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Abstract. Mammography is a not invasive diagnostic technique widely used for 
early cancer detection in women breast. A particularly significant clue of such 
disease is the presence of clusters of microcalcifications. The automatic detec-
tion of such clusters is a very difficult task because of the small size of the mi-
crocalcifications and of the poor quality of the digital mammograms. In litera-
ture, all the proposed method for the automatic detection focus on the single 
microcalcification. In this paper, an approach that moves the final decision on 
the regions identified by the segmentation in the phase of clustering is pro-
posed. To this aim, the output of a classifier on the single microcalcifications is 
used as input data in different clustering algorithms which produce the final de-
cision. The approach has been successfully tested on a standard database of 40 
mammographic images, publicly available. 

1   Introduction 

At present, mammography is the only radiological screening technique for detecting 
lesions in the breast using low doses of radiation. Moreover, it represents the only not 
invasive diagnostic technique that allows the diagnosis of a breast cancer at a very 
early stage, when it is still possible to successfully attack the disease with a suitable 
therapy. For this reason, for the female population at risk programs of wide mass 
screening via mammography have been carried out in many countries. One important 
clue of breast cancer is the presence of clustered microcalcifications. Microcalcifica-
tions are 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 microcalcifications are not, in most cases, clinically 
significant. However, it is difficult for radiologists to provide both accurate and uni-
form evaluation for the enormous number of mammograms generated in widespread 
screening. In this case, a computer aided analysis could be very useful to the radiolo-
gist both for prompting suspect cases and for helping in the diagnostic decision as a 
“second reading”. The goal is twofold [1]: to improve both the sensitivity of the diag-
nosis, i.e. the accuracy in recognizing all the actual clusters and its specificity, i.e. the 
ability to avoid erroneous detections. 
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In the recent past, many approaches have been proposed for the automatic detec-
tion of clusters of microcalcifications [2-5], but all these methods focus on the analy-
sis of the single microcalcifications. Generally speaking, all automatic systems are 
based on a two-step process: the first one is the segmentation of the mammogram 
while, in the second step, features derived from the segmentation are used as a basis 
for classifying each object as a microcalcification or as an artifact. Then, only in a 
following phase the filtered regions are clustered with very simple rules based on 
proximity of the microcalcifications, to individuate the clusters that are important for 
the diagnosis. However, the poor contrast on the mammogram makes  microcalcifica-
tions not easily distinguishable from the mammal tissue in the background. These 
problems make the following feature extraction phase very critical and, moreover, 
errors on features will strongly affect the classification phase. As a consequence, the 
results of the classification can not be sufficiently reliable and the following cluster-
ing, even though very simple, can produce unsatisfactory results. 

In our work we propose an alternative approach that, avoiding a decision on the 
single regions during the classification phase, considers the output of the classifier as 
a confidence degree of the single microcalcifications to be used in a successive phase 
of clustering. In this way, it is possible to create a suitable algorithm, that, reckoning 
with the spatial coordinates of the regions and the confidence degree, gives a possible 
partition in clusters of microcalcifications. In this way, the decision is taken on the 
whole cluster according to the characteristics of regions that it groups, thus leading to 
more reliable results. The confidence degree is so considered as an input feature for 
the clustering algorithm as it includes the knowledge obtained on all the extracted 
features in a set of non homogeneous data that represent (or are related to) the esti-
mate of the a posteriori probability of the classifier. 

In the rest of the paper we show, after a short description of the main clustering al-
gorithms, how to adapt them to the particular situation of microcalcifications accord-
ing to our method. A conclusive section describes the results obtained from experi-
ments performed on real datasets and a comparison among the implemented algo-
rithms. 

2   Basic Clustering Algorithms 

Clustering is a well known topic in the image processing field. Roughly speaking, 
clustering’s goal is to achieve the best partition over a set of objects in terms of simi-
larity. Similarity-base clustering is a simple technique that uses a similarity measure 
to guarantee if two objects are similar enough to put them in the same cluster. The 
similarity measure is usually defined through features of the object. 

