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Abstract

In view of the increasingly important role played by digital medical imaging in modern health care and the consequent blow
up in the amount of image data that have to be economically stored and/or transmitted, the need for the development of image
compression systems that combine high compression performance and preservation of critical information is ever growing.
A powerful compression scheme that is based on the state-of-the-art in wavelet-based compression is presented in this paper.
Compression is achieved via efficient encoding of wavelet zerotrees (with the embedded zerotree wavelet (EZW) algorithm)
and subsequent entropy coding. The performance of the basic version of EZW is improved upon by a simple, yet effective,
way of a more accurate estimation of the centroids of the quantization intervals, at a negligible cost in side information.
Regarding the entropy coding stage, a novel RLE-based coder is proposed that proves to be much simpler and faster yet only
slightly worse than context-dependent adaptive arithmetic coding. A useful and flexible compromise between the need for
high compression and the requirement for preservation of selected regions of interest is provided through two intelligent,
yet simple, ways of achieving the so-called selective compression. The use of the lifting scheme in achieving compression
that is guaranteed to be lossless in the presence of numerical inaccuracies is being investigated with interesting preliminary
results. Experimental results are presented that verify the superiority of our scheme over conventional block transform coding
techniques (JPEG) with respect to both objective and subjective criteria. The high potential of our scheme for progressive
transmission, where the regions of interest are given the highest priority, is also demon&xE68.Elsevier Science B.V.

All rights reserved.
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1. Introduction This is mainly motivated by the advantages of digital
storage and communication technology. Digital data
Medical imaging (MI) [20,37] plays a major role in  can be easily archived, stored and retrieved quickly
contemporary health care, both as a tool in primary and reliably, and used in more than one locations at a
diagnosis and as a guide for surgical and therapeutic time. Furthermore digital data do not suffer from aging
procedures. The trend in Ml is increasingly digital. and moreover are suited to image postprocessing op-
erations [11,57]. The rapid evolution in both research
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of standards for the exchange of digital information
(e.g., ACR/NEMA [2,36], DICOM [17]) further pro-
mote digital MI.

However, the volume of image data generated and

maintained in a computerized radiology department, —

by far exceeds the capacity of even the most recent de-
velopments in digital storage and communication me-
dia. We are talking about Terabytes of data produced
every year in a medium-sized hospital. Moreover, even
if the current disk and communication technologies
suffice to cover the needs for the time being, the cost
is too large to be afforded by every medical care unit
and it cannot provide a guarantee for the near future
in view of the increasing use of digital MImage

compressiortcomes up as a particularly cost-effective —

solution to the data management problem by reduc-
ing the size of the images for economic representation
and transmission, keeping at the same time as much
of the diagnostic relevant information as possible. The
unique nature of medical imagery, namely, the high
importance of the information it contains along with
the need for its fast and reliable processing and trans-
mission, imposes patrticularly stringent requirements
for an image compression scheme to be acceptable for
this kind of application:

— No loss of relevant information is allowed, though
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(small-sized and/or low-contrast) approximations of
the images on which of them are useful at that time
without having to wait for the reception of the whole
image set.

Compression has to be fast enough to accommo-
date the significant burden imposed on a radiology
department. Higher emphasis has to be given on
the speed of decompression; the time between the
retrieval command and the display on the screen
should not exceed 2 s [69]. Although this time con-
straint is too stringent to be met by an implementa-
tion in a general-purpose computer system, there is
however an imperative need for as fast decompres-
sion as possible.

There are cases where the diagnosis can be based
on one or more regions of the image. In such cases,
there must be a way dfelective compressiothat

is, allocating more bits to the regions of interest so
as to maintain a maximum fidelity whereas the rest
of the image can be subjected to a higher compres-
sion, representing only a rough approximation of the
structures surrounding the selected portions. This
can considerably reduce the image size for storage
and/or transmission, without sacrificing critical in-
formation.

Compression techniques based on Wevelet de-

the term ‘relevant’ can take different meanings de- compositionof the image have received much atten-
pending on the specific task. At present, the use of tion in the recent literature on (medical) image com-
‘lossy’ compression, i.e. with the reconstructed im- pression and can meet to a large extent the require-
age being different from the original, is very limited ments imposed by the application. This is mainly due
in clinical practice, especially in primary diagnosis, to the unique ability of the wavelet transform to rep-
due to the skepticism of the physicians about even resent the image in such a way that high compres-
the slightest data loss, which might, even in the- sionis allowed preserving at the same time fine details
ory, induce some critical information loss. However, of paramount importance. Fast algorithms, based on
efficient compression schemes have been derivedwell-known digital signal processing tools, have been
which have shown satisfying behavior in preserv- derived for the computation of such decompositions,
ing features (e.g., edges) that are critical in medical leading to efficient software and hardware implemen-
diagnosis and interpretation [1,11,13,33,46]. More- tations which add to the practical value of these meth-
over, there is a constant increase in the production ods.

of lossy imaging systems, though at a lower percent In this paper, we propose using a compression
as compared to the lossless ones, as reported in [69].scheme composed of a wavelet decomposition in con-
Progressive coding is a very desirable feature in a juction with a modern quantization algorithm and a
medical compression scheme, since it allows the lossless entropy encoder. The quantization module is
transmission of large images through low-capacity based on the embedded zerotree wavelet (EZW) algo-
links with the image being gradually built in the rithmic scheme, which constitutes the state-of-the-art
receiving display workstation [67]. The physician in wavelet-based compression. One of its main fea-
can, for example, browse over a set of images be- tures is the exploitation of the characteristics of the
longing to a patient and decide on the basis of rough wavelet representation to provide a sequence of em-
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bedded compressed versions with increasing fidelity investigated and claimed to be of particular interest
and resolution, thus leading to a particularly efficient in the present context. The quantization algorithm is
solution to the problem of progressive transmission presented in detail and its advantages for these ap-
(PT). A simple yet effective way of exploiting the plications are brought out. The various choices for
generally nonuniform probability distribution of the the selection of the final stage (i.e. entropy encoder)
significant wavelet coefficients is proposed and shown are also discussed, with emphasis on the proposed
to lead to improved quality of reconstruction at a neg- RLE-based coder. Two different methods for selective
ligible side-information cost. Our scheme allows both compression are discussed and a novel application of
lossy and lossless (i.e., exactly reversible) compres- wavelets to lossless compression is presented. Section
sion,for the whole of the image or for selected regions 4 contains experimental results on a real medical im-
of interest By exploiting the priority given to the large  age, that demonstrate the superiority of the proposed
magnitude coefficients by the EZW algorithm, we approach over JPEG with respect to both objective
provide the possibility of protecting selected regions and subjective criteria. Conclusions are drawn in Sec-
of interest from being distorted in the compression tion 5.
process, via a perfectly reversible (lossless) or a more
accurate than their context lossy representation.

