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Abstract. The conventional approach to the detection of microcalci-
fications on mammographies is to employ a sliding window technique.
This consists in applying a classifier function to all the subwindows con-
tained in an image and taking each local maximum of the classifier as
a possible position of a microcalcification. Although effective such an
approach suffers from the high computational burden due to the huge
number of subwindows contained in an image. The aim of this paper is
to experimentally verify if such problem can be alleviated by a detec-
tion system which employs a cascade-based localization coupled with a
clustering algorithm which exploits both the spatial coordinates of the
localized regions and a confidence degree estimated on them by the final
stage of the cascade. The first results obtained on a publicly available
set of mammograms show that the method is promising and has large
possibility of improvement.

Keywords: Microcalcifications, mammography, computer aided detec-
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1 Introduction

Mammography is a radiological screening technique which makes it possible to
detect lesions in the breast using low doses of radiation. At present, it rep-
resents the only not invasive diagnostic technique allowing the diagnosis of a
breast cancer at a very early stage, when it is still possible to successfully at-
tack the disease with a suitable therapy. For this reason, programs of wide mass
screening via mammography for the female population at risk have been carried
out in many countries. A particularly meaningful visual clue of breast cancer is
the presence of clusters of microcalcifications (MC), tiny granule-like deposits
of calcium that appear on the mammogram as small bright spots. Their size
ranges from about 0.1 mm to 0.7 mm, while their shape is sometimes irregular.
Isolated MCs are not, in most cases, clinically significant. However, the low qual-
ity of mammograms and the intrinsic difficulty in detecting likely cancer signs
make the analysis particularly fatiguing, especially in a mass screening where
a high number of mammograms must be examined by a radiologist in a day.
In this case, a Computer Aided Detection (CADe) could be very useful to the
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radiologist both for prompting suspect cases and for helping in the diagnostic
decision as a “second reading”. The goal is twofold: to improve both the sen-
sitivity of the diagnosis, i.e. the accuracy in recognizing all the actual clusters
and its specificity, i.e. the ability to avoid erroneous detections. The approach
followed by the traditional CADe systems [I2] entails a MC localization phase
after that a successive clustering phase the localized regions are clustered with
very simple rules based exclusively on their proximity, in order to individuate
those clusters that are worth to be prompted. A widespread approach for ac-
complishing the localization step entails the application of statistical techniques
directly to the image data [3]. To this aim, several statistical classifiers have been
applied such as artificial neural network [4], support vector machine [I] or rele-
vance vector machine [5]. All such methods rely on the sliding window technique
that accomplishes the localization task by applying a classifier function on all
the subwindows contained in an image and taking each local maximum of the
classifier output as a pointer to a possible microcalcification. Although effective,
the problem of such approaches is the computational burden involved by the
huge number of subwindows typically contained in a whole image on which the
classifier function (typically not very simple) should be applied.

In the Computer Vision field a very similar problem is the detection of human
faces on images. In this framework, the approach presented by Viola and Jones
in [6] has been particularly successful and nowadays it represents a reference
solution for face detection tasks because of its fast execution and good perfor-
mance. The most prominent characteristic of this algorithm is that it is still
based on the sliding window technique, but the classifier function is structured
as a “cascade” of simple classifiers. This allows background regions of the image
to be quickly discarded while spending more computation on promising regions.

In this paper we present a method employing the cascade-based approach for
detecting clustered microcalcifications. The difference with the original Viola-
Jones approach is that the cascade does not make the final decision, but merely
localizes on the mammogram the regions of interest (ROIs) most probable to
contain a MC. The decision on the single ROI is postponed until the clustering
phase, i.e. the confidence degree estimated for each ROI by the cascade is con-
sidered as an input feature for the clustering algorithm together with the spatial
coordinates of the ROIs. In this way, we finally obtain a reliable partition of the
ROIs in clusters of microcalcifications.

We performed several experiments on a publicly available set of mammograms
and, according to the first results, the method is promising and shows large
possibility of improvement.

2 The Cascade-Based Localization Method

The idea is to employ a cascade of classifiers, i.e., a sequence of base classifiers, to
build a detector with both high specificity and sensitivity and low computational
complexity. To this aim, the features employed should be both effective and
simple to evaluate.
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In particular, the input pattern to the detector is made of a set of rectangular
features evaluated on the sliding subwindow. Figure[Ilshows the features we have
used for our implementation. In addition to the features employed in the original
method [0] (fig.Ma-e), we have added a further feature (fig.[Ilf) more suitable for
the shape of the microcalcifications. The value for each feature is calculated by
subtracting the sum of the white rectangles from the sum of the black rectangles.
Each of the feature types are scaled and shifted across all possible combinations
on the subwindow. Since the subwindows we consider are 12x12, there are about
11000 possible features. For each of them, the evaluation can be performed very
quickly thanks to a particular intermediate representation of the image, the
integral image [6].
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Fig. 1. The features used