Clustering algorithms can be divided into two different categories according to the 
a priori knowledge on the problem that is analyzed: a first category (such as k-means) 
where it has to be specified the number of searched clusters and a second one where 
the number of clusters is variable according to the input data. Of course, the latter is 
more useful for our goal since we do not know anything about the presence of a can-
cer in the mammogram we are analyzing. Particularly, we focus on two different 
types of algorithms: hierarchical and sequential algorithms.  
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First of all, it could be useful to give the definition of clustering [6]. Given a data 
set X={x1,x2,…,xN} with l

i Rx ∈ , we define an m-clustering ℜ  of X, the partition of 

X in m clusters, C1,…,Cm , so as the following conditions are satisfied: 

• m,1,i    ,0 K=≠iC  

• X=∪ = i
m
i C1  

• m,1,ji,   , ji     0, K=≠=∩ ji CC  
(1) 

In the algorithms for hierarchical clustering, a sequence of N nested clustering 
ℜ0⊂ℜ1⊂…⊂ℜN-1 is produced where the index of the particular element in the se-
quence is said the level in the clustering sequence. In the agglomerative hierarchical 
clustering, any pair of samples grouped together at level k remain grouped together at 
all higher levels. In other words, two clusters Cp and Cq contained in clustering ℜk are 
merged together in a single cluster present in ℜk+1; merging is realized according to a 
function g(Ci,Cj) that is a similarity or dissimilarity measure between clusters. Each 
level is then characterized by means of an inconsistency coefficient [6] which meas-
ures the dissimilarity of clusters that are merged. Depending on the requirements of 
the application at hand, a threshold is set on the inconsistency coefficient so as to 
choose the level containing the most “natural” number of clusters. 

A second approach is given by the sequential algorithms, in which the samples are 
sequentially considered and inserted in one of the clusters. Whereas hierarchical cluster-
ing algorithms must have all data present before clustering begins, in this type of algo-
rithms the clustering can be performed even before the full data are present. The main 
drawback is that clustering depends strongly on the order of data presentation. One 
example of this approach is the leader clustering [7]: given a set of samples, we con-
sider the first sample as the centre of a circular cluster of a specified radius. Then, if the 
second point falls in this region it belongs to the first cluster otherwise it is the centre of 
a new cluster. The same for the third point and so on until all the data have been consid-
ered. An useful variation to this approach is the leader-follower clustering [7] that con-
sists of changing the cluster centre when new patterns enter in a cluster. In such algo-
rithms, the properties of the produced clusters depend on the value chosen for the dis-
tance threshold (i.e. the radius of the circle): a large threshold leads to a small number of 
large clusters, while a small threshold to a large number of small clusters. 

3   Clustering Algorithms for Microcalcifications 

The purpose of this work is to study how to find clusters of microcalcifications in 
mammographic images. To this aim, the clustering algorithms described in section 2 
have to be adapted to the particular problem we face. As previously said, features 
used in the clustering algorithms are the spatial coordinates (x,y) and the confidence 
degree S. 

3.1   Hierarchical Approach 

In order to use a hierarchical algorithm (HC), the idea is to consider the estimate S as 
a third coordinate in a three-dimensional space. Hence, the clustering is made on a 
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feature vector of three elements to group not only points that are near (according to a 
similarity measure) in the x,y plane but also on the third axis z=S. 

In this way, for any pair of points ti = (xi, yi, zi) and tj = (xj, yj, zj) it is possible to 
define as similarity measure a weighted Euclidean distance: 

[ ] 222 )()()(),( jijijiji zzyyxxttd −+−+−= βα  (2) 

where α and β are the weights used to normalize different data in a common range. 
Then, using this similarity measure, it is possible to create a hierarchy of possible 

clustering and also to represent it with a dendrogram. The choice of the clustering is 
made using the inconsistency coefficient described in the previous section. When a 
clustering is chosen, it is possible to note that false clusters (i.e. clusters created by 
false regions) have a low medium value of the z component while this value is high 
for clusters created by true regions.  

The choice of the weights is a critical point of this algorithm because we do not 
know how to relate the axes scales. Using the confidence degree we avoided a more 
problematic  trouble, i.e. how to normalize all the different features; actually, we used 
only two weights, one for the spatial coordinates and another for the confidence de-
gree but, referring to the sequential algorithms, it is possible to do not consider any 
weights.  

