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Medical image compression with lossless regions of interest!
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Abstract

Many classes of images contain some spatial regions which are more important than other regions. Compression methods
which are capable of delivering higher reconstruction quality for the important parts are attractive in this situation. For
medical images, only a small portion of the image might be diagnostically useful, but the cost of a wrong interpretation
is high. Algorithms which deliver lossless compression within the regions of interest, and lossy compression elsewhere in
the image, might be the key to providing efficient and accurate image coding to the medical community. We present and
compare several new algorithms for lossless region-of-interest (ROI) compression. One is based on lossless coding with
the S-transform, and two are based on lossy wavelet zerotree coding together with either pixel-domain or transform-domain
coding of the regional residual. We survey previous methods for region-based coding of medical images.

Zusammenfassung

Viele Bilder enthalten einige riumliche Bereiche, die wichtiger sind als andere Bereiche. In dieser Situation sind kompres-
sionsmethoden attraktiv, die fir die wichtigen Teile eine hohere Rekonstruktionsqualitit liefern konnen. In medizinischen
Bildemn ist moglicherweise nur ein kleiner Ausschnitt diagnostisch brauchbar, jedoch sind die Kosten einer falschen Interpre-
tation hoch. Ein bedeutender Schritt zu einem effizienten und genauen Kodierverfahren fiir medizinische Anwendungen kann
darin liegen, fiir wichtige Bereiche eine verlustlose Kompression zu erzielen, und verlustbehaftet in den iibrigen Bildbe-
reichen zu arbeiten. Wir stellen einige neue Algorithmen zur verlustfreien Kompression in wichtigen Bereichen (ROI) vor und
vergleichen sie. Ein Algorithmus beruht auf der verlustfreien Kodierung mit Hilfe der S-Transformation, zwei andere beruhen
auf der verlustbehafteten Wavelet-Baumkodierung entweder zusammen mit einer pixelorientierten oder einer transformations-
orientierten Kodierung der wichtigen Bereiche. Frithere Methoden der bereichsorientierten Kodierung bei medizinischen
Bildern werden referiert.

Résumé

Un bon nombre d’images contiennent des régions dans 1’espace qui sont plus importantes que d’autres. Les méthodes de
compression qui sont capables de restituer la meilleure qualité de reconstruction pour ces parties importantes deviennent
alors trés intéressantes. Dans le cas des images médicales, seulement une seule portion d’image peut étre utile pour établir un
diagnostic, mais le cout d’une mauvaise interprétation peut étre trés élevé. Les algorithmes qui effectuent une compression
sans perte dans les régions intéressantes et une compression avec pertes partout ailleurs, pourraient étre la solution pour
fournir un codage d’image efficace et précis pour le domaine médical. Nous présentons et comparons plusieurs algorithmes
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pour la compression sans perte des régions d’interet (ROI). L'un est basé sur le codage sans perte avec la transformation en
S, et deux autres sont basés sur le codage avec pertes (ondelettes ‘zerotree’); parmi ces 2 derniers, en codant les residus par
région, I’un fonctionne dans le domaine des pixels, I’autre dans le domaine de la transformé par ondelette. Nous balayons
rapidement les methodes déja publiées pour le codage basé sur le principe de régions.

Keywords: Region-of-interest compression; Medical image compression; Regionally lossless coding; Radiology information