A recently introduced wavelet implementation (lift- 2. Image compression: Framework and perfor-
ing) that combines speed and numerical robustness ismance evaluation
also investigated in both the general compression con-
text, as well as in the lossless region of interest repre-  Image compression [24,25] aims at removing or at
sentation, where it proves to be an efficient means of least reducing the redundancy present in the original
decorrelation that in combination with sophisticated image representation. In real world images, there is
entropy coding yields high compression performance. usually an amount of correlation among nearby pixels

In the entropy coding stage, we have employed which can be taken advantage of to get a more eco-
nomical representation. The degree of compression is
usually measured with the so-calledmpression ra-

tio (CR), i.e., the ratio of the size of the original im-
age over the size of the compressed one in bytes. For
example, if an image with (contrast) resolution of 8
bits/pixel (8 bpp) is converteta 1 bpp representa-
tion, the compression ratio will be 8:1. The average
number of bits per pixel (bpp) is referred to as tie
rate of the image. One can categorize the image com-
pression schemes into two types:

(i) LosslessThese methods (also calleglversiblg
reduce the inter-pixel correlation to the degree
that the original image can be exactly recon-
structed from its compressed version. It is this
class of techniques that enjoys wide acceptance
in the radiology community, since it ensures
that no data loss will accompany the compres-
sion/expansion process. However, although the
attainable compression ratio depends on the
modality, lossless techniques cannot give com-
pression ratios larger that 2:1 to 4:1 [48].

Lossy. The compression achieved via lossless
schemes is often inadequate to cope with the
volume of image data involved. Thus, lossy

arithmetic coding (AC) in view of its optimal perfor-
mance. Moreover, the small size of the alphabet rep-
resenting EZW output makes adaptive AC well-suited
for this application. However, the high complexity of
AC might not be affordable by a simple and fast imple-
mentation. A much simpler and more efficient lossless
coder that exploits, via run-length encoding (RLE), the
occurrence of long sequences of insignificant wavelet
coefficients in natural images, is proposed here and
shown to be only slightly worse than context-based
adaptive AC.

The rest of this paper is organized as follows. Sec-
tion 2 contains a short presentation of the general
framework for image compression including measures
of compression performance and criteria of evaluating
quality in reconstructed images. The technical details
of the compression module we propose are given in
Section 3. The wavelet transform is compared against
the more commonly used DCT, underlying the Joint
Photographic Experts Group (JPEG) standard, and
is proposed as a viable alternative which meets the
stringent needs of medical image management. In
addition to the classical wavelet decomposition, the
lifting realization of the wavelet transform is also

(ii)
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sion ratios achieved through lossy compression
range from 4:1 to 100:1 or even higher.

In general terms, one can describe an image com-
pression system as a cascade of one or more of the
following stages [12,70]:

— Transformation.A suitable transformation is ap-
plied to the image with the aim of converting it into
a different domain where the compression will be
easier. Another way of viewing this is via a change
in the basis images composing the original. In the
transform domain, correlation and entropy can be
lower, and the energy can be concentrated in a small
portion of the transformed image.

— QuantizationThis is the stage that is mostly respon-
sible for the ‘lossy’ character of the system. It en-
tails a reduction in the number of bits used to repre-
sent the pixels of the transformed image (also called
transform coefficients). Coefficients of low contri-
bution to the total energy or the visual appearance of
the image are coarsely quantized (represented with
a small number of bits) or even discarded, whereas
more significant coefficients are subjected to a finer
gquantization. Usually, the quantized values are rep-
resented via some indices to a set of quantizer levels

Fig. 1. Block representation of a general transform coding system.

quantized transform coefficients, then ‘de-quantized’
(i.e., substituting the quantized values for the corre-
sponding indices) and finally inverse transformed to
arrive at an approximation of the original image. The
whole process is shown schematically in Fig. 1.

To compare different algorithms of lossy compres-
sion several approaches of measuring the loss of qual-
ity have been devised. In the MI context, where the
ultimate use of an image is its visual assessment and
interpretation, subjective and diagnostic evaluation ap-
proaches are the most appropriate [12]. However, these
are largely dependent on the specific task at hand and
moreover they entail costly and time-consuming pro-
cedures. In spite of the fact that they are often inad-
equate in predicting the visual (perceptual) quality of
the decompressed image, objective measures are often
used since they are easy to compute and are applicable
to all kinds of images regardless of the application. In
this study we have employed the following two dis-
tortion measures:

(i) Peak signal-to-noise ratio (PSNR)

(codebook). p2
— Entropy coding (lossless)Further compression PSNR= 10log, <WE> dB
is achieved with the aid of some entropy coding
scheme where the nonuniform distribution of the where
symbols in the quantization result is exploited so
as to assign fewer bits to the most likely symbols MSE = LHX — X5 = LZWU — X2
and more bits to unlikely ones. This results in a MN MN Y ’ ’
size reduction of the resulting bit-stream on the av-
erage. The conversion that takes place at this stage is themean squared errobetween the original,
is lossless, that is, it can be perfectly cancelled. X, and the reconstructed,, M x N images, and
The above process is followed in the encoding P is the maximum possible value of an element
(compression) part of the coder/decoder (codec) sys- of X (e.g., 255 in an 8 bpp image).

