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Abstract
This paper presents a fast and modi"ed version of the embedded zero-tree wavelet (EZW) coding algorithm that is
based on [4,5,15,20] for low bit-rate still image compression applications. The paper presents the trade-o! between the
image compression algorithm speed and the reconstructed image quality measured in terms of PSNR. The measurements
show a performance speedup by a factor of 6 in average over the EZW [20] and the algorithm presented in [5]. This
speedup causes a PSNR degradation of the reconstructed image by 0.8}1.8 dB in average. Nevertheless, the reconstructed
image looks &"ne' with no particular visible artifacts even if we have an average degradation of 1 dB in PSNR. The fast
algorithm with its achieved speedup is based on consecutive application of three di!erent techniques: (1) Geometric
multiresolution wavelet decomposition [15]. It contributes a speedup factor of 4 in comparison to the symmetric wavelet
decomposition in [5,20]. It has a prefect reconstruction property which does not degrade the quality. (2) Modi"ed and
reduced version of the EZW algorithm for zero-tree coe$cient classi"cation. It contributes a speedup factor of 6 in
comparison to the full tree processing in [5,20]. It degrades the quality of the reconstructed image. This includes e$cient
multiresolution data representation which enables fast and e$cient traversing of the zero-tree. (3) Exact model coding of
the zero-tree coe$cients. It contributes a speedup factor of 15 in comparison to the adaptive modeling in [5]. This is
a lossless step which reduces the compression rate because its entropy coder is sub-optimal. The paper presents a detailed
description of the above algorithms accompanied by extensive performance analysis. It shows how each component
contributes to the overall speedup. The fast compression has an option of manual allocation of compression bits which
enables a better reconstruction quality at a pre-selected &zoom' area. ( 1999 Elsevier Science B.V. All rights reserved.
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1. Introduction
The embedded zero-tree wavelet (EZW) coding
algorithm which was "rst introduced by Shapiro

* Corresponding author.

[20] is a very e!ective technique for low bit-rate
still image compression. Other related algorithms
were presented in [4,5,12,15,18,19]. Nevertheless, it
is common for all these methods that the computational requirements of a still image compression
present a challenge to the hardware architecture
which exist in today's market. This paper presents
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the trade-o! between the speed of still image compression algorithm and the reconstructed image
quality measured in PSNR. As we shall see, signi"cant performance speedup of the algorithm may be
achieved. This speedup, though, is accompanied by
degradation of the reconstructed image quality. In
order to achieve faster compression, three main
techniques were used consecutively:
1. Geometric wavelet decomposition [15]. This technique speeds-up the multi-resolution wavelet decomposition signi"cantly without any e!ect on
the reconstructed image quality. In fact, it provides a perfect reconstruction when using it with
a lossless coding algorithm. It enables to perform direct two-dimensional convolution while
reducing substantially the number of operations
and with no need to have a transpose of the
image (matrix).
2. Modi,ed and reduced version of the EZ= algorithm for zero-tree coe.cient classi,cation. We
describe a very e$cient data structure in which
the zero-tree is scanned. In addition, a shorter
scan in each quantization iteration is performed.
Only parent and its immediate children are
considered. This technique degrades the reconstructed image quality since it a!ects coding
e$ciency of how the wavelet coe$cients are
scanned and quantized. This technique comprises the depth (how many levels in the tree) we
scan in order to have a better correlated sequences for speed.
3. A combination of exact model arithmetic coding
and binary coding. This technique a!ects the
obtained image quality because it is sub-optimal
in comparison to the adaptive model arithmetic
coding used in [5]. This means that the lossless
coding process of the compression algorithm is
less e$cient in terms of the compression ratio (or
PSNR).
Each component of the algorithm contributes to
the overall speedup. In general, we see that a total
speedup by a factor of 6 is achieved with degradation of 0.8}1.8 dB in the reconstructed image
PSNR in comparison to [5,20].
In addition to the above techniques two complementary algorithms, which also play part in the
time versus quality trade-o!, are presented:

1. A &skip' option in which the image is sub-sampled one level during the wavelet decomposition
and quantization. This technique reduces the
amount of data in the image by a factor of 4.
However, the reconstructed image quality is
a!ected since only 25% of the original data is
reproducible and the other 75% is reconstructed
by interpolation.
2. A &zoom' technique in which a pre-selected area
in the image is compressed using more bits than
the rest of the image. This enables the reconstruction of this area with a better quality than
the rest of the image. It used the tree-structure of
the reconstructed image in a very e$cient way.
This technique has a negligible additional computation time cost.
Comparative measurements were taken on a Silicon Graphics/Indigo workstation with a 100 MHz
MIPS R4000 CPU processor. Each section in the
paper contains a table of comparative performance
of the algorithms in terms of the computation time
and the PSNR of the reconstructed image.
We have chosen "ve gray-scale images for performance comparison. The conclusions of this paper,
however, are applicable to color images as well. The
images we used are described below. They are
shown in Section 9.
1. Lenna512 } a 512]512 image with medium
density of detail.
2. Barbara512 } a 512]512 image with high density of detail.
3. Barbara256 } a 256]256 image with high
density of detail. This image was cut from the
Barbara512 image.
4. Fabric512 } a 512]512 image which have texture and "ne features.
5. Carl128 } a 128]128 image with medium
density of detail. This image was taken from
a video-phone sequence.
The paper is organized as follows. In Section 2 we
review various compression techniques. Section 3
describes the multiresolution wavelet decomposition algorithms and the techniques which are used
to improve their speed. In Section 4 the data structures which are used in the quantization part of
the compression algorithm are described. Section 5
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details the zero-tree classi"cation and coding
scheme. Section 6 describes the compression algorithms and Section 7 discusses the &skip' option.
Section 8 presents the &zoom' technique and
Section 9 demonstrates some performance comparisons.

