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Performance analysis and implementation issues of segmentation image coder
using the fractals and the human visual system
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ABSTRACT

A new texture segmentation-based image coding technique which performs segmentation based on roughness of textural
regions and properties of the human visual system (HVS) is presented. The segmentation is accomplished by thresholding the
fractal dimension so that textural regions are classified into three texture classes: perceived constant intensity, smooth texture, and
rough texture. An image coding system with high compression and good image quality is achieved by developing an efficient
coding technique for each segment boundary and each texture class. We compare the coding efficiency of this technique with that
of a well established technique (discrete cosine transform (DCT) image coding) for two different types of imagery; a head and
shoulder image with little texture variation and a complex and natural outdoor image with highly textured areas. Also the imple-
mentation issues of the proposed image coder are discussed.
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[ . Introduction

The digital representation of an image requires a
very large number of bits. For example, a 512x
512 pixel, 256 gray level digital image requires
over two million bits. This large number of bits is
a substantial drawback when it is necessary to
store or transmit a digital image. Prior to trans-
mission or storage. one would like to have a sys-
tem that reduces this number as much as possible,
while keeping the degradation in the decoded
image to a minimum. This is the goal of image
compression, often referred to as image coding.

Classical image coding technique [(9,11) solely
guided by information theory, led to a plethora of
methods. The compression ratio, starting at one
with the first digital picture in the early 1960’s,
appeared to have reached a saturation level around
10:1 in the early 1980°s. This, however. did not
mean that the upper bound given by the entropy
of the source had also been reached. First, this
entropy is not known and depends heavily on the
model used for the source. i.e., the digital image.
Second. information theory does not take into
account what the human eye sees and how it sees.
Recently. techniques attempting to overcome these
limitations are incorporating properties of the frac-
tals and the human visual system (HVS) and tools
of image analysis into image compression to
achieve high compression ratios with small loss in
visual quality. This reasoning follows from the
fact that in many compression applications, a
human is the final observer of the image operated
upon. Applications of various models of the frac-
tals and the HVS have in fact been empirically
found to improve compression performance
(2.5.6,12).

One such technique is segmentation-based image
compression (2,6,7). In segmentation-based image
compression. the image to be compressed is seg~

mented, i.e., the pixels in the image are separated

916

into mutually exclusive spatial regions based on
some criteria. Once the image has been segmented,
information is extracted describing the boundaries
(shapes) and textures (interiors) of the image seg-
ments, and compression is achieved by efficiently
encoding this information. Unfortunately. there
are limitations with segmentation-based image
compression. The main limitation is due to the fact
that the image data have been segmented into
regions of constant intensity. In complicated tex-
ture areas. a good representation of the texture
requires many small segments. However, in order
to get low bit rates. the number of segments must
be limited and thus the quality is degraded.

A new texture segmentation-based image coding
technique proposed by Jang and Rajala (6] solves
the texture representation problem by propesing a
methodology for segmenting an image into textu-
rally homogeneous regions with respect to the
degree of roughness as perceived by the HVS using
the properties of the fractals and the HVS. The
main three measures to characterize the texture
information are the fractal dimension, the expect-
ed value, and the just noticeable difference (JND).
The segmented image information is then encoded
for transmission.

In this paper. we compare the coding efficiency
of this technique with that of DCT image coding
technique for two different types of imagery. The
first is a head and shoulder image with little tex-
ture variation. This image is typical of video tele-
conferencing applications. The second is a complex
and natural outdoor image with highly textured
areas. Also the implementation issues of this tech-
nique are discussed.

We describe a new texture segmentation-based
image codec and its major components and a dis-
crete cosine transform (DCT) image codec in sec-
tions | and I respectively. In section IV, perfor-
mance comparison is evaluated using computer

simulated data of actual images. In section V.,
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implementation issues of the texture segmentation-
based image coding technique is discussed in terms
of parallel processing. Finally, conclusions are pro-
vided in section V.

