Chin. Phys. B Vol. 20, No. 10 (2011) 104203

An efficient adaptive arithmetic coding image
compression technology*
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This paper proposes an efficient lossless image compression scheme for still images based on an adaptive arithmetic

coding compression algorithm. The algorithm increases the image coding compression rate and ensures the quality of

the decoded image combined with the adaptive probability model and predictive coding. The use of adaptive models for

each encoded image block dynamically estimates the probability of the relevant image block. The decoded image block

can accurately recover the encoded image according to the code book information. We adopt an adaptive arithmetic

coding algorithm for image compression that greatly improves the image compression rate. The results show that it is

an effective compression technology.
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1. Introduction

With the rapid development of digital media tech-
nology and its wide application, the question of how to
reduce digital storage and the amount of data required
in communications is becoming a hot topic, and this
important issue needs to be resolved. As digital im-
ages take up increasingly larger volumes of data, image
compression technology has become the key technol-
ogy in related applications.

The concept of arithmetic coding (AC) was pro-
posed by Elias in the early 1960s, however, it only be-
gan to enter the practical stage in the 1980s. Langdo
L2l undertook a great deal of work on
the Joint Photographic Experts Group (JPEG) and

JPEG-LS image data compression standard. AC is

and Rissanen!

a lossless compression technology which provides an
effective mechanism to remove redundant informa-
tion to aid data compression. Huffman coding is an-
other well-known coding algorithm, but the efficiency
of AC is 10% higher than Huffman coding, so it is
the most efficient statistical entropy coding method so
far. However, due to the coding complexity and some

implementation technique restrictions, and the limi-
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tations of technological realization and patent rights,
its application is not very extensive. Currenly, some
countries have made a vast investigation of AC and ob-
tained some important applications. For example, Q
coder, the patent of IBM, has been applied in the Joint
Photographic Experts Group (JPEG), JPEG2000 and
the Joint Bi-level Image Experts Group (JBIG). AC,
was studied by Witten et all® and also featured in
H.263 and H.264, but most have patent protection.
In contrast, research on AC is rather limited.

AC needs to work with a modeler. The modeler!*!
estimates the probability of each pixel at each it-
eration of the encoding and decoding processes. It
also needs to find the probability distribution of those
symbols, which maximizes compression efficiency, and
sends this information to the decoder as header infor-
mation ensured decidability. The models can be static
or adaptive. When AC works with an adaptive model,
it is usually referred to as adaptive AC®l (AAC).

Recently, many AAC-oriented coding schemes
Golchin and

Paliwall® proposed an adaptive lossless image en-

have been proposed in the literature.

coder technology that combines a context classifica-

tion scheme with adaptive prediction and entropy
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coding. Matsuda et al.l”! proposed a lossless coding
scheme using a block-adaptive prediction technique to
remove redundancy. In 2004, Kuroki et al.[¥l presented
an AAC with prediction errors in lossless image com-
pression. They proposed a model which estimated the
probability density of each error pixel by Laplacian
distribution with zero mean. In 2007, Veeraswamy
et all® predicted five AC coefficients. In the next
year, he described an image AAC technology based
on AC coefficient DHT (discrete hadamard trans-
form) predictions.[*% In recent years, more and more
research!' =131 on AC coefficient prediction, modeler
application and encryption schemes based on AC have
been made. In addition, the C has also been ap-

plied to nonlinear dynamics!'* and the famous chaotic
(18]

system.
Thus, AC has important applications in image
compression.[!517) How to further improve the com-

pression rate has become a problem that requires ur-
gent answers.['8:19 So we propose an efficient lossless
image compression scheme for still images based on
the AAC compression algorithm. The algorithm in-
creases the image coding compression rate and ensures
the quality of the decoded image.

The rest of this paper is organized as follows.
Conventional AC (CAC) is introduced in Section 2.
The improved AC, AAC is presented in Section 3. Sec-
tion 4 shows the experimental results and future work.
Finally, the conclusion and the application prospects

of AC are given in Section 5.