tem. In the decoding (expansion/decompression) part, (i) Maximum absolute difference (MAD)
the same steps are taken in reverse. That is, the com- R R
pressed bit-stream is entropy decoded yielding the MAD = [|X — X|loc = nl)F;,lXIXi,j = Xi jl-
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At this point it is of interest to note that a degrada- paction of energy in as few coefficients as possible. It
tion in the image might also be present even in a loss- is well known that the optimum transform with respect
less transform coding scheme (i.e., where no quanti- to both these criteria is the Karhunen-éve trans-
zation is present). This is because the transformation form (KLT) [26], which however is of limited practical
process is perfectly invertible only in theory, and if di- importance due to its dependence on the input signal
rectly implemented, it can be a cause of distortion due statistics and the lack of fast algorithms for computing
to finite precision effects. In this work, an implemen- its basis functions. Therefore, suboptimal yet compu-
tation of the wavelet transform that enjoys the perfect tationally attractive transforms are often used in prac-
reconstruction property in the presence of arithmetic tice, with thediscrete cosine transform (DCTHeing
errors is being investigated. the most prominent member of this class. DCT owes

its wide acceptance to its near-optimal performance

(it approaches KLT for exponentially correlated sig-
3. The proposed compression scheme nals with a correlation coefficient approaching one, a

model often used to represent real world images) and

The compression scheme proposed here and showrthe existence of fast algorithms for its computation,
in the block diagram of Fig. 2 is built around the stemming from its close relationship to the discrete
general process described in Section 2 (Fig. 1). In the Fourier transform (DFT) [31,44]. Moreover, 2D-DCT
sequel, we elaborate on the specific choices for the is separable, that is, it can be separated into two 1D
stages of the general transform-coding process madeDCTs, one for the rows and one for the columns of

in our system. the image (row—column scheme), a feature that further
contributes to its simplicity.

3.1. Transformation The usual practice of DCT-based coding (that used
also in the JPEG standard for still continuous-tone im-

3.1.1. Block-transform coding — discrete cosine age compression baseline mode) is to divide the image

transform into small blocks, usually of & 8 or 16 x 16 pix-

Although a large variety of methods have been €ls, and transform each block separately. This block-
proposed for medical image compression, including transform approach is followed mainly for computa-
predictive coding, vector quantization approaches, tional complexity and memory reasons. Moreover, it
segmentation-based coding schemes, etc. (e_g_’allows adaptation of the spectral analysis action of the
[8,11,29,55]) the class of techniques that are based ontransform to the local characteristics of a nonstationary
linear transformations dominates the field [4,7,9,32— image. However, in low bit-rate compression, where
34,42,47,51,60,72]. The main advantage of transform several of the high-frequency DCT coefficients are dis-
coding techniques is the ability of allocating a differ- carded or coarsely quantized, this approach leads to
ent number of bits to each transform coefficient so as annoying blocking artifacts in the reconstructed image
to emphasize those frequency (or scale) components[31,64]. This is due to the poor frequency localization
that contribute more to the way the image is percepted of DCT, that is, the dispersion of spatially short active
and de-emphasize the less significant components,areas (e.g., edges) in a large number of coefficients of
thus providing an effective way of quantization noise low energy [69]. This interdependency among adja-
shaping and masking [26]. cent blocks can be alleviated by simply applying the

As noted already, the goal of the transformation step DCT to the whole of the image, considering it as a
is to decorrelate the input samples and achieve com- single block. This so-called full-frame DCT (FFDCT)

has been widely applied in the medical imaging area

oot [t (e.g., [9,32]), where the slightest blocking effect is
o i . . I s deemed unacceptable. However, in view of the high
rigina of interes H H H
Image _Ofineret || e spatial and contrast resolution of most of the medical

RLE | —

images [28], the computational and storage require-
Fig. 2. Block diagram of the proposed coder. Details on selective MeNts of such a scheme prevent its implementation In
compression are omitted. general-purpose software or hardware systems, requir-
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3.1.2. The discrete wavelet transform :
A more realistic solution to the blocking problem X, G, (2) T !
-

is offered bysubband codingchemes [58,61,64], that
is, generalized linear transforms where block over- T - C G
Y —2D— G2

]

lapping is intrinsic in the method. This property has LH
a smoothing effect that mitigates the sharp transition o=
between adjacent blocks. Viewed from the point of X, J
view of a multirate maximally decimated filter bank, L XHC
this is equivalent to the filters (basis functions) being J G
longer than the number of subbands (basis size). This G
is in contrast to the DCT case, where the inadequate :
size of the basis vectors results in poor frequency lo- Columns
calization of the transform. A multiresolution (multi-
scale) representation of the image that trades off spa-Fig. 4. Separable 2D 4-band filter bank: (a) analysis; (b) synthesis.
tial resolution for frequency resolution is provided by
the discrete wavelet transform (DWTJhe best way inal, i.e.,x = x. Such analysis/synthesis systems are
to describe DWT is via a filter-bank tree. Fig. 3 de- said to have th@erfect reconstruction (PR)roperty.
picts the simple 2-band filter bank system for the 1D A direct extension to the 2D case, which is also the
case. The input signal is filtered through the lowpass more commonly used, is to decompose separately the
and highpass analysis filteF and H1, respectively, image into low and high frequency bands, in the ver-
and the outputs are subsampled by a factor of 2, thattical and horizontal frequency [63]. This is achieved
is, we keep every other sample. This sampling rate al- via the separable 2D analysis/synthesis system shown
teration is justified by the halving of the bandwith of in Fig. 4, which ideally results in the decomposition
the original signal. After being quantized and/or en- of the frequency spectrum shown in Fig. 5.
tropy coded, the subband signals are combined again The analysis into subbands has a decorrelating ef-
to form a full-band signal, by increasing their sam- fect on the input image. Nevertheless, it might often
pling rate (upsampling by a factor of 2) and filtering be necessary to further decorrelate the lowpass sub-
with the lowpass and highpass synthesis filtégsand band. This is done via iterating the above scheme on
G that interpolate the missing samples. It is possible the lowpass signal. Doing this several times leads to
to design the analysis/synthesis filtéri such a way a filter bank tree such as that shown in Fig. 6. The
that in the absence of quantization of the subband sig- result of such a 3-stage decomposition can be seen
nals, the reconstructed signal coincides with the orig- in Fig. 7. This decomposition of the input spectrum
into subbands which are equal in a logarithmic scale
2 Here we deal only with FIR filters, that is, functior (z) and is nothing but the DWT representation of the image
Gi(z) are (Laurent) polynomials in. [45,58,61,64,72].

