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Abstract. This paper presents a novel block indexing technique (BIT) to
speed up image fractal encoding. The technique assigns feature vectors to
image blocks by establishing an analogy between gray level and mass. The
experiments show that the BIT preserves bit rate and SNR values very close
to exhaustive search, while providing speedups up to over 100.

1 Introduction

Image coding techniques based on iterated function systems (IFs) are very effective
as far as image quality is concerned. In the last few years there has been a vast
interest on this topic, as shown by the wealth of papers on the subject [4, 11]. The
first fully automated technique based on contractive functions is presented in {6].

The basic idea of 1Fs-based coding is that of exploiting the similarity among
differently sized image blocks. Bigger blocks (domains) are mapped onto smaller
blocks (ranges) that must tile the original image, so that the Collage theorem ensures
the convergence of the reconstruction within precise error limits [1].

The main problem in 1Fs-based encoding resides in finding the domain that can
best be trasformed into a given range. Since a 512 x 512 image has several thousand
ranges and domains, the process—that must be carried out for each {range, domain)
couple—is very expensive computationally.

This shortcoming can be partially overcome by several nonexclusive solutions
including parallel programming [3, 5], lossless acceleration techniques [9] and feature
extraction schemes. The taxonomy of feature extraction schemes described in [12]
sorts the schemes into those based on discrete features, including classification and
adaptive clustering, and those based on continous features, such as 1D functional
methods and feature vectors.



102

This paper presents a novel block indexing technique {BIT for short) that proved
to be very effective in reducing the computing time while preserving bit rate and
SNR values very close to exhaustive search. According to the above taxonomy, the
BIT falls into the feature vectors category because domains and ranges are assigned
multidimensional continous features. In the following section, we will examine the
ideas on which the proposed technique is based; the effectiveness and efficiency of
the BIT is then assessed by computer simulation in Section 3.

2 The BIT

The primary goal in devising an indexing strategy is that of obtaining necessary
conditions for similitudes among blocks. Establishing an analogy between gray val-
ues and weight, if two blocks have the same shape, then they have the same weight
distribution. Our aim is that of determining a minimal number of features that are
sufficiently representative of the weight distribution.

The first such feature that comes to mind is the position of the mass center
(Mmc), since similar weight distributions have their MCs close to each other. The
coordinates of the MC for an NV x N block B are given by
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where M = Eogxa\' B(i,j) is the block’s mass. However, MC proximity is just
0gj<N
a necessary condition for block similarity: the position of the McC alone does not

adequately describe the block’s mass distribution. In order to further characterize
the mass distribution, we consider the MCs (zx, yx) of all the transformed blocks

o B(i,j) for k =0,
(k) =
B\&™(i 5) = { (B(k—l)(i’j) _ #k_1)2 fork>1, (2)

where pr = My /N? is the average mass per pixel in block B(*),

This operation yields a transformation from the space of pixels to a 2n-dimensional
space of features. The value n = 3 is a good choice since higher values of k add more
overhead than useful information. As a result, we obtain a feature vector

(.’EQ, Yo,T1,Y1,T2, yZ)

that has an attractively low dimension.

The blocks in the space of features must now be organized to allow the applica-
tion of a spatial access method (SAM). Among the possible choices for a saM, there
are tree-based methods (k-d-trees and R*-trees are the most efficient [13, 2]), linear
methods, which can be based on quadtrees [8] or space-filling curves {7], and, finally,
grid-based methods such as the cell technique [8]. The relatively small dimension
of feature space suggested that a grid-based saM was appropriate. In particular,
we used a variation of the n-dimensional cell method where the cells are unevenly
spaced: as shown in Fig. 1, each (zx, yx)-plane is divided into “planecells.” The cen-
tral stripes are thinner as to minimize collisions, since the features are more likely
to fall near the center.
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Fig.1. Subdivision of the (zk,yx)-plane in 9 planecells. The Cartesian product of
n planecells on different planes yields a cell.

The search strategy is as follows: each range becomes the query point r for the
domain that will encode it. The search is limited to a hypersphere Hs(r) of radius §
centered in r, comprising all the points x such that d(x,r) < §, where the distance d
between two feature points v and w is defined by

d((UQ, o .,vg,,_l), (‘wo, ey w’_’n-l)) = Orsl"l_i)én I’U,’ - w,-|. (3)
All the cells that have a nonempty intersection with #s{r) are then searched for
the optimum match.

The radius § obviously influences the search time: when § = co we have ordinary
exhaustive search, which is very costly but guarantees the best possible quality for
a fixed bit rate; when 8 = 0, we have a method that, according to [12], falls in the
“classification” category, as only one cell is searched for each range; for 0 < § < oo,
we have a true “feature vectors” technique.

The BIT has the advantage of being easily combined with other acceleration
methods, such as the lossless technique described in [9] and [10], that can provide
an additional speedup factor.

3 Experimental Results

A wide variety of experimental tests has been performed on standard 8-bit 512x 512
test images, such as lena, peppers and boats. The experiments, focused on finding
out how efficiently the BIT can locate a domain to encode each range with good
fidelity, consisted in applying the BIT to adaptive 3-level quadtree-based encoding
with blocks of size 4 x 4, 8 x 8 and 16 x 16.