2. The CAC

In this section, we present CAC. AC is a loss-
less compression coding method, it can compress the
source redundancy effectively and make its encoding
rate tend to the entropy of the source. The main idea
of AC is to map the encoded information to a real
number between 0 and 1, then divide [0, 1) into sev-
eral intervals, each value on this interval can uniquely
identify the encoded data. This interval is closed on
the left, denoted by “[”, and open on the right, de-
noted by “)”. Each sub-interval can be represented as
a real number, but the precondition for distinguishing
the sub-interval is that the real number must be pre-
cise enough, that is, there must be a sufficient number
of bits. A symbolic sequence series composed by real

numbers is the corresponding code word. Obviously,

the greater probability of the symbolic sequence oc-
curring is and the wider the sub-interval is, the fewer
number of bits there are and the shorter the corre-
sponding code word is.

A classic AC is Elias coding. In the Elias coding,
for binary value symbol sequence “0” or “1”, the cur-
rent probability space is divided into two sub-intervals
in terms of the respective ratio of probability, the set
of lower limit generated by the probability interval
makes up code values. The code values are revised
one by one according to the input of binary symbols.

Figure 1 shows the representation of Elias code:
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Fig. 1. Elias code.

Suppose the input is P 1, @ 0, and the probability
of 0 and 1 is p, g, respectively, then the average code
length is

L =[-log,p"¢? = [-Plog,p — Qlogyq]. (1)

If the times of p or ¢ are greater than a specified num-
ber, then we let A=A — A x Qe, g =Q/N, so

L = N x [-plogy p — qlog, ql, (2)

where A is the interval length register, which is used
to store the subinterval length. So we can find that
the average code length L/N is almost equal to the
entropy of a symbol. According to Shannon’s noise-
less source coding theorem: the algorithm is close to
an ideal entropy coding algorithm.*

For conventional data compression, the most im-
portant benefits of AC are its optimality and indepen-
dent internal encoding. That is, it is strictly optimal
for a random data source whose probability is deter-
minate. It does not require the probability of source
symbols, in another words, it does not depend on the
prior probability of each symbol. It can adaptively
adjust its probability estimated value based on an ap-
propriate probability model and the current frequency
of each symbol. So it is more flexible in comparison
with Huffman coding. Another advantage of AC is
that it is easy to maintain the dictionary order under

the condition that it does not affect the compression
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efficiency, so the encoded code has the same order as
the non-encoded data. In image compression, that
is, encoding image information in the original image
sub-block sequence strictly avoids the scrambling of
sub-blocks.

However, AC also has its disadvantages. Since
AC is a finite-precision encoding algorithm, with an
increase in the input number, an increase in the pre-
cision of decimal places arises. In addition, the lack of
a prefix code means that the error resilience of the bit
stream decreases (the reason for error: the last bits of
a bit stream will be truncated in the encoding process
where an error code will appear in the decoding pro-
cess). We propose an AAC compression algorithm in

order to resolve this problem.

3. Adaptive arithmetic coding

3.1. AAC

CAC such as the Elias code considers only the
total statistical property of the original file, that is
the probability of the occurrence of each symbol in
L/N non-encoded symbols s;, without considering the
correlation between each symbol in the source. How-
ever, in practice, many information sources are highly
correlated, such as in image compression, image sub-
block pixels demonstrate very strong correlation both
in the contrast and the brightness, which reduces the
performance of AC. However, AAC makes up for the
weaknesses of the Elias code in this area. At the same
time AAC is an algorithm with finite precision, the
accuracy of the algorithm does not increase with the
augment of number of encoded symbols, which is easy
to be realized by a computer’s hardware. In addition,
the algorithm does not distinguish one source from the
another by “0” and “1”, but divides the interval by the
MPS (more probable symbol) and the LPS (less prob-
able symbol). Moreover, the precondition of dividing
the current probability interval into two sub-intervals
is that the MPS subinterval can be configured to the
LPS subinterval. Therefore, if the symbol is an MPS,
when we attach the LPS to the code, let the width
of the probability interval be that of the MPS; if the
symbol is an LPS, the width of the probability inter-
val is that of the LPS. Repeat recursively as judgment
for input.

