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The main shortcomings of fractal image coders are (1)
the slow speed for searching domain block pool, and
(2) known fast algorithms leading to a loss of image
quality. We propose efficient fractal image coding us-
ing simulated annealing method. Compared to previ-
ous schemes, our proposal greatly increases the search
speed of domain block pool with almost no image qual-
ity loss. Experimental results indicate the high feasi-
bility of the proposed method, which is, furthermore,
extendable to other fractal coders.
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1. Introduction

Fractal image coding has been used in many image pro-
cessing applications such as feature extraction [1], image
signature [2], image retrieval [3, 4], and texture segmenta-
tion [5]. It has the advantages of very fast decompression,
potentially very high compression ratios [6], and multires-
olution property, with which an image can be decoded at
higher or lower resolution than the original and can be
zoomed in on sections of the image [7]. These advantages
make fractal image coding very attractive in multimedia
applications: Microsoft, for example, adopted it for com-
pressing thousands of images in its Encarta multimedia
encyclopedia [8].

Natural image features such as straight edges and con-
stant regions are unchanged by rescaling and this redun-
dancy is not exploited by transform coders. This local
scale invariance is a major feature of fractal image cod-
ing. Although pure fractal coders have poorer perfor-
mance than wavelet transform, hybrid fractal coders based
on transform coding and fractal image compression sig-
nificantly improve image quality, providing better com-
pression than transform coders [9]. Such a coder proposed
by Zhao and Yuan combined discrete cosine transform
and block-based fractal coding [10]; Li and Kuo’s fractal-
wavelet coder [11] performed better than EZW [12].

Based on the idea of affine redundancy in real-world
images, Barnsley and Sloan [13] originally proposed frac-

80 Tournal of Advanced Computational Intelligence
~ and Intelligent Informatics

tal image coding in 1988, attempting to set up an iterated
function system (IFS) of one image to compress that im-
age. In 1989, Jacquin [14] proposed a fractal compres-
sion scheme based on the block search that suited com-
puter processing and established the bases of fractal im-
age compression. He separated one image into nonover-
lapping range blocks, then searched the domain block
pool globally or partially to obtain optimal affine trans-
formation.

The drawback of Jacquin’s scheme was that block
matching is very time-consuming. Much research has
thus focused on how to speed up fractal image coding and
most explore how to reduce the amount of domain blocks
in the domain block pool. Some methods classify image
blocks in some way. A range block was compared to do-
main blocks in the same class. Jacquin [15], for example,
classified blocks on their edge content and Jacobs et al.
[16] used block brightness orientation. Monro et al. [17]
localized the domain pool with domain blocks closing to
a given range block. Saupe [18] excluded domain blocks
with the smallest variance. Tong and Pi [19] only searched
domain blocks that satisfied specific adaptive search con-
dition. Shen and Hasegawa [20] designed a nonsearch
scheme with the help of the quadtree to speed up coding.
The drawback of these schemes was that they dealt with
only partial search and could not converge to the global
optimal solution. The increase in search speed was also
invariably accompanied by a loss of image quality.

Our target here was not to design a fractal image coder
that attained a higher compression ratio or higher recon-
struction quality but to propose a general technique that
can be used for nearly all fractal coders to speed up the
search of domain block pool with minimal loss of image
reconstruction fidelity. We use simulated annealing, one
of the best global search methods, to search the domain
block pool globally. It greatly increases search speed
while maintaining high image quality.

This paper is organized as follows: Section 2 analyzes
the theoretic background of fractal image coding and sim-
ulated anpealing. Section 3 defines a benchmark scheme
compared to the proposed simulated annealing search al-
gorithm. Section 4 discusses processing of a standard
Lena image by the benchmark algorithm and simulated
annealing algorithm. A comparison of these two schemes
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demonstrates the proposed scheme’s good performance.

2. Theoretical Foundations

2.1. Fractal Image Coding

We assume that the size of original image fis M x M.
During fractal image coding, image f is segmented into
nonoverlapping range blocks. Each range block is B x B
in size. For each range block f|R,, we search the do-
main block pool to get one domain block f |D,, then ap-
ply contractive affine transformation W, to f|D,. The
optimal selection of f|D, and W, must ensure that im-
age g = {W,(fID,),k=1,2,...,N}, which is obtained by
transforming f|D, with W, (k = 1,2,...,N), has the min-
imum difference from f = {f[R,,k = 1,2,...,N}. fID,
must be larger than f|R, to make W, contractive. Usually
we set the size of domain block as 2B x 2B. The domain
block pool is extracted by sliding a window sized 2B x 2B
from the top left corner of original image f in integer step
L., horizontally or vertically. When Iy, equals 1, the
search is full and (M — 2B+ 1) x (M — 2B+ 1) domain
blocks exist in the domain block pool.

