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A Ranking Method for Improving Performance of Entropy Coding in Gray-Level Images
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ABSTRACT

This paper proposes an algorithm for efficient compression gray-level images by entropy encoder. The issue of the proposed method is to
replace original data of gray-level images with particular ranked data. For this, first, before encoding a stream of gray-level values in an image,
the proposed method counts co-occurrence frequencies for neighboring pixel values. Then, it replaces each gray value with particularly ranked
numbers based on the investigated co-occurrence frequencies. Finally, the ranked numbers are transmitted to an entropy encoder. The
proposed method improves the performance of existing entropy coding by transforming original gray-level values into rank based images
using statistical co-occurrence frequencies of gray-level images. The simulation results, using gray-level images with 8-bits, show that the
proposed method can reduce bit rate by up to 37.85% compared to existing conventional entropy coders.
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I . Introduction

As telecommunication technologies and digital
equipments develop, nowadays, an area the researcher is
studying on transmitting and storing image using lossless
compression. The amount of data, in fact, may be so big that
it results in impractical storage and communication
requirements. There are many coding techniques that will
effectively reduce the total number of bits needed to
represent the data. This accompanying process is generally
referred to as compression. An image compression
addresses the problem of reducing data information to
represent a digital image with removing redundancy of data
[11[2].

In actual fact, some of image data such as medical images
and precious paintings need to be stored without any loss of
information. For the purpose of compressing digital images
losslessly and more efficiently, several popular lossless
image coding algorithms such as LZW, Arithmetic and
Huffman coding have been studied for a long time. These
algorithms are called entropy coding [3][4].

These novel entropy coding algorithms are properly
operated for textual data like English texts, but they often
fail to highly compress natural digital image which have
continuos-tone, Because image data is inherently
multi-dimensional and has many different pixel values, the
compression performance of entropy encoder is usually
lower than others in contrast with JPEG-LS using predictive
scheme [5]{6]. From this point of view, we propose an
efficient method to increase compression ratio for gray-level
images.

This paper starts out with an introduction to a scheme
converting the array of pixel values into a more
compressible form so that a large data of digital image can
be compressed more effectively by the entropy encoders.
The proposed method in this paper is a kind of
pre-processing technique to replace each pair of neighboring
pixels of an original image by particularly ordered numbers,
that is, ranks. The goal of this paper is to enhance statistical
characteristic of data redundancy in gray-level images. In
the proposed method, however, a little additional data must
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be transmitted to the decoding entity so that the ranking
image data can be reconstructed to the former image.

In spite of required additional information, experimental
results show that the proposed scheme can reduce bit rate by
up to 37.85% compared to the conventional LZW, Huffman
and Arithmetic coding. This is because the ranked image
from the proposed scheme has more redundancy of data than
the original image. And spatial distribution of the ordered
image is so skewed that image data can be compressed more
efficiently.

The paper is organized as follows. Section 2 introduces
the existing entropy coding method and section 3 the
proposed ranking method. The simulation results are given

in section 4 and finally section 5 concludes.

II. Entropy in Image

The entropy is term which represents code bit of a input
or source symbols and means how input symbols have a
partiality. The process of entropy coding can be split in two
parts. There are modeling and coding. Modeling assigns
probabilities to the symbols, and coding produces a bit
sequence from these probabilities. As established in
Shannon’s source coding theorem, there is a relationship
between the symbol probabilities and the corresponding bit
sequence. A symbol with probability P gets a bit sequence of
length -log,P. In order to achieve a good compression rate,
an accurate estimation of probability is needed [7][8].
Equation (1) is a formula for Entropy.

Entropy = — Y, P log,P, (1)
T

Since the model is responsible for the probability of each
symbol, modeling is one of the most important tasks in data
compression. The entropy coder encodes a given set of
symbols with the minimum number of bits required to
represent them. As we know, two of the most popular
entropy coding schemes are Huffman coding and Arithmetic
coding. Lempel-Ziv coding is also an entropy coding
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scheme. With these entropy coding methods, more
frequently appearing symbols are coded with fewer bits per
symbol [2][9].

When encoding a sequence of symbols, a fixed length
encoder assigns each symbol to the same number of bits,
whereas a fixed length coder assigns different number of bits
to source symbols. Using the statistical characteristic of
input data, the variable length encoder assigns shorter codes
to more frequent symbols, usually resulting in higher
compression ratio than the fixed length coding. So this
efficient variable length encoding method is also called
entropy coding.