Fractal compression [6,10] uses a set of contractive transformations (fractal functions) that map
from a de"ned rectangle of the real plane to smaller
portions of that rectangle. These transformations
are applied iteratively to the image.

2. Overview of compression techniques

3. Performance of the multiresolution wavelet
decomposition

There are many types of coding algorithms such
as statistical coding, pulse code modulation (PCM),
predictive coding, transform coding and interpolative and extrapolative coding [3,11,16,21,23].
Besides these categories, there are other schemes
which are tailored for speci"c types of images. Each
of these categories can be further divided based on
whether the parameters of the coder are "xed or
whether they change as a function of the type of
data that is being coded (adaptive). In practice,
a compression algorithm may include a mixture of
these approaches in a compatible manner in order
to achieve proper cost/performance trade-o!s.
Statistical coding, which is also called entropy
coding, is generally information-preserving (lossless). Statistical coding uses a probability model
which estimates the entropy of the data which is
being coded. They are used in wavelet-based algorithms such as [4,5,12,14,18,19], in JPEG [17,22]
and in the proposed algorithm.
The proposed algorithm is a transform coding
[2]. The discrete cosine transform (DCT) [2] is part
of JPEG compression standard [17,22]. Despite of
all their advantages, window-based transform coding such as JPEG/DCT generates blocks at low
bit-rates. The blocking e!ect is a natural consequence of the independent processing of each block.
It is percieved in images as visible discontinuities
across block boundaries. The authors used the local cosine transform (LCT) as basis functions that
overlap adjacent blocks, thus reducing the blocking
e!ect [1].
Quantization of the transformed images can be
accomplished via scalar quantization, vector
quantization [4,8,9,13,16], or more tailored
methods that utilize the internal structure of the
transform such as [4,5,7,14,15,18}20] which use the
properties of the multiresolution decomposition.

The multiresolution wavelet decomposition process involves recursive four-subband splitting of
the image. The two-dimensional decomposition is
achieved by convolution and decimation of the
image, dimension by dimension (tensor product),
with the "lter. The level (or depth) of decomposition is a parameter to the algorithm. We used a pair
of symmetric, biorthogonal decomposition and reconstruction "lters of length 9 and 7, respectively.
In [4,5,15,20], this "lter produced the best results in
terms of the reconstructed image PSNR. We implemented the wavelet decomposition in two di!erent
methods: (1) application of side by side of symmetric two-step 1-D convolution and (2) geometric
decomposition of the "lter which reduces the
number of operations and performs a very e$cient
two-dimensional convolution [15]. Both methods
are reversible in the sense that they enable a perfect
reconstruction of the decomposed image. The difference between them lies in the computation speed:
in method 1, we utilize the biorthogonal "lter symmetry and pre-computation of the convolution indices which enable almost free mirroring of the
image at the borders, while in method 2 the "lters
are factored utilizing their internal structure. The
2-D convolution and decimation is done without
the need to do transpose the matrix (image).
Although signi"cant speedup is achieved by
method 2, the reconstructed image quality is not
a!ected at all.
Table 1 summarizes the time performance for
di!erent decomposition algorithms as measured
on a Silicon Graphics/Indigo workstation with
a 100 MHz MIPS R4000 CPU processor.
In Table 1 we can see that there is a speedup
factor of 4 in favor of geometric decomposition in
comparison to symmetric decomposition.
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Table 1
Comparison of the performance time in seconds of the geometric
decomposition and symmetric decomposition algorithms. The
images were decomposed into 6 levels using a symmetric biorthogonal "lter of length 9
Image

Symmetric decomp.
(in s)

Geometric decomp.
(in s)

Lenna512
Barbara512
Fabric512
Barbara256
Carl128

0.93
0.93
0.93
0.23
0.04

0.21
0.21
0.21
0.055
0.02

go through major physical reorganization. In the
following description of the algorithm, we shall
refer to the LL[N] block as the tree root. The forest
roots are a generalization of this notation. The tree
root sons are the LH[N], HL[N] and HH[N]
blocks coe$cients. The coe$cients in blocks
LH[i], HL[i] and HH[i], where 1)i)N!1,
represent the o!spring of these blocks, respectively.
This spatial representation is called the image
zero-tree. In the zero-tree, the direct o!spring of
each coe$cient corresponds to the pixels of the
same spatial orientation in the next "ner level of the
decomposition. In the zero-tree, each node (except
for the leaves which have none and the roots which
have only three) has four direct o!spring (sons).

