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ABSTRACT

This project focuses on implementing image compression by the embedded
zerotree wavelet algorithm (EZW). The EZW algorithm has been successfully applied in
image compression, by which a high compression ratio can be reached while still keeping
the quality of theimage. The wavelet transformation first decorrel ates the image samples
and get transform coefficients. Then the significance map of the wavelet coefficients are
guantized and encoded to symbol stream by the successive-approximation entropy-coded
guantization (SAQ). The symbol stream is then represented as bit stream for

transmission lossesdy and efficiently.

Implemertation of the EZW algorithm in this project can be considered as success.
The compressed image has a remarkable smaller size compared with the origina image.
However, due to the limit of our algorithm, the wavelet coefficients were rounded to
integers © be processed. This quantization leads to the information loss and hence a
decreasing in image quality. So future work can be done to enhance the data process

capacity and furthermore improve the image quality and compression ratio.



I. Introduction

I mage compression methods employing wavelet transforms has been successfully
implemented to provide high compression rates while maintaining good image quality.
The main contribution of wavelet theory and multiresolution analysis is that it provides
an elegant framework in which both anomalies (such as edges and object boundaries) and
trends (areas of high statistical spatial correlation) can be analyzed on an equal footing
[1]. Wavelet is a signal representation in which some of the coefficients represent long
data lags corresponding to a narrow band, low frequency range, and some of the
coefficients represent short data lags corresponding to a wide band, high frequency range.
Using the concept of scale, data representing a continuous tradeoff between space and

frequency is available.

The significance map is a binary decision indicates if a coefficient of a 2-D
discrete wavelet transform has a zero or nonzero quantized value [1]. The coding of the
significance map, or in other words, the positions of those coefficients that will be
transmitted as nonzero values is one of the important aspects of low bit rate image coding.
After quantization followed by entropy coding, the zero symbol, which occur with the
most likely probability, must be extremely high in order © achieve very low bit rates.
Therefore, a brge fraction of the bit budget is spent on encoding the significance map.
This results in a significant improvement in encoding the significance map, and hence, a

higher efficiency in compression.



The successive approximation is a compact coarse-to-fine logarithmic
multiprecision representation of the significant coefficients. By employing the SAQ, the
EZW coder generates a representation of the image that is coarser-to-finer in both the

gpatial domain and frequency domain simultaneously.

Il. Transform Coder

2.1 Discrete Wavelet Transform

Wavelets are generated from on single function f by dilations and trandations
j (=277 (2°x-u)
Using the wavelet transform, any signal f can be represented as a superposition of

wavelets.

f (X) = é. Wsuj s,u(x)

sul Z

where W, = su(X¥) f(X)dx isthe wavelet representation of the signal.

Wavelet transform provides a hierarchical signal representation, each coefficient
corresponds to a spatial area and a frequency range. It is identical to a hierarchical
subband system, where the subbands are logarithmically spaced in frequency and
represent octave-band decomposition. At each level, the signal can be further

decomposed into a coarser approximation ard a corresponding added detail.
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Figure 1 Multistep Analysis and Synthesis of Wavelet Coefficients Process

The coefficients in the same orientation and corresponding to the same spatia
region in the image can be organized as atree, where each parent node has four children
nodes, which are in the higher frequency band corresponding to the same spatial region.
Such tree-structured representation provides and efficient means for exploitation of

wavelet coefficients clustered both in spatial and frequency domain.
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Figure2. A One-Level Wavelet Decomposition

At the first stage of wavelet transform, the original image is divided into four
subbands by separable application of vertical and horizontal filters. Each coefficient
represents a spatial area corresponding to approximately a 2x2 area of the image. The

low frequencies (L) represent 0<|?|<p/2, and the high frequencies (H) represent



p/2<|?|<p, as shown in Figure 2. The HL;, LH; and HH; represent the finest scale

wavel et coefficients.