First, setup two registers A and C, A denotes the
interval length register used to store the subinterval

length, C' denotes the code register used to store the
mantissa of the code stream.

Let Q. be the probability evaluation of the LPS.
When the input symbol is judged to be an MPS:

C=C+AXQe, A=A-Qe.

When the input symbol is judged to be an LPS:
C:C) A:A—AXQe

For simplicity, we make a renormalization and
condition exchange about the above formula. The pur-
pose of renormalization is to ensure the fixed accuracy
of the sub-interval and to avoid its length being too
small, and make it remain at [0.75, 1.5]. If A < 0.75,
A and C' are multiplied by 2 until the interval length
register is greater than 0.75. Meanwhile, in order to
avoid overflow of C', the C' register shifts left one bit
periodically on the high-order. Condition exchange
is a transition when the length of the MPS interval
is less than the LPS interval, its purpose is to make
the interval length LPS a constant approximated to 1,
then there is the formula below.

When the input symbol is judged to be an MPS,

C:C+ch AZA*QCQ

when the input symbol is judged to be an LPS,
C=C, A=A-Q-..

Currently, the AC has an important application
in image compression. We know that there is a strong
context correlation when the gray values of the cur-
rent image in pixels closely resemble each other or are
perfectly equivalent. AAC obtains compressed data
based on the preprocessing of an inputted image and
context information provided by a bit plane encoder
(BPE), as shown in Fig. 2.

The JPEG uses the probability estimation state
machine to provide a probability evaluation and the
conversion relationship under different states accord-
ing to the encoded input and context information.
During the encoding process, each state S corresponds
to a probability Q.(S) of the LPS, a next-index-MPS
(S) (i-e. if the input is an MPS, the state machine
moves to the index value of new state) and a next-
index-LPS (S) (i.e. if the input is an LPS, the state
machine moves to the index value of the new state).
The JPEG also stipulates that state transition can be

carried out only in the case of renormalization.
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input information

> arithmetic encoder |—> compressed data

context

Fig. 2. Adaptive arithmetic coding.

When several great probability symbols appear in
a row, A > 0.75, the MPS needs to be renormalized.
If the previous state is S, the state machine moves to
a new state So. If Qo(S2) < Q(S1) at this moment,
the adaptive adjustment of probability estimation is
achieved. Whereas, when several small probability
symbols appear in a row, the state machine moves to
the greater state Q.(.S5).
cess, if the probability of an LPS is greater than that of
an MPS, switch the corresponding symbol of the LPS
and that of the MPS. Then the probability estimated
value ()¢ of LPS will change correspondingly. Figure

During the movement pro-

3 displays subinterval flowchart of an arithmetic en-

coder.
LPS or MPS
Cc=C C= C+Qe
A=A-Q. A=A-Q.

Fig. 3. Subinterval flowchart of arithmetic encoder.

3.2. Proposed approach

Our AAC involves two major processes: estab-
lishing the probability model and encoding.

(I) Establishing the probability model: handle
the pixels of an image as one-dimensional data X; =
T1To . ..x; by time series. The purpose of the model is
to deduce X; + 1 by putative conditional probability
distribution P(.|X;).

In our lossless compression scheme, probability
assignment is divided into three parts:

i) prediction, given a prediction Xx, +1 of X; +1
through a subset of X,

ii) determine the context of X; 4+ 1, which is usu-
ally a function of encoded subsequence,

iii) establish the probability model of prediction
errors F; +1 = X; +1 — Xx, + 1 of the context of
X, + 1.

(IT) Encoding: first, the original image with size
of M x N is divided with fixed segmentation, the
sizes of the resulting image blocks are M x N/k?,

k= 1,2,...,min(M,N). Then we employ a kind

of multi-symbol AC (MSAC) called a range coder on
AC bases instead of the variable-length code in encod-
ing processing. A probability table used in the range
coder is dynamically given to realize the context of the
image blocks. The set of thresholds {T3,T5, ..., T}
are predisposed to limit the range of context informa-
tion, then take AAC by using prediction errors. Since
the range order requires no floating-point, in addition
to the high efficiency and simpleness of AAC by using
prediction errors, it can work faster than CAC meth-
ods.

