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Abstract 

 
 Breast cancer represents the most frequently diagnosed cancer in women. In order 
to reduce mortality, early detection of breast cancer is important, because 
diagnosis is more likely to be successful in the early stages of the disease. This 
paper presents a new method for automatic detection of clustered 
microcalcifications in digitized mammograms. Compared to previous works, the 
innovation here is that the processing is performed in the coded images instead of 
the original ones. This new method uses the coding of textures of the 
mammographic images on the basis of which Haralick features are computed for 
SVM classification purpose. By comparing our results with those found in the 
literature, we proved that the method of coding developed does not degrade the 
quality of the contained information in the mammograms and enormously reduces 
the computing time of the haralick vector parameters released from the 
cooccurrence matrix. Furthermore, the rates of classification found by using the 
coded images are much improved compared to those obtained on the basis of 
original images. Classification rates enhancements were also revealed by testing 
our method compared to rank coding method. 
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1. Introduction  
 
Breast cancer is the most common malignant disease among women [19]. Most 
early breast cancer can be diagnosed by detecting microcalcification clusters in 
mammographic X-ray images. Those clustered microcalcifications are an 
important indicator for early detection of breast cancer [8]. The clusters appear as 
groups of small, bright particles with arbitrary shapes. Detecting 
microcalcifications is difficult because they are embedded in a non-homogeneous 
background. Many missed radiologist diagnoses can be attributed to human 
factors such as subjective or varying decision criteria, distraction by other image 
features, large number of images to be inspected, or simple oversight [23].  
Until now, mammography has been one of the most reliable methods for the early 
detection of this disease [7,13]. Mammography-based screening programs are 
carried out in many countries, and their effectiveness has had a great impact on 
prognosis. With the advances of digital image processing, radiologists have an 
opportunity to improve their performance with computer-aided diagnosis (CAD) 
system. The use of a CAD system as an objective “second reader” is considered to 
be one of the promising approaches that may help radiologists improve the 
sensitivity of mammography. On the average, the reader’s sensitivity can be 
increased by 10% with the assistance of computer-aided diagnosis (CAD) system 
[24]. This is why there is strong motivation to develop reliable and effective 
methods for automatic microcalcifications detection [26]. 
Several techniques can be adopted to detect microcalcifications. Texture-analysis 
is one of efficient tool for microcalcifications detection. The most used texture 
analysis method for textural features extracted is the cooccurrence matrix and 
haralick features which are used to classify regions of interest into positive 
regions containing clustered microcalcifications and negative regions containing 
normal tissues.  
Most of the existing methods for texture analyzes apply directly on the original or 
filtered images. Computation of the cooccurrence matrix directly on the original 
image shows that 80% of her elements will be null while requiring a large 
computing time. In this way, a method reducing the size of the cooccurrence 
matrix through the reduction of the number of gray level contained in the image is 
needed. This reduction of gray levels must guarantees the reduction of the number 
of the gray levels while keeping the maximum of information. 
Several methods were developed for the reduction of the gray levels of an image. 
Among these methods we find one based on the local extremality coding. Indeed 
studies showed that the extreme values of gray on an image constitute a good 
characterization of texture. Due to good classification performances of rank 
coding obtained with satellite images, we found very interesting to extract and 
process the data given by the extremes values of gray to characterize textures of a 
mammogram. However, rank coding method suffers from limitations such as the 
gray levels do not exceed 16 levels and the analysis window must be 3X3 pixels. 
To overcome these weaknesses, we propose in this work to extend the gray levels 
to 64 and allows for choosing any analysis window size desired in order to take  
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into account more local information around the processed pixel. The gray levels 
are then changed to codes which would yield to the coded mammographic image 
on the basis of which microcalcifications detection will be performed. We test the 
effectiveness of our method using a sample of 30 mammograms from MIAS data 
base consisting of 7 normal mammograms and 23. Then we compare the 
performances of our method to that based on rank coding in terms of 
microcalcification classification rate and visual quality. 
The rest of this article is divided in three sections; the first one is devoted to the 
presentation of the existing methods of mammograms analysis and the texture 
coding. The second part describes the proposed method of texture coding applied 
to the mammograms in order to detect the microcalcifications. Results and 
conclusion follow in the last section. 
 