The number of block-to-block comparisons is the main measure of the BIT’s
effectiveness as an acceleration technique, while the quality of the resulting encoding
can be assessed by the peak signal-to-noise ratio (PSNR) between the original image [
and the reconstructed image I, which in dB is given by

518, - 2552
Tosiss: (1(6,4) = 1(,7))”

PSNR = 10log,,

(4)

for images of size Sy x Sy. The bit rates express the length of the encoded image in
bits per pixel, while the times were taken on an IBM RS/6000 320. The results are
summarized by Tables 1-3 and Figs. 2-5.
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In the tables, the notation H; indicates that for each range r to be encoded we
only search inside Hs{r), while the notation Cs denotes a search in its complement,
i.e., the set of all domainsd & Hs(r).

As can be seen, even for small radii, the BIT’s results are very close to those
obtained by exhaustive search in terms of both PsNR and bit rate. This is due
to the ability of this technique in locating the blocks that are more similar to
the target range: the ‘Cs’ columns show clearly that when the encoding engine is
forced to choose outside of the neighborhood region #;, the performance is worse
than exhaustive search under all aspects, even computing time, because the best
domains cannot be utilized since they are in Hs. It is interesting to note how the
much bigger domain pool s provides no significant improvement over H; in terms
of encoding quality.

From the point of view of computing time, the slight variation in PsNR and bit
rate between H;s-search, Cs-search and exhaustive search translates into a dramatic
improvement—H s-search achieves a speedup of two orders of magnitude. The exe-
cution time of the whole encoding process increases nearly linearly with the number
of comparisons.

The graph in Fig. 2 shows how the number of comparisons in Hs relates to the
attained PSNR. The values are averaged over the 3 test images and are obtained for

Table 1. Results of the tests on image lena.

4 Comparisons x10° Bit rate (bpp) PsNR (dB) Time (sec)
Hs Cs Hs Cs Hs € Hs G5

0 527 57740 0.411 0.409 32.896 33.339 190 19874
1 11.03 621.20 0.401 0.442 33.066 33.071 391 21508
2 1637 631.00 0.394 0.452 33.18033.062 614 22726
3 2164 631.11 0.391 0.454 33.243 32.954 843 23415
4 2728 63130 0.387 0.460 33.321 32.886 1112 24901
oo 540.79 — 0.382 —  33.419 - 21220 —

Table 2. Results of the tests on image peppers.

§ Comparisons x10° Bit rate (bpp) PsNr (dB) Time (sec)
Hs Cs Hs Cs Hs C; Hs G5
0 6.81 741.14 0.532 0.514 31.712 31.991 246 25933
1 13.05 765.65 0.513 0.5334 31.844 31.820 449 26379
2 20.20 768.26 0.506 0.541 31.93931.758 71227528
3 2814 770,29 0.502 0.548 31.973 31.734 1021 28752
4 3555 776.63 0.500 0.558 31.984 31.672 1350 29750
oo 704.13 —_— 0.487 —_— 32.060 — 26760 —

é varying between 0 and 6 {the values of § are shown beside the data points in the
plot}. The plotted PSNR values are bounded by the maximum value obtained by
exhaustive search. This value, which would correspond to § = oo, is plotted as a
horizontal asymptote.
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Figure 3 illustrates the speedups obtained for the same values of §. In this case,
too, the results are averaged over the 3 test images.

As a last remark about the encoding quality, Fig. 4 shows the bit rates obtained
by Hs-search and Cs-search as the radius § varies. As can be seen, Hs-search has
decreasing bit rates, while the opposite holds for Cs-search. This behavior can be
explained by the fact that, as the hypersphere Hs(r) grows bigger, it is more likely
to find good similarities between the range r and a candidate domainin H;(r}. Asa
consequence, it is less likely that we have to descend the quadtree by subdividing r.

Finally, Fig. 5 shows an example of the BIT in action, depicting both the query
range r and the domains found by the search. The picture also shows how mul-
tidimensional features help in thinning out the number of candidate domains, il-
lustrating the additional domains that would be found for smaller values of the
hemidimension n.

Table 3. Results of the tests on image boats.

§ Comparisons x10° Bit rate {bpp) PSNR (dB) Time (sec)
Hs Cs Hs Cs Hs €5 Hs G

0 6.74 950.18 0.687 0.647 32.100 32.537 237 32933
1 1538 979.68 0.658 0.671 32.301 32.263 511 33478
2 25.03 985.74 0.643 0.682 32.438 32.232 866 34664
3 34.03 98425 0.639 0.687 32.513 32.221 1224 35357
4 42,12 987.11 0.628 0.692 32.586 32.206 1582 38172
co 911.15 — 0.618 - 32661 — 35798 —
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Fig. 2. PsNR as a function of the number of block-to-block comparisons. The horizontal
asymptote corresponds to 718.69-10° comparisons. The results are averaged over the three
test images.
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Fig. 3. The speedups obtained as a function of the hypersphere radius §. The results are
averaged over the three test images.

4 Conclusion

This paper introduced a new block indexing technique for fast fractal encoding (BIT)
that is meant to reduce the search space. The BIT characterizes a block’s gray-level
distribution by exploiting the concept of center of mass.

The indexing technique is very attractive: computer simulation has shown that
the BIT provides a speedup that reaches two orders of magnitude, while preserving
the sNR and bit rate statistics nearly intact.

The computational cost for indexing itself is rather low, especially when com-
pared with state-of-the-art techniques.
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Fig. 4. Bit rates obtained by Hs-search and Cj-search as a function of the radius 6. The
results are averaged over the three test images.
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Fig.5. A sample query performed with radius é = 0 and hemidimension n = 3. Given r
as a query point, the search returns the set D3 containing the 8 domains in the same cell
as r. For n = 2 and n = 1, the search would return respectively Dz U D; and DsU D, U Dy,




