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Abstract: This paper proposes a new methodology for automatic segmentation of micro-calcification clusters in mammography. The proposed method is 
based on two main steps: The first step is the detection of microcalcifications and the second step is the definition of micro-calcification clusters. The 
microcalcifications detection step uses self-complementary top-hat transform and graph-based visual saliency, and the definition of the clusters step 
uses the hierarchical clustering algorithm to determine proper clusters. The proposed approach manages to segment multiple microcalcifications clusters 
in a single image, in a fully automated way, without any human intervention. The proposed method is tested on 35 images from the Mammographic 
Image Analysis Society (MIAS) database and 160 images from Curated Breast Imaging Subset of Digital Database for Screening Mammography (CBIS-
DDSM). The experimental results show that the proposed method outperforms the state-of-the-art. 
 
Index Terms: Microcalcification cluster, mammography, segmentation, breast cancer, saliency detection, graph-based visual saliency, computer-aided 
detection 

——————————      —————————— 

1 INTRODUCTION                                                                     

Breast cancer is a global health issue among women worldwide. 
In early stages of the disease, women can receive proper 
treatment. That’s why only early detection can increase 
recovery and reduce mortality rate [16]. Multiple tools exist to 
visualize and analyze breast cancer, but mammography 
remains the most efficient technique [18]. However, the 
detection and analysis of cancer in mammography is a difficult 
task for radiologists, who can miss sometimes the detection of 
abnormalities if they only diagnose by experience. One way to 
increase the detection of abnormalities is the double reading of 
mammograms, which has been found to decrease the number 
of women recalled for extra exams by 45% [19]. Giving the 
benefits of double reading mammography, computer-aided 
detection (CADe) and computer-aided diagnosis (CADx) have 
been proposed as a second reader. Thus, CAD systems assist 
and help radiologists in their interpretations, and consequently 
reduce breast cancer misdiagnosis and allow better prognosis 
[17]. The common functions of CAD systems involve the 
segmentation of abnormalities, feature extraction and 
classification. Although the improvement of these functions 
strengthens the capacity of a CAD system, the segmentation is 
considered the most important function, as it impacts the 
feature extraction and the classification. The abnormalities in 
mammography can be classified as microcalcifications (MCs) 
and space-occupying lesions [7],[8]. In this paper, we only 
discuss the microcalcifications. 
Microcalcifications are among the main early signs of breast 
cancer in mammography. They are tiny grains of calcium in the 
soft tissue of the breast, with a diameter range from 0.1 to 1 
mm [20]. They can be localized in the breast ducts or clustered 
throughout the breast tissue. The presence of MCs reveals the 
presence of breast cancer. Thus, their detection is crucial in 
the diagnosis of breast cancer. Nevertheless, the detection of 
MCs is a challenging task due to the low contrast and the 
dense and fatty tissues in mammography. Furthermore, the 
presence of MCs is only suspicious if they are grouped in 
clusters [20]. Consequently, the detection of MCs clusters can 

reveal an early sign of breast cancer. However, a few 
researchers have involved the detection of clusters of MCs 
and propose to detect only MCs. In this paper, we present a 
novel methodology to automatically detect all the clusters of 
MCs present in a mammography image.  
This paper is organized as follows: Section 2 presents an 
overview of the key related works for MCs and MCs clusters 
detection. The proposed method is detailed in Section 3, 
including the MCs detection and the clusters identification. 
Section 4 provides the experimental results and a discussion. 
Section 5 presents the conclusion and future work. 

 

