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Abstract. Since microcalcification clusters are primary indicators of
malignant types of breast cancer, its detection is important to prevent
and treat the disease. This paper proposes a method for detection of
microcalcification clusters in mammograms using sequential Difference
of Gaussian filters (DoG). In a first stage, fifteen DoG filters are applied
sequentially to extract the potential regions, and later, these regions are
classified using the following features: absolute contrast, standard devi-
ation of the gray level of the microcalcification and a moment of con-
tour sequence (asymmetry coefficient). Once the microcalcifications are
detected, two approaches for clustering are compared. In the first one,
several microcalcification clusters are detected in each mammogram. In
the other, all microcalcifications are considered in a single cluster. We
demonstrate that the diagnosis based on the detection of several micro-
calcification clusters in a mammogram is more efficient than considering
a single cluster including all the microcalcifications in the image.

1 Introduction

Breast cancer is one of the main causes of death in women and early diagnosis is
an important means to reduce the mortality rate. Mammography is one of the
most common techniques for breast cancer diagnosis, and microcalcifications are
one type of objects that can be detected in a mammogram. Microcalcifications
are calcium accumulations of 0.1 mm to 2 mm wide, and they are indicators of
the presence of breast cancer. Microcalcification clusters are groups of three or
more microcalcifications that may appear in areas smaller than 1 cm?, and have
a high probability of becoming a malignant lesion.

Nevertheless, the predictive value of mammograms is relatively low, compared
to biopsy. The causes of this low sensitivity [5] are the low contrast between the
cancerous tissue and the normal parenchymal tissue, the small size of microcal-
cifications and possible deficiencies in the image digitalization process. The sen-
sitivity may be improved having each mammogram be checked by two or more
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radiologists, with the consequence of making the process inefficient by reducing
the individual productivity of each specialist. A viable alternative is replacing one
of the radiologists by a computer system, giving a second opinion [2], [13].

Several methods have been proposed for detection of microcalcifications in
mammograms, like wavelets, fractal models, support vector machines, mathe-
matical morphology, bayesian image analysis models, high order statistic, fuzzy
logic, etc. The use of a Difference of Gaussian Filters (DoG) for detection of
potential microcalcifications has been addressed by Dengler et al. [4] and Ochoa
[11]. In this work, we developed a procedure that applies a sequence of Difference
of Gaussian Filters (DoG), in order to maximize the amount of detected proba-
ble individual microcalcifications in the mammogram (signals), which are later
classified by an artificial neural network (ANN) in order to detect real micro-
calcifications. Later, microcalcification clusters are identified. Additionally, the
hypothesis to be tested states that the diagnosis accuracy of the mammograms is
higher if it is based on the diagnosis of every microcalcification cluster detected
in the mammogram, instead of considering of all the microcalcifications in the
mammogram as a single cluster.

The rest of this document is organized as follows: in the second section, the
proposed procedure is described in detail. In the third section, the experimental
results are shown and discussed, and finally, in the fourth section, the conclusions
are presented, and some comments about future work are also mentioned.

2 Methods

The mammographic images used in this project were provided by The Mammo-
graphic Image Analysis Society [12]. The MIAS database contains 322 images,
and only 25 of them contain microcalcifications. Among these 25 images, 13 cases
are diagnosed as malignant and 12 as benign. The size of all images is 1024x1024
pixels, digitized at 8 bits. Several related works have used this same database
31, [6], [, [10].

The proposed solution model is shown in Figure [[l The general procedure
receives a digital mammogram (I) as an input, and it is conformed by five stages:
pre-processing, detection of potential microcalcifications (signals), classification
of signals into real microcalcifications, detection of microcalcification clusters
and classification of microcalcification clusters into benigns and malignants.

2.1 Pre-processing

The main objective of this stage is to eliminate those elements in the image that
could interfere in the process of identifying microcalcifications. A secondary goal
is to reduce the work area only to the relevant region that exactly contains the
breast. The procedure receives the original image as an input. First, a median
filter is applied in order to eliminate the background noise; second, a binary
image is created from the filtered image, where each pixel represents a 16x16
window centered in the corresponding pixel from the original image. If the gray
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Fig. 1. Proposed Model for Hypothesis Testing

average level of the window is below certain threshold (established empirically,
after visually analyzing the histograms of average gray level for several window
sizes), a zero value is placed in the binary image; otherwise, a unitary value is
placed. Third, an automatic cropping procedure is applied in order to delete the
background marks and the isolated regions, so the image will contain only the
region of interest. The result is a smaller image, with less noise.