4. Experimental results

4.1. Evaluation criteria of image com-
pression performance

I) Compression ratio: the essence of image com-
pression coding is to represent an image with the mini-
mum bits under a certain condition. In order to assess
the compression efficiency of an algorithm, we adopt
compression ratios that are defined as follows:

M=z
M=z
<
oy
<

@
I
—
<.
I
—

Q
I

: (3)
re(i,7)

M=
M=

Q
Il
-

<.
Il
—

where 7}, is the bits per pixel of original image, r. is
the bits per pixel of the compressed image.

Usually the compression ratio is specified by 8
bit/pixel, in other words, after pulse code modulation
(PCM), the quantification bit number n = 8 with non-
compression is encoded, the average number of bits
per pixel is r., so formula (1) can be expressed as

Cp=—. (4)

II) Mean square error: generally, the criterion to
evaluate the quality of a compressed image is the fi-
delity criterion. There are two kinds of fidelity cri-
terion: objective fidelity criterion and subjective fi-
delity criterion. The former is measured by the error
of non-compressed and compressed images; the latter
depends on the subjective feeling. Here, we adopt an
often used global objective fidelity criterion, the mean
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square error is defined as

M-1N-1

MSE =2 3 3 lgley) — fey) ()

=0 y=0

where M x N is the total number of pixels and g(z, y)
and f(z,y) are the pixel values in the original and
reconstructed image.

4.2. Experimental results

We apply our AAC method to 8 bit/pixel gray
images with size of 512 x 512. Four images, Goldhill,
Lena, Pepper and Zelda in Fig. 4, are suitable for eval-

(a) Goldhill (b) Lena

uating the test effect of the algorithm to the images
with different features since they have much correla-
tion in content. Experiments start at the block with
size of 8 x 8 by fixed segment and are compared with
the AACO method and the AAC method in Ref. [5] to
explore the advantages and limitations of our method.
The experimental simulation is done on a PC with a
Windows XP operation system and an AMD/Athlon
1.6 GHz processor.

As a sample, figure 5 shows the decoded image by
using our AAC method. Figures 5(a), 5(b), 5(c) and
5(d) correspond to Figs. 4(a), 4(b), 4(c), and 4(d),
respectively.

(d) Zelda

(c) Peppers

Fig. 4. Original image.

(a) Goldhill

(b) Lena

(d) Zelda

(c) Peppers

Fig. 5. Decoded image.

4.3. Analysis of experimental results

Table 1 shows the comparison of results between
our AAC and AACO and the latest, representative
AAC method formulated by French scholors Atef et
al. in Ref. [5]. From Table 1 we can see that the com-
pression ratios for our AAC are between 0.21% and
1.998%, which are higher than those obtained by AAC
in Ref. [5], and it outperforms the AAC in Ref. [5] by
a factor of 1.203% on average. Similarly the com-
pression ratios for our AAC are between 2.009% and

13.464%, higher than those obtained by AACO0, and

it outperforms AACO by a factor of 5.273% on av-
erage. Theoretical analyses and the results indicate
an improvement of compression performance over two
However, all the values of MSE
are 0, showing the decoded image without any quality

other approaches.

loss. So we can say that this algorithm realizes the
lossless compression of an image.

We have already improved the AC algorithm
based on an adaptive modeler, but it still limits the
large quantity of calculation in AC algorithm to some
degree, so we will continue to learn about AAC and
to reduce its compression time.
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Table 1. Comparison result between our AAC and AACO and AAC in Ref. [5].