On the assumption that an arbitrary sequence of data
consist of 0, 1,2 and 3, The fixed length encoder may assign
2 bits for each symbol. That is, the encoded code words are
00, 01, 10 and 11 correspond to 0, 1, 2 and 3, respectively.
Table 1 shows the appearance probabilities of each symbol
and it also presents the various code words for each symbol
assigned by entropy encoder.

Table 1. An example of entropy coding

Symbol Probability gv‘;‘iz Length
0 0.6 0 1
1 02 10 2
2 0.1 110 3
3 0.1 111 3

It is natural that the average of bit cost is 2 bits per symbol
in fixed length encoding. Under the entropy encoding used
in Table 1, however, the average of bit cost is 1.6 bits per
symbol. It is the result of (1x0.6)+(2x0.2)+(3x0.1)+(3x0.1)
= 1.6 bits per symbol. Therefore, entropy coding is more
profitable than fixed length encoding when compressing
data composed of above symbols. Following Arithmetic and
Huffman coding Algorithm are usually operated effectively
for the general data composed of simple characters

Entropy encoding methods can also be used to compress
digital images. They treats multi-dimensional image data as

a sequence of pixel values. Furthermore, quantized images
generally have a large scale of intensity, so they have more
various symbols than common data. These features
occasionally cause inefficient compression ratio when
applying entropy coding for image data.

From this point of view, we introduce a ranking
technique replacing original image data with particularly
ordered data so that natural gray-level images can be
compressed more efficiently by any entropy encoder. The
proposed method enhances the statistical characteristic of
input data because it uses much more same values to

represent digital images.

Ill. The Proposed Ranking Method

In this paper, we propose the ranking method based on a
gray-level image to improve compression performance of
lossless image by entropy coding. In order to replace an
input image map into a more compressible form, the
proposed method starts with counting co-occurrence
frequencies of adjacent pixel values in a sequence of the
image. Subsequently it replaces original gray-levels with
particularly ordered numbers, based on a set of counted
co-occurrence frequencies. Lastly, it transmits the
transformed ordering data, i.e. ranks and additional
information that indicates co-occurrence frequencies to the
entropy encoder.

Using these simple steps, we have an intention of
enhancing statistical feature of natural digital images which
have intensity based gray-levels. The proposed ranking
technique performs the following simple and easy steps for
increasing data redundancy. If n bits per pixel are used to
represent an arbitrary gray-level image, the image’s
gray-level G is 2". For instance, if a gray-level image uses 2
bits per pixel, then gray-level G is 2°=4. Figure 1 shows an
example of 2 bits gray-level image sized 4x4 using 4
gray-levels; they are *0’, ’1°, °2’ and ’3".
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(a) Original (b} Gray-level

Fig. 1 Gray-level image with 2 bits

3.1 Encoding Part

As mentioned above, the proposed method as a ranking
for the gray-level images enables these kinds of map to be
compressed more efficiently. In the first step, the ranker
transforms a two dimensional input image into a sequence S
which has the lowest gray-level as the first entry. If the
lowest gray-level is zero in an input image sized MxN, the
first entry Sp in 0’ in the sequence S=(Sq4 S1, S2 ..., Syxn)
and the next elements can get by scanning the gray-level
from the top-left corner to the bottom-right corner on the
image map. Therefore the sequence for the image of Figure
1 has ’0’ as the first entry and includes the gray-level values
appeared an image as neighboring elements in Figure 1. The
sequence Sis (0,0, 3,0, 3,2,3,2,3,3,1,1, 1, 1, 2,0, 3).

In the second step, the ranker counts the frequencies of
diagrams in the sequence §, which we will call
co-occurrence frequencies form now on. And then, the
co-occurrence frequencies are stored in the counted number
table (CNT) sized G*G. As stated above, G is the gray-level
of the image. The slots of Gi-tow and Gj-column in the
created CNT have the co-occurrence frequencies
corresponding to the pairs of S; and S;.; appearing in
sequence S. The counted CNT from the sequence S of the
image in Figure 1 is the same as that in Figure 2(a) as an
example.
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Fig. 2 The CNT and ONT tables of Fig. 1

Now, in the third step, the ordered number table (ONT)
sized G*G is created. The ONT has the ordered number
when sorting each rows of CNT in descending order. That is,
the ONT i1s simple obtained by ordering each rows of CNT.
When any same value is detected in a row, the ordered
numbering may be considered to grant priority. In this paper,
we choose the ordered numbering where a value has a higher
priority than any numbers to its right in the same row.
Therefore, a weight function w(j) can be defined as equation
(2) and applied to determine priority by equation (3).

w,(5) = (255 — i — 41)/256 2)