2  RELATED WORK 
Several techniques have been proposed to detect and segment 
MCs in the literature, such as morphological approaches, 
machine learning, region-based approaches and active contour. 
Marcin [1] proposed a morphological approach to detect MCs. 
This method is composed of two parts. The first part improves 
the mammography contrast and reduces noise. The second part 
involves watershed segmentation. The method was verified with 
200 regions-of-interest ROIs of 512x512 pixels from DDSM 
database. Basile et al. [2] proposed an automatic method to 
detect MC clusters. The authors begin by preprocessing 
mammogram images, where suspicious breast structures are 
highlighted. Then single MCs are detected using hough 
transform and watershed transform. Finally, the MC clusters are 
identified using the Euclidean distance between the coordinates 
of MCs and Ward’s hierarchical agglomerative clustering 
algorithm. Touil et al. [3] proposed a region growing approach 
for MCs detection. This method combines a variational 
approach concept and region growing algorithm. It exploits the 
regional maxima pixels as seed points of the region growing 
algorithm. This method was verified with 25 images from the 
MIAS database. Salhi et al. [4] used multi fractal analysis to 
detect MCs. In this work, MCs are detected by decomposing the 
mammogram image into multiple ROIs and then compare the 
multifractal spectrum of each ROI. Next, the MCs are 
segmented using K-means algorithm followed by morphological 
operators. This method was verified with 25 images from the 
MIAS database. Wang et al. [6] developed a deep convolutional 
neural network to detect MC clusters from a mammography. 
The authors used AlexNet and VGG network as a network 
architecture based, with a seven-layer network and five 
convolutional layers. The authors used a private database to 

———————————————— 
 Ilhame Ait Lbachir, PhD student in image processing and pattern 

recognition at the Engineering Research Laboratory, ENSEM, Hassan 
II university, Casablanca, Morocco. E-mail: 
Ilhame.aitlbachir@ensem.ac.ma 

 Dr. Imane Daoudi, Professor at National Higher School of Electricity 
and Mechanics of Casablanca Morocco. E-mail: 
i.daoudi@ensem.ac.ma 

 Dr. Saida Tallal, Professor at National Higher School of Electricity and 
Mechanics of Casablanca Morocco. E-mail:  s.tallal@hotmail.com 



INTERNATIONAL JOURNAL OF SCIENTIFIC & TECHNOLOGY RESEARCH VO`LUME 10, ISSUE 04, APRIL 2021  ISSN 2277-8616 
 

313 
IJSTR©2021 
www.ijstr.org 

evaluate their work, with both SFM and FFDM images. Sareh et 
al. [26] used Neuro-fuzzy based thresholding to detect MCs. It 
uses local statistics to compute a proper threshold value for the 
MCs segmentation. The authors used the MIAS database to 
evaluate their work.  

 
2.1 Motivation 
From the reviewed literature, the existing techniques for MCs 
and MC clusters detection present some limitations. In fact, 
the presence of MCs in a mammography is suspicious only if 
they appear grouped in clusters [20]. However, most 
researchers propose methods for the detection of MCs, and 
neglect the detection of clusters of MCs. In addition, traditional 
MCs segmentation methods are supervised. They often 
require prior knowledge or manual identification of the region-
of-interest (ROI). This actually leads to a subjective diagnosis; 
thus, it biases the classification of the MCs into 
benign/malignant. Another limitation is the inability of certain 
methods to detect multiple clusters of MCs present in a single 
mammography. To address these limitations, the motivation 
behind this work is to propose a fully automated CADe system 
that not only detects MCs but multiple clusters of MCs in a 
single mammography. Based on the fact that the MCs have 
low contrast and are hard to distinguish from the surrounding 
tissue, the proposed methodology begins by a contrast 
enhancement step to highlight the regions of interest (ROIs). 
Next, a noise removal step is performed in order to remove 
undesired objects such as vessels and mammary glands. 
Then, Graph based   visual saliency is applied to detect only 
the MCs regions. Finally, the detected MCs are grouped into 
significant clusters based on rule experts and hierarchical 
clustering algorithm. 

 
2.2 Research contribution 
We propose a new methodology for MC clusters detection that 
attempts to address the issues observed in the literature: 
• The proposition of an automated CADe system for MCs 
clusters detection. 
• The proposition of a methodology able to detect multiple 
clusters in a single mammography. 
• The key finding of this work is the use of visual saliency, 
which limits the detection of false positives. 
• The proposition of a new method for MC clusters detection 
that reaches a high detection rate within a reduced number of 
false positives per image. 

