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Detection of Microcalcifications in
Mammograms Using Higher Order Statistics
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Abstract—A new method for detecting microcalcifications in
mammograms is described. In this method, the mammogram im-
age is first processed by a subband decomposition filterbank. The
bandpass subimage is divided into overlapping square regions
in which skewness and kurtosis as measures of the asymmetry
and impulsiveness of the distribution are estimated. The detec-
tion method utilizes these two parameters. A region with high
positive skewness and kurtosis is marked as a region of interest.
Simulation results show that this method is successful in detecting
regions with microcalcifications.

Index Terms—Computer-aided diagnosis, higher order statis-
tics, mammogram images, microcalcifications.

I. INTRODUCTION

T INY calcium deposits in breast tissues tht appear as small
bright spots in mammograms are calledmicrocalcifica-

tions. Microcalcification clusters are an early sign of breast
cancer, a leading cause of death in women. Microcalcification
sizes vary from 0.01–1 mm. With the current 50micron
scanning technology, the smallest microcalcification appears
as a 2 2 bright region in the digital mammogram image.
Since these regions are small and subtle abnormalities, they
may be overlooked by an examining radiologist. Therefore,
digitally enhanced mammogram images will be helpful in the
diagnosis process [1]–[5].

Recently, a variety of computerized detection schemes based
on the wavelet transform have been proposed to give radi-
ologists a “second opinion” [1]–[4]. In these schemes, the
mammogram image is first passed through a subband decom-
posing filterbank. The subband images are weighted to enhance
the microcalcification locations. A new image is reconstructed
from the weighted subimages. In the detection step, global and
local gray-level thresholds are applied to the reconstructed
image to extract possible microcalcification locations. These
locations are grouped to identify microcalcification clusters.
It should be noted that the reconstructed image in [1]–[4] is
essentially very close to a bandpass filtered version of the
original mammogram image.
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In this letter, contrary to the previous work, the detection
is carried out in the subband domain. The mammogram
image is first processed by a subband decomposition fil-
terbank. The resulting bandpass subimage is analyzed to
detect microcalcification clusters. Since microcalcifications are
small isolated bright regions, they produce outliers in the
bandpass and highpass subimages. As third- and fourth-order
correlation parameters, skewness and kurtosis, are measures of
the asymmetry and impulsiveness of the distribution, they can
be used to find the locations of microcalcification clusters. The
subimages are first divided into overlapping square regions in
which the skewness and kurtosis are estimated. If a region has
high positive skewness and kurtosis, then it is marked as a re-
gion of interest. Experimental studies show that this method is
successful in detecting regions containing microcalcifications.

In the following section, skewness and kurtosis concepts are
reviewed. In Section III, the detection scheme is explained.

II. DETECTION PARAMETERS: SKEWNESS AND KURTOSIS

Higher order statistical (HOS) parameters were utilized
in various image classification and recognition applications
[6]–[8]. In [8], the higher order spectrum was used to an-
alyze the cancerous lesions in mammogram images. In this
paper, third- and fourth-order correlations are used to detect
microcalcification clusters that lead to cancerous lesions.

For a random variable, third-order correlation parameter,
skewness, is defined as [9]

E E
E E

(1)

and is a measure of the symmetry of the distribution. An
estimate of the skewness is given by

(2)

where and are the estimates of the mean and standard
deviation over observations ( ).

Similarly, for a random variable, the kurtosis is defined as

E E
E E

(3)
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(a)

(b)

Fig. 1. Histogram of a region (a) with a microcalcification cluster and (b)
without microcalcifications in the bandpass image.

and is a measure of the heaviness of the tails in a distribution.
An estimate of the kurtosis is given by

(4)

where and are defined as above. For the Gaussian
distribution and are equal to zero.

Preliminary analysis was carried out on images taken from
a set digitized by N. Karssemeijer of University Hospital,
Nijmegen, The Netherlands, which have an associated ground
truth file. Since microcalcifications are small isolated bright
regions, they produce outliers in the bandpass and highpass
subimages. Consequently, the symmetry of the distribution of
bandpass image coefficients is destroyed in regions containing
microcalcifications as shown in Fig. 1. Outliers due to micro-
calcifications have high positive values and accordingly appear
in the right-hand tail of the distribution. Hence, the tails of the
distribution are heavier, and the skewness and kurtosis assume
high values. Therefore, a statistical test based on skewness and

(a)

(b)

Fig. 2. (a) Part of a mammogram image. (b) Regions with microcalcifica-
tions.

kurtosis is effective in finding regions with asymmetrical and
heavier tailed distributions.

