedure. One possible way is given by the so-called optimal k—d tree
construction algorithm (see [4]): the space is partitioned along a hy-
perplane dividing the key set in two halves, each containing the same
number of keys, and orthogonal to the axis for which the distribution
of the keys projections has the widest spread. This solution, also used
in [7], is easy to handle, especially when we have to backtrack through

) ] origin
the levels, but since we only perform a descent in the tree we can use a
more efﬁmept tgchnlqug. _ o Fig. 1. lllustration of the partitioning process: dashed lines represent the
A generalization of this method consists of finding a hyperplane witubsequent splitting hyperplanes. A domain-range pair is tested only if the
no restriction on its direction. corresponding keys fall in the same cell.

In the method presented, the search space is recursively divided in

two parts by ak — 1)-dimensional hyperplane. At each step, the di- |5 our method, we assume that the range keys spatial distribution is
viding hyperplane may be represented by a normalized veato®*  simjlar to the domain keys one. This assumption can be considered as
and a scalar valug € R, where the hyperplane is orthogonaktand 5 corollary of the local self-similarity property exploited in the PIFS

contains the point.v. The problem is then to find the hyperplane bynodel. The algorithm takes this idea into account, and only uses the
finding the corresponding and. at each step. Each key will be onranges to find the partitioning hyperplanes: ranges usually being less

one side of the hyperplane or the other, depending on whéthe  numerous than domains, the calculation is faster.
is larger or smaller thapn. An illustration may be found in Fig. 1.

The complexity of the partitioning process(i§k(Nr + Np)) for

. ; . Ill. EXPERIMENTAL COMPARISON
each level, wher&'r and N, are the number of ranges and domains,

respectively. Briefly, three methods will be tested, each one corresponding to a
A good solution for findings has been proposed in [9], where thedifferent choice for:
direction of the plane is given by the principal eigenveetgy; of the 1) random methody is chosen randomly;

covariance matrix of the keys distribution. We will define this solution 2) optimal methodv = v,
as optimal, because this direction maximizes the residual variance of3) heuristic method: is chosen from the heuristic described above.
the keys, i.e., it is the most discriminant one-dimensional axis we canNote that in the optimal case, the calculationgf; is also restricted
find. to the ranges keys. In each cagés the average of the distribution of

In our algorithm we introduce a heuristic in order to find a goothe projections of the keys an the calculation is faster than for the
cutting hyperplane without having to compuis,:, which may be median, and it gives similar results.
time-consuming, especially in high dimensions. The method is for- The three methods above are compared to the classical k—d tree al-

mally described as follows. gorithm.
e Let{r,eRF|i=1---Ng}and{d; e R* |i=1---Np} be The compression scheme used in the tests is quite simple: the image
the feature vectors sets for the ranges and the domains. partition is a three-level quadtree with range blocks sizes of fours, eight,
« Compute the gravity center of the range distribution@nd 16 pixels. The domain poolis constituted by domains twice as big
g = (1/Ng) Z}ZI{ . as ranges, and aligned on ax22 pixels lattice. No square isometry
« Foreachi € 1--- Ng, compute the projection of, on the unit (block rotations or symmetries) is used in the transformations.
sphere centered an s; = (ri — g)/ || 7 — g |I- The keys are computed using theperator

« The partitioning hyperplane will be orthogonal to the direction A Simple uniform quantization has been used to store the coefficients
given byv = w/ ||w||, wherexw = (1/Ng) 3.V s;, and will of the tranformations: seven bits were used for the offset (order-0 coef-
contain the poiny. ficient), and five for the scaling (order-1 coefficient). The domain pool

The value corresponding fois given by(g, v). index is not quantized, so that the number of bits used by the index is

The goal of the heuristic is to find a significant direction in the cloudhe same for all the transformations in one level of the tree, and equal
of points. We first take the gravity center of the points in order to cent& [1og(domain pool sizg].
the distribution, and then simply take the average of the directions “ob-The computation of the eigenvector in the optimal method is done
served” from this point. This very simple technique is reminiscent &sing a fast implementation of the Jacobi diagonalization algorithm.
the iteration proposed in [10] to compute a good approximation of theThe .k—d tree search algorithm has been optimized too: instead of
principal component. Note thatfu]|= 0, we must choose an arbitrary Séarching for the nearest neighbor, we look fofla+- )-nearest
vector. This case, however, has never been encountered during oungighbor. (This is a point whose distance to the query is less than
periments. (1 + ¢) times the distance of the nearest neighbor.) It is implemented

When the optimal direction,,: is used, this method also tends toAS @ Simple relaxation of the backtracking condition called the
maximize the average distance between each range key and the bd?@éoveriap-bounds tesn [4]. We have set = 3: This optimization

of the cell containing it, and minimizes the probability of having an 2Normally, for each block:, two keys must be insertedi(x) and—o(z).

interesting neighbor in an adjacent cell. We expect our heuristic to haus our tests, only the first key is used: this has the same effect as reducing the
the same property. domain pool by half.
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Fig. 2. Results for Zelda: (a) timings and (b) quality.

leads to a great improvement in speed and only a small precisisured using the peak-signal-to-noise ratio. Two general graphs are also
loss. In our new algorithms, we have also found= 300 to be showed, for which the values have been averaged on the basis of the
optimal for the problem:( is the maximum number of direct domainwhole image set (Fig. 4).

comparisons). We can say that
The algorithms have been tested on 12 images of the standard greyset three new methods are always faster than the k—d tree method.
available at the Waterloo Bragzone webiigsing a Pentium-based Acceleration ratio is varying between 1.5 and 3;
machine. The size of the images is 54512, with eight bits per pixel. « optimal method gives better quality results compared to the
random method;
IV. RESULTS « time loss using the optimal method compared to the random and

heuristic methods is around 20%;
« on the average, for a fixed encoding time, the k-d tree method
gives no better quality results than the three other ones, and even
Shttp://links.uwaterloo.ca worse results for low compression ratios;

Graphs of compression ratios and compression times are given for
two images: Zelda and Goldhill (Figs. 2 and 3). The quality is mea-
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Fig. 3. Results for Goldhill: (a) timings and (b) quality.