Gya) [
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Fig. 6. 2D DWT: (a) forward; (b) inverse H-and G-blocks rep-

Provided that the 2-band filter bank satisfies the per-
fect reconstruction condition, the structure of Fig. 6
represents an expansion of the image with the basis
functions being given by the impulse responses of the
equivalent synthesis filter bank and the coefficients be-
ing the outputs of the analysis bank, referred to also as
DWT coefficients. In this expansion, the basis func-
tions range from spatially limited ones of high fre-
guency that capture the small details in the image, e.qg.,
edges, lines, to more expanded of low frequency that
are matched to larger areas of the image with higher
inter-sample correlation. In contrast to what happens
in the block-transform approach, a small edge, for ex-
ample, in the image is reflected in a small set of DWT
coefficients, with its size depending on how well lo-
calized the particular wavelet function basis is. It is
mainly for these good spatial-frequency localization
properties that the DWT has drawn the attention of
the majority of the Ml compression community, as
a tool for achieving high-compression with no visi-
ble degradation and preservation of small-scale details
[34,47,51,60,72].

3.1.3. The lifting scheme

As already noted, direct implementations of theo-
retically invertible transforms usually suffer from in-
version errors due to the finite register length of the
computer system. Thus, one can verify that even in a

resent the 4-band analysis and synthesis banks of Fig. 4(a) and double precision implementation of the wavelet tree

(b), respectively.)

LLy | HL; ]
TR HL2
el HL,
LH, \ HH,
EE
N
LH, HH,

of Fig. 6, where the 2-band filter bank satisfies the
conditions for PR, the input image will not be exactly
reconstructed. This shortcoming of the direct DWT
scheme gets even worse in a practical image compres-
sion application where the wavelet coefficients will
first have to be rounded to the nearest integer before
proceeding to the next (quantization or entropy encod-
ing) stage. The presence of this kind of error would
prove to be an obstacle in the application of the DWT
in lossless or even near-lossless compression. In this
section we focus on the notion 6fting, which rep-
resents a generic and efficient solution to the perfect
inversion problem [6,10,16,59].

To describe the idea underlying the lifting scheme,
we first have to reformulate the analysis/synthesis
structure of Fig. 3, translating it into an equivalent,
more compact scheme. Decomposing the analysis and

Fig. 7. Wavelet decomposition of the image spectrum (3 levels). synthesis filters into thejpolyphase components
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Hi(z) = Hi.0(z%) + 2 1H; 1(z%)
Gi(2) = Gio(z?) + 26 1(z%),

and making use of some well-known multirate identi-
ties, one obtains the polyphase structure of Fig. 8 [61].
The polyphase matrix ,(z) is defined as

Ho,0(z) HO,l(Z):|
Hi0(z) H11(2)

with a similar definition foiG , (z). It is apparent from
Fig. 8 that PR is ensured if and only if the identity

H,(2) = [

Gl ()H () =1

holds. The idea behind lifting is teealize these two
transfer matrices in such a way that the above iden-
tity is preserved regardless of the numerical precision
used.

The term ‘lifting’ refers to a stepwise enhancement
of the band splitting characteristics of a trivial PR filter
bank, usually the split-merge filter bank correspond-
ing to the choice ,(z) = G(z) = I in Fig. 8. This
is done via multiplication of the analysis polyphase
matrix by polynomial matrices that are of a special
form: they are triangular with unit diagonal elements.
The synthesis polyphase matrix is of course also mul-
tiplied by the corresponding inverses which are sim-
ply determined by inspection, namely by changing the
sign in the nondiagonal elements. The important point

E. Kofidis et al./Future Generation Computer Systems 15 (1999) 223-243
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Fig. 9. Lifting realization of the Haar filter bank: (a) analysis; (b)
synthesis.

structurally guaranteed. It should be noticed that syn-
thesis involves exactly the same operations with the
analysis bank, except in the reverse order and with the
signs changed.

A simple but informative example of the lifting
scheme is provided by Fig. 9 illustrating the cor-
responding realization of the forward and inverse
second-order Haar transform:

Al A

In addition to its potential for providing a loss-
less multiresolution of an image, lifting can also yield
significant savings in both computational and storage
complexity. As shown in [14], for sufficiently long fil-
ters, the operations count in the direct wavelet filter
bank can drop by about one half when lifting steps
are used. Moreover, the triangular form of the factor
matrices allows the computations to be performed in
place, in contrast to the classical algorithm [59].

o =

3.2. Quantization

The role of the DWT in the compression scheme

with respect to the realization of an analysis/synthesis presented here is not merely that of a decorrelating
system with the aid of a lifting scheme is that the and energy compacting tool. It also yields a means of
polyphase matrix of any PR FIR system, which with- revealing the self-similarity [53] and multiscale struc-
out loss of generality may be considered as having ture presentin a real world image, making efficient en-
unity determinant, can be factorized in terms of such coding and successive approximation of the image in-
elementary factor matrices. It can readily be verified formation possible and well suited to the needs of pro-
that the effect of rounding-off the multiplication re- gressive transmission. These properties of the DWT
sults in the analysis bank of such a structure can be are exploited in a very natural manner by the quanti-
exactly cancelled by an analogous rounding in the syn- zation stage employing an EZW scheme.

thesis stage, resulting in a realization of the DWT that The EZW algorithm is a particularly effective ap-
maps integers to integers with the PR property being proach to the following twofold problem: (1) achiev-
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ing the best image quality for a given compression thus preventing statistical insignificance from obscur-
ratio (bit-rate) and (2) encode the image in such a ing isolated significant coefficients. A consequence of
way that all lower bit rate encodings are embedded at this point is that the descendants of a zero-tree root
the beginning of the final bit-stream. This embedding do not have to be encoded; they gnedictably in-
property provides an attractive solution to the problem significant. Moreover, the fact that the encoder fol-
of progressive transmission, especially when transmis- lows a specific order in scanning the coefficients, start-
sion errors due to channel noise have also to be dealting from low-frequency and proceeding to higher fre-
with. The basic phases of EZW are very similar to quency subbands with a specific scanning order within
those of the DCT-based coding used in JPEG, that each subband, excludes the necessity of transmission
is, first information on which of the coefficients are of side position information as it is done for example
of significant magnitude is generated and then those in threshold DCT coding. In the case that not all de-
coefficients that are significant are encoded via some scendants are insignificant, this coefficient is encoded
guantization. However, the multiresolution character- asisolated zero (1Z)Insignificant coefficients belong-
istics of the wavelet representation allow a much more ing to the highest frequency subbands (i.e., with no
efficient implementation of these two phases. First, children) are encoded with theero (Z)symbol. The

the significance mapthat is, the set of decisions as symbolsPOSandNEG, for positive and negative sig-

to whether a DWT coefficient is to be quantized as nificant, respectively, are used to encode a significant
zero or not, is encoded taking advantage of the self- coefficient.