 
2. Microcalcification detection 
 
There are many methods that can be used to detect microcalcifications and reduce 
the number of false-positive detection. A common approach that some researchers 
have used is the Artificial neural networks [22;1]. Karssemeijer[18] developed a 
statistical method for detection of microcalcification in digital mammograms. The 
method is based on the use of statistical models and the general frameworks of 
Bayesian image analysis. Wavelet transform and supervised classification were 
used by many authors for microcalcification detection [20;25;3]. Heucke et al [14] 
proposed image segmentation using foveal method to extract candidate of 
microcalcification. 
 
Microcalcification detection by texture analysis  
 
Calcifications detection using mammograms textures analysing were studied by 
different authors mostly based on the method of the isosegment [5], the Laws [2], 
the local extrêma or the local histograms [10]. Nonetheless, the cooccurrence 
matrix remains the most common method to analyze mammographic image 
textures. Ribeiro and al.[17] used texture  features and association rules to classify 
mammograms. In the same way, Sumeet Dua [6] used a unique weighted 
association rule based classifier. Images were pre-processed to reveal regions of 
interest. Texture components were extracted from segmented parts of the image 
and discretized for rule discovery. Association rules were derived between various 
texture components extracted from segments of images and employed for 
classification based on their intra- and inter-class dependencies. These rules were 
then employed for the classification of a commonly used mammography dataset. 
The major weakness of the analysis of textures by the cooccurrence matrix is the 
computing time. In fact, the cooccurrence matrix is a matrix of dimension NxN, 
where N represents the number of gray levels contained in the image [21]. Since 
mammographic images contain 256 levels of gray, this implies that the size of the 
cooccurrence matrix will be 256x256 and 80% of the elements of the matrix will  
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be null. Meanwhile, the computing time will be significantly important. This 
would suggest a size reducation of the cooccurrence matrix through a 
minimization of the number of gray levels. 
 
 
 
3. Gray levels reduction using the rank coding 
 
The simplest method and mostly used for the reduction of the gray levels of an 
image performs a reduction from 256 gray levels to 16 levels. This reduction is 
carried out by gathering the 256 levels of gray in 16 equal intervals using the 
formula:  
I' =  16 I / 256 
where I represents the original image and I’ denotes the Image after the gray level 
reduction.  
Considering the textured nature of the mammographic images, we were interested 
in methods of gray levels reduction which do not degrade the quality of textures 
such as the rank coding method already used in satellite image processing[27] 
[16]. In this article, we will test its effectiveness for the mammographic image 
coding. This method is carried out on two stages. 
 
The first stage of coding 
 
We refer to this first stage of coding as the local extremality coding, because it is 
based on the use of a local neighborhood. The aim of this stage is the reduction of 
the number of gray levels from 256 to 9. It consists in assigning to each pixel a 
value summarizing certain information around it. To obtain the unit of texture 
associated with this vicinity, the values of the eight elements surrounding the 
central pixel are replaced by the new values according to the steps described as 
follows [9]: 

- We classify the nine pixels of the vicinity by ascending order of their gray-
level in a vector; 

- Then we assign to the each processed pixel the corresponding rank in the 
vector as a gray level value. If it has the same gray level value as other 
pixels, we affect to it the highest rank.  

While a such coding offers the possibility to gain in memory and to decrease the 
size of the matrix of cooccurrence, it degrades much the quality of the image. For 
this reason, we apply a second stage of coding. 
 
 The second stage of coding  
 
The objective of this stage is to increase the number of gray levels from 9 to 16 
and to introduce the amplitude of the pixel, not considered in the first stage of 
coding. We use the initial image of size 3x3 and the coded image pixel by pixel, 
and we compare the values of the gray levels of both images and assign new value 
for the final encoded pixel according to the following procedure [15]: 
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Let assume x to be the pixel value in the initial image, I the pixel value in the first 
coded image and C the new value of the pixel after the second stage coding. We 
have (Figure1): 

 
Figure1: Method used for the second stage of rank coding 

 
Adding amplitude information improves the quality of the image while increasing 
the number of the gray levels from 9 to 16 without any change concerning the 
compression ratio because the use of either 9 or 16 levels only requires 4 bits. 
 