4. Multiresolution data structures
The fast modi"ed EZW algorithm uses a special
data representation and data structures which enable e$cient data access. In [5,20], a data representation model which is called zero-tree was used.
In the improved algorithm, a transformation of the
zero-tree structure is performed. This transformation reorders the zero-tree coe$cients and creates
a data structure which is more suitable for the
procedures which follow the wavelet decomposition, speci"cally it "ts the proposed scanning of the
tree and the quantization technique.

4.1. The zero-tree representation
The wavelet decomposition generates a series of
coe$cients which represents the image after the
application of the multi-level geometric two-dimensional convolution with the biorthogonal "lter of
length 9. The decomposition is performed with predetermined number of levels (N). As depicted in
Fig. 1, this series of coe$cients is spatially mapped
as either a tree or a forest, where the coarsest level
LL block (LL[N]) is the tree root or the forest roots
(in case LL(N) includes more than one coe$cient).
The emerging order of the wavelet coe$cients from
the geometric multiresolution decomposition does
not "t e$cient physical scanning of the zero-tree (as
we see in Fig. 1) which is a critical component in
the quantization process. Therefore, they have to

4.2. Zero-tree reordering
One of the key factors in the computation
speedup is to have a data representation which
enables to traverse the zero-tree e$ciently. The
zero-tree coe$cients are reordered to enable fast
access to the coe$cients during the classi"cation
and coding phases. In [5,20], an algorithm for
coding the zero-tree coe$cients was introduced.
This algorithm requires an extensive traversing of
the zero-tree structure, up and down the whole tree,
in order to identify the signi"cant coe$cients which
are subsequently quantized. The depth of the
search (how many levels we go) determines the
quality and the compression rate. In order to
speedup this process, the direct o!spring of a coef"cient in the zero-tree (its sons) are stored in consecutive memory locations. This is performed for all
the levels of the zero-tree (levels of the wavelet
decomposition). Thus, during the decomposition
of level n and the creation of blocks LH[n#1],
HL[n#1] and HH[n#1], the coe$cients in these
blocks are reordered. The LL[n#1] block is not
reordered since it is consequently decomposed into
blocks of the next level.
Since this improved algorithm requires extensive
breadth-"rst-search (BFS) traversal of the zerotree, a reordering speeds up the required travel and
search. During the BFS traversal, the decomposition levels are scanned one after the other, from the
coarsest level (zero-tree root) to the "nest level ("rst
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Fig. 1. Parent-o!spring dependency in zero-tree for three levels.

decomposition level or zero-tree leaves). The zerotree reordering allows manipulation and access to
each father and its sons in the zero-tree in the most
e$cient way.
4.2.1. Reordering from planar to hypercube blocks
The reordering of the zero-tree coe$cients is
demonstrated logically in Fig. 2 and the actual
physical layout of the memory is given in Fig. 3.
We assume we have an array of N (the depth of the
decomposition) pointers where each level j is accessed via the pointer j in the array of pointers.
A parent in row j sees his four children in row j#1
in the following way: if he occupies location
k#o!set 3 in level j then the beginning of his "rst
child starts in contiguous location in memory at the
next level j#1 with o!set 4k#3. Thus, if we have
parent in the kth location in row j his four children

are located contiguously in row j#1 starting in
location 4k. The fast transformation that takes the
wavelet coe$cients from their locations after the
convolution and decimation to the one which is
described by Fig. 3 is based on [24] and is described in detail hereafter.
In planar ordering as used in the C programming
language, the index of a sample I in an N-dimensional matrix located at index i along dimension
k
k of length I is
k
N~1 j~1
index (I
)" + i < l
(i0,i1,2,iN~1)
j
k
j/0 k/0
"i #l (i #l (2(i
#l
)l
) )).
0
0 1
1
N~2
N~2 N~1 2
The length of each dimension can be splitted
into a multiple of a power of 2, l "h 2bk. Hence,
k
k
the matrix can be splitted into B"< h
k k
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Fig. 2. Parent-o!spring physical dependency in the reordered zero-tree.

sub-matrices whose size along each dimension is
a power of 2.
We can now reindex each sample of the matrix
within the sub-matrix it belongs to. I
"
(i0,i1,2,iN~1)
I
where q "i div h is the
2
2
(q0,q1, ,qN~1),(r0,r1, ,rN~1)
k
k
k
sub-matrix index along dimension k and
r "i mod h is the index of the sample along
k
k
k
dimension k within the sub-matrix.
We wish to reorder the original matrix into
these sub-matrices in such way that the submatrices are contiguous in memory and that the
sub-matrix M
holding the sample
(q0,q1,2,qN~1)
I
starts in memory at index
2
2
(q0,q1, ,qN~1),(r0,r1, ,rN~1)
N~1 j~1
I "2+ k bk + q < h .
k
j
M
j/0 k/0

The index of sample I
within
(q0,q1,2,qN~1),(r0,r1,2,rN~1)
that sub-matrix is
N~1
k/1 bk].
)" + [r 2+j~1
index (I
j
(q0,q1,2,qN~1),(r0,r1,2,rN~1)
j/0
Now that the original matrix has been ordered into
sub-matrices whose sizes along each dimension is
a power of 2. Each sub-matrix can now be reordered from a planar ordering into a hypercube like
structure.
The index r along each dimension k of the subk
matrix can be seen in its binary representation
r "+bk~1s ) 2j where s is the value of bit j.
k
j/0 k,j
k,j
Let ¹ be the number of dimension i)k in the
k,j
sub-matrix whose size is *2j:
¹ "DMb *jND.
k,j
ixk
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Fig. 3. The physical layout of parents and children in the zero tree.