similarity® across scales (subbands) inherent in the During the encoding (decoding) two separate lists
wavelet decomposition of natural images and the fre- of coefficients are maintained. Thdeminantist keeps
quently satisfied hypothesis of a decaying spectrum. the coordinates of the coefficients that have not yet
The quantization of the coefficients is performed in been found to be significant. The quantized magni-
a successive approximation manner, via a decreasingtudes of those coefficients that have been found to be
sequence of thresholds. The first threshold is taken to Significant are kept in thesubordinatelist. For each

be half the magnitude of the largest coefficient. A co- threshold7; in the decreasing sequence of thresholds
efficient x is said to besignificantwith respect to a  (hereT; = 7;_1/2) both lists are scanned. In the dom-
thresholdT if |x| > T, otherwise it is calledinsignif- inant pass, every time a coefficient in the dominant list
icant. Due to the hierarchical nature of the wavelet IS found to be significant, it is added at the end of the
decomposition, each coefficient (except in the highest subordinate list, after having recorded its sign. More-
frequency Subbands) can be seen to be re'ated to a Sepver, |t iS remOVed from the dominant IiSt, SO that |t iS
of coefficients at the next finer scale of similar orien- Not examined in the next dominant pass. In the sub-
tation and corresponding spatial location. In this way, ordinate pass a bit is added to the representations of
a tree structure can be defined as shown for examplethe magnitudes of the significant coefficients depend-
in Fig. 7. If the hypothesis stated above is satisfied, it INg on whether they fall in the lower or upper half of
is likely that the descendants of an insignificant coeffi- the interval [;, 7;_1). The coefficients are added to
cient in that tree will also be insignificant with respect the subordinate list in order of appearance, and their
to the same threshold. In such a case, this coefficient 'econstruction values are refined in that order. Hence
is termed azero-tree root (ZTRRNd this subtree of the largest coefficients are subjected to finer quanti-
insignificant coefficients is said to bezaro-treewith zation, enabling embedding and progressive transmis-

respect to this threshold. In contrast to related algo-
rithms, e.g. [30], where the insignificance of a tree
is decided upon a global statistical quantity, a ZTR
here implies thatll of its descendants are of negli-

gible magnitude with respect to the current threshold,

3 Interestingly, this property has been recently shown to be closely
related to the notion of self-similarity underlying fractal image
representation [15].

sion. To ensure this ordering with respect to the mag-
nitudes, a reordering in the subordinate list might be
needed from time to time. This reordering is done
on the basis of the reconstruction magnitudes known
also to the decoder, hence no side information needs
to be included. The two lists are scanned alternately
as the threshold values decrease until the desired file
size (average bit rate) or average distortion has been
reached. A notable feature of this algorithm is that the
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size or distortion limits set by the application can be the compression/expansion process [52,53]. Progres-
exactly met, making it suitable for rate or distortion sive coding withgraceful degradatioras required in
constrained storage/transmission. medical applications can be benefited very much by

In the decoding stage, the same operations takethe above property. The embedding property of our
place, where the subordinate information is used to re- compression algorithm closely matches the require-
fine the uncertainty intervals of the coefficients. The ments for progressive transmission in fidelity (PFT),
reconstruction level for a coefficient can be simply i.e., progressive enhancement of the numerical accu-
the center of the corresponding quantization interval. racy (contrast resolution) of the image. The sequence
However, this implies a uniform probability distribu-  of reconstructed images produced by the correspond-
tion, assumption which in some cases might be quite ing sequence of thresholds (bit-planes) with the inher-
inaccurate. Therefore, in our implementatiove re- ent ordering of importance imposed by EZW on the
construct the magnitudes on the basis of the average bits of the wavelet coefficients — precision, magnitude,
‘trend’ of the real coefficients towards the lower or scale, spatial location, can be used to build an efficient
upper boundary of the interval, as estimated in the and noise-protected PT system effectively combining
encoding stageThis information is conveyed to the PFT and progressive (spatial) resolution transmission
decoder in the form of a number in the range (0,1) (PRT).
representing the relative distance of the average coef-
ficient from the lower boundary. This in fact provides
a rudimentary estimate of the centroid in each interval
for a nonuniform probability density function.

The compressed file contains a header with some
information necessary for the decoder such as image
dimensions, number of levels in the hierarchical de- ) ) o - ] .
composition, starting threshold, and centroid informa- Pression with no additional distortion. Compression
tion. We have seen that subtracting the mean from the is achieved bY replacing the symbol stream with a
image before transforming it, and adding it back at S€duence of binary codewords, such that the average
the end of the decoding phase yielded some improve- length of the resulting bit-stream is reqluced. The
ment in the quality of the decompressed im&g&he length of a codeword should decrease with the prob-

mean subtraction has the effect of bias reduction (de- 2Pility of the corresponding symbol. It is well known
trend) in the image and moreover, as reported in [62], that the smallest possible number of bits per symbol

ensures zero transmittance of the high-pass filters atneeded to encode a symbol sequence is given by the

the zero frequency, thus avoiding the occurrence of ar- ENtropyof the symbol source [35]:
tifacts due to insufficiently accurate reconstruction of
the lowpass subband. The image mean is also stored? = _Zl’i log, pi,
in the header of the compressed file. i