2.2 Detection of Potential Microcalcifications (Signals)

This stage has the aim of detecting the mass centers of the potential microcal-
cifications in the image (signals). The pre-processed image of the previous stage
is the input of this procedure. The optimized difference of two gaussian filters
(DoG) is used for enhancing those regions containing bright points. A gaussian
filter is obtained from a gaussian distribution, and when it is applied to an im-
age, eliminates high frequency noise, acting like a smoothening filter. A DoG
filter is built from two simple gaussian filters. These two smoothening filters
must have different variances. When two obtained images after applying each
filter separately are subtracted, an image containing only the desired frequency
range is obtained. The DoG filter is obtained from the difference of two gaussian
functions, as follows: it is shown in equation[Il where x and y are the coordinates
of a pixel in the image, k is the height of the function and o7 and o, are the
standard deviations of the two gaussian filters that construct the DoG filter.

DOG(.’,L"y) = kle(z2+y2)/20? _ k2e(z2+y2)/2‘7§ (1)

The resultant image after applying a DoG filter is globally binarized, using a
threshold. In Figure 2], an example of the application of a DoG filter is shown.
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Fig. 2. Example of application of a DoG filter (5x5, 7x7)

A region-labeling algorithm allows the identification of each one of the points.
Then, a segmentation algorithm extracts small 9x9 windows, containing the
region of interest whose centroid corresponds to the point centroid. The size of
the windows is adequate for containing the signals, given that at the current
resolution, their area is 5x5 pixels in average.

Three selection methods are applied in order to transform a point into a
signal. The first one performs selection according to the region area, the second
one according to the gray level and the third one according to the gray gradient.
The result is a list of signals represented by their centroids. In order to detect
the greater possible amount of points, six gaussian filters of sizes 5x5, 7x7, 9x9,
11x11, 13x13 and 15x15 are combined, two at a time, to construct 15 DoG filters
that are applied sequentially. Each one of the 15 DoG filters was applied 51 times,
varying the binarization threshold in the interval [0, 5] in increments of 0.1. The
points obtained by applying each filter are added to the points obtained by the
previous one, deleting the repeated points. The same procedure is repeated with
the points obtained by the remaining DoG filters. All of these points are passed
later to the three selection procedures.

2.3 Classification of Signals into Real Microcalcifications

The objective of this stage is to identify if an obtained signal corresponds to
an individual microcalcification or not. With this in mind, a set of features are
extracted from the signal, related to their contrast and shape. From each signal,
47 features are extracted: seven related to contrast, seven related to background
contrast, three related to relative contrast, 20 related to shape, six related to the
moments of the contour sequence and the first four Hu invariants.

There is not an a priori criteria to determine what features should be used
for classification purposes, so the features pass through two feature selection
processes [§]: the first one attempts to delete the features that present high
correlation with other features, and the second one uses a derivation of the
forward sequential search algorithm, which is a sub-optimal search algorithm.
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The algorithm decides what feature must be added depending of the information
gain that it provides, finally resulting in a subset of features that minimize the
error of the classificator. After the two selection processes, only three features
were selected and used for classification (absolute contrast, standard deviation
of the gray level and the third moment of contour sequence).

A back-propagation neural network is used to classify each signal and to
obtain those signals that correspond to real microcalcifications. The number of
inputs for the neural network is three, equal to the number of selected features.
According to Kolmogorov’s theorem [9], and considering the number of inputs
as n = 6, three layers were considered. The hidden layer contains 2n 4+ 1 =7
neurons, and the output layer has only one neuron. The transfer function of each
neuron is the sigmoid hyperbolic tangent function, and the error is measured with
the mean square error function.

Even before the detection of microcalcification clusters, the global perfor-
mance of the neural network at the classification of individual microcalcifications
was 85%, confirmed by experts, and related to the application of the DoG filters
in sequence. After the individual microcalcifications were detected, they had to
be grouped in clusters. Two clustering procedures were proposed for compari-
son: a) Detection of microcalcification groups that can form clusters. In a single
mammogram, one or more clusters can be identified; and b) Consideration of all
the microcalcifications in a mammogram as part of a single cluster [IJ.

2.4 Detection of Microcalcification Clusters

During this stage, the microcalcification clusters are identified. The algorithm
tries to locate those microcalcification clusters occupying regions where the quan-
tity of microcalcifications per cm? is higher. The microcalcifications forming a
cluster are later labeled. From each cluster, a cluster feature set is extracted.
There is an additional clustering procedure that considers all the microcal-
cifications identified in the mammogram as members of a unique cluster. From
each cluster, 30 features are extracted: six related to the shape of the cluster, six
related to the area of microcalcifications and 10 related to the contrast of the
microcalcifications. The same two feature selection procedures mentioned earlier
are also included in this stage. Only three cluster features were selected for the
classification process (minimum diameter, minimum radius and average radius).

2.5 Classification of Microcalcification Clusters into Benigns and
Malignants

This stage has the objective of classifying each cluster in one of two classes: be-
nign or malignant. This information is provided by the MIAS database. The clas-
sificator used in this stage is also a backpropagation neural network with three
layers, again considering Kolgomorov’s Theorem [J]. The performance measure
for this classificator is the success rate.