3.2   Sequential Approach 

The leader clustering (LC), described in the previous section,  needs to choose an 
order for the input data, because the clustering will strongly depend on it. To this aim, 
a possible approach is to order the points according to the confidence degree since 
regions that have a higher confidence degree can more probably represent microcalci-
fications. So, ordering data according to decreasing values of S, the first points that 
the algorithm will consider are those with a higher probability of being  microcalcifi-
cations and, therefore, those with a higher probability of being grouped together.  

Some limits of this algorithm are that it always considers a circular form for the 
cluster (and this is not true in the reality) and, moreover, that it is not sure that the 
region with a higher S is the centre of the cluster. To overcome these problems, in the 
previous section the leader-follower clustering has been described. Now, we propose a 
different approach, called Moving Leader (MLC), that consists of considering as centre 
of the cluster a weighted centre of mass that has to be calculated each time a new re-
gion is grouped in the cluster. The used weight is the respective confidence degree Si. 
Let us  consider some points of coordinates x1,…,xn-1 with confidence degree respec-
tively s1,…sn-1 grouped in a cluster; now, if we consider a sample xn with confidence 
degree sn that has to be grouped in that cluster, then, the new centre will be: 
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In this way, the centre of the cluster moves towards the direction where the points 
are more dense and so, where there is a higher probability of finding new microcalci-
fications. Moreover, the shape of the new cluster is not a circle but it is created merg-
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ing n circles. For example in fig. 1.a, the point w1 is the centre of a cluster, when x2 
has to be grouped in the cluster, the centre moves to w2. The shape of the region that 
contains the final cluster is the union between the two circles (fig. 1.b). When a lot of 
points are analyzed we have a shape like in fig. 1.c. 

 (a) (b) (c)   

Fig. 1. (a) w1 is the centre of a cluster, when x2 has to be grouped in the cluster, the centre 
moves to w2 (b) the shape of the cluster is the union of two circles (c) an example of final shape 
of  the cluster 

When clusters have been created, a post-processing operation can be performed to 
better group microcalcifications. This strategy consists of merging two clusters that 
share at least one microcalcification. This approach, that we called Moving Leader 
with Merge (MLMC), let us  join near regions avoiding an excessive number of clus-
ters that is not corresponding to the reality.  

4   Experimental Results 

The system has been tested on a standard database provided by courtesy of the Na-
tional Expert and Training Centre for Breast Cancer Screening and the Department of 
Radiology at the University of Nijmegen, the Netherlands. It contains 40 digitized 
mammographic images composed of both oblique and craniocaudal views from 21 
patients. All images have a size of 2048x2048 pixels and use 12 bits per pixel for the 
gray levels. Each mammogram has one or more clusters of microcalcifications 
marked by radiologists; each cluster is described by the centre and the radius of a 
circle totally containing it. The total number of clusters is 105, 76 of which are malig-
nant and 29 benign.  

As in [8], segmentation by Tree-Structured Markov Random Field (TS-MRF) and 
two-stage classification has been performed. Thus, for each region, we have at our 
disposal the coordinates and the output of an SVM classifier that indicates the signed 
distance of a region from the optimal separating hyperplane between the true and the 
false class. Using these input data, the clustering algorithms described in section 3 can 
be applied. For each algorithm, five different runs were executed according to an 
opportune parameter; for the hierarchical algorithm, the inconsistency coefficient has 
been varied from the 75% to the 95% of its maximum value with a 5% step, while for 
the sequential algorithms, a mean radius Rm has been evaluated from all the clusters 
marked by radiologists and the experiments were performed using Rm plus or minus 
the 10% and the 20% of its value. 

