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ABSTRACT

Embedded zerotree wavelet coding (EZW), introduced by
J. M. Shapiro and recently improved by A. Said and W. A.
Pearlman using an algorithm based on set partitioning in hi-
erarchical trees (SPIHT), is a computationally inexpensive
image coding technique and has proven to be a very effec-
tive image compression method based on the mean-square
error (MSE) distortion measure. However, the MSE does
not guarantee preservation of good perceptual qualities in
the decoded image, especially at low bit rates. In this pa-
per, we propose a perceptually-tuned embedded zerotree im-
age codec (PEZ) that introduces a perceptual weighting to
the wavelet transform coefficients prior to EZW encoding.
In this coder, the EZW attempts to minimize a perceptually
based distortion measure instead of MSE. The perceptual
weights for all subbands are computed based on the just no-
ticeable distortion (JND) thresholds for uniform noise. The
new perceptually tuned codec has the same complexity as
the original EZW/SPIHT techniques and results in a com-
parable or superior coding performance. Coding results are
presented to illustrate the performance of the new coder.

1. INTRODUCTION

The last years have seen increasing efforts within the image
coding community to integrate aspects of the human visual
system into the development of coding algorithms [1]. In
part, this has been motivated by the fact that, given the
diversity of image types and sources, reliable engineering
models for image sources currently do not exist. With the
absence of reliable image source models, image coding al-
gorithms must rely upon generalized receiver models to op-
timize their efficiency and performance. For an image the
ultimate receiver is the human visual system, and image
perception is affected by its sensitivity and masking prop-
erties. However, most of the existing methods for image
coding are designed to minimize tractable distortion crite-
ria such as the MSE between the images at the input and
the output of the coding system. Minimizing such distor-
tion measures does not necessarily guarantee preservation
of good perceptual quality of the reconstructed images and
may result in visually annoying artifacts despite the poten-
tial for a good signal-to-noise ratio (SNR). This is especially
true in low bit rate image coding applications where the
goal must be to remove as much perceptual redundancy as
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possible while introducing minimal perceptual distortion.

Embedded zerotree wavelet coding, an image coding
technique introduced by J. M. Shapiro [2], and its improved
implementation by A. Said and W. A. Pearlman [3] based
on set partitioning in hierarchical trees have proven to be
very effective in minimizing the MSE while achieving ex-
cellent compression ratios. In addition, these techniques
exhibit very desirable characteristics including very fast ex-
ecution and embedded bit-stream transmission. Although
EZW based image coders are effective at minimizing MSE,
they are not explicitly designed to minimize perceptual-
based distortions that are matched to the capacities of the
human visual system. This paper presents a perceptually-
tuned embedded zerotree image coder which, prior to en-
coding, weights the transform coefficients according to their
perceptual importance and, therefore, minimizes a percep-
tually more relevant distortion measure than MSE.

The paper is organized as follows. In Section 2, we pro-
vide a short review of the wavelet pyramid decomposition
and EZW coding. Section 3 describes the perceptual distor-
tion measure we use. The description of the proposed per-
ceptually weighted EZW codec in Section 4 is followed by
an argument that it attempts to minimize a perceptually-
based distortion measure instead of the MSE. In Section 6,
we provide some coding results, and the paper concludes
with Section 7.

2. BACKGROUND

2.1. Discrete Wavelet Pyramid Decomposition

Figure 1 illustrates the elements of a one-dimensional two-
level perfect-reconstruction wavelet pyramid. The input se-
quence x is convolved with low-pass analysis filter G and
high-pass analysis filter H, and each result is down-sampled
by two, yielding the first level output signals xr, and xu. A
discrete wavelet pyramid decomposition is obtained by fur-
ther decomposing the low-pass signal by means of a second
identical pair of analysis filters resulting in the signals xrL
and xpg. The process may be repeated, and the number of
such stages defines the level of the transform, L. The sig-
nal is reconstructed through up-sampling and convolution
with low and high synthesis filters G* and H*. For prop-
erly designed filters, the signal x is reconstructed exactly,
ie. y=x.
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Figure 1. One-dimensional, two-level Wavelet Pyramid

With two-dimensional signals, the discrete wavelet pyra-
mid decomposition is applied in a separable fashion for
each dimension. Each filter is two-dimensional, and the
down-sampling operation is applied to both dimensions.
As in the one-dimensional case, the process may be re-
peated a number of times, in each case applying the low
frequency component as input to a next stage of identi-
cal filters. In this paper, the level I describes the num-
ber of two-dimensional filter stages a component has passed
through, and the orientation o identifies the four possible
combination of low-pass and high-pass filtering the signal
has experienced in the last stage. The orientations are in-
dexed as follows: {0,1,2,3} = {LL,HL,HH,LH}. Each
combination of level and orientation {l, o} specifies a single
subband {z;,.(r, ¢)}, with (r,c) denoting the location of the
transform coefficients within the subband. For the work
presented in this paper, we used the 9-7 tap Antonini et al.
biorthogonal filters [4].