I. A texture segmentation-based image
codec incorporating the fractals and
the HVS

A block diagram of the proposed texture segmen-
tation-based image coding system is presented in
figure 1. Figure 1(a) shows a block of the trans-
mitter including three main stages: the preproces-
sor, the segmenter, and the encoder.

The main purpose of the preprocessor which is
the first stage of the proposed transmitter in fig-
ure 1(a) is to alter the image in such a way that

fewer segments and textures are produced by the
segmenter, but without degrading the visual quali-
ty of the segmented image. Thus, the number of
image segments and the number of bits represent-
ing the textures of the segments are directly pro-
portional to the bit rate of the coded image.
Because of this, a minimum number of segments
and an efficient representation of the textures are
critical.

After preprocessing, the next step in the com-
pression algorithm is the segmentation of the
image. In this work, centroid-linkage region grow-
ing (4] is used. An important attribute of region
growing segmentation is the production of disjoint
segments with closed boundaries. This is important
because segmentation-based compression requires a
description of the boundary and texture of each

Input image
Mined Decoder
[
No <“> Yeoo * ..... mrm-t .............
P in 1
reproos s sing Sourdary
Decoder Decader
Mixed Encod - Q : i i :
o ‘ ........................................................ | Sounsary Peglon :
' . mege mege :
l D€ D<D; < . : :
D<1 Y 2 D2&D ] : : ] :
Encoding Encoding Encoding ; R
Encoding :
_constant smooth rough :
boundaries . imege
regions regions regions .
~

Fig. 1. The texture segmentation-based image coding system
(a) The block diagram of the transmitter
(b) The block diagram of the receiver
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image segment. Such a description would be impos-
sible if the segments overlapped or did not have
closed boundaries. The texture features used to
characterize the texture information are the mean,
the JND (just noticeable difference), and the frac-
tal dimension of an image block. The proposed tex-
ture segmentation algorithm is given in the table
1. In the segmentation algorithm, one property of
the HVS we use is contrast sensitivity. Contrast
sensitivity is a measure of the HVS's ability to
distinguish two adjacent intensity patches. To
obtain the contrast sensitivity, a subject is shown a

test pattern. for example, two adjacent

Table 1. Texture-Based Image Segmentation
Algorithm

Incorporating the HVS and the fractal model,
the proposed texture-based image segmentation
algorithm for image coder is defined as follows.

Step 1) Divide the image into NRXNC blocks
(NR and NC are the numbers of row and column
blocks, respectively).

Step 2) Calculate the feature set: the mean and
the class type for each block and the JND lookup
table.

Step 3) Calculate the distance between an
observing block and its 4-connected neighboring

blocks. The distance is given by

F(OBXD,. C(OB)=C(NB),
IM(OB)-M(NB} [¢(JND(OB,NB)
0 if or
D, <F(OB){D,. C(OB)<C(NB)
or
L F(OB)=D,, C(OB)=C(NB)
1

otherwise

D(OB.NB)={

where F(OB) is the fractal dimension of an observ-
ing block. C(OB) and C(NB) are the class types of
an observing block and its neighboring block
respectively. M(OB) and M(NB) are the means for
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an observing block and its neighboring block
respectively. JND{(OB.NB) is the just noticeable
difference between an observing block and its
neighboring block.

Step 4) If there is a neighboring block with dis~
tance 0, then merge the observing block into it:
else declare a new region. If there are more than
two good neighboring blocks, merge the observing
block into a neighboring block whose mean value is
closest to the mean value of the observing block.

Step 5) Repeat step 3 to step 4 until all blocks
are segmented and stop.

squares. The luminance of one square is varied
until it is just noticeably different in luminance
than the adjacent square. The JND between the
two luminance values is used to calculate the con-
trast, see (3] for details. It has shown that the
HVS has greatly reduced contrast sensitivity in
very bright or very dark intensity regions of an
image. Here the contrast sensitivity is used in
defining the threshold for the split-merge condition
for regions belonging to the perceived constant
intensity in the proposed texture segmentation-
based compression technique.