Each stage of the cascade is built by means of a modified Adaboost learning
algorithm that embeds a feature selection mechanism. In few words, Adaboost

T
builds a “strong classifier” as linear combination H(x) = > aih: (x) of “weak
i=1

classifiers” hy (x). In the Viola-Jones approach, the weak classifier is a simple
decision stump using a single feature; the peculiarity is that the features are
chosen on the basis of their performance. In other words, each new weak classifier
involves finding the best performing feature on all the samples of the training
set: in this way, the best T features are selected and the decision about the
nature of a subwindow (MC or background) can be rapidly taken.

If a given subwindow is recognized as a MC, it is passed on to the next
stage, otherwise discard it is immediately discarded (see fig. 2)). In this way, the
majority of subwindows containing easily detectable background are rejected by
the early stages of the detector, while the most MC-like regions go through the
entire cascade. This aims at reducing the number of false positives produced by
the detector.

Accordingly, the classifier H;(x) at a given stage is built using the samples
passed through all the previous stages. While the performance desired for the
whole detector is very high, the learning target for each base classifier is rea-
sonable since each stage should guarantee a high true positive ¢; rate and a
sufficiently low false positive rate f;. The performance of the whole detector

K K
with K stages will thus be given by TPR = [[ t; and FPR = [] fi- A new
i=1 i=1
stage is added to the cascade until the required performance is reached. As an
example, to build a detector having TPR = 0.990 and FPR = 0.001 with base
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Fig. 2. The structure of the cascade

classifiers with ¢; = 0.999 and f; = 0.5, 10 stages will be needed. To this purpose,
the training phase for the cascade requires a set of samples to train the single
stages and a separated validation set for tuning each stage on the desired ¢; and
fi. This is simply made by estimating on the validation set a threshold v; to be
imposed on the value of H;(x).

It is worth noting that the cascade we employ is different from the scheme
adopted in [6] which, in the final stage, provides a final decision about the ROL. In
our approach, instead, the final stage produces a soft output which is a confidence
degree about the presence of a MC in the ROIL. In this way, the decision on the
single ROI is postponed until the clustering phase so as to use for the final
decision about the presence of a cluster both the estimated confidence degree
and the spatial coordinates of the ROIs.

3 The Clustering Algorithm

Clustering is a well known topic in the image processing field. Roughly speaking,
the goal of clustering is to achieve the best partition over a set of objects in
terms of similarity. In particular, we consider a sequential clustering. Such kind
of algorithm constructs the clusters on the basis of the order in which the points
are brought and thus the final result is, usually, dependent on such order. In
our system the ROIs are considered according to their confidence degrees (the
largest value first) so that the clustering starts with the regions most likely to be
microcalcifications. To this aim we have devised the Moving Leader Clustering
(MLC) algorithm, which is a variation of the leader follower clustering [7]. It
assumes as the centroid of the cluster the weighted centroid of mass of the ROIs
belonging to the cluster. The centroid has to be calculated each time a new
region is added to the cluster. The weight used for the ROIs is the respective
confidence degree.

More formally, let us consider n — 1 ROIs pq,...,pn—1 with n > 2 and con-
fidence degree respectively si,...8,—1 grouped in a cluster Cy; its centroid is
n—1 n—1

given by ¢; = > s;p;/ D si- Let us call p,, the next ROI to be considered

1 1
by the algorithm and let s, be its confidence degree. It will be added to C if
its distance with respect to the centroid c; is less than a threshold R; in this
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n—1

case, the new centre of mass of C; will be ¢; = Zszpl Z s;. A new cluster
Cy will be created with centroid ¢; = p,, in the case the ROI is too far from the
centroid of Cy. An example of result of the algorithm is shown in fig. B

In this way, the centroid of the cluster moves towards the direction where
the points are more dense and with higher confidence degree and therefore,
where there is a higher probability of finding new microcalcifications. When the
clustering algorithm has considered all the ROIs, a post-processing operation
is performed aimed at better grouping the ROIs. This consists in merging two
clusters that share at least one ROI (see fig. H]). This approach has been called
Moving Leader Clustering with Merge (MLCwM) [§] and avoids an excessive
number of clusters that does not correspond to the real distributions.

‘Cl ‘ .C1
(b) (c)

(a)

Fig. 3. The ROI p; with highest confidence degree is the centroid c; of a new cluster
C1 (a), when ps is added to the cluster, the centroid moves accordingly (b) and the
shape of the cluster is the union of the two circles (c)

C=01UCy

Fig. 4. When two different clusters share a ROI, they are merged and the shape of the
cluster is the union of the two shapes

4 Experimental Results

The method has been tested on 145 images extracted from a publicly available
database, the Digital Database for Screening Mammography (DDSM) [9]. The
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employed images are relative to 58 malignant cases and contain 119 clusters and
2849 microcalcifications.