 
3 PROPOSED METHOD 
The MCs in mammography have low contrast and are difficult 
to distinguish from the surrounding tissue. 
Their size varies from 0.1 to 1 mm, and they can differ in 
shape, size and distribution within the breast tissue [20]. 
Consequently, their detection is a complex process. We 
propose in this paper a computer-aided system for micro-
calcification clusters segmentation. For this purpose, the 
proposed system consists of two main steps: The first step 
detects the MCs individually using Self complementary top-hat 
and Graph-based visual saliency. The second steps groups 
the detected individual MCs into significant clusters using 
experts’ rules and hierarchical clustering. Fig. 1 describes the 
proposed microcalcifications clusters detection methodology. 

 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

3.1 Microcalcifications detection 
In the detection 
step, the 
mammogram 
images are first 
preprocessed in order to highlight the breast structures that 
may contain suspicious regions of interest. Then MCs 
segmentation is performed using edge detection and global 
thresholding. 
 
3.1.1 Preprocessing 
Due to the low contrast of mammography, MCs are hard to 
distinguish from the surrounding tissue. In order to segment 
these abnormalities, the idea is to highlight the contrast of the 
MCs without enhancing the contrast of the normal tissue of 
mammography. For that purpose, multiple contrast 
enhancement methods have been proposed, including 
frequency domain and spatial domain approaches, histogram 
modification methods, and mathematical morphology methods 
[9],[13]. These methods enhance the entire structures of the 
mammogram image. Moreover, the MCs remain hard to 

 

Fig. 1. Flowchart of the proposed microcalcifications clusters 
segmentation methodology  

 

     (5) 
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distinguish from the normal tissue. Yet, for effective detection 
of MCs, it is necessary to enhance only the MCs and not the 
surrounding tissues. For this purpose, mathematical 
morphology is used in the proposed method to enhance 
mammography. Mathematical morphology methods extract 
shape and size information from the image [15]. They involve 

configuration of a set of nonlinear operators that act on images 
by using structuring elements (SE). The size and shape of SE 
determine the effect of the morphological operation. The two 
essential morphological operations are erosion and dilation, 
from which many operations can be derived [21]. Dilation 
assigns to each pixel the maximum value found over the 
neighborhood of the SE, while the erosion assigns to each 
pixel the minimum value found over the neighborhood of the 
SE. Dilation and erosion are defined in (1) and (2). Where f is 
the image, B is the SE, (x, y) and (s, t) are the respective co-
ordinate. Opening and closing are derived operations from 
dilation and erosion. Opening operation involves an erosion 
followed by a dilation using the same SE. The opened pixel 
value is the maximum of the minimum value of the image in 
the neighborhood defined by the SE. Opening operation is 
defined by (3). 
 

 

 
Closing operation involves a dilation followed by an erosion, 

using the same SE. Closing operation is defined by (4). 
 

 
Th

e 
contrast enhancement is performed using Top-hat transforms, 
which are derived from opening and closing morphological 
operations. There are two types of top-hat transforms: White 
to-hat and black top-hat. White top-hat (WTH) is the arithmetic 
difference between the image and its opening. It extracts the 
peaks in the image and all the structures that cannot contain 
the SE. WTH is defined by (5). 
Black top-hat (BTH) is the arithmetic difference between the 
closing and the image. It extracts troughs in the image and all 
the structures that cannot contain the SE. BTH is defined by 
(6). 
 
 
The proposed method uses Self-Complementary Top-Hat 
(SC
TH). 
It is 
the 
superposition of WTH and BTH. The aim is to extract all the 

ROI structures, namely the peaks and troughs. That way, the 
ROI contrast is enhanced without enhancing the normal tissue 

contrast. The SCTH is defined as the arithmetic difference 
between closing and opening, as described in (7). 

The size and shape of the SE determine the effect of the 
morphological operation. The size of a SE must correspond to 
the size of the structure to be enhanced. The morphological 
operation extracts morphological features whose base sizes 
are smaller than the size of the SE. Hence, the size of the SE 
must be larger than the base size of the MC. The shape of the 
SE must correspond to the shape of the structure to be 
extracted. In this work, the SE used corresponds to a disk 
with a size of 5x5, which is the mean size of a MC [20]. 
Fig. 3 shows that the ROI in the mammography image is 
enhanced successfully. However, the SCTH transform 
enhances also some undesired objects, such as vessels and 
mammary glands. On the one hand, the common feature of 
the mammary glands is that they have relatively higher 
intensity compared to their surrounding regions. On the other 
hand, MCs have homogeneous intensity, and their size is 
generally larger than that of the mammary gland. Therefore, 
the mammary glands regions are considered as noise. In this 
paper, Bi-orthogonal wavelet filter is used to refine the 
preprocessing phase of the proposed method [14]. First, the 
ROI image is decomposed using 2-D bi-orthogonal wavelet 
decomposition. Then, the approximation and the detail 
coefficients are thresholded using the soft thresholding 
method. Finally, the inverse wavelet transforms are computed 
and the image is reconstructed.  

