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ABSTRACT

In this paper we describe a microcalcification detection
scheme using non-linear filtering. Our scheme uses a
combination of two highly non-linear filters: one for im-
age enhancement, and one for the actual detection of
the microcalcifications. Results of our method on the
Nijmegen mammographic image database are given.

1 INTRODUCTION

Nowadays. breast cancer is an important cause of death
for women. With current state-of-the-art techniques
in the field of breast cancer treatment. early detection
seems to be a crucial factor for the success of the treat-
ment. The presence of microcalcifications in mammo-
graphic images is a important feature in the early de-
tection of breast cancer. These microcalcifications are
present in the images as small regions (0.1 - 1.0 mm )
with an intensity slightly brighter than the surrounding
breast tissue. Due to these properties, a human ob-
server sometimes fails to detect clusters of microcalcifi-
cations. In the near future, Computer Aided Diagnosis
(CAD) systems can be used as diagnostic tools to avoid
these errors. The work presented here is part of the
development of a CAD-system for the automated detec-
tion of microcalcifications in mammograms. Previous
work in the field showed that neural networks are ca-
pable of detecting microcalcifications in mammograms
2, 6, 7, 11, 12, 14). This work also showed that the us-
age of neural networks can involve large computational
efforts due to the size of the mammographic images (2k
x 2k or more). The aim of our method was to restrict
the amount of data to be processed to a small number of
regions in each image, without losing the detectability
of the present clusters of microcalcifications.

2 MATERIALS

2.1 Dataset

For the development of the microcalcification detection
scheme, we used a public domain mammographic image
database [1]. This set has been used by several other re-
searchers [4, 5, 10, 11, 13]. It consists out of 40 mammo-
grams, digitized using a 12 bit CCD camera with a 0.05
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mm sampling aperture and 0.1 mm sampling distance.
The dataset contains 105 clusters of microcalcifications,
including benign and malignant cases. Each image in
the set has a size of 20482 pixels. Truth information
about the size and position of the contained clusters of
microcalcifications is given by a series of circular regions
marked by radiologists.

2.2 Evaluation of performance

The construction of a ROC-curve (Receiver Operat-
ing Characteristic) is, in the medical world, a standard
way for evaluating the diagnostic performance of a test
[8. 15]. For the construction of these curves, the prob-
lem of diagnosis is considered as a two-class problem:
one class of the population having a certain disease, the
second, not having this disease. For each test, a number
of cases of the first class will be correctly classified as
positive (TP, true positive), and a number of cases of
this class will be wrongly classified negative (FN, false
negative). The same is true for the second class, giving
false positives (FP) and true negative (TN) cases. De-
pending on the criterion used (e.g. a threshold on a mea-
sured value) in the test. these numbers will change. A
ROC-curve is a graphical representation of the TP-rate
versus the FP-rate for different values of the criterion.
If, for a certain test, a single member of the population
can have multiple results (e.g. a mammographic image
that contains either two separated TP regions or one
TP and one FP region), the measurement of the FP-
rate becomes impossible. The FP-rate per lmage can
be used instead. The resulting curve is called a FROC-
curve (Free response ROC). We refer to [9] for a more in
depth overview of the use of ROC and FROC analysis
in digital mammography.

3 MICROCALCIFICATION
SCHEME

DETECTION

3.1 Preprocessing Stage

The first stage in our microcalcification detection
scheme s a preprocessing step to remove the background
tissue structures from the images. For this purpose, we
have applied a median-subtraction step. After analyzing



the results of this step. we decided that a second correc-
tion step was necessary to normalize for the variations
in the local gray level distributions of the images.

3.1.1 Background subtraction

Because of its edge preserving properties and its simplic-
ity in implementation, we have used a localized median
filter to fit the background tissue. The size of the local
region for the calculation of the median was chosen to
be about twice the size of the larger microcalcifications
present in the images (2 mm g). In this way, the result
image contains a maximal amount of background tissue
variations. without containing the smaller objects such
as noise. small edges and microcalcifications. By sub-
tracting this filtered result from the original image, we
obtain an image containing only these small particles.

3.1.2 Normalization

After the removal of the background tissue, we noticed
that the distribution of the regions with high intensity
values was not equal over the entire images. Especially
in regions with low intensity (e.g. near the edges of the
breast), we detected a much lower density of regions
with high intensity. To compensate for this, we mea-
sured the local variance in the images and applied:

I(z,y)
I'(z.y) = —_—— 1
(9) V1+0(z,y) 1)
with:
I'(x.y) : the new pixel value
I(z.y) : the original greyvalue at point (z,y)
m2(x.y) : the local variance of (z,y)

The result of this normalization is an image with a
much more equally spread distribution of regions with
high intensity values.