IEW,, k=1,2,...,N, is coniractive, the set of all trans-
formation W = {W,,k = 1,2,...,N} is also contractive.
Based on the contractive mapping fixed-point theorem
[21], there is one unique image f* and W(f*) = f*. The
collage theorem [13] guarantees that f* will approximate
original image f. Transformation W, and the position of
domain block f|D, constitute the fractal code of range
block f|R,. Fractal codes of all range blocks form the
iterated function system (IFS) of image f.

Contractive affine transformation W, consists of spatial
contractive transform S, gray-level transform G > and ge-
ometric transform F,.

Spatial contractive transform S, maps f |D, (with size
2B x 2B) to D, (with size B x B). We define gray-level
g(i,j),(i=1,2,....,B;j=1,2,...,B) of D, as the mean
of four corresponding neighboring pixels of f|D o e,

coa ]
sif)l=7 X fpa) oD
(pg)€u i)
where u, is mapping from f|D, to D,.

Gray level transform G, is defined by linear function
G, (g(x,y)) = ag(x,y) +b. We choose a and b to make

L 179) = Gytato) P

= [ [Fy) - agtn)—PdL . ... @
k
smallest.

Geometric transform F, rotates or reflects D, with 8
transformations: identity transform; rotation through 90°,
180° and —90°; reflection about mid-vertical axis, mid-
horizontal axis, and two diagonal axies.

When determining the best matching domain block for
one range block, we store W, and the position of that best
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domain block as the fractal code of that range block. The
basic fractal image coding algorithm is described as:

Algorithm 2.1: Basic fractal image coding algorithm

1. Separate image f into nonoverlapping range blocks
f|R, and overlapping domain blocks f|D,.

2. For every f|R,, search the domain block pool to
find the optimal selection of f|D, to minimize
error(W,(f|D,), fIR,). Here, W, is the contractive
affine transformation and the error function is de-
fined by

1 & . .
error(f.g)= 25 Y. (f(L]) =gl )P G)
i=1;j=1
3. Record the position of optimal domain block and W,
as the fractal code of f|R,. Then go to step (2) to
process the next range block f|R,, until all range
blocks are processed.

2.2. Simulated Annealing

Simulated annealing (SA), a Monte-Carlo method, was
developed to statistically find the best global fit of a
nonlinear nonconvex cost-function over a d-dimensional
space [22]. We assume that £ is one area of the d-
dimensional space and x € Q. Look for x,, to make
f(%,,) = min f(x), where f(x) is the cost-function and
has many local optimal solutions. Simulated annealing
starts at one arbitrary x, € Q, then randomly proceeds fol-
lowing the statistical property of cost-function. This algo-
rithm enables an annealing schedule for “temperature” 7
decreasing slowly to avoid the local optimal point. Simu-
lated annealing consists of the following three functional
relationships:

« g(x): Generation function. Probability density of
state-space of d parameters x = x';i — 1,...,d. This
function is used to generate a new state of x.

e h(x): Acceptance function. Probability for accep-
tance of new cost-function given the immediately
previous value. This function determines if the new
state is accepted and can take place of the previous
state.

o T(k): Annealing schedule. Schedule for “anneal-
ing” “temperature” T in annealing-time steps k, i.c.,
changing the volatility or fluctuations of one or both
of the two previous probability densities.

3. Simulated Annealing Search for Fractal Im-
age Coding

Here, we define one benchmark fractal image coding
scheme, then give an algorithm for how to use simulated
annealing to search the domain block pool.
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3.1. Benchmark Scheme

In range blocks and contractive domain blocks, there
are n = B x B pixel intensities, r,,...,r, (from R;) and
d,....d, (from D). In Algorithm 2.1, the error function
is written as:

n

&,
error:—Z(adi—i—b—ri)z. R ()

i=1

The Least Squares method is used to minimize eq.(4),
with the result that:
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From least squares results, we find a high correlation be-
tween a and b. During the quantization of g and b, for a
given total number of bits, allotting more bits for one pa-
rameter will influence the other parameter. To eliminate
the correlation between a and b, we adopt the following
gray level transformation proposed by [23] and advocated
by [19,20]:

fDy=a(D—dhy+7. . . . ... ... D

Here, D is the contractive domain block, 7 is the range
block mean, d is the contractive domain block mean, and
I.is a block whose elements are all ones. With this gray
level transform, matching error is defined by

E=|la(D—dl)—(R-FD|* . . . . . . . (8

Tong and Pi [19] conducted experiments to prove that
there is nearly no correlation between a and 7 in eq.(7).