———

ONT;(j)= ONT,(5)+w,;(5) 3)

Through this method, Figure 2(b) is obtained from
Figure 2(a). In the first row of CNT in Figure 2(a). the 2nd
element '3’ is the highest occurrence frequency, so the
ordered number is ’1’ in Figure 2(b). On the other hand, *0’
is the lowest co-occurrence frequency, so the ordered
numbers are *3’ and 4’ as shown in Figure 2(b).
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Lastly, the ranker generates a new sequence (i.e. ranked
image) S’ referencing the entry of ONT corresponding to
each pairs of neighboring gray-levels which appear in one
dimensional sequence S. The entries of S’ are the ordered
numbers of Gi-row and Gj-column of the generated ONT
corresponding to the pairs of §; and S;+; in the sequence S.
Figure 3 shows the result data which will be submitted to the
entropy encoder and Figure 2(b) is additional information
(ONT) to restore the transformed data. So §’ can be
transformed to two dimensional image map sized MxN due
to having entries same as original number of pixels. Because
of the data redundancy of this transformed ranked image, we
can expect that the compression performance will be
improved when using an entropy encoder. Although we
have a problem with CNT when encoding a small sized
image, the proposed ranking method operates well for
general sized gray-level images.

As can be seen in Figure 3, there are more identical
values than the case for the original image data. The reason
why a pair of neighboring pixel values, which have the same
appearance probability, can be represented as the same rank.
It means to enhance the statistical feature of input image so
that the image data can be more compressible form by the
entropy encoder. In addition, we can also reduce bits
required for ONT in Figure 2(b). The ranker transmits only
non-zero frequencies using data structure such as sparse
matrix. This is because there are generally too many zero

frequencies and we can ignore them.

1 1 2 1

Fig. 3 The Result of Ranked Image

The ranked image data is compressed using an
Arithmetic encoding. The reason that Arithmetic encoding is
chosen is because it shows a better compression ratio than
Huffman coding or Arithmetic coding when the symbols
(i.e., ranks) to compress have skewed distributions or small

variance.

The ranked image is achieved from following algorithm;

input file as [a, Map] type
a = double(a); sa = size(a);
saa = sa(l)*sa(2); % 1-D original image

cm(a(1)+1,1) = 1; % count horizontal
changed value
for k=2:saa
cm(a(k)+1,a(k-1)+1) =
cm(a(k)+1,ak-1)+1) + 1;

end

[null,cr] = sort(cm); % make a rank

for k=1:256 % make CNT
[ia,ib] = find(cr == k),
CNT(k,:) = 1a’;
end

b = zeros(l,saa);
for k=2:saa
b(k) = CCT{(a(k)+1,a(k-1)+1);

end

% generate ranked image

d = arithenco(b,ent); % arithmetic encoding

of ranked image

3.2 Decoding Part

Compressed images are perfectly reconstructed in reverse
order of encoding steps. At first, the ranked image data is
uncompressed from entropy decoding. To reconstruct
original image from the ranked image, and then, our decoder
generates ONT from CNT and references ONT with ranks.

The encoded data is reconstructed from following
algorithm;

bhat = arthdeco(d, CNT, saa); %  arithmetic
decoding

ahat = zeros(l,saa); % teconstructing

original image
ahat(1) = cr(bhat(1),1);
for k=2:saa
ahat(k) = cr(bhat(k),ahat(k-1));
end

ahat = unit8(reshape(ahat, sa(l), sa(2))-1);
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IV. Simulation Results

Some of images with various sizes (512x512, 720x576,
722x471, 768%512, 2048%2560) have been used for
simulation. Of course, the tested images have 8 bits
gray-levels. We compared the performance of the proposed
method with entropy coding methods such as LZW,
Huffman and Arithmetic encoding.

At first, we encode the image using LZW, Huffman and
Arithmetic encoders. Subsequently we encode the image
using above encoder after the proposed ranking method. For
the purposed of comparison among three kinds of
compression results, we use the value of bits per pixel (bpp).
The bpp values are calculated including uncompressed
addition information. Since the calculation of bpp for the
proposed method needs to consider the size of compressed
image, addition information and ONT, this simulation takes
into account the size of ONT to store or transmit.

Table 2, Table 3 and Table 4 show the simulation results,
in terms of byte about three different methods, the
conventional encoding and proposed methods, respectively.
As tables demonstrates, the proposed method shows an
average compression gain of 9.71%, 29.26% and 29.47% for
LZW, Huffman and Arithmetic encoding. For 8 bits
gray-level images, the proposed method has lower bpp and
better bit rates are achieved with the proposed method than
with other conventional encoding methods.