systems

1. Introduction

The easy, rapid, and reliable digital transmission
and storage of medical and biomedical images would
be a tremendous boon to the practice of medicine.
Patients in rural areas could have convenient access
to second opinions. Patients readmitted to hospitals
could have earlier imaging studies instantly available.
Rather than waiting for others to finish with hard-
copy films, medical and surgical teams collaborating
on patient care could have simultaneous access to
imaging studies on monitors throughout the hospital.
This long-term digital archiving or rapid transmission
is prohibitive without the use of image compression
to reduce the file sizes. For example, a single ana-
log mammogram might be digitized at 4096 x 4096
pixels x 16 bpp. This file would be over 33 megabytes
(MB). In lossless compression, the original image is
exactly recoverable from the compressed format; with
lossy coding, it is not, but vastly greater compression
is achieved. However, lossy schemes are viewed with
suspicion by many members of the medical and scien-
tific community; image alteration might entail loss of
diagnostic or scientific utility. Many physicians feel
they cannot trust lossy compression which mostly de-
livers exquisite quality and yet which can, without
warning, introduce medically unacceptable artifacts
into the image. After segmenting an image into re-
gions (either automatically or manually) it is possible
for a compression algorithm to deliver different levels
of reconstruction quality in different spatial regions of
the image. One could accurately (losslessly) preserve
the features needed for medical diagnosis or for scien-
tific measurement, while achieving high compression
overall by allowing degradation in the unimportant re-
gions. Such coding, which we term regionally loss-
less coding or lossless-ROI coding, may be the key to
having physicians and scientists entrust image data to
compression,

In radiology, the discussion of image compression
often divides into three separate uses: compression
before primary diagnosis (for rapid transmission),
compression after primary diagnosis (for long-term
archiving), and compression for database browsing
(where progressivity would be useful). Compres-
sion occurring before primary diagnosis is the most
controversial use of lossy compression. However, it
might prove useful in cases where the interpreting ra-
diologist is at a remote site and lossless compression
cannot be used. For example, the patient’s situation
might require such rapid action that the time for
lossless transmission of original images cannot be
countenanced, or the bandwidth for real-time lossless
video transmission might not be available. Com-
pression after primary diagnosis might be useful for
long-term digital archiving. Here it is easy to imagine
how region-based coding might play a role, since the
primary interpretation of a film can perhaps be used
for providing the region segmentation. A third use of
compression is for providing progressive transmission
capabilities when receiving images over a network.
With progressive coding, image quality incrementally
improves as more bits arrive. Early versions of an
image can be good enough to show that the image
is not of interest; transmission can then be ‘nipped
in the bud’. Progressive codes can be designed to
be eventually lossless, so that if the user waits long
enough (e.g., 30s) the image will be exactly equal
to the original, but over the short term (e.g., 0.55s)
the image would already be useful. Region-based
methods that take image content into account might
deliver a useful version more rapidly.

As an example, Fig. 1(a) shows an MR brain scan
with cancerous tumors circled. Following its use in
primary diagnosis, this image could be compressed so
as to perfectly preserve this region. Allowing grace-
ful degradation in the rest of the image could yield
high compression. The original image has a grayscale
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Fig. 1. (a) MR brain scan with tumors encircled, (b) MR brain scan compressed by a factor of 100: 1, (c) compressed scan with circled

region shown at original accuracy.

resolution of 8 bits per pixel (bpp); Fig. 1(b) shows it
compressed to 0.08 bpp. This is not of sufficient qual-
ity for a physician to measure the effects of a treatment.
Fig. 1(c) shows an example in which the compressed
image has the circular tumor region at original quality,
and it represents what one might wish to obtain from
a regionally lossless scheme. This image is suitable
for comparison and still provides dramatically higher
compression than can be achieved by schemes which
are lossless everywhere. This image could include a
circle that makes clear the boundary of the lossless re-
gion. In this example, the important region occupies
only 4% of the pixels in the image. After the entire
image has been compressed by a factor of 100: 1, the
important region would represent 80% of the total file
size if it were not compressed.