2.2. Embedded Zerotree Wavelet Coding

Embedded zerotree wavelet coding is a very effective and
computationally inexpensive technique for image compres-
sion. Its principles of operation are (1) wavelet pyramid de-
composition of the image, (2) partial ordering of the trans-
form coefficients by the highest bit plane of the magnitude,
with the ordering information encoded by means of a set
partitioning algorithm that is reproduced at the decoder,
(3) ordered bit plane transmission of refinement bits, and
(4) exploitation of the self-similarity of the image wavelet
pyramid decomposition across different scales.

The wavelet pyramid coefficients are coded by a suc-
cession of sorting and refinement passes. During the sort-
ing pass, the magnitudes of the coefficients are compared
against a threshold. A coefficient is classified as significant,
and its sign needs to be coded if its magnitude is lager than
or equal to the threshold; otherwise, it is insignificant, or
zero, with respect to the current threshold, and no data
needs to be transmitted. During the refinement pass, the
precision of all previously significant coefficients is increased
by sending the next bit from the binary representation of
their values resulting in progressive- approximation quanti-
zation. For the next iteration of the process, the threshold
is divided by two, and only the previously insignificant co-
efficients need to be considered during the sorting pass.

The ordering and sign information produced by the sort-
ing pass is encoded very efficiently using the self-similarity
of the image wavelet transform across different scales by
means of zero-trees of wavelet coefficients. In the hierarchi-
cal decomposition of the wavelet pyramid decomposition,
each coefficient at a given scale, with the exception of those
in the highest frequency subbands, can be related to a set of
coefficients at the same orientation at the next finer scale.
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Figure 2. Parent-child dependencies in a wavelet tree

The coefficient at the coarse scale is called the parent, and
the four coefficients representing the same spatial location
and the same orientation are called children. For the low-
est frequency subband (L, 0), the parent-child relationship
is defined such that each parent has three children, one in
each subband at the same scale but different orientation.
As an example, Figure 2 shows a wavelet tree rooted at a
coefficient in subband (L, 0).

The resulting code is fully embedded. This means the
reception of code bits can be stopped at any point, and the
image can be decompressed and reconstructed. Although
the EZW/SPIHT coding does not minimize the MSE for
a given rate, it is known to have excellent performance at
all rates. In fact, it has been shown that the embedded bit
stream of the SPITHT algorithm outperforms much more so-
phisticated and computationally more complex techniques
like trellis coded vector quantization.

3. PERCEPTUAL DISTORTION MEASURE

A measure commonly used to quantify perceptual distortion
is the Minkowsky metric:

Mg = (N >0 (xlo rt,c,(),(r,g()(m)) ) (1)

lo 7,c

where z; ,(r, ¢) is the subband coefficient located at position
(r,c) in band (I,0), &i1,0(r, ¢) is the corresponding coefficient
in the wavelet pyramid representation of the decoded im-
age, t1,0(r, c) denotes the just noticeable detection threshold
for a distortion at the location under consideration, and N
denotes the number of pixels in the image.

The use of the Minkowsky metric as perceptual quality
measure originates from coding at or close to the detection
threshold. It is based on the probability summation for
the detection of coding artifacts [5, 6]. The exponent j is
related to the gradient of the psychometric function. Is has
a value in the order of 4 when pooling over the same type
of artifacts and has been observed to be in the order of 2
for pooling over different types of artifacts [7].