We can now compute the new index of
I
within the sub-matrix
(q0,q1,2,qN~1),(r0,r1,2,rN~1)
M
as
(q0,q1,2,qN~1)
)
new index (I
(q0,q1,2,qN~1),(r0,r1,2,rN~1)
"+ 2Tk,l`+i:jTN~1,ls .
k,j
k,j
For example, if we have an image of size 3 ) 2i]5 ) 2j
than it is mapped by the above transformation
to 15 blocks where each block is of size 2i]2j.
Each block get reordered in the following way:
t y y y x x Py y x t y x .
0 2 1 0 1 0
2 1 10 0 0
5. Zero-tree coding
As we shall see in the following sections, the
zero-tree coe$cients are coded and compressed
during consecutive iterations of the coding algorithm. In each loop iteration, the coe$cients are
"rst coded using a classi"cation algorithm and then
entropy coded using binary and arithmetic coding
methods. During the zero-tree reordering process,
the coe$cients are truncated to integer values.

Since the values are eventually quantized and
coded using entropy coding, and since the quantization process produces values in integer resolution,
this truncation has no impact on the reconstructed
image quality. As part of the truncation, the zerotree coe$cients are stored in special data constructs. In these constructs, a separate "eld is maintained for each of the following:
1. Value } the coe$cient absolute value.
2. Sign } the coe$cient sign.
3. Type } the coe$cient type (set during the classi"cation process).
This memory construct enables usage of a positive
integer threshold during the quantization and classi"cation phases for all the wavelet coe$cients.
The coding is accomplished via a special algorithm for coe$cient classi"cation. This classi"cation algorithm takes advantage of the correlation
between the parent coe$cient and its o!spring in
the zero-tree. This close correlation evolves from
the same spatial orientation of these coe$cients
in respect to the original image. The present
algorithm is an improvement of [5,20]. The improvement in computation time lies mostly in the

238

A. Averbuch et al. / Signal Processing: Image Communication 15 (1999) 231}254

bottom-up classi"cation which avoids the need for
traversing up and down the whole zero-tree in
search for all the descendants of every coe$cient. In
the proposed algorithm all the classi"cation decisions are made between parent and its immediate
children only.
5.1. Coezcient classixcation
The classi"cation and coding are performed iteratively until a stopping condition is met (usually
a prede"ned bit budget). In each iteration of the
classi"cation a threshold is used. This threshold
becomes smaller with each iteration, thus re"ning
the quantization of the coe$cients which are
coded. A speedup of the classi"cation algorithm is
achieved by selecting thresholds which are exponents of 2. This permits testing of a coe$cient
against the threshold by performing a bitwise &and'
operation. Also, if a threshold which is an exponent
of 2 is initially selected, then all the subsequent
thresholds would also hold this requirement since
for every classi"cation iteration, the threshold is
decreased by a factor of 2 (or right-shifted).
Fig. 4 depicts a #ow-chart of the classi"cation
and the coding process.
During the classi"cation, each wavelet coe$cient
is tagged with one of the following types:
1. Positive (POS). A coe$cient which is equal or
larger than the threshold, and which has not
been coded in the previous iterations (it is smaller than threshold ) 2).
As we shall see in the classi"cation example
given below, the positive coe$cients are later
re"ned into negative (NEG) coe$cients in case
the original coe$cient was negative (i.e. the sign
"eld is set).
2. Zero (Z). A coe$cient which is smaller than the
threshold.
3. Zero-tree root (ZTR). A coe$cient which is
smaller than the threshold and which ful"lls the
following requirements:
3.1. All its immediate descendants ("rst degree
only) in the zero-tree are smaller than the
threshold.
3.2. Its immediate father in the zero-tree is not
a ZTR.

Fig. 4. General compression #ow-chart.

4. Positive ZTR (PZT). A coe$cient which is equal
to or larger than the threshold which ful"lls the
requirements 3.1 and 3.2 of the ZTR coe$cient
above.
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In analogy to the positive coe$cients above, the
positive ZTR coe$cients are later re"ned into
negative ZTR (NZT) coe$cients in case the original coe$cient was negative (i.e. the sign "eld is
set).
5. Isolated zero (IZ). A coe$cient which is smaller
than the threshold but has at least one positive
immediate descendant.
The coe$cients which are signi"cant to the zerotree reconstruction are the positive, negative, zerotree root, positive ZTR, negative ZTR, and isolated
zero (all except the zero coe$cients). When a coef"cient is classi"ed as signi"cant, a pointer to that
coe$cient is set. For this purpose, an array of
pointers to the signi"cant coe$cients is built during each classi"cation iteration. This array enables
manipulation of only the signi"cant coe$cients in
the following steps of the compression process,
without having to traverse the zero-tree again in
order to locate them.
Figs. 5 and 6 depict the #ow-charts of the classi"cation algorithm phases. These #ow-charts refer
to as the classi"cation of one decomposition level
during one classi"cation iteration. Thus, the &sons'
refer to the group of 4 sons (or 3 sons in case of the
zero-tree root) in the zero-tree structure. A &father'
refers to the mutual father of these sons in the next
coarser level of the decomposition in the zero-tree.
The algorithm above presents the following improvements over the classi"cation algorithm presented in [5,20]:
1. The bottom-up classi"cation algorithm avoids
the need to traverse the zero-tree and to search
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for all the descendants of every coe$cient. In
each decomposition level, only the coe$cients of
the current level and their mutual father in the
coarser decomposition level are processed. The
sons of a mutual father are ordered in consecutive memory locations (as in Fig. 3). This step
substantially reduces the complexity of the
algorithm.
2. The introduction of the PZT and NZT types
enables to have more compression. It has been
observed that in many cases, and especially in
the "ner decomposition levels that have larger
blocks, there exist many cases where a POS or
a NEG coe$cient can be also a ZTR. Without
the PZT and NZT types, such a situation would
require the coding of the types of the coe$cient
and of its four sons in the zero-tree (POS, ZTR,
ZTR, ZTR, ZTR). With the improved algorithm,
only one type (PZT or NZT) is coded.
3. Integer arithmetic and the choice of thresholds
which are powers of 2.