To determine the split-merge condition between
the regions belonging to class [, we use a visual
threshold based on the HVS properties in the seg-
mentation algorithm. The HVS-based threshold is
adapted to local intensity characteristics in the
image by using the JND as the visual threshold.

A split-field method is used to measure the JND
on SUN SPARC workstation with 1024x768 19"
color monitor. The image display device is divided
down the middle into two equal-size fields. The
left field is a constant reference intensity and
increases linearly up to 40 steps above the constant
reference intensity. To perform the tests, the
viewer simply clicks the mouse at the point where
the difference between the left and right fields is
no longer discernible. This point is the JND

between the reference intensity on the left and the

www.dbpia.co.kr



#3C/Fractal® Human Visual System& ol &% Maddold d4nce i FUEA 4% AF 95

test intensity on the right.

Five test subjects were asked to take a measure-
ment of JND. Each test subject sat at a distance
of six times the image height away from the
screen. The test subject was given approximately
three minutes before the start of the experiments,
to allow for adaptation to the laboratory’s illumi-~
nation. The test subject was asked to take five sec-
onds in each click to allow for adaptation to the
screen. The average of the results of five test sub-
jects is shown in figure 2. It is seen that the
experimental results agrees with the HVS contrast
sensitivity properties (3}. The JND is largest in
the lowest and highest intensity areas of the
image. The JND is smallest and nearly constant in
the middle intensity areas of the image. To deter-
mine threshold. the approximated JND curve is
derived in figure 2. The bold line corresponds to
the approximated JND curve. Based on this result.
a larger threshold is chosen for the lowest (0 to 74)
and highest intensity areas (241 to 255), while a
smaller threshold (about 5) is used in the middle
intensity area (75 to 240).

1 51 101 151 201 251
intensity vatue

Fig. 2. The mean of five subjects’ JND measurements
on SUN SPARC workstation with 1024x768 19"
color monitor. The bold line corresponds to the
approximated JND curve.

An image is segmented into texturally homoge-
neous regions with respect to the degree of rough-
ness as perceived by the HVS (1). The segmenta-
tion is accomplished by the thresholding the fractal

dimension so that membership is in one of three
textural classes. The three classes are perceived
constant intensity (class 1), smooth texture (class
I). and rough texture (class ). Regions belong-
ing to the perceived constant intensity have a frac-
tal dimension less than D,. The second class con-
tains regions with the fractal dimension between
D, and D,. The third class contains regions with
the fractal dimension greater than D,.

To estimate the fractal dimension, we choose the
blanket method (11) since it is computationally
efficient. A brief explanation of the procedure for
estimating the fractal dimension is given here. All
points in the three-dimensional space at distance €
from the surface are considered, covering the sur-
face with a blanket of thickness 2¢. The surface
area A(e) is then the volume V(¢) occupied by the
blanket divided by 2¢. The area A(€) is given by

Ale) = —Kz%i = - Me) = K-e*? "
where K is a constant.

To compute the fractal dimension, we apply the
log function to both sides of Eq. (1). The following
equation is given by

log A(e)=(2-D)log (e)+K 2

From Eq. (2), we can deduce a procedure to esti-
mate the fractal dimension of an image surface
using a least-squares linear regression.

The output of the segmenter is a gray level
image consisting of many segments. The images
are partitioned so that each segment contains the
same degree of roughness as perceived by the
HVS. The objective now is to apply an efficient
coding technique to the boundaries and each tex-
ture class to achieve high compression with small
visual degradation.