It must be emphasized that, although the embed- where p; denotes the probability of th&h symbol.
ding property of this codec may be a cause of sub- In an optimal code, théth symbol would be repre-
optimality [19], it nevertheless allows the truncation sented by—log, p; bits. Huffman coding23] is the
of the encoding or decoding procedure at any point most commonly used technique. This is due to its op-
with the same result that would have been obtained if timality, that is, it achieves minimum average code

this point was instead the target rate at the starting of length. Moreover, it is rather simple in its design and
application. Its main disadvantage is that it assigns an
integer number of bits to each symbol, hence it can-
4This characteristic should be contrasted to what happens in not attain the entropy bound unless the probabilities
JPEG implen_“lent_ations, where the user specification _for the amount are powers of 2. Thus, even if a symbol has a proba-
gazogp;ess;'eoc?ﬂ'e”dtﬁlremzz‘j thQuality Factor cannot in general bility of occurrence 99.9%, it will get at least one bit
5An analogous operation takes place in the JPEG standard as N the Huffman representation. This can be remedied

well, where an offset is subtracted from the DCT coefficients [66]. by using block Huffman coding, that is, grouping the

3.3. Entropy coding

The symbol stream generated by EZW can be
stored/transmitted directly or alternatively can be
input to an entropy encoder to achieve further com-
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symbols into blocks, at the cost of an increase in com- it should be noted that specialized hardware could be
plexity and decoding delay. used to tackle this bottleneck problem [41]. Further-
A more efficient method, which can theoretically more, approximations to pure AC can be used to speed
achieve the entropy lower bound even if it is frac- up the execution at the cost of a slight degradation
tional, isarithmetic coding (AC)21,39,41,69]. In this in compression performance [21,41]. In this work, we
approach, there is no one-to-one correspondence be-have tested a much faster and cost-effective entropy
tween symbols and codewords. It is the message, i.e.coding technique, based on a rudimentary binary en-
the sequence of symbols, that is rather assigned a codetropy coding of the significance map symbols and an
word, and not the individual symbols. In this way, a RLE of the ZTR and Z symbols. Based on extended
symbol may be represented with less that 1bit. Al- experimentation we have confirmed the fact that the
though there is a variety of arithmetic coders that have ZTR and Z symbols are much more frequent than the
been reported and used, the underlying idea is the rest of the symbols. Thus, we use a single bit for rep-
same in all of them. Each symbol is assigned a subin- resenting each of these symbols, and a few more for
terval of the real interval [0,1), equal to its probability the rest of them. For the lower frequency subbands
in the statistical model of the source. Starting from we use the codes ZTR:0, 1Z:10, POS:110, NEG:1110,
[0,1), each symbol is coded by narrowing this inter- while the symbols in the highest frequency subbands
val according to its allotted subinterval. The result is are coded as Z:0, POS:10, NEG:110. Notice that since
a subinterval of [0,1) and any number within it can the decoder knows exactly in which subbanditis found
uniquely identify the message. In practice, the subin- at any time, no ambiguity results from the fact that the
terval is refined incrementally, with bits being output same codes are assigned to different symbols in low
as soon as they are known. In addition to this incre- and high frequency subbands. We use an RLE code
mental transmission/reception, practical implementa- to exploit the occurrence of long bursts of zero coeffi-
tions employ integer arithmetic to cope with the high- cients. RLE merely represents a long series of consec-
precision requirements of the coding process [39,69]. utive symbols by the length of the series (run-length)
AC achievesH bits/symbol provided that the esti- and the symbol [39]. The codeword 11110 where
mation of the symbol probabilities is accurate. The there arek 1's in total represents a run of 2L — 1
statistical model can be estimated before coding be- zero symbols. To avoid confusion with single-symbol
gins or can be adaptive, i.e., computed in the course codewordsk is restricted to exceed 2 and 3 for the
of the processing of the symbols. An advantage of the highest and low subbands, respectively. We have not
adaptive case is that, since the same process is fol-used this technique on the subordinate list because of
lowed in the decoder, there is no need for storing the the larger fluctuation in the quantization bit sequences.
model description in the compressed stream. One canAs it will be seen in the evaluation of our experimen-
improve on the simple scheme described above, by tal resultsthe performance of this RLE coder is only
employing higher-order models, that is, utilizing con- slightly worse than that of AC, in spite of its simplicity
ditional probabilities as well [39]. We have used such and computational efficiency.
a coder in our experiments. The model was adaptively
estimated for each dominant and subordinate pass, that
is, the model was initialized at the start of each phase. 3.4. Selective compression
This choice was made for two reasons: first, the abil-
ity of meeting exactly the target rate is thus preserved, A compromise between the need for high compres-
and second, the statistics of the significance symbols sion imposed by the vast amount of image data that
and the refinement bits would in general differ. have to be managed and the requirement for preser-
In spite of its optimality, this method has not re- vation of the diagnostically critical information with
ceived much attention in the data compression arealimited or no data loss, is provided in our compres-
(though there are several reported applications of it sion scheme by theelective compression (S@ption.
in medical image compression [28,49,51]) mainly be- This means that the doctor can interactively select one
cause of its high complexity which considerably slows or more (rectangular) regions of the image that he/she
down the operation of the overall system. Of course, would like to be subjected to less degradation than
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their context in the compression process. Depending
on his/her judgement on the importance of these re-
gions of interest (Rol), he/she can specify that they be
losslessly compressed or provide for each a quantita-
tive specification of its usefulness relative to the rest
of the image so that it can be more finely quantized.
(i) Lossy SCThe relative importance of the Rol as

compared to its context is quantified via a weight
factor, e.g., 4 or 16. The spatial localization of
the DWT is taken advantage of in this case to al-
low the translation of the spatial coordinates of
the Rol to those in the wavelet domain. In other
words, we make use of the fact that each pixel
depends on only a few wavelet coefficients and
vice versa. The Rol is determined at each level
by simply halving the coordinates of its repre-
sentation at the previous (finer scale) level. The
corresponding regions in the image subbands are
multiplied by the weight factor yielding an am-
plification of the wavelet coefficients of interest.
These same coefficients are divided by this fac-
tor in the reconstruction phase to undo the em-
phasis effec This trick exploits the high pri-
ority given to the coefficients of large magnitude
by the EZW algorithm [56]. These coefficients
are coded first, so the bit budget is mostly spent
on the Rol whereas the rest of the image under-
goes a coarser quantization. The larger the weight
assigned to a Rol, the better its reconstruction
with respect to its context. The amount of degra-
dation suffered from the background image de-
pends on the target bit rate, the number and areas
of the Rols selected. Obviously, if a large hum-
ber of small Rols are selected and assigned large
weights, the quality of the rest of the image might
get too low if a high compression ratio is to be
achieved. The selection process must guarantee
that the appearance of this part of the image is
sufficiently informative to aid the observer appre-
ciate the context of the Rol. The parameters of
a successful selection are largely task-dependent
and the doctor might have to reevaluate his/her
choices in the course of an interactive trial-and-
error process.