2. Background

In region-based coding, the input image is seg-
mented, i.e., divided into spatial regions. A schematic
is shown in Fig. 2. The regions may differ in their
grayscale characteristics or in their importance levels.
The division into regions can be useful for two very
distinct purposes. Segmentation can allow the use of
encoding schemes tailored for the different regions,
and it can allow the assignment of different quality
levels to the different regions. In the first case, the dif-
ference between quality levels 0, and O, might be
negligible, but the segmentation allows the profitable
use of different methods M; and M,. In the second
case, the methods might be identical except for their

U

R

Fig. 2. Region R is encoded with method M| to quality level Q.
Region R is encoded with method M; to quality level Q5.

bit allocations, and the goal is to produce different
quality levels. It is possible, of course, that the seg-
mentation might be useful for both purposes.

2.1. Regions with different encoding methods

Most work in region-based coding has focused on
the former goal — identifying regions with different
grayscale characteristics which would profit from the
use of different encoding schemes. The earliest work
on region-based coding called itself ‘contour-texture’
coding [25,27]. Region-growing segmentation was
followed by approximation of internal areas using
2-D smooth polynomial functions of order 0, 1 or 2.
The region-growing was based on gray-level inten-
sity, and a post-processing step merged small regions.
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In coding, the boundaries were represented by a com-
bination of straight lines, circular arcs, and pieces of
original boundaries. Later variations on this theme
included using split-and-merge segmentation [26],
imposing smooth boundary constraints, allowing in-
ternal behavior to be represented by either polynomial
approximation or vector quantization [17, 11, 14] and
a variety of other ideas. Boundaries can be described
in a variety of different ways, including chain codes,
polygonal approximations, signatures, and boundary
segments [18]. These boundary representations can
be losslessly encoded. There is an inherent trade-off
between the accuracy of object segmentation and the
overhead for coding the description of the segmenta-
tion. Segmentation can be very useful for videophone
coding, where it is possible to exploit extensive a
priori knowledge about the scene (e.g., existence of
a face symmetry axis and relative approximate loca-
tions of the primary facial features) (see, e.g., [29]).

Several region-based coders have been used in the
context of multiresolution decompositions. Baseri and
Modestino applied methods of boundary description
and parametric polynomial fitting to the baseband of a
subband decomposition [1]. In this way, the superior
performance of subband coding could be combined
with the ability of polynomial functions to model low-
frequency regions of natural images. A division of
subbands into edge regions (found separately in each
subband), texture regions (in common for all sub-
bands), and low-activity regions was proposed in [28].
Good results were obtained by exiracting arbitrarily
shaped regions in each band, and using different quan-
tizers and different bit allocations for each class of
sub-region in each band.

2.1.1. Regions for motion compensation
Region-based methods have been finding partic-
ularly fruitful applications in the compression of
motion sequences (see, e.g., [4, 10, 15,16, 19,20, 30—
33,43,49,51, 54,55]). These methods are often called
‘object-oriented’ compression techniques, since a
moving region is often a discrete object. Object-
oriented approaches are generally aimed at very
low bit-rate video coding. Typically, object-oriented
coding algorithms segment each image into regions
of uniform motion and estimate motion of these re-
gions to generate more accurate motion compensated

images. Compared with block-based motion compen-
sation, object-oriented motion compensation requires
extra computation to perform the segmentation, ex-
tra bits to encode the boundary information (which
is often encoded by a chain code), but fewer bits
to encode the motion-compensated prediction error.
Another slightly different approach is to use a sim-
ple block-based motion estimator, and then to use an
object-oriented approach to segmenting the motion-
compensated difference frame. The difference image
can, e.g., be segmented into regions of high and
low activity, and the low activity regions can be left
unencoded.

