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Abstract Breast cancer is one of the malignant tumors with the highest mortality among women globally and its
early detection helps to increase the survival rate of patients. In this paper, we mainly used the target detection
network in deep learning to locate and classify tumor lesion areas in the X-ray mammography images. Then, the
Mask R-CNN network was taken as the target detection model for the improvement of its benchmark network D-
ShuffleNet. Furthermore, a new network Mask R-CNN-II was proposed, to which the transfer learning algorithm
was applied. Finally, it was experimentally demonstrated that the Mask R-CNN-II network had higher detection
accuracy than the Mask R-CNN network. Besides, we also found that the proposed benchmark network, the idea of
image fusion applied, and the transfer learning algorithm were effective. In conclusion, the network proposed in this
paper is beneficial to improve the localization and classification of breast tumors and can provide auxiliary diagnostic
advice for radiologists, which has certain clinical application value.
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Fig. 1 Normal and diseased breast images. (a) Normal

breast image; (b) diseased breast image
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Fig. 2 Images of four types of breast. (a) LCC; (b) LMLO; (¢) RCC; (d) RMLO
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Fig. 3 Original image and image with background elimination.

(a) Original image; (b) image with background elimination
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Fig. 4 Lesion grade. (a) Lesion grade 2; (b) lesion grade 3; (c) lesion grade 4a; (d) lesion grade 4b;

(e) lesion grade 4c; (f) lesion grade 5
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Grade Number Proportion /%
2 463 24
3 406 21
da 348 18
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5 175 9
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Fig. 5 Images of diseased and healthy areas and their fusion image. (a) Image of diseased area;

(b) image of healthy area; (c) fusion image
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Fig. 8 Schematic of DenseNet structure
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Table 3 Training results of each model

Average precision

Model mAP

2 3 4a 4b de 5
Mask R-CNN-II 0.94 0.93 0. 85 0.93 0. 85 0.94 0.907
Mask R-CNN 0.92 0.93 0. 85 0. 87 0. 84 0.95 0. 893
YOLO-V3 0.93 0.91 0. 82 0. 87 0.81 0.95 0. 881
SSD 0. 89 0. 87 0. 81 0. 87 0. 82 0.93 0. 865
Faster R-CNN 0.91 0. 90 0. 83 0. 85 0.82 0.92 0.871
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Table 4 Experimental results of models with and without pretraining

Average precision

Model mAP

2 3 4b 4c 5
Pre-T+ Mask R-CNN-II 0.97 0. 94 0. 87 0.94 0. 86 0.98 0.927
Pre+Mask R-CNN-II 0. 96 0. 95 0. 86 0.93 0. 85 0. 98 0.921
Mask R-CNN-II 0. 94 0.93 0. 85 0.93 0. 85 0. 94 0.907
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