« use of the heuristic induces no time loss compared to the rand@mno backtracking in the hierarchical partitioning structure. This
method and gives better results, close to the optimal method onlescktracking process introduce®42*) constant in the complexity of

Note that the speed of the algorithms is measured versus the quaﬁﬁ? k-d tree search. We successfully compensate the loss of precision

the random method, for instance, actually takes more time for a fixB) & more meaningful partitioning of the search space. The fact that
degradation. the partition is adapted to the range blocks distribution only also

contributes to the efficiency of the search. This method may also be
seen as a classification scheme where each bucket represents a class.
Further experiments and refinements can be tested: for example we
have not taken into account the fact that the feature veetor$ all
Our new algorithm for fractal codes searching is simple to inbelong to the a unitk — 1)-dimensional hypersphere. We could also
plement, faster than the classical methods and space-economicale applied a dimensionality reduction technique such as in [6], or an
The speed of the algorithm is essentially due to the fact that thereerlapping cells principle, like in [7].

V. CONCLUSION
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Fig. 4. Averaged results: (a) timings and (b) quality.
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dy=dr_1, forward motion field;
uy=ug_1,& forward uncovered background label field
whereu () = 1 indicates that sit&
contains an uncovered background pixel
in frameg,_; andus(Z) =0
indicates otherwise;
dy=di, r—1 backward motion field;
K. P. Lim, M. N. Chong, and A. Das up=ur,k—1 backward uncovered background
label field whereu; (F) = 1 indicates that
siteZ contains an uncovered background

Low-Bit-Rate Video Coding Using Dense Motion Field and
Uncovered Background Prediction

Ab_stract—lt' is wel_l known tha}t accurate dense motion field can improve pixel in frameg, andus() = 0
the video coding efficiency. This paper presents a novel Markov random indicat th .
field (MRF) model that estimates both the dense motion and uncovered Indicates otherwise.

background fields in image sequences, and the application of these esti-Hence, given the observed framgs , andg, , the MAP estimates can
mates in H.263-based video coding framework. be written as 1

Index Terms—Dense motion field, H.263, Markov random field, video

coding. ("’Afe dAf‘/ p, Jb)
= arg max  pluy, dy, up, dolgy, g5 )- 1)
up,dp,up,dy N ) )
|. INTRODUCTION

Direct relaxation of the four unknown fields is too complex to be
- : ) - A Qolved; (1) is estimated by solving the forward and backward fields
dense motion field (DMF) to video coding algorithm [1], 2], [11]. Inseparately. Using Bayes rule, (1) can be formulated in two ways. The

[1] and [11], modified a Hom-Schunck [3] algorithm is used to oM o4 s 1 condition the backward fields, andd, and, framey,_, in
pute DMF, whereas in [2], Markov random field (MRF) is adopted(.l)_ This leads to the MAP estimates of the forward fields
These approaches [1], [2], [11] suffer a major drawback for relying

heavily on motion information for image reconstruction. Therefore, (4, d}) = arg max {p(g,|us, ds, up, dy, g )
when new objects appear in the video scene, they are unable to encode urdy
the new information efficiently [10]. plusldy, wy, do, g )

In this paper, we present a novel MRF model to improve the dense p(dslup, do, g )p(us. di|g,_ )}
motion field estimation by overcoming the problem of occlusion. In ad- @)
dition, a new video-coding framework that uses dense motion field and
the property of motion continuum for video coding without incurringrhe MAP estimates of the backward fields are derived by conditioning
huge motion overheads is presented. (1) with the forward fieldsy s, d 5, andg, . This leads to the other MAP

estimates of the backward fields

It has been found that coding efficiency is improved by applyin

Il. DENSEMOTION FIELD ESTIMATION .
o o _ (y, do) = arg max{p(g,_,[us. do, uy, dy, g;)
Occlusion is an inherent problem for DMF estimation since motion up; dp

is not defined in the occluded regions. The proposed MRF model ad- plusldy, uy, dy. g;.)

dresse_s this problem by L_Jsing_ a novel approach to es_timat_e b_oth the cp(dyug, dy, g, )p(us, drlgy)}. ©)

occlusion and dense motion fields based on the duality principle of

occlusion; the occluded region is the uncovered region if the frame &y solving (2) and (3) alternately, the MAP of (1) can be estimated.

quence is viewed in the reversed direction and it is true vice-versa. From (2), the likelihood is modeled as a Gaussian distribution with
zero mean and variane€. Let A = 1/202%, N be the number of sites

A. MAP Formulation andy the set of all sites in the image, the potential function [9] of the

. . likelihood is given as
Let g, denote thetth frame. Letd; 1 «(#) be the motion vector

on the spatial locatiof¥ in g,._, indicating a corresponding pointon  t, (g, |u;, d;, us, do, g,_,)

&+ dir—1,:(Z) in g, lying on the same motion trajectory. To model 1 o . . o
occlusion field accurately using the duality of occlusion, the MRFs are = 5 11(2707) + A Slon(F+dp(@) — g (D). (4)
modeled in a bi-directional Bayesian framework that is different from TEw

Using the Hammersley—Clifford Theorem [7], Gibbs distributions are
used to specify the MRFs. The motion fighdior model consists of
singleton and doubleton clique potential functions
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