 
 

 
 

 
 
 
 
 

 
 
 
 
 
3.1.2 Saliency based MCs segmentation 
The preprocessing phase is essential to prepare the ROIs for 
further analysis, and to make the MCs easy to separate from 
the surrounding tissue. In the proposed method, the 
segmentation phase uses graph-based visual saliency to 
detect the MCs in the mammogram image. Visual saliency 
represents the capacity of humans to recognize salient 
features in an image. In computer vision, it emphasizes the 
regions of an image with different features. Visual saliency 
techniques are classified into object-based and space-based 
techniques. The object-based techniques allocate higher 
saliency the regions containing objects, while the space-based 
techniques perform a saliency map of the image. The saliency 
map is a probabilistic map where a pixel value corresponds to 
its saliency, taking into account the surroundings. Several 
visual saliency-based algorithms have been proposed in the 
literature, such as E-saliency [27] and Hou & Zhang [28]. In 
this work, we adapted the Graph-based visual saliency 
(GBVS) method to our case of study in order to generate 
saliency maps of the preprocessed mammogram images [29]. 
The GBVS is a bottom-up saliency method [29]. It determines 
the importance of a region by relationship to its neighborhood 

 
    (6) 

  (1) 

E   (2) 

    (3) 

  (4) 

 
   (7) 

 

Fig. 2. Contrast enhancement of a mammography (a) Original 
image (b) enhanced image (c) Zoom on the ROI with MCS 
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using directional contrast. The directional contrast of MCs 
helps to identify the MCs even in fat and dense breast areas. 
The idea of this method is to first use a feature map extracted 
from the original image in order to generate an activation map. 
In our case, we use the contrast distribution in the 
mammographic image. Then, it applies the Markov approach 
to calculate the differences between all pixels, in order to 
deduce the pixels or regions different from their neighborhood, 
and therefore important or salient areas. These differences are 
finally standardized to avoid having a uniform result, where all 
differences are pixels similar to their neighborhood. In this 
case, it is difficult to deduce the more prominent regions in the 
image. These steps are named in the GBVS method: 
extraction, activation and standardization. We present these 
steps adapted to our case of study in detail in the following: 
Extraction: The first step in the GBVS method is the extraction 
of significant features of the image, in order to use them to 
calculate the differences between pixels and to generate a 
transition graph following Markov's approach [30]. In In our 
case, the micro-calcifications are distinguished by their high 
contrast compared to their neighborhood. After enhancing the 
contrast of mammographic images by the SCTH, it is now 
easy to detect abrupt changes in intensity, therefore to detect 
the edges of MCs. This makes it easier to detect salient points, 
and thus to obtain the salient objects of the mammogram, 
which in our case are the MCs. The idea is to calculate the 
magnitude of the gradient of the mammographic image, based 
on the horizontal and vertical axes, and focused on four points, 
namely the three neighboring pixels and the central pixel. 
Equations 8, 9 and 10 are used to determine the magnitude of 
the gradient 

 

 (8) 

 
 
 

 
 
 

Where I is the mammographic image, Mask{x} and Mask{y} 
are the horizontal and vertical masks respectively. 