5.2. Classixcation example
In order to demonstrate the improvement of the
above classi"cation algorithm we give an example
of a 8]8 image. The zero-tree representation of
this image after decomposition into three levels is
given below. For this example we chose to plot the
zero-tree as a tree rather than as a matrix for the
convenience of the representation. The zero-tree is
depicted as follows:
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Fig. 5. Flow-chart of the classi"cation phase I. It is done between two levels on each parent and its immediate children.
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Fig. 6. Flow-chart of the classi"cation phase II.
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The decomposed image zero-tree is

The following is obtained after classi"cation of
the "rst level of the zero-tree (LH[1], HL[1] and
HH[1]). The threshold is selected to be 128 since
the largest coe$cient is 152 (in absolute value).

After classi"cation of the second decomposition
levle (LH[2], HL[2] and HH[2]) with the same
threshold (128), the following is obtained:

We should note two phenomena at this stage:
1. A coe$cient which was temporarily classi"ed as
isolated zero (IZ) during the classi"cation of its

sons, was eventually classi"ed as positive (POS).
This coe$cient is marked in the above example
in bold. The temporary classi"cation set during
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the classi"cation of the sons is only an indication
that at least one o!spring of this coe$cient is
signi"cant, and thus it cannot be a zero-tree root
(or negative ZTR or positive ZTR either). This
indication propagates up the zero-tree during
the classi"cation of the upper levels until the
root. This mechanism of propagation of the subtree status eliminates the need to traverse up
and down the zero-tree in search for signi"cant
coe$cients.
2. A coe$cient was classi"ed as negative zero-tree
root (NZT). With the classi"cation in [5], we
obtain a negative classi"ed coe$cient and four
zero-tree root sons, thus requiring compression
of "ve types (NEG and 4 ZTR-s). With the
improved classi"cation, only one type (NZT) is
compressed.
Finally, moving one more level, we obtain the
classi"cation of the zero-tree root. The complete
classi"cation of the zero-tree with threshold
128 is

Since each classi"cation is based on the analysis
between two neighboring levels we get &weaker'
classi"cation and therefore we get less compression because we do not utilize the fact that the
coe$cient classi"cation symbols (from Section 5.1)
can describe the same &trend' even beyond two
neighboring levels. Thus, this &trend' can produce
better compact description of the trends in the
classi"cation tree but the computation complexity
is substantially increased as we see in the next
section.
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5.3. Packing the symbols of the tree and bit-plane
quantization of the wavelet values
After classi"cation phases I and II are completed
(#ow-chart in Fig. 4), as it was described in
Sections 5.1 and 5.2, we packed the symbols that
describe the internal structure of the tree by arithmetic coding and quantize and entropy coding the
values of the wavelet coe$cients via bit-plane coding as described in Section 6.

5.4. Classixcation performance comparison
Table 2 summarizes the performance (in s) of the
full classi"cation algorithm which is described in
[5,20] and the improved classi"cation algorithm as
measured on a Silicon Graphics/Indigo workstation with a 100 MHz MIPS R4000 CPU processor.
In Table 2 we can see that we get a speedup
factor between 5 and 8 when using the improved
classi"cation algorithm. We can see that for

Barbara512, which is relatively more dense in detail,
the classi"cation speedup is 5.5, while for Lenna512
with the same image size, we get a speedup of 7.3.