Based on the above analysis, we define the following
scheme as the benchmark scheme:

Algorithm 3.1: Benchmark Scheme

1. Separate the original image into range blocks and do-
main blocks.

2. For each range block, encode its block mean 7.

3. Fully search the domain block pool to find the best
matching domain block minimizing eq.(8).

4. Encode the position of the best matching domain
block and associated scaling parameter a, then go to
step (2) to encode the next range block.

3.2. Simulated Annealing Scheme

From Algorithm 2.1 and Algorithm 3.1 we find that,
during encoding, for every range block, we must search
for the best matching domain block in the domain block
pool. The domain block pool consists of many domain
blocks, meaning that fractal image coding is a global op-
timal problem: for every range block, find the global op-
timal solution of the domain block to minimize the target
function (8).
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Fig. 1. SA versus local optimal methods: Local optimal
methods are trapped in local minimum *1 or ¥2; SA escapes
local solutions and converges to near global optimal mini-
mum *3 or *4.

Many techniques are used to solve optimal problems.
Well-known ones such as the Gauss-Newton algorithm
and Levenberg-Marquardt Method involve local opti-
mums trapping them in local minima. For Genetic Algo-
rithm (GA) [24], the premature convergence of GA also
leads to local minima.

Simulated annealing presents an optimization that: (a)
processes cost functions possessing quite arbitrary de-
grees of nonlinearity, discontinuity, and stochasticity; (b)
processes quite arbitrary boundary conditions and con-

" straints imposed on these cost functions; (c) is imple-

mented quite easily with a degree of coding quite mini-
mal compared to other nonlinear optimization algorithms;
and (d) statistically guarantees finding an optimal solu-
tion. Fig.1 compares simulated annealing with other local
optimal methods. Local optimal methods are easy trapped
in local minima (such as *1, *2 in Fig.1), and simulated
annealing escapes local solutions and converges to the
global solution (such as *3, *4 in Fig.1). Standard sim-
ulated annealing is also useful in finding optimal block
and row-column designs [25]. Based on the above analy-
sis, we suggest that simulated annealing, one of the best
global optimal search method, be used for this fractal en-
coding problem.

Based on the benchmark algorithm (Algorithm 3.1),
we define eq.(8), a nonlinear nonconvex function over
2-dimensional space, as the cost-function of simulated
annealing. For a given range block, we search the do-
main block pool to minimize the energy defined in (8).
x = {x,,x,} is defined by the position of the domain block.
x, stands for the horizontal position, x, stands for the ver-
tical position, and they are all limited in [0,M — 2B]. In
practice, the following schemes are used to give genera-
tion function g{x), acceptance function h(x), and anneal-
ing schedule T (k):

« Generation function g(x): Based on the functional
form derived for many physical systems belonging
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to the class of Gaussian-Markovian systems, the al-
gorithm chooses for g,

g(x) = 2aT) Pexp[-AF/(2T)] . . . O

where Ax is the deviation of x; | from x;, and T is a
measure of fluctuations of Boltzmann distribution g
in the d-dimensional x-space. Because the computer
generates only pseudorandom numbers, in practice,
the following scheme is used to generate a Gaussian
distribution from a uniform distribution. Assuming
that 17,, 71, are random data in (0, 1), conduct the

transform

£, =/T(-2Inn,)?cos2mn, . (10)
or

£, =VT(-2Inn,)"*sin27n, (1D
and new state x will be:

Xy = %+ &y (Ximax = Xnin) - (12)
or

Xy = % &y (Xomar = Xoin) - (13)
here, x5, 1 = Xpnax2 = M —2B, Xinin 1 = Xmin2 = 0.