Then, the subband LL; is further decomposed by separable vertical and horizontal

filters, as shown in

Figure 3. This process is continued till the final level is reached. For example, a

256%x256 image will have 8 levels of subbands. At each level, there are 3 subbands, and a

remaining low frequency subband representing all coarser scales. The coefficients in

higher level, or say coarser scale, represent larger spatial area but a narrower frequency

band. In subband coding systems [6], the coefficients from a given subband are usually

grouped together for the purposes of designing quantizers and coders.
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Figure 3. A Two-level Wavelet Decomposition

2.2 Transform Coder

Basically, a low-bit rate image encoder consists of three components: a

transformation, a quantizer and data compression, as shown in Figure 4.
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Figure4. Transform coder

The origina image is operated by some lossless transformation, generating
transform coefficients. And the transformation is supposed to decorrelate the samples, i.e.
the output transform coefficients are expected to be uncorrelated, or even better to be
independence, though in practical this may not be exactly. Theideal situation is that after
the transformation all resulting coefficients are statistically independent. If the mean is
extracted and coded separately, then zero-mean, independent distributed random

variables can be used to approximately model the coefficients.

The less correlated coefficients are quantized to some particular quantization bins,
forming the symbol stream. The quantization step is expected to achieve small entropy
of the resulting distribution of bin indexes such that the symbols can be entropy-coded at
alow bit rate. Thisis the stage where information loss takes place, and directly affects
the quality of the compressed image. An entropy code is designed based on modeling
probabilities of bin indices as the fraction of coefficients in which the absolute value of a
particular bin index occurs [1]. Assuming the symbols are independent with each other,
the entropy of the symbols, H, can be expressed as

H=-plog,p-(1-p)log,(1-p) +(1-p)[1+H ]
where p is the probability of a zero quantized transform coefficient, and Hyz is that given
nonzero vaues, the conditiona entropy of the absolute values of the quantized
coefficients. The first two terms on the right hand side of the equation are the 1%-order
binary entropy of the significance map, and hence represent the fraction of encoding the

significance map in the whole entropy. The last term is the conditional entropy of the



distribution of nonzero values multiplied by the probability of a coefficient being nonzero,
and hence represents the fraction of encoding those nonzero values of the entropy. In any
case, the part of encoding the significance map always has a higher priority in the total

cost of encoding, i.e. we scarify the cost of encoding nonzero values to guarantee the
encoding of significance map. When the target rate decreases, the probability of zero in

creases leading to the encoding cost of significance map increases. In other words, the
cost of determining the positions of the few significant coefficients is the most important
part of the bit budget at low rates, and its fraction in total cost will increase as the target

rate decreases.

The last block of a transform encoder is data compression. In this step, the
symbol stream is losslessly represented by bit stream with high efficiency. To improve
the compression of significance maps of wavelet coefficients, the data structure zerotree

isused in this project.

I1l. Zerotree of Wavelet Coefficients

3.1 Zerotree structure

The zerotree is defined as in the following way. First, a threshold T is defined
and used to compare with all coefficients. A wavelet coefficient x is insignificant if
[x|<T, and issignificant if |x|>T. A hypothesisisthat if a wavelet coefficient in a coarser
scale is insignificant with respect to the given threshold value T, then all the coefficients
of the same orientation in the same spatial location at finer scales are likely to be

insignificant with respect to T as well [1]. Zerotree is based on this hypothesis, which is



often true by empirical evidence. In a hierarchical subband system, except the finest
scaled subband, all coefficients at any scale are related to a set of coefficients at the next
finer scale of similar orientation. The coefficient at the coarser scale is called the parent,
and all coefficients representing the same spatial area at the next finer scale of similar
orientation are called children[1]. All the coefficients for a given parent at all finer scale
representing the same spatial area of similar orientation form the set of descendants.
Similarly, al the coefficients for a given child at all coarser scale representing the same
gpatial area of similar orientation form the set of ancestors. The parent-child
dependencies of subbands are shown in the Figure 5 below. The arrows point from the
subband of the parents to the subband of the children. The top left subband represents the
lowest frequency, the coarsest scale. The bottom right subband represents the highest
frequency, the finest scale. Any coefficient is an element of a zerotree if dl its
descendants are insignificant with respect to the given threshold value. If an element of a
zerotree is not predicatably insignificant from the discovery of a zerotree root at a coarser

scale at the same threshold, it is called the zerotree root.