AACO AAC in Ref. [5] Our AAC
Original images =~ Compression Compression Compression  Gain (AACin  Gain (AACO) MSE
ratio ratio ratio Ref. [5])/% /%
Barbara 1.07 1.096 1.102 0.588 2.903 0
Boat 1.122 1.133 1.145 1.048 2.009 0
France 1.234 1.423 1.426 0.21 13.464 0
Goldhill 1.069 1.102 1.121 1.69 4.639 0
Lena 1.073 1.117 1.134 1.499 5.379 0
Peppers 1.056 1.079 1.101 1.998 4.087 0
Zelda 1.1 1.135 1.151 1.39 4.431 0
Average 1.104 1.155 1.169 1.203 5.273 0

Table 2 lists the PSNR results of all test images
when the compression ratio is 1.100. As shown from
the results, the rate-distortion performance of the real
wavelet transform (RWT)-version coders, regardless of
the set partitioning in hierarchical trees (SPIHT) or
EBCOT algorithm, is always superior to their integer
wavelet transform (IWT)-version counterparts, due to
the excellent energy clustering ability provided by the
RWT. For our AAC algorithm, the adaptive encod-
ing makes it exhibit the best performance on average

among all test coders. The average PSNR increas-
ing ratio of the AAC over the SPIHT and embedded
block coding (EBCOT) are 5.52% and 4.52% for all
images, respectively. Compared with the F-Biliner
and F-Bicubic method in Ref. [20], the PSNR improve-
ments of the AAC Lena image is higher 1.80 dB and
1.84 dB, respectively. The bar graph, Fig. 6, is a vi-
sualized reflection of the comparison of results. The
number of x labeled in Fig. 6 corresponds to the num-
ber in Table 2, respectively.

Table 2. Comparison result of PSNR between our AAC and SPITH and EBCOT.

Average increasing

Number Test image RWT-SPITH IWT-SPITH RWT-EBCOT IWT-EBCOT AAC ratio (SPITH, EBCOT)
1 Barbara.tif 31.40 30.93 32.29 31.48 33.32 6.92%, 4.51%
2 Boat.tif 33.01 32.87 33.20 32.97 33.89 2.88%, 2.43%
3 France.tif 31.68 31.57 32.68 32.57 33.56 5.82%, 2.86%
4 Goldhill.tif 30.56 30.47 30.59 30.38 32.33 5.95%, 6.05%
5 Lena.tif 31.11 31.02 31.05 30.97 33.57 8.06%, 8.25%
6 Zelda.tif 33.59 33.21 33.70 33.40 34.56 3.48%, 3.01%

The MQ arithmetic coder has been adopted to
achieve entropy coding in the latest image compres-
sion standard JPEG2000, which is a bit-level opera-
tion with an intensive branch and feedback, and thus
becomes a serious bottleneck of high speed JPEG2000.
In this paper, a comparison the run time results be-
tween our AAC and MQ and proposed MQ in Ref. [21]
is shown in Table 3. Experimental results as shown

in Table 3 demonstrate the efficiency of the proposed
method in reducing the computation time of our AAC
method. It also indicates that an average 5.75% re-
duction ratio of run time can be obtained. The bar
graph, Fig. 7, is a visualized reflection of the com-
parison of results. The number of x labeled in Fig. 7

corresponds to the number in Table 3, respectively.

Table 3. Comparison of results of run time between our AAC and MQ and proposed MQ in Ref. [21].

Number Test image MQ Proposed MQ Our AAC Reduction ratio
1 Barbara.tif 0.335 0.308 0.291 5.52%
2 Boat.tif 0.322 0.296 0.26 12.16%
3 France.tif 0.321 0.297 0.282 5.05%
4 Goldhill.tif 0.343 0.315 0.296 6.03%
5 Lena.tif 0.279 0.252 0.242 3.97%
6 Zelda.tif 0.235 0.208 0.206 1.96%
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5. Conclusion

In this paper, we proposed an efficient lossless im-
age compression scheme—the AAC compression algo-
rithm. The algorithm increases the image coding com-
pression rate and ensures the quality of the decoded
image by combining the adaptive probability model
with predictive coding. The use of adaptive models for
each encoded image block dynamically estimates the
probability of the relevant image block. The decoded
image block can accurately recover the information
according to the code book of the encoded image.

AC is an efficient lossless compression scheme, as
a result of AAC for image compression, it can greatly

improve the image compression rate. The experimen-
tal results show that it is an effective compression
technology. With continuous improvement of AAC
technology, it will break the shackles of patent per-

missions and gain much wider applications.
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