» Acceptance function h(x): Based on the previous'

state E,, the chance of obtaining a new state E
is acceptance probability. / is defined by

exp(—Ek_H/T)
exp(—E;4;/T) +exp(=E,/T)
1

:W......(M)

h(x) =

where AE represents the “energy” difference be-
tween the present and previous values of the cost-
function appropriate to the physical problem, i.e.,
AE =E, ,—E,. Thisis essentially the Boltzmann
distribution contributing to the statistical mechanical
partition function of the system.

In practice, we use

exp(—AE/T) . (15)
to judge whether the new state will be accepted.
When AE < 0 or AE = 0, the new state is ac-
cepted. If AE > 0, assume € is random data between
(0,1),ifexp(—AE/T) > €, the new state is accepted.
This metropolis judgment rule ensures that the cost-
function escapes local solutions and converges to the
global optimal solution.
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« Annealing schedule T (k): It was proved [26] that the
annealing schedule defined by
T(k) =T,/ In(k) . (16)

where Tj, is the initial temperature, ensures that, dur-
ing annealing, each state of € has the possibility of
being found. In practice, we use
T(k) =T,/ In(1+k) . (17)

to avoid overflow caused by k = 1. This change does
not degrade the validity of (16).

We give the algorithm of using simulated annealing to
search the domain block pool as follows:

Algorithm 3.2: Proposed scheme

1. Define the cost-function as

£(x) = minlla(D - 1)~ R=FD)| . . (8)

x = {x;,x,} is the position of the domain block in
original image f.

2. Initialize x, temperature T, maximum iterated times
k; of every temperature T.

3. For every range block, calculate its mean 7.
4, Annealing with annealing schedule (17).

5. Generate new states with generation function defined
by eqs.(10), (12) or (11), (13).

6. Use Metropolis judgment rule formula (15) to judge
whether the new state will be accepted. Then go to
step (5) to do k searches.

7. If the cost-function is satisfied, store 7, a, and x; go
to step (3) to process the next range block. If the
cost-function is not satisfied, go to step (4) to con-
tinue annealing.

4. Experiment

4.1. Use Proposed Scheme for Full Search

In this experiment, we set the search space of the pro-
posed scheme as the domain block pool of the benchmark
full search fractal coder, then compare the benchmark full
search scheme with the proposed search scheme for stan-
dard Lena (256 x 256 x 8).

In experiment, 2 bytes are used to store the position of
the domain block (one for x, and one for x,). Six bits are
allocated to store the mean of the range block, and 2 bits to
store gray-level transformation scaling parameter a. Thus
there are only four values of a: 0.25, 0.5, 0.75, and 1.0.
We choose bpp (bit per pixel) and PSNR (peak-to-peak
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signal-to-noise ratio) as the criteria of comparison. PSNR

is defined as:
2552
(i 12

where f; is the pixel of the original image and f is the
pixel of the decompressed image. N denotes the total
number of pixels.

For B =4, 8, and 16, we use benchmark full search Al-
gorithm 3.1 and proposed search Algorithm 3.2 to process
the standard Lena Image. To simplify the algorithm, for
both algorithms, we use only the identity transform as the
geometric transform.

For a benchmark full search, we conduct (M — 2B+
1) < (M — 2B+ 1) searches to find the global optimal so-
lution for every range block. In this experiment, M = 256.
When B = 4, the benchmark scheme must search 62,001
times for every range block; when B = 8, it must search
58,081 times; when B = 16, it must search 50,625 times.

The statistical search of the proposed scheme saves
search times while attaining nearly the same reconstruc-
tion quality of the benchmark scheme. Some aspects of
the proposed scheme are very important:

PSNR = lOlogm( . (19)

+ The initial value of position x influences convergence
speed. We choose the top-left of the range block as
the initial value of x, which is better than an arbitrary
initial value.

o If the initial value of 1, is large enough, results are
satisfied. We use 1000, 3000, and 5000 as initial tem-
perature T, and get nearly the same results, so we
only report results with 7, = 3000 here.

« The maximum iterated times k; of one temperature
influence the balance between encoding speed and
image quality. If kf is too small, cost-function cannot
crystallize as the best state of that temperature. If
kg 1s too large, it slows the search significantly. We
set k, = 100 in this experiment. If we want better
reconstructed 1mage quality, we can set k; larger but
this slows encoding.

+ During the experiment, the generation of new state
and Metropolis Judgment rule depends on random
data. We apply the mean of 5 random data to reduce
the influence of computer pseudorandom numbers.