3.2 Signal Enhancement

In this step we use a non-linear filter (extremum filter
(3]) for the removal of the image noise and to enhance
the microcalcification-like shapes present in the images.
An extremum filter is a type of filter that looks for dome-
shaped objects in the image and reduces the noise. The
filter replaces each point (z,y) by the extremum value
of the quadratic function F(z,y) = a 22+ a2y +azzy+
a4T+asy-+ag fitted to the point’s local neighborhood. In
this way, if a pixel is part of a dome-shaped object, the
fitted function will have a large maximum value, giving
a high output value. If, on the other hand, the pixel is
a part of the background or a region containing a lot of
noise, the fitted function will be flatter, giving a smaller
extremum value and a lower output. An overview of the
behavior of the output of the extremum filter is given
below:

high if (z,y) € gaussian-shaped object
Out(z,y) = ¢ low if (z,y) € backgound
low if (z,y) € noise
(2)
Since microcalcifications can be considered dome-
shaped objects an extremum filter can be used to en-
hance them. In our application we set the windowsize
for the calculation of the quadratic form to five by five
pixels. The output image shows an increased visibility
of the microcalcifications and a reduced noise level.

3.3 Detection stage

For the detection of microcalcifications. we used their
property of having higher intensity distributions com-
pared to the surrounding background. If we consider
the normal intensity distributions in the (pre-processed)
local background, the Intensity of pixels belonging to mi-
crocalcifications can be seen as outliers to this distribu-
tion. The boxplot detection method, a standard outlier
detection scheme, can be used for their detection:

1 i I(z,y) < Pos+ - (Pr5 — Pas)

I'(z,y)=¢ 1 if I(z,y) > Prs + a - (Prs — Pys)
0 elsewhere
(3)
with :
I'(z,y) : output value (1=outlier.0=no outlier)
I(z,y) : the original pixel value
« : a constant
P, © the local percentile value (xx=25.75)

A problem in the application of this scheme is the
proper choice of the value for o (usual 1.5 or 3). The
output of this boxplot outlier detection scheme is binary,
being 1 if the value of a point exceeds the calculated
value or 0 if it doesn’t. We adapted this idea to create
a filter of which the output would be a measure for the
outlying of a point. We did this by solving the second
line in the boxplot equation (3) for the constant a giving
the equation below.

I(x7y)_P75

(Prs — Pos) @

a(z,y) =
At each point in the Image we replaced the point’s
original value I(z,y) by the calculated a-value (a(z,y)).
In this way the output value of this filter at a point
(z,y) is a measure for the variation from the normal’
distribution of greyvalues of the local image region. For
our application, we used a large local region (about lcm
x lem) around the pixel to calculate the values of Py
and Prs, allowing the values of Pa5 and Pr5 to adapt to
the local properties of the pixel’s neighborhood.

4 Results

The different stages in the detection scheme are shown
in Figure 1 where the scheme was applied to a region



Figure 1: Illustration of the various stages in the detec-
tion scheme: the original image data (upper left), the
image after preprocessing (upper right), the enhanced
image (lower left) and the detected regions obtained by
thresholding the enhanced image (lower right).

containing a cluster of microcalcifications: the original
image data (upper left), the preprocessed image data
(upper right), the output of the percentile filter (lower
left) and the detected regions (lower right). These im-
ages were enhanced for an improved visibility.

By thresholding the resulting image at different val-
ues, a FROC-curve was constructed (Figure 2). As
shown in this figure, our method is able to correctly
identify 90% of the clusters of microcalcifications with
about 2.5 false positive detected clusters per image.
This ratio is higher than the results reported by others
on the same dataset (4, 10, 11]. However, for our appli-
cation, the reduction of the searchspace in the images
is more important than the quality of the FROC-curve.
By a proper choice of a threshold value, we are ,with
this technique, able to reduce the searchspace form the
+10° pixels contained in the image data to & 200 re-
gions per image while we maintain the ability to detect
99 % of the clusters of microcalcifications present in the
image set. In a next step, we will use these results to
construct a feature based classifier for the extraction of
the microcalcifications from this set of detected regions.
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