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Abstract In this paper, an accurate and reliable breast lesion segmentation algorithm is examined to extract tumor regions
from mammographic images for the diagnosis of breast diseases. Additionally, a framework incorporating an adversarial
network, which is mainly composed of a segmentation network and a discriminant network, is used for the enhancement of
the high-order consistency of the segmentation results. Here, an improved U-Net+ + network is used as the segmentation
network to generate a breast mass segmentation map (a mask), while the discriminant network is used to discriminate
between the generated mask and the real mask to further enhance the performance of the segmentation network. The
performance of the proposed method is verified on the public dataset (CBIS-DDSM). The experimental results show that
the specificity, sensitivity, accuracy, and Dice coefficient of the proposed method are 99. 7%, 90.4%, 98%, and 91%,
respectively, which are higher than that of the classical algorithms. The deep learning algorithm combined with the
improved model (U-Net+ +) and generated countermeasure network can improve the segmentation performance of breast
mass in molybdenum target images.
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Fig. 1 Concise segmentation process
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Fig. 2 Overall frame diagram corresponding to the segmentation of breast mass
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Fig. 3 Main modules of the improved U-Net+ + network. (a) Encoder structure unit; (b) decoder structure unit
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Fig.4 Discriminator network framework diagram
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Algorithm: adversarial training for generator and discriminator

Input: the initial weight corresponding to the pre-trained segmentation network 6§

Output: update the weight parameters corresponding to the segmentation network 6¢

1 for number of epochs do
2 for k, steps do

3 select small batches of samples from training samples x~py,..
4 send a small batch of samples into the segmentation network G (x; 65) to generate the
corresponding segmentation result y,,.q
5 by calculating VL, (41, Yprea), the gradient descent method is used to update the
parameter 0" corresponding to the discriminator

6 end
7 for k steps do
8 select small batches of samples from training samples x~pg,..
9 the segmentation network G (x; 05) generates the corresponding segmentation result
Yprea according to the sample & and calculates D [G ()]
10 by calculating VL; (Yo, Yrea), the gradient descent method is used to update the
corresponding parameters of the segmentation network 8¢

11 end
12 0§ <—0%
13 end
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Fig. 5 Adversarial training process of generator and discriminator
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Table 1  Segmentation results of four types of networks for
breast masses
Method Specificity Sensitivity Accuracy Dice AUC
U-Net 0.968 0.842 0.957 0.878 0.8561
U-Net+ -+ 0.974 0. 864 0.964 0.890 0.8745
U-Net+++
0.988 0. 880 0.973  0.906 0.9085
adv

Proposed
0.997 0.904 0.980 0.910 0.9362
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Fig. 7 Segmentation results of a breast mass. (a) Region of the breast mass to be segmented; (b) gold standard; (c) mask image produced
by U-Net; (d) mask image produced by U-Net+ +; (e) mask image generated by U-Net+ + +adv; (f) mask image generated by
U-Net+ + +adv-+batch normalization
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