Figure5. Parent-Child Dependencies of Subbands

3.2 Scanning of the wavelet coefficients

When scanning the coefficients, there are two principles. First, parent node is
always scanned before al its children nodes. Second, al positions in the same subband
re scanned before the scan goes to the next finer subband. The process starts from the
lowest frequency subband LLy, where N is the marsest scale. Then subband HLy LHy
and HHy are scanned. After that, the scan goes to the next finer scale N-1, and HLn1

LHn-1 and HHp-1 are scanned. The procedure is shown in Figure 6.
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Figure 6. Scanning Order of the Subbandsfor Encoding a Significance Map

The significance map then can be encoded with four symbols. 1) zerotree root, 2)
isolated zero, i.e. the coefficient itself is ingignificant but has some significant

descendants, 3) positive significant and 4) negative significant.

V. The EZW Algorithm

4.1 EZW algorithm features

The embedded zerotree wavelet algorithm (EZW) is a simple and effective image
compression algorithm. It has severa notable advantages:

1) wavelet transforms,

2) zerotree coding,

3) importance defined by a decreasing sequence of uncertainty intervals,

4) adaptive arithmetic coding using small aphabets.
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Its most remarkable feature is that the bits in the bit stream are generated in order

of importance, yielding a fully embedded code.

This embedded code provides

information about the nonzero wavelet coefficients, i.e. the significance map, to

distinguish the image from a null image. The encoder can terminate the encoding at any

point to meet a target rate. And the decoder can stop decoding at any point in the given

bit stream as well, but still recover the same image encoded at the bit rate. A simple

example is explained in detail to clarify the operation in EZW algorithm.

4.2 A simple example

Suppose we've done the wavelet transform of an 8x8 image and the wavelet

transform coefficients arein

Figure 7. The successive-approximation entropy-coded quantization (SAQ)
method is applied to encode the coefficients. The procedure is described as following.

63 | -34 | 49 10 7 13  -12 7
-31 23 14 -13 3 4 6 -1

15 14 3 -12 5 -7 3 9

-9 -7 -14 8 4 -2 3 2

-5 9 -1 47 | 4 6 -2 2

3 0 -3 2 3 -2 0 4

2 -3 6 -4 3 6 3 6

5 11 5 6 0 & -4 4

Figure 7. Wavelet Coefficients of an 8x8 Image
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The top left corner coefficient 63 is the biggest value among all coefficients and
represents the DC coefficient. According to the largest coefficient magnitude, the first
dominant pass threshold T can be any number between 31.5 and 63. Choose Ty = 32.
The lowest frequency coefficient with magnitude 63 is greater than the threshold and
hence is a positive symbol. At the decoder end, this coefficient will be decoded to the
center value of the uncertainty interval [32, 64), which is 48. Next, according to the scan
order, the coefficient -34 is to be processed. Its magnitude is also greater than 32 and
therefore is a negative symbol. It will be decoded to -48 in the reconstruction of the
image. The coefficient of LH3 is-31, which isinsignificant with respect to the threshold
32. But it has a descendant of magnitude 47 in LH1. Therefore, -31 is an isolated zero.
So far, the 1% dominant pass has completed the process on the finest scale and is going to
move to the 2" scale. At HL2 subband, except 49 is a positive significance, all other
three are zerotree root. At LH2 subband, all coefficients are insignificant. However, 14
has a significant child. Therefore, 14 is an isolated zero, like -31, and al other three are
zerotree roots. Coefficients in HH2 subband are all zerotree roots since themselves and
their descendants are all insignificant. Then move to the finest scale. Both HL1 and HH1
have all zeros. At LH1 subband, except 47 is a positive significant, all others are zeros.

This completes the 1st dominant pass of the sample 8x8 image.

After the 1st dominant pass, the 1st subordinate passis applied to the significance
map. The subordinate pass only looks at the nonzero values and refine them. The
uncertainty intervals are refined as [32, 48) and [48, 64). Any significant coefficients

greater than 48 will be encoded as symbol “1”, and as symbol “0” if lying between 32

12



and 48. Each symbol “1” will later be decoded as 56, which is the center of the interval

[48, 64), while symbol “0” will later be decoded as 40, the center of the interval [32, 48).