2.2. Regions with different quality levels

A smaller number of studies on region-based cod-
ing have focused on the second goal — providing
different levels of quality in different spatial regions
of an image. In [40], aerial images were segmented
into non-homogeneous regions (e.g., roads, build-
ings) which were considered important, and textured
homogeneous regions (e.g., agricultural or undevel-
oped areas) which were less important. The quality
goals were to achieve ‘information preservation’ for
the important parts, and ‘image realism’ for the re-
mainder. Texture modeling was performed in the
wavelet domain within polygonal regions that were
defined by their relatively homogeneous statistics in
the image domain. In the non-homogeneous regions,
the subband data was adaptively scalar quantized.
The quantized coefficients, texture parameters, and
region geometries were then losslessly encoded. In
this example, both different quality levels and dif-
ferent encoding methods resulted from the segmen-
tation. A similar goal appeared in [22], in which
images were segmented and coded with polynomial
approximations. Such schemes can be very inefficient
for textured regions, since they tend to get approx-
imated with a large number of uniform regions.
A pre-processing step was used to identify textured re-
gions and reduce the number of regions there. Cheng
and Kuo used a JPEG-like scheme in which different
quantization tables were used for different regions
[9]. In this work, the block discrete cosine trans-
form (DCT) was replaced with a fully decomposed
wavelet transform. Coeflicients from different bands
were grouped into blocks, and JPEG-style quantiza-
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Fig. 3. The encoder in [36] achieves different quality levels by recursively segmenting, quantizing based on the segmentation, and inverse

transforming.

tion and entropy coding were then applied. A user
selects a rectangular region of interest, and blocks in
this region are subjected to a less coarse quantization.
For a video application, the system tracks the position
of the region of interest. Bedini et al. [2] focus on
videotelephone sequences in which the speaker’s head
is detected using active snakes. Internal facial fea-
tures such as the eyes and the mouth are subsequently
detected and coded more accurately. Similar goals for
videotelephone sequences are discussed in [5].

2.2.1. Quality levels for medical images

Several studies have focused on different region-
based quality levels for medical applications
[34-37,52,53,24,6,7). The general theme is that
diagnostically important regions must be preserved
at high quality, whereas the rest of the image is only
important in a contextual sense, helping the viewer
to observe the position of the ROI within the origi-
nal image. The proposed schemes differ according to
the segmentation methods (manual versus automatic)
and segmentation goals (a background/foreground
distinction or a more focused segmentation), and ac-
cording to the compression methods (DCT, vector
quantization, wavelets, etc.) and compression goals
(lossless ROI versus lossy ROI).

In [35], MR brain images were segmented, and dif-
ferent segments were encoded with vector quantizers
at different rates. In this work, region boundaries were
not explicitly coded; the members of this class of im-
ages were assumed to have sufficient spatial stationar-
ity that the region locations could be assumed to match
the standard. The algorithm was not robust against

the situation where an individual scan had the brain
portion significantly displaced with respect to the av-
erage for the class. In later work, this problem was
fixed and yet encoding of region boundaries was still
avoided by basing the segmentation on the small, low
resolution version of the image which was transmitted
first [36]. The lowest band (LL4) of a 4-level wavelet
decomposition was automatically segmented into 3
regions of differing diagnostic importance. Based on
this segmentation, bits and quality were allocated to
the corresponding regions of the next subbands (LHj,
HL,;, HH;). These four encoded and reconstructed
bands could then undergo a single round of inverse
transforming to produce a new baseband (LL3). In
its turn, this baseband could be segmented and bits
could be assigned to the other bands. With a recursive
application of inverse transforming and segmenting,
occurring at both the encoder and decoder, the bit al-
location could be tracked through all the bands. The
structure is shown in Fig. 3. Another method that in-
volved an automatic segmentation into 3 regions was
[34], in which ventricular cineangiograms were com-
pressed by forming differences within each region, and
approximating those residuals with smooth functions.

A region-based method using predictive pruned
tree-structured vector quantization was reported in
[37]. Here, simple methods based on thresholding,
connectivity, and boundary smoothing were used to
segment CT chest scans into foreground and back-
ground. The boundary was encoded with a chain
code. The background was not encoded, and was dis-
played as black by the decoder. The paper showed
that the segmentation improved performance not
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only because no bits would be wasted on the back-
ground, but also because a more accurate predictor
could be designed by using only the foreground re-
gions of the training set. Another method focusing on
foreground/background segmentation was [53] which
exploited the fact that a large proportion of a mam-
mogram consists of uninteresting background. A self-
organizing neural network was first used to separate
the breast area from the background. Then an opti-
mized JPEG coding algorithm was used to code the
segmented breast area only, at near lossless quality.