 
 
 
 
 

 
 

Activation: The aim of this step is to generate a transition 
graph and an associated transition matrix using the Markovian 
approach to define an activation map. Indeed, based on the 
image gradient calculated in the previous step, we calculate 
the distances between each pixel (i,j) and its neighborhood 
(p,q) in order to build a weight graph. The distances between 
pixels are calculated as follows: 

Where M(i, j) and M(p; q) are the points of (i; j) and (p; q) in the 
gradient image calculated in the extraction step. These 
distances are used to construct a network of nodes, where 
each node has a weight calculated as follows: 

 
Where 
 
The weight from node (i,j) to node (p,q) is proportional to the 
dissimilarity of the nodes and their proximity in the M domain. 
From these weights, transition graphs of a Markov chain G are 
constructed by normalizing these weights to 1. The stationary 
distribution of this Markov chain would naturally accumulate 
mass at nodes that exhibit high dissimilarity with surrounding 
nodes. The result is an activation measure that combines all 
the constructed transition graphs [29]. 
Normalization: If the mass is not concentrated on the 
individual G activation graph before the additive combination, 
the resulting master graph may be too uniform and therefore 
uninformative. While this may seem evident, it is at a certain 
level the aim of each visual saliency algorithm: concentrating 
activation on a few points in the image. To avoid this, the 
Markovian approach is applied to the G activation card. G is 
constructed, where for each node (i; j) and each node (p; q) 
(including (i; j) to which it is connected), an edge from (i; j) to 
(p; q) is introduced with the following weight: 

 
 
 
 
Normalizing the weights of the outgoing edges of each node to 
unity, and treating the resulting graph as a Markov chain gives 
us the possibility to compute the stationary equilibrium 
distribution over the nodes. The mass will flow to the nodes 
with high activation. 
 

Global thresholding: After calculating the highlight map of 
the preprocessed mammographic image, a threshold is 
applied to obtain all MC regions. In this work, the mean value 
of the highlight map is used as threshold T to detect regions 
containing MCs. Equations 4.21 and 4.22 describe the 
calculation of the global threshold used in the proposed 
method. 

 
 

 
 

 
Where h is the histogram of the image SM, TH is the image 
after the application of the global threshold, SM is the map of 
the salient point and T is the threshold value. Fig. 4 shows a 
mammographic image after calculating its gradient to locate 
the edges of the MCs (4. (b)), then generating the salient map 
SM in 4. (c) using the Markovian approach. Finally, the region 
containing the MCs is detected by applying a global threshold 
(4. (d)). 
 
3.2 Cluster identification 
Once single MCs are detected, the cluster definition step is 
performed. This step is based on two expert rules which 

assume that MCs vary in size from 0,1 mm to of 1 mm, and 
that a cluster deserves attention only if it contains a set of 
MCs in a restricted area. 

1st Expert rule: Taking into account that MCs have an 
average size of 1mm, objects with less than 1 mm² are 
removed from the thresholded image, since they are 
considered as false positives. 

2nd Expert rule: Based on the assumption that a MCs 
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cluster is only significant if it contains a set of MCS in a 
restricted area, the proposed methodology crops the 
mammography image into multiple tiles corresponding to 5 
mm² and then processes each tile to search proper clusters. A 
cluster is considered to be significant if it is made up of more 
than three MCs [20]. Recursively, a tile of 5 mm² is considered 
to be a cluster if it contains more than three MCs. 
In addition, Hierarchical clustering is performed to 
automatically define the MCs clusters [22]. The proposed 
method begins by calculating the Euclidean distances between 
the centroid coordinates of the detected MCs, then applies 
hierarchical clustering algorithm to determine the clusters. Fig. 
5 describes the clusters identification process using 
hierarchical clustering and applying the two expert’s rules. 
After detecting the MC regions by graph-based visual saliency, 
the MCs are grouped using hierarchical clustering (Fig. 5. (b)). 
Then, we apply the two expert’s rules to delimit the true 
clusters of MCs. The result of applying the first rule is shown in 
Fig 5.(c), and the result of applying the second rule is shown in 
Figure 5.(d). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 
 
 
 
 
 

 
 
 
 
4 EXPERIMENTAL RESULTS 
4.1 Experimental setting 
4.1.1 Presentation of the databases 

The proposed method is tested using MIAS and CBIS-
DDSM databases [7],[8]. MIAS database is a digital 
mammography database that consists of 322 left and right 
images out of which 25 MCs, of dense and fatty breasts, and 
where the images are digitized to 200-micron pixel. CBIS-
DDSM database is an update version of the DDSM database. 
It consists of 753 cases of mammography containing 
calcifications of both mediolateral oblique and craniocaudal 
views. The images in CBIS-DDSM are digitized to 42-micron 
pixel. The tests with MIAS involve the use of 35 mammogram 
images out of which 10 normal and 25 containing MCs. The 
tests with CBIS-DDSM involve the use of 162 random 
mammogram case from the test set, all of them contain MCs. 