The last stage in the transmitter is the mixed
encoding of the segments of each class and their
boundaries. During the segmentation, the seg-
ments are classified as one of the three texture
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classes. The objective of the coding is to obtain an
efficient representation of the segmented image
data for transmission or storage. The image coder
should use more bits to encode the information for
which the HVS is more sensitive and use fewer
bits to encode the information which the HVS is
less sensitive. To accomplish this we propose a
mixed encoder. It consists of four separate stages.:
the boundary encoding and three textural class
encodings, see figure 1(a).

For boundary coding, accurate representation of
the boundary is necessary to describe the location
of the region boundary because of the HVS sensi-
tivity of the edges. We choose an errorless coding
scheme to represent the boundaries. A binary
image representing the boundaries is created.
Then,” the binary data is encoded using an arith-
metic code since it has been found to be superior to
Huffman code, runlength code, and crack code
{15).

For regions belonging to perceived constant
intensity. only the mean intensity values need be
transmitted to describe the textures of the regions.
In this case, lossy compression has already taken
place since we are approximating each region tex-
ture with a constant value. We do not wish to
introduce any further compression, so that the
lossless arithmetic code is again employed to
achieve further compression. Since a mean intensi-
ty requires 8 bits, the mean values are converted
into a 8XN binary array, where N is the number
of segments belonging to perceived constant
regions. The mean vector is then encoded using an
arithmetic code.

Regions belonging to smooth and rough texture
are not directly encoded. To get higher compres-
sion, their regions are modeled first using polyno-
mial functions. The coefficients of the polynomial
functions are encoded because the variance of the
coefficients is less than that of the original data.

An arithmetic code is used to encode the coeffi-
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cients. A smaller amount of error between the
original image data and the modeled image data is
chosen for smooth texture than rough texture
because of the sensitivity of the HVS. In general,
modeling these regions by functions of higher order
polynomials is computationally excessive. The first
order polynomial functions are used because the
sum squared error (SSE) for the first order polyno-
mial functions as given in Eq. (3) is not much
greater than that of the SSE for a second-order
polynomial function, while the SSE for the first
order polynomial function is much greater than the
SSE for the zero order polynomial function (2).

E‘,:Zj(g(i,l)—z(i,i))z, 3

where g(i. j) and z(i, j) are the intensity of the orig-
inal image and the modeled image at index (i.j)
respectively.

At the receiver given in figure 1(b), two types
of coded information come into the mixed decoder,
boundary information and region texture informa-
tion. The boundary decoder must regenerate the
boundaries for the decoded image. The regions
decoder must fill in the missing texture informa-
tion with each region.

The missing part of the decoded image after the
boundaries are decoded is texture information
within regions. Since regions belonging to class |
are perceived constant regions, their mean values
are painted within the appropriate regions. Regions
belonging to class I and 11 are reconstructed by
reproducing polynomial functions. The information
of the boundaries and the textures are combined to

form the reconstructed image.

. A discrete cosine transform image
codec.

A block diagram of the DCT image coding sys-
tem is given in figure 3 (14). In the encoding and
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decoding process the input image is processed in
blocks. Figure 3(a) shows a block diagram of the
transmitter including three main stages: F(for-
ward)DCT, quantizer, and entropy encoder. The
advantage of the DCT is that it is easy to evaluate
because it does not use complex-number arith-
rr2tic, there are fast algorithm for calculating it,
and :% i. more efficient at signal decorrelation than
most other transforms.

In the encoding process the input image data are
grouped into blocks, and each block is transformed
by the forward DCT (FDCT) into a set of values
referred to as DCT coefficients. One of these val-
ues is referred to as the DC coefficient and the
others as the AC coefficients. Each of the coeffi-
cients is then quantized using one of corresponding
values from a quantization table.

After quantization, the DC coefficient and the

AC coefficients are prepared for entropy encoding.
The previous quantized DC coefficient is used to
predict the current quantized DC coefficient, and
the difference is encoded. The quantized AC coeffi-
cients undergo no such differential encoding. but
are converted into a one~-dimensional zig-zag
sequence. The quantized coefficients are then
passed to an entropy encoding procedure which
compresses the data further. Arithmetic coding
conditioning table specification is used.