During the calculation of the spatial contractive trans-
formation of domain block, some calculation is repeated.
To eliminate repeat calculation before encoding range
blocks, we preprocess original image f (with size M x N)
to image f,, with the same size of f to express every pixel
fp(i, j) as the mean of the neighboring four prxels in the

corresponding position of f [20]. For i = L2,...M;j=
1,2,....N
f(is ) Z Zf(z—}—m Jj+n). . (20)

m—*On

During range block encoding, assuming the position of
domain block is (row),,colp,), we need only to extract the

84

Table 1. Results for Lena (256 x 256 x 8), B =4, 0.78(b/p)

bit rate.
Searches | PSNR | Encode seconds | Speedup ratio
FS 62001 33.639 1672
100 20.042 4 418
500 30.493 22 76
SA 1000 31.178 46 36.35
5000 32.549 228 7.33
20000 | 33.616 972 1.72
Table 2. Results for Lena (256 x 256 x 8), B = 8,
0.329(/ p) bit rate.
Searches | PSNR | Encode seconds | Speed up ratio
FS 58081 27.688 1186
100 24.446 3 395.33
500 26.064 12 98.83
SA 1000 26.375 24 49.42
5000 27.044 122 9.72
Table 3.  Results for Lena (256 x 256 x 8), B = 16,
0.063(b/ p) bit rate.
Searches | PSNR | Encode seconds | Speed up ratio
FS 50625 23.185 973
100 21.509 2 486.5
500 22.399 10 97.3
SA 1000 22474 22 44.23
5000 22.710 104 9.36
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contractive domain block from [ as follows:

D(i, j) = f(rowp+2i,colp+2j),

i=12,....B; j=12,....B . 2D

This eliminates repeat calculation in both the benchmark
scheme and the simulated annealing search scheme.

In the experiment, software environment, the operating
system is Windows 2000 and the programming language
is Visual C++ 6.0. Hardware uses a PC with an Intel Pen-
tium IIT 600MHz CPU and 128MB of memory. During
the experiment, a full search is done for the benchmark
scheme. For the proposed search scheme, we use different
search times to test it. The results for Lena (256 x 256 x 8)
are listed in Tables 1-3 and Figs.2-4, where “FS” means
“Benchmark Full Search” and, “SA” means “Simulated
Annealing Search.”

Table 1 shows that, for B = 4, even with only 100
searches for every range block, simulated annealing gets
a reasonable PSNR and speed increases 418 times. The
PSNR increases along with the increase in searches. In
5,000 scarches, speed improves 7.33 times with only a
slight loss of PSNR from the benchmark full search. In
20,000 searches, speed improves 1.72 times and attains
nearly the same PSNR as the full search algorithm.

Comparing Fig.2, Fig.3, and Fig.4, we find that, the
full search yields a good decoding image (Fig.3); With
20,000 searches, the proposed search attains nearly the

Vol.9 No.1, 2005




Fig. 2. Original Lena image (256 x 256 x 8).

Fig. 3. Decoding image of benchmark full search (B = 4,
searched 1672 seconds, PSNR=33.639).

same results as the full search (Fig.4).

The results for B =8 and B = 16 (in Table 2 and Table
3) also prove that simulated annealing provides an effec-
tive global search for the block matching problem.

Figure 5 shows the convergence of the proposed search
scheme. Error (defined in formula (3), measurement of
decoding fidelity, low error means high decoding qual-
ity) decreases following the increase in the number of
searches. The decreasing degree of error is smaller and
smaller, and after a period of iteration, error converges to
near a global optimal solution. The fluctuation in Fig.5
means that, during the process, the proposed algorithm
escapes the local solution frequently and converges to the
global optimal solution.

To show that if the proposed scheme works for other
images, with the same parameter settings of initial x,
1, and kf, we tested two other well-known images, i.e.,
Boat (512 x 512 x 8) (Fig.6) and Baboon (512 x 512 x
8) (Fig.8), with the proposed search algorithm and the
benchmark full search algorithm. Results show that the
proposed scheme attains nearly the same reconstruction

Vol.9 No.1, 2005
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Fig. 4. Decoding image of proposed method (B = 4, iterated
20000 times, searched 972 seconds, PSNR=33.616).