 
4.1.2 Evaluation metrics 
The performance measures used to evaluate the proposed 
methodology are sensitivity and false positives per image 
(FPPI). Sensitivity is the proportion of true positives (TP) with 
respect to the number of TP and false negatives (FN). TP are 
MCs correctly identified by the proposed method, in 
accordance with expert annotations in the ground truth, while 
FN are the MCs obtained by the expert but not by the 
proposed method. 

 
 
 

 
 

The FPPI rate is the average of false positives (FP) cases 
identified by the method but not by the experts out of the total 
of the images analyzed (n). 
 
 
 
 
4.2 Results of the proposed MC clusters detection method 
The proposed method proved to be successful with MIAS and 
CBIS-DDSM databases. The proposed method reached a 
sensitivity of 94.1% and 95,52%, and a FPPI rate of 1.54 and 
3.13 for MIAS and CBIS-DDSM respectively. Figure 4 presents 
the results of the proposed method for various mammogram 
images in the MIAS and CBIS-DDSM databases. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
4.3 Discussion 
The proposed MCs clusters detection method is compared 
with state-of-the-art techniques through quantitative analysis, 
in terms of sensitivity and FPPI. The results in Table 1 show 
that the proposed method achieved better sensitivity within a 
low FPPI. Table 1 shows the performance comparison of our 
proposed method with several state-of-the-art approaches for 
MC clusters detection in mammography in terms of sensitivity 
and FPPI. We can observe in Table 1 that the proposed 
method reaches higher sensitivity within a lower FPPI 
compared to the related works. However, for an effective 
comparison, the data sets should be the same. The works in 
[25] and [5] used the MIAS database and achieved a 

 

Fig. 3. Cluster identification process (a) Original image (b)MCs 
detection (c) Application of the first expert’s rule (d) Application of the 
second expert’s rule 

 

     

 

(17) 

     

 

  (18) 

 

Fig. 4. Microcalcifications detection and clusters identification (a) Original 
mammography (b) Contrast enhancement (c) MCs detection (d) MCs 
detection zoomed (e) Cluster identification space. It is good practice to 
briefly explain the significance of the figure in the caption.  
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comparable sensitivity with our proposed method (94.85% and 
93.7% respectively). However, these works detect only the 
MCs and not the MC clusters, which explains the slightly 
higher rate of sensitivity in [25]. In addition, they don’t involve 
the multiple detection of MCs clusters. 
The experimental results led to the following conclusions: 

1. The main contribution is the proposition of a fully 
automated method where there is no need for a specialist 
intervention. Some existing approaches in the literature  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
require manual crop of ROIs, in which the need for a 

specialist is crucial for accurate detection, such as the 
methods presented in [1], [23] and 24. 

2. Since only clustered MCs represent a sign of 
abnormality, another contribution is that the proposed method 
does not detect MCs like the works in [1] and [25], but detects 
clusters of MCs. 

3. The automation of the MCs clusters detection led to 
the possibility of multiple clusters detection. In that way, the 
proposed method segments all the MCs present in a 
mammography image. 

4. In the comparison with the state-of-the-art methods as 
described in Table 1, the results demonstrate the accuracy of 
our proposed method, which successfully detects MC clusters 
with irregular forms and size, and fulfills a low number of FPPI. 
5 CONCLUSION  
A new MCs clusters detection method is proposed in this 
paper. The proposed method consists of preprocessing the 
mammography image using Self-Complementary Top-Hat and 
Biorthogonal wavelets filter. Then the MCs are segmented 
using Graph-based visual saliency. Finally, the significant 
clusters are identified using hierarchical clustering. The 
proposed method proved to be successful with images from 
MIAS and CBIS-DDSM databases. Experimental results show 
that the proposed method achieved high sensitivity with 
reduced FPPI rate.  
A potential direction for our future work is to propose a 
diagnosis to the detected clusters as malignant or benign 
ones. 
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