Figure 3(b) shows the main procedures for the
DCT decoding processes. Each step shown performs
essentially the inverse of its corresponding main
procedure within the encoder. The entropy decoder
decodes the zig-zag sequence of quantized DCT
coefficients. After dequantization the DCT coeffi-
cients are transformed to an block by the inverse
DCT (IDCT).

DCT-Based Encoder

blocks

3 Entro -
e I e EETNEN g B e
Input Image . .
: Encoder :
: T T : To Channel
Yable Table
Specifications Specitications
(a) The block diagram of the transmitter
DCT-Based Decoder
Eo-prundluot Dut% - Entropy 1 bequantizer |~ IDCT >
' Decoder : truc ted|
From Channel : T ? : Inage Data
Table Table
Spectitications 8pecifications

(b) The block diagram of the receiver

Fig. 3. The DCT image coding system
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V. Performance analysis

To compare this texture segmentation-based
image coder with DCT image coder. two different
types of imagery are coded. The two test images
are shown in figure 4. The first is a head and
shoulder image. This image is typical of teleconfer-
encing applications. The second is a complex and
natural outdoor image with many edges and highly
textured areas. Each image consists of 256 %256
pixel with 256 gray levels. The 8x8 block size is
used for two techniques. Dy, and D, for the pro-
posed segmentation-based image coding system are
used as 2.042 and 2.411 respectively.

The decoded images of the two test images are
shown in figure 5 and 6 using the proposed image
coding algorithm and the DCT algorithm. Figure 5
shows the decoded images of Miss USA. The decod-
ed images of the proposed image coding system and
the DCT are on the left and right respectively.
The compression rate (CR) is around 0.105 bpp for
two techniques. The block effects of the decoded
image of Miss USA based on the DCT are more

prominent than that of the decoded image based
on the texture segmentation-based technique. The
areas of hairs. eyes, and noses of the decoded
image based on the DCT have prominent blocking
effects. Figure 6 shows the decoded images of
House. The decoded images of the proposed image
coding system and the DCT are on the left and
right respectively. CR is around 0.16. The image
quality of the decoded images is better for the pro-
posed image coding system. Since the texture seg-
mentation-based technique incorporates the texture
characteristics based on the HVS, visual loss in
highly textured areas such as trees on the left and
right and roofs of the house seems to be small to a
human. The block effects of the decoded image of
the House based on the DCT are more prominent
than that of the decoded image based on the pro-
posed texture segmentation-based technique.
Comparison of CR/SNR table for the two tech-
niques is given in the table 2. It shows that the
proposed texture segmentation-based image coder
performs better the DCT image coder in terms of
SNR for low and high bit rates.

Fig. 4. The two test images. Each image is 256X 256 pixel with 256 levels. Miss
USA and House are on the left and right respectively.
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Fig. 5. The decoded images of Miss USA. The decoded images of the proposed
image coding system and the DCT are on the left and right respectively.

Fig. 6. The decoded images of House. The decoded images of the proposed image
coding system and the DCT are on the left and right respectively.

Table 2. Comparison of CR/SNR for the proposed and the DCT image coding
systems. CR stands for compression ratio.

CR Miss USA " House
Proposed DCT Proposed DCT
8 273 %5 | 155 14.0
10 26.4 %6 148 13.2
20 25.9 245 120 10.8
40 21.2 19.4 9.7 8.5
80 18.1 15.2 8.5 6.3
100 15.2 13.1 6.9 5.8
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V. The implementation issues

Even though the proposed coding algorithm
shows better performance, we have to develop the
advanced implementation techniques to utilize the
advantages in real-time image and video coding
system. There are three major parts that we have
to consider for the efficient implementation of
real-time video coding systems.