Figure 4(a), Figure 4(b) and Figure 4(c) describe original
images, “lena” sized 512x512, "tulips” sized 768512 and
"peppers” sized 2048%2560. Ranked images are obtained
from the original images as in Figure 5(a), Figure 5(b) and
Figure 5(c) using the proposed method, respectively. The
ranked image appears to be much smoother than the original
image. This is expected to greatly facilitate the subsequent
entropy coding. ‘

The histogram distribution of the intensity per gray-levels
in “lena”, “tulips” and “woman” are shown in Figure 6(a),
Figure 6(b) and Figure 6(c). And the histogram of the
distribution of rank which is transformed by the proposed
method is shown in Figure 7(a), Figure 7(b) and Figure 7(c).
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Table. 2 Simulation resuits in LZW encoding

with ranked images

LZW (bpp)

Images conven- the saved
. bits (%)
tional proposed
anemone 7.09 6.91 2.51
bike 6.71 5.77 13.96
boy 5.09 4.89 3.92
cafe 8.32 7.32 12.01
goldhill 7.61 6.71 11.85
lena 6.94 6.34 8.71
monarch 5.75 5.36 6.82
peppers 6.78 6.54 348
tulips 6.44 5.37 16.59
woman 7.33 6.07 17.27
average 6.80 6.13 9.71

Table. 3 Simulation results in Huffman encoding

with ranked images

Huffman (bpp)

Images conven- the SE?VEd
. bits (%)
tional proposed
anemone 7.30 5.75 21.27
bike 7.06 4.86 31.17
boy 6.43 4.08 36.61
cafe 7.59 5.88 22.63
goldhill 7.51 5.50 26.82
lena 7.14 5.30 25.75
monarch 6.83 4,57 33.14
peppers 7.26 5.42 25.37
tulips 7.19 4.50 37.49
woman 7.29 4.93 32.32
average 7.16 5.08 29.26

( Iena

(b) IIips

(c) woman
Fig. 4 Gray-level images
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Table. 4 Simulation results in Arithmetic encoding
with ranked images

Arithmetic (bpp)
Images conven- the ::il::(:%)
tional proposed
anemone 7.25 5.70 21.36
bike 7.02 4.82 31.36
boy 6.38 4.03 36.82
cafe 7.56 5.85 22.65
goldhill 747 5.45 27.10
lena 7.08 5.24 25.99
monarch 6.78 4.50 33.54
peppers 7.20 5.34 25.76
tulips 7.14 4.44 37.85
womarn 7.25 4.91 32.32
average 7.11 5.03 29.47
(@ lena (b) tulips (c) woman

Fig. 5 Ranked images

As shown in Figure 6 and Figure 7, each histogram is
concentrated in lower ranked 100 bins, i.e., higher ranks, and
therefore this makes that we can expect higher efficiency in
the compression ratio. Similar improvements are observed
with other images. As shown in Figure 5 and Figure 7, the
simulation results show that the bit cost is reduced
effectively when encoding ranked images in table 1, table 2
and table 3.

This simulation results obtained using 8 bit gray-level
images show that the proposed method can reduce the bit
rate by up to 37.85 % than other conventional methods.
Further, we note that the proposed ranking method for
efficient lossless image compression can improve

compression performance in the entropy coders.

6000
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2000. il

= Ty

10000 . r . r - ' . .

8000 - -
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2000{ [JIRUA I A m J ]
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140000 . r v ' . . - T -

12OBOO;
100000; i
80000:
60000 -
40000: i
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0 v y . podee * ' y Y
0 50 100 150 200 250

(c) woman
Fig. 6 Gray-level histogram

V. Conclusions

In this paper, we introduced a ranking method in order to
achieve better performance of lossless image compression.
The proposed method transforms an original gray-level
image into a more compressible form based on
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(c) woman
Fig. 7 Ranked histogram

co-occurrence frequencies of two adjacent gray-levels. The
ranked image is compressed more efficiently by the entropy
encoder because data redundancy is increasing and spatial
distribution of replaced image pixels is concentrated in
certain ranks.

This method can be applied in various fields such as
medical imagery used to preserve any original data and any
application that needs to transmit digital images as fast as
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possible. When transforming and restoring an input image,
the improved method operating without additional
information may be considered. It can reduce the amount of
data, thereby providing better compression rate.

All images as in Figure. 5 using the proposed method
appear to be much smoother than the original image. This is
expected to greatly facilitate the subsequent entropy coding.
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