 
4. The proposed method 
 
The goal of this new method is to highlight textured information required in the 
mammograms by coding its textures and removing superfluous information in 
order to decrease the quantity of data to analyze and thus decrease the 
computation time. Our aim is to show that textual information is stronger in the 
coded image than in the original image. 
This coding consists in assigning to each pixel of the image a value of code and 
not a gray level. Indeed, we transform the original image to create an intermediate 
image which is the coded one from which we can extract the texture 
characteristics through the haralick features released of the cooccurrence matrix. 
The effectiveness of the method of coding that we developed will be compared 
with the results of the originals images classification and those coded by the rank 
coding method. Figure2 presents the suggested method. 
 

 
Figure 2: The proposed method for microcalcifications detection using mammograms coding 
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4.1. Mammograms coding  
 

 
The cooccurrence matrix is a matrix of dimension NxN, where N represents the 
number of gray levels contained in the image. In our case, we used images of 256 
gray levels leading to a cooccurrence matrix of size 256x256[12;11]. If we take 
account of all the 256 gray levels, 80% of the elements of the matrix will be null 
[4]. This has been proved by calculating the maximum number of gray level for 
different analysis width in various types of mammograms which lead to the results 
shown in Table 1.  
 

 
Block size 5x5 7X7 9x9 11x11 13x13 
Maximum number of gray level 12 20 29 48 57 

 
Table1 : Maximum number of gray level in block of mammographic image 

 
 
According to Table 1, we notice that the maximum number of gray level does not 
change much when we increase the size of the block of analysis. For this reason, 
we reduced the size of the cooccurrence matrix based on the method presented in 
4 steps in Figure 3. 
 
 

 

 
Figure 3: The proposed method for the reduction of the gray levels of an image 

 
 

Step1- For the size block of analysis chosen, we calculate the number of gray 
levels (Ng) contained in this block as shown in the example of Figure 4. 
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Figure 4 : Texture coding using gray levels reduction 

 
Step 2- According to the initial value of Ng, we reduce it as follows: 

- if Ng is lower than 8, we reduce it to 4 
- if Ng is superior than 8 and lower than 16, we reduce it to 8  
- if Ng is superior than 16 and lower than 32, we reduce it to 16 
- if Ng is superior than 32 and lower than 64, we reduce it to 32 
- if Ng is superior than 64 , we reduce it to  64. 
Step 3- To determine the gray levels to be eliminated, we classify the gray levels 
according to their appearance frequency, and we replace the least frequent by the 
average of their 8 vicinity. In our previous example, we have 11 levels of gray, 
therefore it will be reduced to 8. So, 3 levels of gray should be eliminated. 
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Step 4- We assign a code to each gray level 
The average of the eight neighbours pixels must be among the gray levels 
contained in the block processed. if it is not the case, we select from the remaining 
gray levels the nearest to the calculated average.   
To improve the quality of the images, we applied a majority filter. The principle 
of this filter is to scan the image and to assign each pixel to the class of the 
majority of its neighbours. This filter makes it possible to eliminate the isolated 
points and to smooth the borders between textures. It is on this last coded image 
that we calculated the vector of parameters characterizing each pixel. 
 
4.2. Feature extraction 
 
Once coded, the image is analyzed with a slipping window of fixed size assuming 
that all the pixels contained in this window belong to the same class. The size of 
the window plays a major role. A broad window improves classification because a 
large number of pixels make it possible to calculate robust statistics, but at the 
same time, there is a risk to have pixels of different classes contained in the same 
window. So, a broad window will lead to an accurate classification in the 
homogeneous areas but a bad classification along the borders between areas. 
Whereas a window of small size reduces the risk to have several classes in the 
same window but does not allow good classification. After performing several 
tests, we found that the use of a vicinity larger than 9x9 would increase the 
number of codes considerably which slows down calculations. For all these 
reasons and considering the small size of the microcalcifications, we chose the 
size of the window of analysis to be 9x9. The fourteen parameters of haralick [21] 
are then extracted from the cooccurrence matrix for classification purposes.  
 