6 The weight factor along with the coordinates of the Rol are
included in the compressed file header.

(ii)

Our approach of amplifying the wavelet co-
efficients corresponding to the selected Rol has
shown better results than the method proposed
by Shapiro[54] where the weighting is applied
directly to the spatial domain, that is, before
wavelet transforming the image. The latter ap-
proach makes use of the linearity of the DWT to
translate the weighting to the subband domain.
The same reasoning followed in the wavelet-
domain method is also adopted here with respect
to the prioritization of the large coefficients in
the EZW coding. However, the amplification of
a portion of the image generates artificial steps
which result in annoying ringing effects when fil-
tered by the wavelet filter bank. The introduction
of a margin around the selected region to achieve
a more gradual amplification with the aid of a
smooth window [54] was not sufficient to solve
the problem. The visually unpleasing and per-
haps misleading borders around the Rol do not
show up in the wavelet approach even when no
smoothing window is used.

Lossless SCAlthough the above method for SC
can in principle be used for lossless compression
as well, a more accurate and reliable approach
for reversibly representing the Rols has also been
developed. It is based on the idea of treating the
Rols in a totally different way than the rest of
the image. After the selection has been done, the
Rols are separately kept and input to a lossless
encoder while the image is compressed with the
normal approach. Prior to its entropy encoding,
the Rol can undergo a lowering in its entropy
with the aid of a suitable transformation. This op-
eration will normally permit a further compres-
sion gain since it will reduce the lower bound for
the achievable bit-rate. Extended studies of the
performance of several transform-entropy coder
combinations for reversible medical image com-
pression have been reported [28,48]this work,

we have used the DWT in its lifting represen-
tation as the decorrelation method. Apart from
the advantages emerging from the hierarchical
decomposition implied by this choice, the struc-
tural enforcement of the exact reversibility of the
lifting scheme naturally meets the requirement
for purely lossless compressiom the expan-
sion stage, the Rols are ‘pasted’ onto their orig-
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inal places. To save on the bit-rate for the rest FE
of the image, the corresponding portions are first
de-emphasized in the encoding stage by atten-
uating the corresponding coefficients. This is in
effect the exact counterpart of the trick used in
the lossy SC approach, where now the selected
wavelet coefficients are given the lowest priority
in the allocation of the bit-budget. There is also
the possibility of performing the de-emphasis in
the spatial domain by also introducing a suffi-
ciently wide margin (whose width depends on
the length of the filters used) to avoid leakage of
ringing effects outside the protected region.

As it will become apparent in the experimental |
results presented in the next section, this SC ap-
proach, despite its conceptual simplicity,piar- ’
ticularly effective with respect to providing safe {
representation of critical information and visu-
ally pleasing results, without sacrificing com-
pression performance.

Fig. 10. Test image used in our experiments (51212 x 8 bpp).

tem.” Despite the simplicity and computational effi-

ciency of the Haar wavelet and its lower susceptibility
to ringing distortions as compared to the longer (9,7)
filter bank, the latter is deemed more suitable for such
_ ) ) _applications in view of its better space-frequency lo-
This section presents typical results from the appli- ¢5|ization which battles against the blocking behavior

cation of our compression scheme to real medical im- gan experienced in Haar-based low-bit rate compres-
agery, aiming to demonstrate its applicability to the de- gjo.

mand_ing problems_inherent-in the medicalimage com- e have tested the performance of our scheme ver-
pression area and its superior performance over that ofSus the JPEG codec in its Corel 7 implementation. The

more conventional approaches in terms of both objec- 1 stage employed a 5-level tree using the (9,7) fil-
tive and subjective criteria. The testimage used in the o pank. A practical matter comes up when wavelet

experiments presented here is the 51812 x 8bpp  ransforming an image, namely that of coping with the
chest X-ray image shown in Fig. 10. The filter banks finjte input size, i.e., performing the filtering with the
used in our simulations include the Haar as well as g5 6priate initial conditions that do not harm the PR
the (9,7) pair developed by Antonini et al. [3]. Both  perty. In the experiments discussed here, we used
filter banks were rz_;mked among the best ones for im- symmetric periodic extension to cope with this prob-
age compression in the study of [65]. Both systems |om that is, the image is extended as if it were viewed
enjoy the property of linear phase which is partic- - thrq,gh a mirror placed at its boundaries. This choice
ularly desirable in image processing applications. It a5 the advantage of alleviating distortions resulting
has been shown to contribute to a better preservation¢qm large differences between its opposing bound-
of the details in low bit-rate compression, apart from iies The direct DWT scheme was used. The results
overcoming the need for phase compensation in trees, i, the lifting scheme are not included since for lossy

of nonlinear-phase filters. Orthogonality, a property of compression they are comparable to those of the di-
the transform that allows the direct translation of dis-

tort.|or_1 reductions fron_] the tranSform to th_e §pat|al do- = This is in fact aiorthogonalanalysis/synthesis system, meaning
main in transform coding schemes, is satisfied by both hat the analysis filters are orthogonal to the synthesis ones but
filter pairs, albeit only approximately by the (9,7) sys- not to each other.

