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Introduction 
Coronary heart disease is a major cause of death in women and can be detected using specialized coronary CT 
angiograms, however these scans are not usually obtained until a patient is symptomatic. Mammograms, on the other 
hand, are obtained routinely for over 40M women annually and can demonstrate breast arterial calcifications (BAC) which 
can be used as a risk predictor for cardiovascular events such as heart attack and stroke. However, currently BAC is not 
routinely reported or measured so this valuable existing biomarker is not being utilized. Deep learning (DL) has the 
potential to extract and quantify this biomarker automatically for these patients to automatically generate referrals and 
interventions for at-risk patients. Previous studies have worked on DL for BAC, however performance is limited due to the 
tiny and narrow morphology of calcifications. In this project we develop and test an efficient DL approach to segment 
breast calcifications on full-field diagnostic mammogram images (FFDM).  
 
Methods 
To solve the problem, we propose a patchwise fine vessel segmentation method for breast arterial calcification. We first 
preprocess the original image to remove unexpected noise, and then crop fixed-size mammography image patches (e.g. 
512x512 pixels) with overlapping to generate training data for patchwise vessel calcification segmentation training. We 
propose Deeper Thinner UNet (DT-UNet), a UNet-like model, to achieve faster and accurate segmentation. Compared 
with the standard UNet model, we have extended the downsampling layers up to 5 and utilized one fourth convolutional 
channels compared with the standard UNet. The original UNet architecture contains 13,395,329 parameters to train while 
ours has 7,782,281 parameters. To accelerate the optimizing process, we adopt dice loss function to train all the 
segmentation models for 50 epochs with AdamW optimizer. Finally, the patchwise predictions are concatenated together 
to recover the whole segmentation masks for the original large-size mammography images. 
 
Results 
Patchwise and whole-image-size segmentation results of DT-UNet are compared with several mainstream segmentation 
network architectures based on recall, precision, accuracy, F1-score and Jaccard Index evaluation metrics (Table 1 and 
Figure 1). Our model achieves the best recall values in patchwise level, the best recall and accuracy values in whole-
image-size level. 
 
Table 1: Quantitative calcification segmentation results comparison in both patch-level (left) and whole-image-
level(right).   

Method Recall Precision Accuracy F1-score Jaccard Index 
ContextNet 0.723 0.765 0.631 0.628 0.977 0.997 0.643 0.671 0.509 0.517 

SegNet 0.707 0.764 0.704 0.743 0.981 0.998 0.676 0.734 0.554 0.589 
UNet 0.738 0.789 0.704 0.723 0.981 0.997 0.689 0.735 0.562 0.590 

DT-UNet 0.770 0.826 0.674 0.685 0.980 0.998 0.687 0.729 0.561 0.583 
 



 
Figure 1: Comparison of patch-level calcification segmentation with different methods. From left to right, columns are 
original patches, ground-truth segmentation and segmentation results of ContextNet, SegNet, UNet and DT-UNet. 
 
 

 
Figure 2: Comparison of whole-image-level calcification segmentation with different methods. From left to right, columns 
are original patches, ground-truth segmentation and segmentation results of ContextNet, SegNet, UNet and DT-UNet. 
 
 
 



Conclusion 
High resolution mammograms provide plenty of useful information for fine vessel calcification segmentation. However, the 
large images also bring difficulties in deep learning models due to the memory issue and computation cost, therefore our 
patchwise mammogram calcification can take advantages of high resolution information of the original images and the 
parallel computing power of deep learning methods. Our proposed Deeper Thinner UNet contains less parameters than 
the standard version of UNet architecture and other models but achieve relatively high performance for both patchwise 
segmentation and whole image results after collecting the patchwise together.  
 
Statement of Impact 
Our accurate fine vessel calcification segmentation is very useful in quantifying calcification in mammograms, which is an 
important metric for coronary heart disease risk evaluation. Such measurements of breast arterial calcification can offer a 
personalized, noninvasive approach to risk-stratify women for cardiovascular disease at no additional cost or radiation.   
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