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ABSTRACT

This paper addresses quality issues in Medical Image
compression and proposes an approach to achieve near-
lossless storage of digitized X-ray plates. An image is
normalized to the standard deviation of its noise, which
is estimated in an unsupervised fashion. The result-
ing bitmap is encoded without any further loss. The
compression algorithm proposed is based on a two-stage
recursive interpolation exploiting nonseparable median
�ltering a on a quincunx grid. The advantage is twofold:
interpolation is performed from all error-free values and
is unlikely to occur across edges, thereby reducing the
coding cost of the outcome residuals. In addition, classi-
�cation based on spatial context is employed to improve
entropy coding. The scheme outperforms other estab-
lished methods when applied to X-ray images.

1 INTRODUCTION

Image compression is gaining the attention of an ever-
increasing audience in the �eld of Medical Imaging be-
cause of the huge amount of data to be archived and/or
transmitted [1]. Compression methods can be either
reversible (i.e. lossless) or irreversible (lossy), depend-
ing on whether images are exactly reconstructed after
decoding or some errors are introduced. When loss-
less coding is mandatory, however, compression ratios
greater than 2 or 3 can hardly be obtained, mainly be-
cause of the acquisition and digitization noise.
The evaluation of the maximum allowable distortion

within the constraint of an e�cient source coding is
an open problem: quality must be preserved according
to both objective and subjective criteria [2]. A viable
approach consists of de�ning some regions of interest

(ROI) [3]: compression will be lossless inside ROIs, and
lossy outside. Another approach is to accept lossy com-
pression and to adjust quality based on diagnostic tri-
als performed, for instance, through receiver operating

characteristic (ROC) curves [4]. Both the above ap-
proaches must be supervised by an expert, to identify
ROIs in the former case, and to assess diagnostic qual-
ity in the latter. They also assume that the original

digitized data possess a quality adequate for diagnoses.

Noteworthy for Medical Images are those lossy meth-
ods which allow to settle \a priori" the reconstruction
error, not only on the whole, but also as a local mea-
surement. Near-lossless compression is concerned when
reconstruction errors are upper bounded, besides being
small on an average [4, 5, 6]. In this way, notwithstand-
ing the loss of semantic (e.g. diagnostic) information
may be considered to be negligible at all, a decrement
in bit-rate is obtained from the loss of statistical infor-
mation given by the noisy image component.

The creation of digital archives starting from exist-
ing analog formats is a parallel problem in the medical
�eld. This demand is specially pressing for X-ray im-
ages that are usually digitized from analog plates with
a radiometric resolution of 12 bits, in order to preserve
subtle variations of grey levels that can aid to diagnoses.
High-quality scanning systems, however, can hardly pro-
vide SNRs comparable to those of 12 signi�cant bits
(> 70 dB). In addition, instrument set-up (e.g. radio-
metric calibration, spot size, sampling rate) are critical
for performances. Therefore, an image digitized with 12
bits/pixel usally exhibits a number of signi�cant levels
(i.e. noise-free) which is lower than that expected.

Trivially, performances are penalized when noisy data
are being lossessly compressed. A feasible solution is to
estimate the noisiness of the data and remap them onto
a more suitable number of levels, before coding. Perfor-
mance penalty will be mitigated, and diagnostic quality
thoroughly preserved. In fact, the outcome images will
be virtually lossless, if the new quantization step size is
comparable to the standard deviation of the noise.

In this paper, a method for estimating the number of
signi�cant grey levels in digital images is proposed. It
makes use of information coming from the distribution
of local variance of grey levels, and is totally unsuper-
vised. Once the standard deviation of the noise has been
assessed, only signi�cant grey levels are considered for
lossless coding. A hierarchical compression based on me-
dian �ltering and context coding provides results among
the best reported in the most advanced literature.