4. Results
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Fig. 12. MAD comparison of EZW-AC, EZW-RLE, and JPEG. Fig. 13. Rate-distortion curves for EZW-RLE: (a) PSNR; (b) MAD.

rect scheme, usually slightly worse especially for high coder as an attractive alternative to more complex en-
compression ratios. We have tested both the AC and tropy coding schemes, since it is proven to combine
our RLE-based lossless coding algorithms in the en- conceptual and implementational simplicity with high
tropy coding stage. The resulting PSNR for the three coding efficiency.

codecs and for a wide range of compression ratios The same ranking of the three compression ap-
is plotted in Fig. 11. We observe that the curves for proaches is preserved also in terms of a comparison
the DWT-based schemes are well-above that of JPEG of the resulting MAD values, as shown in Fig. 12.
for compression ratios larger that 10:1. Furthermore, Moreover, it can be seen that, with respect to this fig-
the loss from employing the simpler and faster RLE ure of merit, the DWT-based compressor consistently
coder in comparison to the much more sophisticated outperforms JPEG, for all compression ratios exam-
first-order model-based AC is seen to not exceed 1 dB. ined. The results of Fig. 12, albeit reflecting an objec-
These results enable us to propose the RLE-basedtive performance evaluation, might also be of use in
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Fig. 14. Results of 32:1 compression with (a) JPEG and (b) EZW-RLE. (c), (d) Details of (a), (b). Corresponding errors are shown in (e), (f).

conjecturing on the subjective visual quality of there-  We should note that, as it is evident in both of the
constructed images [60]. Besides, isolated local errors above comparisons, the reconstruction quality degra-
might prove to be more severe, for the purposes of di- dation, albeit increasing in all three algorithms with
agnosis, than distortions that have been spread out onincreasing compression, is far more pronounced in the
larger areas of the image. JPEG case.
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Fig. 15. Lossy SC: weight=16, CR=32:1. (a) Rol shown in border. Reconstructed image using wavelet (b) and spatial (c) domain weighting.

E. Kofidis et al./Future Generation Computer Systems 15 (1999) 223-243

‘ .

X

T R,

=k

(d), (e) Error images for (b), (c).

We have also tested the DWT compressor in a
denser set of compression ratios, from 5:1 to 50:1.
The results for the PSNR and MAD are plotted in
Fig. 13 and should be indicative of the rate-distortion
behavior of this scheme.

Fig. 14 shows the compressed/decompressed chest
image at a ratio of 32:1 using JPEG and the pro-
posed scheme with 5-level (9,7) DWT and RLE cod-
ing. The latter achieves a MAD of 13, and a PSNR
of 41.888dB, as compared to 18 and 39.769dB for
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(a) (b)

Fig. 16. Lossless SC: (a) reconstructed and (b) error images for the Rol of Fig. 15(a). A CR of 32:1 was specified for the rest of the image.

the MAD and the PSNR furnished by the JPEG coder. the result is a visually pleasant image showing no bor-
Moreover, no visible artifact is present in the DWT- dering effects around the selected region. In the exam-
compressed image, whereas the blocking effect is ev- ple of Fig. 16 we used an AC to losslessly compress
ident in the result of JPEG, as can be observed in the the Rol. We have also evaluated the performance that a
magnified images shown in the same figure. Viewing 1-level Haar lifting scheme would have in decorrelat-
the corresponding (normalized to the range [0,255]) er- ing this region. The choice of the Haar transform was
ror images further reveals the prevalence of the block- made on the basis of its simplicity and furthermore, to
ing effect in the JPEG image. exploit the fact that the matri/ coincides with the
The SC capability of our system has also been tested KLT of order-2, which is the optimum decorrelating
in both its lossy and lossless modes. The rectangular2 x 2 transform [26]. In effect, the use of the lifting
region shown with the black border in Fig. 15(a) is the scheme in this example corresponds to a lossless ver-
Rol selected for this experiment. For the test of the sion of the second-order KLT. We have found that the
lossy SC, a weight factor of 16 was chosen and the effect of the Haar lifting transform on the entropy of
target rate was specified to correspond to a compres-the Rol was a decrease from 6.8123 bpp to 4.8744 bpp,
sion ratio of 32:1. Fig. 15(b,c) shows the reconstructed or equivalently a compression ratio of 1.4:1 if an op-
images where amplification has been performed in the timal entropy coder were used. Better results could be
wavelet and spatial domains, respectively. In the latter obtained by using a deeper lifting tree. For example,
case, a raised-cosine window has been employed towith a 3-level tree a reduction in entropy of 3:1 is
smooth-out the sharp transition generated. In spite of achieved. Moreover, the multiresolution nature of the
the smoothing used, the image in Fig. 15(c) exhibits DWT adds the possibility for progressive transmission
an annoying ringing effect around the Rol, in con- of the Rol. We feel that the applicability of the lifting
trast to the satisfying appearance of the region and its scheme in reversible image compression deserves fur-
context in Fig. 15(b). The error images shown in Fig. ther investigation, in view of our preliminary results.
15(d,e) are also informative on the comparison of the  We have also investigated the potential of our
two approaches. scheme for PT applications. A few frames of a pro-
The result of the application of the lossless SC tech- gressive decompression using the above technique
nigue to the same Rol is shown in Fig. 16. A compres- are shown in Fig. 17, where it is also assumed that
sion ratio of 32:1 was again used for the background an Rol has been selectively compressed. Notice how
of the image. Notice that, contrary to what one would the inherent prioritization of EZW shows up with the
expect from such a simple ‘cut-and-paste’ technique, Rol being received and gradually refined first.
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(e) ()

Fig. 17. Progressive decompression corresponding to Fig. 15(b). (Not all frames are shown.)

5. Concluding remarks to be satisfied by the traditional coding techniques, in-
cluding the common JPEG standard. To come up with

The conflicting demands for high-quality and low a scheme that would seem promising in meeting the
bit-rate compression imposed by the nature of the requirements for image management in contemporary
medical image compression problem are too difficult PACS and teleradiology applications, we have tried
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to employ the state-of-the-art techniques in the cur- use of the lifting realization of the DWT in lossless

rentimage compression palette of tools. Our system is compression, with its multiresolution, low complexity

based on a combination of the DWT, EZW compres- and structurally guaranteed perfect inversion charac-

sion with nonuniform coefficient distribution taken teristics, has given interesting results in our study and

into account, and effective entropy coding techniques it is perhaps a worthwhile way of extending the basic

including a particularly efficient RLE-based coder. A system.

notable feature of the proposed codec is the selective The existence of powerful and cost-effective solu-

compression capability, which considerably increases tions to the problem of MI compression will be of ma-

its usefulness for MI applications, by allowing high jor importance in the envisaged telemedical informa-

compression and critical information preservation at tion society. We feel that the proposed framework is

the same time. in the right direction towards the achievement of this
We have tested our codec in a variety of images goal.

and compression ratios and evaluated its performance

in terms of objective measures as well as subjective

visual quality. The unique features of multiresolution References
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