There is a variety of models to compute ¢,,(r, ¢). We de-
cided to restrict our model so that it only reflects the noise
sensitivity of the human visual system as a function of spa-
tial frequency and orientation. This was done according to



orientation level
1 2 3
0 0.33
1 833 | 1.24 | 0.50
2 10.11 | 3.50 | 0.66
3 6.57 | 1.39 | 0.50

Table 1. JND thresholds t;,, for the 3 level pyramid

the perceptual criteria employed in the perceptual subband
image coder (PIC) by R. J. Safranek and D. J. Johnson
[8]: They use an empirically derived masking model that
specifies the amount of uniform noise that can be added
to each pixel in every subband of a given image so that
the difference between the coder output and the original is
just noticeable. Their masking model uses the local mean
(brightness correction) and local variance (texture masking
adjustment) to calculate a noise tolerance relative to the
observed just noticeable distortion (JND) sensitivity. The
difference in our weighting is that, in order to preserve the
embedded character of the bit stream and to avoid addi-
tional side information, we only consider the base sensitivity
for each subband. This can be justified by the results pre-
sented in [9] which showed that, for the PIC, the use of the
brightness and texture measure correction terms provides
little additional coding gain, especially for supra-threshold
coding. Therefore, in our implementation, the perceptual
weights t;,,(r,c) = t;,, are the JND thresholds for uniform
noise injected in subband {l, 0} of a neutral gray level im-
age.

The uniform noise assumption is only a crude approx-
imation of the statistics of the distortion caused by trun-
cating the bit stream. The actual distribution generated
by truncating the bit stream during a sorting or refinement
pass has more resemblance to a symmetric, two step stair
case.

4. PROPOSED PEZ IMAGE CODEC

A block diagram of the perceptually tuned codec is shown
in Figure 3. After the wavelet pyramid decomposition, the
coefficients in each band are multiplied by the perceptual
weighting factor derived for this band. The resulting set
of coefficients is then encoded using EZW/SPIHT. At the
decoder, the perceptually-weighted transform coefficients
are first decoded followed by the inverse of the perceptual
weighting operation. Subsequently, the reconstructed im-
age is produced by the inverse wavelet pyramid transform.

It can be shown that the embedded zerotree coding of
the weighted transform coefficients minimizes the percep-
tual criteria on which the weighting was based. Moreover,
since the weights are known at both the encoder and de-
coder, no additional side information is required, and the
generated bit stream is still fully embedded.

5. MINIMIZATION OF PERCEPTUAL
DISTORTION MEASURE

For a given bit rate, the EZW /SPIHT attempts to mini-
mize the MSE. This means that in the case of the PEZ,
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Figure 3. Perceptually tuned EZW/SPIHT codec

it attempts to minimize D, the MSE of the perceptually
weighted transform coefficients (refer to Figure 3):

D= LS o —itna) @)

where is N the number of pixels in the image,

w

2t (ryc) = Zel0) 3)

tl,o
are the weighted transform coefficients and
i‘l,o (T; C) = il}l,)o (Ta C) tl,o (4)

describes inverse weighting operation at the decoder. Sub-
stituting (3) and (4) into (2), we get:

D= % Z Z (ml,a(T, c)t:oa?l,o(r, c)) %)

l,o m7.c

Comparing (2) with (1), it is apparent that, in the PEZ,
the EZW /SPIHT attempts to minimize the Minkowsky met-
ric for 8 = 2 with the previously discussed conservative
choice of perceptual thresholds #;,,(r,¢) = t,0.

6. CODING RESULTS

Using a three-level pyramid decomposition, we conducted
tests comparing the proposed PEZ codec with the Said-
Pearlman EZW codec [3].

Figure 4 demonstrates the performance of the current
implementation of the PEZ Codec for the 512x512 Bar-
bara image at a rate of 0.15 bits/pixel. At this rate, the
Said-Pearlman algorithm exhibits significant artifacts due
to the coarse quantization of perceptually significant trans-
form coefficients. To a limited extent, these artifacts could
be removed by smoothing or a similar enhancement tech-
nique. However, smoothing would also result in blurred
edges. This post-processing was not desirable since our pur-
pose was to demonstrate that, with perceptual weighting,
the new PEZ codec is able to remove more perceptual re-
dundancy and, therefore, conserve bits leading to a smaller
overall perceptual distortion.
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Figure 4. Coding Example

. CONCLUSION

In this paper, we presented a scheme that tunes the embed-
ded zerotree wavelet algorithm based on JND noise thresh-
old levels to minimize a distortion measure perceptually
more relevant than MSE. For lossy coding at bit rates rang-
ing from 0.15 bpp to 0.25 bpp, depending on image com-
plexity, this scheme results in improved image coding per-
formance. The modified perceptual coder has a complexity
comparable to the original Said-Pearlman implementation
of the EZW using set partitioning in hierarchical trees, pro-
duces a fully embedded code, and does not require addi-
tional side information.
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