2 NOISE ASSESSMENT OF X-RAY IMAGES

A noise model that is mathematatically tractable and
physically congruent with X-ray images is stated as

X(m;n) = f(m;n) + f(m;n)
 � u(m;n) (1)

in which X(m;n) denotes the recorded noisy image at
pixel position (m;n), f(m;n) the noise-free image and
u(m;n) a random process, independent of f(m;n), sta-
tionary and uncorrelated, with zero mean and variance
�2u. For 
 = 0, the model (1) reduces to additive signal-
independent noise and the variance of (1) yields

�2X(m;n) = �2f (m;n) + �2u (2)

On homogeneous areas, in which �f (m;n) �= 0,
�2X(m;n) equals the noise variance �2u. This fact is no
longer true when ensemble statistics are replaced with
local spatial statistics and �f (m;n) 6= 0. It can be no-
ticed, however, that on an average �X always exhibits
a unimodal unbalanced distribution. The presence of
signal spreads the histogram towards right, thereby in-
creasing its mean, but without practically a�ecting its
mode. Thus, the mode of �X yields an estimate of �u.
Figure 2 depicts the situation for a 12�bit X-ray image.
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Figure 1: PDF of square root of local variance computed
with several window size on a 12�bit X-ray chest image.

3 CONTEXT-BASED RECURSIVE NON-

LINEAR INTERPOLATION

The idea of using nonlinear interpolation in a recursive
fashion was �rst suggested as a variant of HINT [7]. The
median of four pixels placed at the corners of a square
or a diamond pattern, was used to predict the centre
pixel. The median of a sample set with an even number
of elements is de�ned as the average of the two middle
values in the sorted set. In this way, interpolation is un-
likely to be carried out across edges, but possibly along

linear discontinuities. Unfortunately, the results of this
median-based HINT were quite comparable to those of
the standard scheme, on a test set of digitized X-ray im-
ages [7]. The classical linear HINT, therefore, remained
unsurpassed for almost a decade [1].

3.1 Two-stage recursive nonlinear interpolation

Some experiments with separable interpolation, gener-
alized [8] and two-stage bilinear [9], highlighted that the
weak point of linear interpolation are edges: results may
be partially adjusted by choosing a direction of larger
correlation and carrying out interpolation along it in the
�rst stage [10]. The idea of the present work is to re-
place linear interpolation with median-based nonlinear
interpolation in the two-stage scheme [9, 10] which is
forced to become nonseparable, as HINT was.
Let fX(m;n);m = 0; : : : ;M � 1;n = 0; : : : ; N � 1g,

M = p � 2K , and N = q � 2K , be an integer-valued
image, with p, q and K integers. The �rst interpolation
stage at layer k yields an approximation of X , X̂ , as

X̂(2k(m+
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2
)) =

round[MfX(2km; 2kn); X(2k(m+ 1); 2kn); (3)
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m = 0; : : : ;M=2k � 1; n = 0; : : : ; N=2k � 1; 1 � k � K.
Mf�; �; �; �g stands for median and round[�] for roundo�
to integer. Interpolation residuals are de�ned as
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The second step of interpolation is twofold:
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The outcome residuals will be
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Samples outside subscript ranges are skipped. Thus, the
median of three pixels is used on frame borders. Starting
from the p�q icon at level K, the procedure is repeated
for k = K � 1; : : : ; 1 to yield multiple sets of integer
coe�cients. Figure 2 shows the two-stage interpolation.



(a) (b)

Figure 2: Example of two-stage nonseparable median-
based interpolation. First stage (a): the median of 4
neighbouring samples (dots) yields an approximation
(triangle); the interpolation error (di�erence between
a triangle and its underlying dot) is encoded. Second
stage (b): interpolation is carried out from 4 dots placed
at the corners of a diamond to yield an approximation
(square); interpolation errors are encoded as well.

Figure 3 shows the interpolation errors arranged into
subband-like regions: for each resolution, those yielded
by (4) lie along the main diagonal; those coming from
(6) along the co-diagonal.
At the decoder, the p�q icon is interpolated onto the

quincunx grid by median �ltering, the �rst set of resid-
uals (4) is added to such reconstructed samples to yield
all error-free pixels lying on the quincunx lattice (dots
in Fig. 2(b)). These samples are interpolated according
to (5) to produce approximations that are re�ned to re-
versibility by using the decoded residuals of the second
stage (6). This procedure is repeated decrementing k by
one, until the full-size image is retrieved for k = 1.

Figure 3: Icon and interpolation errors with K = 3.