 
5. Results & Discussion 
 
To test our approach we used a database of 30 mammograms, from the MIAS 
database (Mammography Image Analysis Society). Seven normal mammograms 
and twenty three mammograms show one or more clusters of microcalcifications 
marked by expert radiologists (10 benign and 13 malignant) and correspond to 
dense and fatty breast. 
We compared the effectiveness of the proposed coding method to those using the 
rank coding. In fact Figure 5 shows 3 images; the image on the left is the original 
image which exhibits the original texture. In the middle image, processed by 
applying the first stage of rank coding, it is difficult to find the textural 
characteristics of the original image while the image on the right coded by the first 
and second stages of rank coding shows improvement in quality of information.  
These results suggest that the rank coding method stores the information structural 
of original textures from a local and global point of view but it degrades the 
quality of the visual information compared to  the simple image coding on 16 Ng 
proposed as illustrated in Figure 6. Figure 7 shows the results of coding resulting 
from the three methods of coding.  
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Figure 5: Mammograms coded by the rank coding method 

 

 
Figure 6: Results of mammogram coding by rank coding and simple coding on 16Ng 

 
We can clearly distinguish the appearance of more than information on the image 
coded by our method. the limitation of the rank coding is essentially due to the 
structure of the original texture which is not always well preserved for two 
reasons: i) certain parts of the image show too much of extremum pixels which do 
not bring information and ii) in other parts of the image, pixels almost maximum 
or minimum may exist that are not considered and which would bring certainly 
interesting information. Furthermore whatever the number of gray levels in the 
initial image, its rank coding comprises only 16 whole values ranging between 0 
and 15 included. This reduction can be interesting from the point of view of the 
storage of the image codes, but it is much more from the segmentation point of  
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view, in particular if one chooses to use the calculation of the matrices of 
cooccurrence (reduction in the size of 256*256 in 16*16). 

 
Figure 7 : mammograms coding with three methods of coding 

 
In terms of classification, we consider that visual quality only cannot be a good 
indicator for the quality of coding. For that, we classified the images resulting 
from the three methods of coding in order to detect the microcalcifications and to 
confirm the effectiveness of our method of coding. We used the SVM for the  
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classification of the mammograms. Table 2 summarizes the percentages of 
classification rates. 
The classification rates obtained confirm the superior performances obtained by 
the proposed coding method. Being independent on the window size of analysis, 
this coding has the advantage of reducing the number of gray level according to 
the number of gray level contained in the block of analysis chosen. 
 
 
 

  
True 

positives 
True 

negatives 
False 

positives 
False 

negatives 

Classification 
performance using the 
original images  

Number of cases 21/23 5/7 2/23 2/7 

Pourcentage % 91.3 71.4 8.6 28.5 

Classification 
performance using the 
simple coding  

Number of cases 17/23 5/7 6/23 2/7 

Pourcentage % 73.9 71.4 26 28.5 

Classification 
performance using 
rank coding 

Number of cases 
19/23 6/7 4/23 1/7 

Pourcentage % 82.6 85.7 17.3 14.2 

Classification 
performance using our 
method of coding 

Number of cases 22/23 6/7 1/23 1/7 

pourcentage 95.6 85.7 4.3 14.2 

 
Table 2: Percentage of classification by SVM of the coded mammograms 

 
 
6. Conclusion  
 
In this article, we developed a new method for the detection of microcalcifications 
based on coding of textured mammographic images. This coding consists in 
assigning to each pixel a code and not a gray level. Through this method, we 
found that coding preserves the structure of the images while reducing complexity 
due to high gray levels values. The experimental results showed that the concept 
of texture seems much more present in these coding images than in the original 
ones. The classification rates founded using the SVM applied to the coded images 
(95,6%) are higher than those given by the original images (91,3%) and even 
much better than the results obtained by classification  performed on coded 
images by rank coding (82,6%). In addition, the creation of the coded images 
makes it possible to decrease significantly the number of the values associated 
with each pixel which is reduced from 256 to 64 at most. This yields a much 
easier implementation of the method and reduces computation complexity. The 
proposed method of coding the image may be applied to any textured image prior 
to any processing in order to reduce information data to be analysed.   
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