In [52], an ROI-DCT algorithm was proposed, in
which an 8 x 8 block DCT is performed on an image,
and more DCT coeflicients are retained for blocks in-
side the RO, so that the ROI ends up with high qual-
ity. While not precisely segmentation-based methods,
in [6, 7], methods for adaptively quantizing wavelet
coefficients were developed with an eye towards
preserving strong edges. The goal is to accurately
preserve structures and boundaries which might be
subjected to quantitative measurements by a radiolo-
gist.

The studies described so far have been concerned
with segmentation-based Jossy coding of medical
images, where the ROI gets higher, but not lossless,
quality. A small number of previous studies have also
focused on segmentation-based lossless coding of
medical images, in which all regions retain lossless
quality, but different lossless encoding methods might
be used for different regions such as background and
foreground (see [45,47]). One previous study fo-
cused on lossless-ROI coding for medical images, in
which the ROI is lossless but the remainder of the
image sustains degradation [24]. This study compared
three different methods: a DCT method, a DCT/HINT
method and a HINT method. The DCT-based method
was found to be the best among the three in terms
of compression ratio, algorithmic complexity, and
quality of reconstructed image. First the entire im-
age was transformed, quantized and encoded using
8 x 8 block DCTs, a scalar quantizer and Lempel—-
Ziv (LZ) coding. Then the image was reconstructed
and a residual image was computed. The residuals of
the pixels inside the ROI region were coded using
LZ coding. This method is close to that described in
[50], in which JPEG followed by adaptive prediction
and adaptive arithmetic coding of the residual were
used to encode an image losslessly in its entirety.

A lossless-ROI scheme employing a version of pyra-
mid coding (adapted MIP texture mapping) was
described in [12] in the context of gaze-contingent
displays, but specific compression results were not
included.

2.3. Multiresolution decompositions

The goal of our work is to develop and compare
algorithms which deliver different levels of recon-
struction quality in different portions of the image,
specifically where the region-of-interest R has no loss
(perfect reconstruction). We focused on multiresolu-
tion coding methods such as wavelet zerotree coding
[44] and the S-transform [39,21,38], since multi-
resolution methods are currently the basis for the best
general-purpose lossy and lossless compression of
still images (e.g., [44,42,41, 13]).

The basic concept of wavelet zerotrees is as follows.
A subband decomposition is produced by an analy-
sis filter bank followed by downsampling. Any or all
of the resulting subbands can be further input to an
analysis filter bank and downsampling operation, for
as many stages as desired. In a two-channel separa-
ble system, the initial high-pass and low-pass filters
and downsampling are applied to the rows of an im-
age. The subsequent filters and downsampling are then
applied to the resulting columns. The image is split
into four bands, denoted LL,, LH;, HL; and HH,,
according to whether the rows and columns received
the low-frequency or high-frequency filtering. The re-
construction operation consists of an upsampling op-
erator followed by a synthests filter bank. If only the
low band LL, is further decomposed, this is referred to
as an octave-band decomposition. In an octave-band
decomposition, each coefficient X; (except those in the
lowest band and the three highest bands) is related
to exactly four coefficients in the next higher band.
Those four coefficients correspond to the same orien-
tation and spatial location as X; does in the original
image. Each of these four is in turn related to four in
the next band, and so on. These coeflicients are collec-
tively called the descendants of X;. The relationship is
depicted in Fig. 4. In an octave-band decomposition,
it is often true of image data that when a coefficient
X; has magnitude less than some threshold 7, all of
its descendants will also. The collection of coefficients
is then called a zerotree with respect to the thresh-






