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Background – Breast cancer is the most commonly diagnosed cancer in females worldwide. At present, mammography is the 
best non-intrusive way for breast cancer detection. It is well established that mammographic density (MD) is an independent and 
robust factor for breast cancer risk assessment [1]. Breast cancer risk assessment is useful in personalizing mammography 
screening and in helping patients make informed decision about the ways of reducing breast cancer risk. Currently, MD 
estimation is done manually or semi-automatically (Cumulus [2], for example). This leads to intra- and inter-reader variations in 
MD estimation, and hence limits its application in breast cancer risk assessment.  

Methods – In pursuit of objective MD estimation and subsequently applying MD risk factor for breast cancer risk assessment, we 
made an effort to standardize MD estimation by developing a fully automatic MD analysis procedure and later implemented it in 
the software MammoAid. The key features of the software MammoAid can be summarized as follows: i) The software is 
compatible with analogue and digital mammograms. ii) The software is fully automatic for breast area and pectoral muscle 
segmentation. iii) The software provides a means for objective MD estimation. iv) Artificial intelligence technique is embedded in 
the software for learning the personal shading preference of a radiologist by updating the threshold for dense tissue segmentation. 
v) The software is able to process multiple mammograms in an efficient high-throughput manner. Here we brief the software, 
followed by the short descriptions of its techniques and methods used.  

The software provides a user-friendly GUI to analyse mammograms and to generate reports. Behind the GUI, we implemented an 
automatic procedure for MD estimation. We further introduced the artificial intelligent techniques for emulating radiologist’s 
expert opinion of dense tissue segmentation. The procedure for MD estimation is summarized in Fig. 1, in which a series of steps 
are involved including contrast enhancement, noise suppression, breast area extraction, label removal, pectoral muscle removal 
and dense tissue segmentation. These steps can be explained as follows: 

 Mammograms are greyscale X-ray images with intensity values ranging from 0-255. In order to enhance image 
representation, we linearly stretched the histogram of the original mammogram to fully cover the range from 0-255. For 
analogue mammograms, we further applied a series of top-hat transforms to suppress the noise due to digitization. 

 Breast mask was extracted using an improved version of image extended minima [3] by adopting an adaptive threshold, 
which was estimated from the histogram of the intensity for each mammogram. The label consisting of information about 
view and laterality was further removed from the breast mask. 

 Mammograms consist of two typical views: craniocaudal (CC) and mediolateral oblique (MLO) view. For the MLO 
mammograms, pectoral muscle is observed and removed using the more recent and efficient algorithm proposed by Kwok 
et al [4]. The key features of Kwok’s method are: i) iterative and precise identification of the region of pectoral muscle, 
which takes into account the varying size of pectoral muscle for different studying subjects. ii) automatic identification of 
the pectoral muscle edge through detecting the interruptive intensity changes in the intensity profiles. 

 After extracting breast area from the background including pectoral muscle being removed, now we can carry out dense 
tissue segmentation using a threshold method, the Niblack’s algorithm [5]. Based on the mean and standard deviation of 
the intensity of breast area, the algorithm automatically estimated the optimal threshold for dense tissue segmentation. 
The MD was then estimated as the ratio of the number of pixels in the dense tissue to the number of pixels in breast 
tissue. 

We noticed that, in the Niblack’s algorithm, there was a sensitivity parameter, which controls the amount of tissue to be 
segmented as dense tissue. Based on this observation, we further proposed a second-order polynomial regression model for 
modelling this parameter. In this way, the software can automatically learn and adapt the shading preference of an individual 
radiologist, and ultimately minimize the intra- and inter-reader variations in MD estimation. 

Results – For the purpose of performance evaluation, we used a set of 1438 digitized mammograms. Each mammogram has the 
dimension of 600 pixels in width and 833 pixels in height, and a horizontal and vertical resolution of 72 dpi with an image depth 
of 8. For each mammogram, it comes with a suggested MD ratio from a doctor by drawing on the mammogram and calculating 



 

Fig. 1. Flowchart for the implementation of the software MammoAid. 

the ratio manually. These suggested ratios were used as reference in evaluation. The simulation results showed that our software, 
when compared with doctor’s reference, achieved an accuracy of 87% and Pearson’s correlation coefficient of 0.95 in MD ratio 
estimation. 

The software can also learn the shading preference of a radiologist through the regression model of the sensitivity parameter 
aforementioned. When the training starts, it is assumed that the software doesn’t know how to segment the dense tissue at all. We 
artificially tuned the sensitivity parameter such that the MD ratio was initially incorrectly estimated by the software as shown in 
Fig. 2. From this initial point, we trained the software to learn the shading preference of a radiologist from a training dataset of 
mammograms. The simulation showed that the regression model was able to correctly learn the sensitivity parameter in an 
iterative manner. As illustrated in Fig. 3, the software segmented the dense tissue accurately after training with 16 mammograms. 

Conclusions – In summary, our software can accurately shade breast tissue and pectoral muscle as well as objectively estimate 
MD ratio in a fully automatic manner. On top of this automatic implementation, we added the feature of emulating radiologist’s 
expert opinion of mammograms through the inclusion of artificial intelligence. It paves the way for the MD estimation 
standardization through a large-scale clinic trial in the future. 
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Fig. 2. For demonstration purpose of the interaction and adaptation feature of the 
software, in the initial point, we artificially forced the software to shade none of 

dense tissue for this CC mammogram by setting the sensitivity parameter as 1.70, 
leading the MD ratio estimation to zero. 

Fig. 3. After training with 16 mammograms, the software learned the shading 
behavior of a doctor. The trained model was then applied to a new CC 

mammogram and resulted in a MD ratio estimation of 0.104, which was close to 
the doctor’s reference of 0.106. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