III. D ETECTION SCHEME AND EXPERIMENTAL STUDIES

The microcalcification detection scheme is a two-stage
procedure as discussed in Section I. In the first stage, the
mammogram image is processed by a filterbank without the
downsampling operations. The impact of microcalcifications
is investigated in lowpass, bandpass, and highpass subimages
as well as the original image. Among these images, the
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TABLE I
MEASUREMENTS ON THEORIGINAL IMAGE: (a) REGIONS WITH

MICROCALCIFICATIONS AND (b) REGIONS WITHOUT MICROCALCIFICATIONS

(a)

(b)

discriminating information due to abnormalities was experi-
mentally found to be primarily concentrated in the bandpass
subimage corresponding to . In
the second stage of the algorithm this subimage in which the
microcalcifications are emphasized and background details are
suppressed, is divided into overlapping small square regions
where skewness and kurtosis are individually estimated.
Fig. 1(a) shows the histogram of a 3030 square region of
the bandpass subimage containing microcalcifications. Notice
that, due to microcalcifications, the histogram has a heavier
tail and is asymmetric. The parametersand are 1.5616
and 9.0307 in Fig. 1(a), whereas in Fig. 1(b), which is the
histogram of a 30 30 region with no microcalcifications,
the HOS parameters and are 0.0722 and ,
respectively. In Fig. 1(a), and are distinctly greater than
zero, and in Fig. 1(b) they are very close to zero, indicating
that the regions with no microcalcifications have a Gaussian-
like distribution, whereas the regions with microcalcifications
deviate from the Gaussian. Therefore, a statistical test based
on skewness and kurtosis is effective in finding regions with
asymmetrical and heavier tailed distributions. The microcal-
cification detection problem is posed as a hypothesis testing
problem in which the null hypothesis, , corresponds to the
case of no microcalcifications against the alternative, as
follows.

• Microcalcifications are not present in the region.
• Microcalcifications are present in the region.

This hypothesis testing problem is reduced to the following
decision rule based on skewness and kurtosis

or
and

(5)

where and are experimentally determined thresholds.
In Tables I–III, statistics of skewness and kurtosis measure-

ments on original, bandpass, and highpass filtered images in
regions with and without microcalcifications are given. These
measurements are obtained from 100 3030 blocks with
microcalcifications and 100 blocks without microcalcifications
on a total of five images (isolated microcalcifications, which
are not part of a microcalcification cluster, are considered to be
neutral because they are not early signs of breast cancer). By
examining Tables I–III, one can conclude that skewness and

TABLE II
MEASUREMENTS ON THEBANDPASS FILTERED IMAGE: (a) REGIONS WITH

MICROCALCIFICATIONS AND (b) REGIONS WITHOUT MICROCALCIFICATIONS

(a)

(b)

TABLE III
MEASUREMENTS ON THEHIGHPASS FILTERED IMAGE: (a) REGIONS WITH

MICROCALCIFICATIONS AND (a) REGIONS WITHOUT MICROCALCIFICATIONS

(a)

(b)

kurtosis parameters are not indicative of microcalcifications
on original images, whereas they are most discriminating in
the detection for bandpass filtered images. For the bandpass
images, neither skewness nor kurtosis measurements had an
overlapping region under hypotheses and .

In Fig. 2(a), a part of a mammogram image that contains
a cluster of microcalcifications is shown. Fig. 2(b) illustrates
the result of our detection algorithm, the black squares indi-
cating suspicious regions. The proposed detection scheme is
successful in finding all the critical regions in this example
and in tests with 40 different mammogram images of size
2048 2048, which constitute all the available images in
the Nijmegen database. In the tests, the size of the square
regions is chosen to be 30 30 with an overlap size of 15.
The experimentally determined thresholds for skewnessand
kurtosis are 0.51 and 0.85, respectively. These threshold
levels are chosen slightly below the maxima of the skewness
and kurtosis values of the no microcalcification case so that no
regions with microcalcifications are missed. In the experiments
using these thresholds, all of the 105 microcalcification clusters
in the image data base are detected with an average of 3.3 false
alarms per mammogram image.
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