3.2 Context-based coding

A recently proposed image compression scheme [11] has
proven itself to be more e�cient than DPCM schemes,
usually employed for (near-)lossless compression [5].
Multiresolution decorrelation was provided by the S-
transform (ST) [1], which is a dyadic Haar wavelet yield-

ing integer valued coe�cients and working on 2� 2 im-
age blocks, up to a root level K. The superior coding
performance depends on the use of context, as well as
of an empirically adjusted prediction across scale (P-
prediction) to enhance the decorrelation capability of
ST, which is indeed rather poor. Prediction errors of
ST coe�cients are encoded. To futher improve perfor-
mances, context-based coding was introduced following
a trend recently established for lossless compression of
Medical Images [12]. Prediction error are mapped into
new values (magnitudes) in such a way that larger ab-
solute prediction errors are associated to larger magni-
tudes. Each magnitude is then context-coded through a
function which takes into account of the average magni-
tudes of adjacent previously encoded coe�cients as well
as of the parent pixel. The sign and least signi�cant bits
of the prediction error, whose number is variable and
increases with the magnitude, are �nally encoded.
In this paper, the median-based interpolation, instead

of ST, is embedded in the context-based coding scheme.

4 EXPERIMENTAL RESULTS

Trials were carried out on a variety of test images to as-
sess the lossless compression capability of the proposed
context-based recursive nonlinear interpolation (CRNI).
Such standard 8-bit pictures as Lenna, Bridge, Harbour,
Baboon, and Peppers were used for experiments. Cod-
ing results were compared with those of lossless JPEG,
HINT, GRI [10], as well as of S&P, with coding method
II for best results. Gross bit-rate in bits per pixel (bpp),
with all overhead and side information, were considered
for all the schemes compared throughout. Table 1 shows

Table 1: Gross bit-rates (bpp) of test images for several
lossless compression methods: JPEG denotes best pre-
dictor. HINT and GRI use built-in Hu�man codebooks,
S&P and CRNI use classi�ed arithmetic coding.

IMAGE HINT GRI CRNI S&P JPEG
Lenna 4.71 4.44 4.21 4.18 4.71
Harbour 5.60 5.16 4.80 4.73 5.23
Baboon 6.74 6.49 6.31 6.19 6.63
Bridge 6.09 5.41 5.40 5.58 5.76
Peppers 4.69 4.62 4.34 4.37 4.77

that, for all the test images, CRNI and S&P are always
far superior to the other methods, which are not based
on context, and on an average the two schemes are com-
parable to each other. The e�ciency of CRNI is greater
than that of S&P, as appears from a new set of tri-
als, carried out on medical images, whose results are
reported in Figure 4 as a scatterplot. A test set of 25
1024 � 1024 X-ray chest images, originally scanned at
12 bit=pixel, have been remapped onto fewer greylevels
through rescaling by their noise standard deviation. As



an example, the test image used for the plot of Fig. 2
was normalized to its estimated standard deviation of
noise �u = 4:1. This operation has the e�ect of reduc-
ing the code rate from 5:67 bpp to 3:67 bpp. Although
the images are di�erently textured, CRNI always out-
performs S&P (all the 25 stars lie below the diagonal
line). Incidentally, the application of a P-prediction (see
[11]) in CRNI is unessential: it has been noticed that
the bit-rates in the two cases always di�er by less than
0:1%.
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Figure 4: Bit-Rates of CRNI plotted versus those of
S&P for the test set of 25 remapped X-ray chest images.

5 CONCLUSIONS

CRNI is a non-expansive pyramid employing median �l-
tering for interpolation and noise feedback (roundo� of
interpolated values) to achieve perfect reconstruction
of integer valued images. Two sets of residuals are
produced at the encoder for each layer. Interpolation
both at the encoder and at the decoder is carried out
in two steps, interleaved with the encoding/decoding
of the two sets of residuals, in order for all error-free
pixels to be used for interpolation. A context-based
strategy is adopted for encoding the residuals, to take
advantage of the self-similarity of coe�cients at di�er-
ent scales. A coding scheme is borrowed from a work
by Said & Pearlman, whose superior use of context
and joint use of arithmetic coding make it a winner.
Nevertheless, the overall compression is comparable, as
proven on standard grayscale images, and signi�cantly
enhanced on a test set of 12� bits X-ray images, which
have been remapped onto approximately one thousand
of greylevels in order to exhibit noise with variance one.
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