(a) (b) (c)
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The performance of the proposed algorithms were only evaluated on the true posi-
tive clusters since we want to show how our method fits with the description of mi-
crocalcifications clusters. To highlight that, a dimensionless parameter, that we called 
covering factor (CF), has been introduced; this takes into account if a cluster is not 
well recognized, i.e. if a cluster of the ground truth is recognized but it is subdivided 
in more than one sub-cluster or if an identified cluster is greater than the correspond-
ing circle in the ground truth. For the j-th cluster in the ground truth, we have: 

j

N

k jkjk
j G

IW
CF

j∑ == 1  (4) 

where Nj is the number of sub-clusters, Ijk is the area of the intersection between the 
k-th sub-cluster and the j-th circle in the ground truth, Gj is the area of that circle and 
Wjk = Ijk / (Nj*Ajk), with Ajk area of the k-th sub-cluster, is a weight that reaches its 
maximum value, i.e. one, when there is only one sub-cluster totally contained in the 
circle of the ground truth. Fig.2 shows how to evaluate the CF for a cluster subdivided 
into three sub-clusters, two totally contained in the circle of the ground truth and one 
that trespasses the boundary of the ground truth. 

Fig. 2. Evaluation of the covering factor: in this case, CF1 = (W11I11+W12I12+W13I13)/G1 where 
I11=A11 , I12=A12 and W11=I11/3A11=1/3 , W12=I12/3A12=1/3 ,W13=I13/3A13 . 

However, we are comparing the cluster area evaluated by our method (that is based 
on the convex hull of regions) with the circles made by radiologists that are not very 
accurate. As a consequence, the CF never reaches high values, i.e. it is impossible that 
the estimated area is equal to the area of the circle in the ground truth. If this happens, 
it is due to a bad behaviour of the clustering algorithms that groups too big regions; 
this is especially visible when the inconsistency coefficient for the hierarchical clus-
tering or the medium radius for the sequential algorithms becomes too great. An ex-
ample is presented in fig. 3: fig. 3.a shows the best situation for a hierarchical algo-
rithm with inconsistency coefficient equal to 85% while in fig. 3.b we can see that a 
cluster is lost for an inconsistency coefficient equal to 95%. 

Thus, to better evaluate the performance of the algorithms, we also have to look at 
the number of clusters detected. Hence, we consider an algorithm better than another 
when, for the same number of detected clusters, it has the greater CF. The results 
obtained in terms of medium CF over all the images and percentage of detected clus-
ters are reported in table 1.a for the hierarchical algorithm and in table 1.b for the 
sequential algorithms. 
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 (a) (b) 

Fig. 3. Clustering of image c04c with a hierarchical algorithm: (a) with an inconsistency coeffi-
cient equal to 85% the two clusters are correctly recognized while (b) a cluster is lost with an 
inconsistency coefficient equal to 95% 

Table 1. Results obtained in terms of CF and percentage of detected clusters for the hierarchi-
cal (a) and the sequential (b) algorithms. 

(a)  (b) 
 HC    LC MLC MLMC 

IC CF % cl.   R CF %cl. CF %cl. CF %cl. 
75% 0.09 94%   Rm-20% 0.09 98% 0.11 98% 0.17 100% 

80% 0.11 96%   Rm-10% 0.12 100% 0.13 100% 0.20 100% 

85% 0.12 96%   Rm 0.14 100% 0.15 100% 0.21 100% 

90% 0.15 94%   Rm+10% 0.15 100% 0.16 98% 0.24 98% 

95% 0.19 94%   Rm+20% 0.18 98% 0.19 96% 0.28 98% 

     
 (a) (b) 

Fig. 4. Graphical results obtained in terms of CF and percentage of detected clusters as a function 
of the IC for the HC (a) and of the radius for the best sequential algorithm, i.e. the MLMC (b) 

Then, in fig.4 we report a graph of these results with two axes, one for the CF 
and one for the percentage of detected clusters. Fig. 4.a shows that the hierarchical 
algorithm never reaches a percentage of detection equal to 100%, while in fig. 4.b 
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we show the results for the MLMC that outperforms the other sequential algo-
rithms. In fact, it reaches the 100% of detected clusters with a CF greater than all 
the other algorithms. 

In summary, the experiments show that it is possible to improve the clustering of 
microcalcifications clusters, especially with the MLMC algorithm. It remains to test 
the algorithms on the clustering of the false regions, i.e. to demonstrate that the 
distribution of false positive does not influence the good capability of clustering 
shown by these algorithms. 
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