6. Entropy coding
The classi"cation algorithm produces a stream of
symbols with classi"cation types (POS, NEG, ZTR,
PZT, NZT, IZ and Z). These types represent the
structure of the zero-tree at the current threshold
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Table 2
Comparison of the time performance in seconds between the full
classi"cation algorithm and the improved (new) classi"cation
algorithm. The classi"cation in both cases was performed on
6 decomposition levels with the same 9-7 "lters
Image

Comp. ratio

Full class.
(in s)

New class.
(in s)

Lenna512
Barbara512
Fabric512
Barbara256
Carl128

40
40
40
10
20

3.43
2.95
3.02
0.87
0.2

0.47
0.53
0.50
0.12
0.04

quantization level. We can see though that the
Z types are redundant, and the zero-tree structure
can be obtained using only the non-Z or signi"cant
types [5,20]. Thus, only the signi"cant types are
passed to the coding algorithm. The coding algorithm uses lossless entropy coding of these types
and packed the data e$ciently. In addition to the
signi"cant types, the values of the POS, NEG, PZT
and NZT coe$cients are also passed to the coder
(the values of the ZTR, IZ and Z coe$cients are
smaller than the threshold). These values are coded
using binary coding.
The signi"cant types are coded using arithmetic
coding. There are three main variations of the
arithmetic coding technique which can be used for
the "nal phase of the compression process:
1. Fixed model. A "xed distribution model of the
coded symbols is a priori determined. The model
is uncorrelated with the coded stream. This technique is the most time e$cient since it requires
no adaptive model computation and no model
updates.
2. Exact model. As in the "xed model, a constant
model is pre-determined, but here it is a priori
computed using the complete input stream.
Exact model coding is generally more e$cient
than "xed model coding in terms of the compression ratio because the model is correlated
with the coded stream.
3. Adaptive model. Makes no a priori assumptions
on the coded stream and adapts on-line the
model to the variations in the stream. Adaptive
model coding is usually the most e$cient in

terms of the achieved compression ratio, but is
also the least time e$cient. It is used in [5].
In order to speed up the coding algorithm, without
sacri"cing the compression ratio e$ciency too
much, exact model for the arithmetic coder of the
zero-tree coe$cients types is used. In the full EZW
algorithm in [5,20] both the types and the values of
the coe$cients are coded using adaptive arithmetic
coding modeling.
The "rst step of the coding part of the algorithm
is to compute the distribution (or the model) of the
signi"cant types of the zero-tree. We use array of
pointers which was set for the signi"cant types
during Phase II of the classi"cation algorithm.
While computing this model, two additional modi"cations are introduced:
1. The values of the POS, NEG, PZT and NZT
coe$cients are stored in a separate array. In the
next coding iterations with the corresponding
smaller thresholds, these values will also be binary coded.
2. The values of the POS, NEG, PZT and NZT
coe$cients in the zero-tree are zeroed (they are
stored in step 1 above). These coe$cients will be
classi"ed as non-signi"cant (ZTR, IZ or Z) in the
coming classi"cation iterations and will not require allocation of bits for their type.
The array of POS, NEG, PZT and NZT values is
not initialized between the coding iterations.
Rather, it is augmented in every iteration with the
newly identi"ed coe$cients of that iteration. In the
last iteration, all the coded values are stored in this
array and are coded at the resolution of the last
threshold.

6.1. Coding performance comparison
Table 3 summarizes the performance time in seconds between the adaptive model coding algorithm
which is used in [5] and the exact model/binary
coding algorithm as measured on a Silicon
Graphics/Indigo workstation with a 100 MHz
MIPS R4000 CPU processor.
From this table we see that we get a speedup
factor between 7 and 20 when using the exact
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Table 3
Comparison between the performance time in seconds between the adaptive model and the exact model/binary coding algorithms
Image

Comp. ratio

Adaptive arithmetic coding
(in s)

Exact arithmetic/binary coding
(in s)

Lenna512
Barbara512
Fabric512
Barbara256
Carl128

40
40
40
10
20

1.04
1.02
1.02
0.39
0.08

0.05
0.06
0.06
0.05
0.005

model/binary coder. The coder computation time is
linear to the compression bit budget. This is not the
case with the adaptive model coder.

Table 4
Comparison of the performance time in seconds between the
symmetric decomposition and geometric decomposition algorithms with and without the &skip' option. The algorithms performed six levels of decomposition

7. Skipping the 5nest decomposition level

Image

The "nest decomposition level of the image
which consists of the LH[1], HL[1] and HH[1]
blocks represents the most detail fragments of the
image. These blocks are the largest in the zero-tree
structure and include 75% of the coe$cients in the
zero-tree. Usually, the coe$cients in these blocks
are relatively small in comparison to the coarser
levels of the decomposition. This is due to the fact
that the decomposition process is energy-compacting and as the decomposition becomes coarser, the
image energy is contained in less coe$cients, making their values higher in average. We experimented
with sub-sampling the image one decomposition
level. The following summarize the algorithmic implications of this option:
1. Decomposition: keep only LL[1] in the "rst level
of the decomposition and ignore the rest.
2. Classi,cation and compression: the leaves of the
zero-tree are the LH[2], HL[2] and HH[2]
blocks coe$cients instead of LH[1], HL[1] and
HH[1]. Only 25% of the coe$cients in the full
zero-tree are processed.
3. Decompression: the LH[1], HL[1] and HH[1]
blocks are assumed to be zero. The LH[1],
HL[1] and HH[1] are interpolated resulting in
a smoothing which has a de-noising and blurring e!ects on the reconstructed image.
Tables 4}6 summarize the performance time in seconds of the di!erent compression algorithms with

Lenna512
Barbara512
Barbara256

Symmetric decomp.
(in s)

Geometric decomp.
(in s)

No skip

Skip

No skip

Skip

0.93
0.93
0.23

0.48
0.48
0.12

0.21
0.21
0.055

0.18
0.18
0.048

Table 5
Comparison of the performance time in seconds between the full
classi"cation and the improved classi"cation algorithms with
and without the &skip' option. The algorithms performed six
levels of decomposition
Image