Finally, the performances provided by both classification processes (detection
of microcalcification clusters and single clustering) are compared.
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3 Results

In order to demonstrate the proposed hypothesis in this work, an experiment was
prepared for evaluating two treatments applied to two datasets, and identify if
these treatments have some influence in the results or the variations are random.

Two data groups were prepared. From each data group, the following features
were extracted: minimum diameter, minimum radius, and average radius. The
first data group (Gps¢) corresponds to 40 identified microcalcification clusters,
using the density technique and a radius of 100 pixels. Each microcalcification
cluster has a diagnosis provided by the MIAS database. The second data group
(Gsc) corresponds to the 22 unique, single clusters obtained by considering all
the microcalcifications in a mammogram as members of a single cluster. Each
single cluster (mammogram) has a diagnosis provided by the MIAS database.

Table [ presents the obtained performances (proportion of correctly diag-
nosed mammograms) after 25 runs of each neural network (treatment). We can
observe that both means (0.91 for Gy/¢ and 0.89 for Gg¢) indicate very good
and similar performances by both treatments, and a statistical test should be
applied in order to know if there is a significant difference between them. If the
mean of Gy is significantly greater than the mean of Gg¢, it would mean that
considering one or more microcalcification clusters in a mammogram leads to a
more accurate diagnosis than considering all the microcalcifications as members
of a single cluster, thus confirmating the hypothesis of this work. The following
hypotheses were formulated:

1. Hi: There is a significant difference between the means of Gy;¢ and Ggce.
2. Hy: There is no significant difference between the means of G;c and Gge.

The F test was used to validate or discard the hypothesis Hy, and the probability
is 95%. Featcutated is 4.82, and Fygpie(0.48) 18 3.01. Fealculatea is greater than
Fiabie(o.48), so Ho is rejected and we can conclude that there is a significant
difference between the means of Gy and Gge, and the hypothesis of this
research is confirmed.

Table 1. Obtained performances (proportion of correctly diagnosed mammograms)
after 25 runs of each neural network (treatment)

N|Gumce|Gse N [Grme|Gsce N |Guc|Gsc
1]0.98 [1.00 10[ 0.85 [0.82 19 10.90]0.86
210.93 [0.91 11[0.95 [0.91 20 ]0.880.86
310.9810.95 12]0.95 [0.91 21 10.95]0.91
410.90 [0.86 13]0.90 [0.86 22 10.9010.86
50.85 [0.82 14 0.88 [0.82 23 10.90 |0.86
61]0.95[0.91 15/ 0.930.91 24 10.9510.95
7]10.93 [0.91 16 0.93 [0.91 25 10.880.86
810.95 [0.91 17/0.90 [0.86
9]0.8310.82 18] 0.95 [0.91 STD]0.0410.05
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4 Conclusions and Future Work

It is not possible to use a single DoG filter and a unique binarization thresh-
old that maximizes the number of potential microcalcifications detected in a
mammogram, because it would identify only some frequency ranges. The use
of multiple DoG filters with different relations o1 /09 and different binarization
thresholds solves this problem, because more ranges of frequencies are analyzed.
The global performance achieved at the classification of individual microcalci-
fications was 85%, confirmed by experts, and related to the application of the
DoG filters in sequence.

The three features extracted from individual microcalcifications that maxi-
mize the rate of true positives and the success rate simultaneously are: absolute
contrast, gray standard deviation of a microcalcification, and a moment of con-
tour sequence (asymmetry coeficient). Contrast properties provide more infor-
mation than shape properties for the classification of signals into microcalcifica-
tions. The performance achieved for classifying signals into microcalcifications
are 70.8% for true-positives and 85.7% for all the examples. Despite the per-
formance in the classification of individual microcalcifications is not commonly
reported in literature, we consider that the performance obtained by the pro-
posed method (sequence of DoG filters) is reasonably good. On the other hand,
shape properties provide more information than contrast properties when micro-
calcification clusters are classified. In this case, the features that provide better
results for maximizing the success rate of the classificator are minimum diam-
eter, minimum radius, and average radius, all of them shape properties. The
performance achieved at diagnosing a microcalcification cluster is 91%. After
analyzing the result of the experiments, the main conclusion of this work is that
diagnosing a mammogram based on one or more microcalcification clusters in the
image provides better results than always considering all the microcalcifications
in the image as a single and unique cluster.

Several subjects were not solved nor implemented for this research, and they
are proposed as future work. It could be useful to use other mammography
databases, and test how different resolutions could affect system effectiveness.
The size of the gaussian filters could be adapted depending on the size of the
microcalcifications to be detected and the resolution of images. The correspon-
dence between the spatial frequency of the image and the relation o1/02 has
to be thoroughly studied. Different features could be extracted from the micro-
calcifications in the images and tested also. Enhancements on the architecture
or training methods for the neural network, or even other approaches for clas-
sification could be proposed. Finally, it would be recommendable to study the
obtained results using ROC curves, for comparison with other works.
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