In order to build a training set for the cascade classifier, several regions cor-
responding to positive and negative classes have been extracted from 100 im-
ages. In particular, the positive set consisted of 186 hand labeled microcalcifica-
tions scaled and aligned to a base resolution of 12 by 12 pixels while the nega-
tive set consisted of randomly extracted images with the same base resolution.
Figure Bl shows an example of such regions for both positive and negative classes.
The data set so obtained has then been equally parted into a training and a val-
idation set respectively used to train each stage of the cascade and to verify its
performance. During the test phase the remaining 45 images (containing 812
microcalcifications) have been used to evaluate the performance of the proposed
approach.

(@l
0]

Fig.5. An example of images used as training set: (a) positive class (microcalcifica-
tions), (b) negative class (non microcalcifications)

The cascade detector has been buit by choosing a target FPR equal to 0.001
with t; = 0.99 and f; = 0.5. The model employed almost 6000 regions for the
negative classes in training set. For the validation set, instead, the number of
negative elements in the validation set was increased till almost 230000 with
the aim to increase the specificity of the detector, i.e., to reduce the number of
false positive at the output of the cascade classifier. The cascade we obtained
consisted of 12 layers using respectively 3, 2, 2, 50, 11, 18, 7, 50, 14, 21 and 24
features. The features used in the first three layers of the cascade are shown in
fig. [6l Differently from what expected, the feature shown in fig. [Ilf is never used
in the first three layer of the cascade, i.e., it is less discriminant than the other
features in the detection of the MC regions. This is probably due to the different
size of the MC that varies from image to image (as shown by the images of the
positive class reported in fig. Bl). The other features, instead, are able to take
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Fig. 6. The features used in the first 3 layers of the cascade

advantage of the brightness gradient in the MC training images independently
of its size.

To have a comparison with other similar methods we have implemented a
model of a monolithic AdaBoost classifier trained using a pixel-based approach
with a 12x12 sliding window. In such case a CART decision tree with maximum
depth equal to 3 and decision stumps as nodes functions has been used as weak
learner. The number of boosting steps has been chosen equal to 10 while in this
case the employed training set is the union of the starting training and validation
set used for the cascade model.

The performance of the different proposed models have been evaluated in
terms of Free-response Receiver Operating Characteristics (FROC) curve that
plots the True Positive Rate (TPR), i.e., the number of regions correctly detected
in the whole test set, versus the False Positive per image, i.e., the number of
regions per image incorrectly classified as microcalcifications, when varying an
opportune threshold. The results of the comparison are reported in fig. [l where a
threshold has been varied on the confidence degree obtained with the considered
classifiers.

From this figure we can evince that the cascade approach is definitely superior
to the pixel-based Adaboost in terms of both the performance measures. To
remark this superiority we can note that the cascade reaches the 100% of detected
clusters for 5.68 false positive per image while it is at 96% for 0.68 false positive
per image. AdaBoost, instead, never reaches this performance in terms of TPR.
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Fig.7. The FROC curves obtained with the two compared approaches

It is also worth noting that another important advantage of the cascade approach
is the considerable reduction of the elaboration time that is in terms of 64% with
respect to the pixel-based AdaBoost detector.

5 Discussion and Conclusions

In this paper we have verified if the Viola-Jones approach can be profitably used
in the case of detection of microcalcifications. Accordingly, we have modified this
method in order to obtain as output a confidence degree that can be successively
used in the clustering phase. From the first experiments, we can conclude that
such approach gives good performance in both true positive rate and false pos-
itive per image. A closer look to the algorithm leads us to believe that there is
still room for a significant improvement of the method performance. In fact, a
critical point is the weighted accuracy used as performance measure to build the
weak learners in each stage. This is not a good choice because the problem at
hand is highly skewed (the number of negative samples is much greater than the
positive ones) and thus a more appropriate performance index should be used
(e.g. the area under the ROC curve). Another point to be considered is that,
in the training phase, the boosting approach tries to improve its performance
focusing on the most difficult samples and this implies a significant possibility
of overfitting when dealing with very difficult samples [10]. In our case this is
not very critical for the negative samples since the required FPR for each stage
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is not so demanding, but it remains a problem in presence of difficult positive
samples because of the high TPR to be reached. A mechanism is thus required
to moderate the influence of particularly difficult positive samples which could
appear during the construction of the stage. The next steps of this work will
aim at modifying the original Viola-Jones approach in order to better fit the
requirements for MC detection. In particular, we will focus on new features and
a different tuning method for the base classifiers.
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