Lenna512
Barbara512
Barbara256

Comp. ratio Full class. (in s)

40
40
10

New class. (in s)

No skip

Skip

No skip

Skip

3.43
2.95
0.87

0.89
0.76
0.25

0.47
0.53
0.12

0.13
0.14
0.05

and without the &skip' option. The algorithms performed six levels of decomposition.
We can see that in symmetric decomposition the
&skip' option provides a speedup by a factor of 2.
With the geometric decomposition, the achieved
speedup using the &skip' option is only 1.2. The
&skip' option is impractical for small images (i.e.,
Carl128), since the loss of resolution due to the
sub-sampling would result in a blurry image.
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Table 6
Comparison of the performance time in seconds between the adaptive model coder and the exact model/binary coder with and without
the &skip' option
Image

Lenna512
Barbara512
Barbara256

Comp. ratio

40
40
10

Adaptive arithmetic coding (in s)

Exact arithmetic/binary coding (in s)

No skip

Skip

No skip

Skip

1.04
1.02
0.39

0.5
0.44
0.25

0.05
0.06
0.05

0.05
0.06
0.05

In Table 6 we can see that with both classi"cation algorithms, the &skip' option provides a
speedup factor of 3.
From Table 6 we can see that with the exact
arithmetic/binary coder, the &skip' option provides
no speedup. This supports the observation that the
computation time of the new coder is linear with the
compression bit budget. With the adaptive arithmetic coder, a speedup by a factor of 2 is achieved.

8. Zooming

As with the entire image, the zoom area is also
represented as a zero-tree (referred to as zoom
zero-tree). This zero-tree is a segment of the full
zero-tree. For the construction of the zoom zerotree, we exploit the spatial orientation of the zerotree blocks which de"nes the zoom area in the same
relative locations in all the levels of the zero-tree
(Fig. 7). In order to obtain the zoom zero-tree, we
"rst take the coe$cients in the "nest decomposition level which lie in the pre-de"ned zoom area.
Then, we traverse up the zero-tree from these coe$cients to their ancestors in the zero-tree. We stop

8.1. The zoom concept
In many compression applications, we would
like to allocate di!erent bit budgets to di!erent
areas of the image. In other words, we want to force
the compression algorithm to allocate more bits to
a pre-selected area (for example a person's face).
This motivation led us to de"ne a parameterized
`zoom areaa. The `zoom areaa parameters are:
1. Width of the selected area.
2. Height of the selected area.
3. Location (x, y) of the beginning of the selected
area which is an o!set from the upper left corner
of the image,
4. Zoom budget: percent of the total compression
budget which is allocated exclusively to the
&zoom area'.
8.2. Zoom area representation
The structure of the zero-tree is suitable to perform selective compression in a pre-selected area.

Fig. 7. Zoom zero-tree construction.
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Fig. 8. Zoom compression #ow-chart.
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traversing the zero-tree when we either reach the
zero-tree root (or LL[N] block) or if we are left
with only one coe$cient on either dimensions of
the zoom area. While traversing up the zero-tree,
the zoom area which is de"ned by the sub-tree
which we have traversed may become larger than
the initially de"ned zoom area. For instance, if we
have three coe$cients in the zoom zero-tree in
a certain decomposition level, and in the next
coarser decomposition level we have these coe$cient's father in the zoom zero-tree. This actually
means that the fourth son of this coe$cient will
also be included in the zoom zero-tree. This feature
enables to use the exact same algorithms for classi"cation and coding for the zoom area as were used
for the entire image because the zero-tree structure
is preserved.
Fig. 7 depicts the zoom zero-tree construction in
the full zero-tree with two decomposition levels.

8.3. Zoom coding and compression
The zoom area is given with pre-de"ned bit
budget which allows us to get better image quality
in this zoom area. This is achieved in the following
way: "rst, we apply the classi"cation processes
I and II on the entire image "rst (including the
zoom area). Then the entropy coder is initially
applied on the zoom area with the prede"ned
budget for this area, and then it is applied on the
image without the zoom area.
Prior to compression of the zoom area, the zoom
zero-tree coe$cients are copied into a separate

data structure. In this structure, as with the entire
image zero-tree, the sons of each coe$cient are
stored in consecutive memory locations. Thus
a speedup of the classi"cation and coding of the
zoom zero-tree is achieved as in the full zero-tree.
The zoom zero-tree coe$cients are classi"ed and
coded using the exact same algorithms as are used
with the full image. Fig. 8 depicts the #ow-chart of
the compression algorithm using the zoom technique.

8.4. Zoom performance comparison
Tables 7 and 8 summarize the performance time
in seconds between the di!erent fast compression
algorithms. The measurements were taken with and
without the &zoom' option.
In the tables we can see that with the improved
classi"cation algorithm, the &zoom' option has almost no e!ect on the computation speed. This is
also true when both the &zoom' and &skip' options
are applied.
We can see that with the exact arithmetic and
binary coder, the &zoom' option has almost no e!ect
on the computation speed. This is also true when
both the &zoom' and &skip' options are applied.