The first part is the preprocessing. Preprocessing
part includes the preconditioning of input signal
such as linear filtering and/or nonlinear filtering.
Also, some limited form of the data reduction
techniques such as subsampling considering the
characteristics of human visual system (for exam-
ple, human visual system is less sensitive to the
high frequency signal and color signals) can be
used. ‘Many parallel algorithms and parallel pro-
cessing techniques are available for the purpose of
preprocessing such as lowpass filtering, median fil-
tering, and so on.

The second part is the image segmentation. This
is the critical part for the presented algorithm to
be useful for the real-time video and image pro-

cessing system. The presented algorithm has many
parallelism. However it is difficult to utilize these
parallelism for the high throughput because of the
characteristics of the algorithm such as global data
communication requirements, shared memory
accesses, irregular computing structures and so on.

Since the presented algorithm is actually based
upon the fixed size rectangular block given in fig-
ure 7., we can arrange the operations for each
block to be regular, and we can design a processor
which can perform these operations efficiently. If
we arrange these processors properly and use inter-
processor communication links properly between
processors, several blocks can be processed concur-
rently with several processors.

We suggest the parallel structure shown in fig-
ure 8 which utilizing that all data transfers are
only occurring between neighboring blocks (see
table 1, M(NB), C(NB), and JND(OB,NB) are
required to compute the distances of neighboring
blocks), and these transfers are occurring with a
fixed amount and fixed directions. It is the desir-
able characteristics for the parallel architecture,
especially for the VLSI implementation.

Preprocessing !

Processor Processor(_ . Processor
1 - 2 -

¢

......... —»|Processor
e k

Encoder

Fig. 6. The block partition of an image
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B(1,1) [B(1,2) | B(1,8)] oo B(1i,n)
B(2,1) | B(2,2) |B(2,3)| oot B(2,n)
B(3,1) | B(3.2) |B(3,3)| - oo B(3,n)
B(m,1) | B(m,2) | B(m,3) | e B(m,n)

Fig. 7. The parallel architecture for the proposed segmentation algorithm

This system also has scalability, i.e., if we need
more speed we can add more processors for higher
throughput. It is possible because there is no bot~
tleneck for the interprocessor communications and
generally the number of blocks are larger than the
number of processors.

The architecture shown in figure 8 works as fol~-
lows. If k=4, processor 1 processes first row of
blocké, processor 2 processes the second row of
blocks, and so on. And 5th row is processed by the
processor 1, and so on. In this scheme, each
processor computes fractal dimension, class, mean,
JND, and other required operations for the
assigned block, stores the results for the processing
of next row, and transfers the results to the two
neighboring processors (left and right).

We can also partition the computations of each
block into several computations such as computa~-
tion of fractal dimension, computation of classes of
blocks, computation of mean of the block, and
computation of JND. With these, each processor
can be built with several pipelines to obtain high
throughput.

The third part is encoder, we can utilize 4 paral-
lel paths shown in figure 1(a), and parallelism
inside of each region. For this part, sophisticated
bit-allocation and rate control schemes are needed
to obtain the best results for the fixed bit rate.
This part is directly related to the bit-allocation
scheme, bit rate, whether VBR (variable bit rate)
or CBR (constant bit rate) scheme is used (10].

If we study details of implementation issues pre-
sented here, we can implement real-time high
quality video compression systems utilizing segmen-
tation-based compression algorithm, which can be
used in many applications such as video phone,
video conference. medical imaging system, fac-
simille, machine vision, image classification and so
on (8).

V. Conclusions

In this paper, we propose a new texture segmen-
tation-based image coding technique using the
fractals and the HVS, which achieves compression
in the neighborhood of 0.1 to 0.2 bpp. The seg-
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mentation is good and conforms to the human per-
ception of roughness. Through our experiment, the
proposed method works well for a variety of
images. and performs better the DCT images coder
in terms of visual image quality and SNR. We dis-
cuss the implementation issues of the proposed tex-
ture segmentation-based image coding system in
terms of parallel processing for the real-time sys-

tem.
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