During the 2'¢ dominant pass, the threshold value is set to be 16 since al the

coefficients to be processed are those insignificant ones after the 1% dominant pass, which

are between [0, 32). The procedure is the same as the 1% dominant pass and results are

shown in Table 1. The 2" dominant pass processes all the significant coefficients after the

2" dominant pass, including those from the 1% dominant pass. The uncertainty intervals

arerefined as [16, 24), [24, 32), [32, 40), [40, 48), [48, 56) and [56, 64). In other words,

uncertainty intervals starts from the threshold value, and has interval length 16/2 = 8.

Results are shown in Table 1.

The SAQ processing continues and can cease at any time.

Table 1. Process of the 1st and 2nd Dominant and Subordinate Passes

Symbol and Reconstruction Value
Coefficient| 1st Dominant Pass | 1st Subordinate Pass| 2nd Dominate Pass | 2nd Subordinate Pass
Subband] Value (Threshold T=32) |interval center (56 40)] (Threshold T=16) (60 52 44 36 28 20)
LL3 63 POS 48 1 56 0 60
HL3 -34 NEG  -48 0 40 0 36
LH3 -31 1Z 0 0 NEG -24 28
HH3 23 ZTR 0 0 POS 24 20
HL2 49 POS 48 1 56 0 52
HL2 10 /TR 0 0 /TR 0 0
HL2 14 Z1R 0 0 ZTR 0 0
HL2 -13 Z1R 0 0 ZTR 0 0
LH2 15 Z1R 0 0 ZTR 0 0
LH2 14 1Z 0 0 ZTR 0 0
LH2 -9 ZTR 0 0 ZTR 0 0
LH2 -7 ZTR 0 0 ZTR 0 0
HL1 7 Z 0 0 ZTR 0 0
HL1 13 Z 0 0 ZTR 0 0
HL1 3 Z 0 0 ZTR 0 0
HL1 4 Z 0 0 ZTR 0 0
HL1 -1 Z 0 0 ZTR 0 0
HL1 47 POS 48 0 40 0 44
HL1 -3 Z 0 0 ZTR 0 0
HL1 -2 Z 0 0 ZTR 0 0
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V. Experimental Results

For any given wavelets coefficients as input with all elements integers, the EZW
algorithm encodes the significance map and then the decoder reconstructs the coefficient

matrix. The decoder output is proved to be exactly the same as the input coefficients.

The EZW coder was applied to the 256x256 grey level (8bit/pixel) test image
“cameramantif”, which is shown in Figure 8(a). The coding result has 8030 zeros and
1675 ones, totally 9705 bits. The compressed file uses a 0.138 bit/pixel. Hence the
compression ratio reaches 54.0225, which is a remarkable efficiency. The peak-signal-
to-noise-ratio (PSNR) is 29.5474 dB. The PSNR is calculated with the following formula:

é u
éMaxGreyLevel © MN (i
108 a

PSNR =1010g,, £
galg(x,y)- f(><,)/)lH

where g(X,y) isthe compressed image, f(x,y) is the raw image, M isthe image width, N
is the image height and MaxGreyLeve is the maximum vaue of f(x,y).

The reconstructed image has a worse quality compared with the original one.
Edges are blurred and some details are smeared. But we believe this is a reasonable
quality for a high compression ratio of 54:1. Note that the codec itself did not introduce

any error, but the quantization makes the compression lossy.
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(a) Original image at 8 bpp (b) Reconstructed image at 0.138bpp,
54:1 compression, PSNR=29dB

Figure 8. Performance of EZW Coder Operating on “Cameraman.tif’

VI. Conclusion

1

2)

3)

The implementation of EZW agorithm is successful. Given any wavelet
coefficients with all elements integer, the algorithm encodes the coefficients
to bit stream with high efficiency and the decoder reconstruct the coefficients
exactly the same as the original ones.

According to the implement of the EZW algorithm on the test image, great
compression ratio is achieved with an acceptable image quality. The very
high compression ratio and small PSNR vaue prove the success of the
implementation.

One of the reasons that the reconstructed image quality is not so good is that
due to the limit of our code, the wavelet coefficients must be integer.
Therefore al the coefficients are rounded to the nearest integer and hence
information is lost. This is where information loss occurs in our agorithm.

Future work can be done to remove this deficiency.
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Contributionin %

Tasks Yi Zhang Hongyu Sun
Report 60 40
Coding 40 60
Slides 50 50
Total 50 50
Signature: (Yi Zhang)

(Hongyu sun)
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