9. Performance comparison
We have studied some images which are typical
for compression implementations. The performance of the algorithms was measured both in

Table 7
The performance time in seconds between the improved classi"cation algorithm with and without the &zoom' option. The algorithm
performed six levels of decomposition. The zoom area occupies 25% of the full image at the image center. The bit budget which is
allocated to the zoom area is 50% of the total compression budget
Image

Lenna512
Barbara512
Barbara256
Carl128

Comp. ratio

40
40
10
20

No skip

Skip

No zoom

Zoom

No zoom

Zoom

0.47
0.53
0.12
0.04

0.5
0.63
0.17
0.02

0.13
0.14
0.05
}

0.13
0.16
0.05
}
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Table 8
The performance time in seconds of the exact model/binary coder with and without the &zoom' option. The zoom area occupies 25% of
the full image at the image center. The bit budget which is allocated to the zoom area is 50% of the total compression budget
Image

Comp. ratio

Lenna512
Barbara512
Barbara256
Carl128

No skip

40
40
10
20

Skip

No zoom

Zoom

No zoom

Zoom

0.05
0.06
0.05
0.005

0.05
0.05
0.05
0.006

0.05
0.06
0.05
}

0.04
0.05
0.04
}

terms of the computation time and the PSNR of the
reconstructed image where applicable.
The peak signal-to-noise ratio (PSNR) in dB of
the reconstructed image is de"ned as

Table 9 summarizes the overall image quality of
the fast EZW algorithm in comparison to the full
compression algorithm which was described in [5]
in terms of the reconstructed image PSNR in dB.

Mean square error
Table 9
Comparison of the overall image quality between the fast EZW
algorithm, the full compression algorithm [5,20] and the SPIHT
[19] algorithm in terms of the reconstructed image PSNR in dB

(New !Original )2
+ SizeX +SizeY
i,j
i,j
j/1
"MSE" i/1
SizeX ) Size>
Peak signal-to-noise ratio"PSNR

A

B

255
"20 log
,
10 JMSE
where New is the reconstructed image, Original is
the original image and SizeX, Size> are the height
and width of the image.

Image

Comp. ratio

Fast EZW Full EZW
(PSNR)
(PSNR)

SPIHT
(PSNR)

Lenna512
Barbara512
Fabric512
Barbara256
Carl128

40
42
40
10
22

29.6
25.6
30.5
29.0
24.7

30.8
26.4
32
30.1
26.2

31
26
32
30.5
26.5

Table 10
Comparison of the performance time in seconds of the overall compression algorithms. The fast EZW includes the geometric
decomposition, reduced classi"cation, and exact arithmetic/binary coding. The algorithms performed image decomposition into six
levels using a biorthogonal symmetric "lter of length 9. Measurements were taken with and without the &skip' option and &zoom' option.
The &zoom area' size is 25% of the full image and at the image center. The bit budget which was allocated to the &zoom area' is 50% of the
total compression budget
Image

Comp. ratio

Fast EZW (in s)

Full EZW (in s)

No skip

Lenna512
Barbara512
Fabric512
Barbara256
Carl128

40
40
40
10
20

Skip

No zoom

Zoom

No zoom

Zoom

0.73
0.8
0.8
0.225
0.065

0.76
0.89

0.36
0.38

0.35
0.39

0.275
0.046

0.148
}

0.138
}

No skip

Skip

5.4
4.9
5.0
1.49
0.32

1.87
1.68
0.62
}
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Fig. 9. Compression of Lenna512]512.

The PSNR metric is not applicable when using the
&skip' or the &zoom' options because these methods
impose non-uniform bit allocation and thus the
obtained image quality cannot be measured by the
PSNR.
From the table we can see that for most images,
the fast EZW degrades the reconstructed image
PSNR by 0.8}1.8 dB. In images with high density
of detail where the full compression algorithm

performs &relatively poor' (Barbara512), the fast
EZW degrades the image PSNR by only 1 dB.
Table 10 summarizes the performance time in
seconds of the overall compression algorithms as
measured on a Silicon Graphics/Indigo workstation with a 100 MHz MIPS processor.
We can see that without the &skip' option, in
larger images, the fast EZW algorithm achieves
a speedup factor of 7. In smaller images, the
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Fig. 10. Compression of Barbara512]512.

speedup is 6. With the &skip' option, the speedup is
decreased to 5 in larger images and 4 in smaller
ones. The &zoom' option has a negligible e!ect on
the computation time.
Figs. 9}14 contain examples of the images which
were tested with the fast compression algorithm.
We present images which were generated using the
&skip' and &zoom' options where applicable.

10. Conclusions
The proposed algorithm was proved to be a robust still image compression method which
produces a fully embedded bit stream. It generates
high quality gray-scale images in very low bit-rates.
The computation speed of the algorithm is improved by using several techniques: (1) geometric
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Fig. 11. Compression of Barbara256]256.

Fig. 12. Compression of Fabric512]512.
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Fig. 13. Compression with JPEG.

Fig. 14. Compression of Carl128]128.

decomposition, (2) reduced and improved zero-tree
coding, (3) e$cient data representation, and (4)
a combination of exact arithmetic and binary coding algorithms. With these techniques, a computation speedup of 6 is obtained. The pitfall of this
speedup is the degradation of the reconstructed
image PSNR by 0.8}1.8 dB.
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