Convergent property of Lena
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Fig. 5. Lena (256 x 256 x 8) convergence.

quality as the full search scheme in only half search time.
For reference, we give the decoding image of the pro-
posed scheme for Boat in Fig.7 and Baboon in Fig.9.
Fig.10 shows the convergence of Boat (512 x 512 x §).
Fig.11 shows the convergence of Baboon (512 x 512 x 8).
Fig.10 and Fig.11 also show that the proposed scheme es-
capes local solutions and converges to the global optimal
solution, proving that simulated annealing suits the fractal
image coding problem.

4.2. Use Proposed Scheme for Other Fractal Coders

In Section 4.1, we use the proposed search scheme for
the benchmark full search and speed up the full search
greatly with nearly no loss of image quality. In this sec-
tion, we use the proposed search scheme for some other
fractal coders to show how the proposed scheme speeds
up fractal coders that must search a domain block pool
with almost no loss of bpp and PSNR. We use Lena
(256 x 256 x 8) as the test image.

» Jacob’s local search scheme [16] skips adjacent
blocks to decrease the number of domain blocks in

Journal of Advanced Computational Intelligence 85

and Intelligent Informatics



Furao, S., and Hasegawa, O.

Fig. 7. Decoding of proposed scheme for Fig.6 (B = 4,
PSNR =33.82).

the domain block pool and gets a subset of domain
block pool, then full searches the subset. We real-
ized Jacob’s local search and compared the results
with those for the proposed scheme in Fig.12. Fig.12
shows that, to get the same PSNR, the proposed
search only needs nearly 1/3 the search time of the
Jacob scheme.

« Tong and Pi [19] eliminate some domain blocks in
the domain block pool by using adaptive conditions,
use some preprocessing technique, and combine the
adaptive search with Jacob’s local search to speed
up coding. Here, we add adaptive conditions to the
benchmark full search scheme (without preprocess-
ing-and Jacob’s scheme) and compare Tong and Pi’s
adaptive search with proposed simulated annealing
search results in Fig.13. To get the same PSNR,
the proposed scheme is much faster than adaptive
search.

Journal of Advanced Computational Intelligence
and Intelligent Informatics

Fig. 8. Original baboon image (512 x 512 x 8).

Fig. 9. Decoding of proposed scheme for Fig.8 (B = 4,
PSNR = 25.86).

5. Conclusions and Discussion

The main problem of fractal image coding is slow
matching for range and domain blocks. We proposed a
search based on simulated annealing, which is one of the
best global optimal methods, to search for the best match-
ing domain block. We designed cost-function and 2-
dimensional searching space to make the fractal encoding
problem suitable for simulated annealing and conducted
experiment to prove that simulated annealing suits fractal
encoding problems. The proposed method improves en-
coding speed greatly with nearly no loss of image quality,
and escapes local solutions and converges to the global
optimal solution. The proposed scheme is also very easy
to implement.

Our purpose was not to develop a new fractal coder
with a higher compresion ratio or higher reconstruction
quality, but to speed up the search of the domain block
pool without sacrificing any image reconstruction fidelity.
Thus, we do not use techniques such as quadtree to im-
prove the performance of the proposed algorithm. It
is very easy to replant the proposed scheme for nearly
all fractal coders that must search a domain block pool.

Vol.9 No.1, 2005
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Fig. 11. Baboon (512 x 512 x 8) convergence.

Fisher’s quadtree scheme [21], for example, must search
a domain block pool for every uncovered range block,
and using the proposed scheme is able to speed up the
quadtree scheme greatly.

The proposed scheme can be used with other fast
schemes. For example, after the subset of a domain block
pool is determined, the proposed algorithm can be used to
search the subset; adaptive conditions can also be added
to as needed. It is probable that simulated annealing only
converges to the near neighbor of the global optimal solu-
tion (such as *3, *4 in Fig.1). If we want a precise global
optimal solution, SA will spend plenty of search time. We
can accelerate the search by incorporating some local op-
timal methods to the simulated annealing, i.e., when simu-
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Fig. 12. Comparison of Jacob scheme with proposed search
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Fig. 13. Comparison of Tong and Pi scheme with proposed
search for Lena (256 x 256 x 8), B=4, bpp = 0.78b/p.

the critical temperature to improve search quality. This ar-
ticle has only realized classical Boltzmann simulated an-
nealing for fractal image coding. In the special area of
fractal image coding, it is worth researching how to con-
verge simulated annealing quickly and how to improve
encoding quality. Our work thus provides an initial ex-
ploration in this fascinating area.
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