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Abstract: Given the low accuracy of delineation of the infiltration area of breast cancer lesions in DCE-
MRI, variable structure and shape, large intensity heterogeneity changes, and low boundary contrast, the

automatic segmentation of breast cancer lesions has the problems of low accuracy and mis-segmentation.
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For this reason, a two-stage breast cancer image segmentation framework is constructed, and a breast can-
cer lesion segmentation model UTB-net is proposed to integrate multi-scale and non-local at the encoding
path and the end, respectively, which constructs attention-residuals in the decoding module. First, the
benchmark U-net network model is used to achieve a rough delineation of the breast area, eliminating the
influence of unrelated tissues, such as chest muscle, fat, and the heart, on breast tumor segmentation in
the image. Then, based on the extracted ROI results, a multi-scale information fused and non-local mod-
ule is constructed in the coding path of the model. Finally, an attention-residual hybrid decoding module is
constructed in the decoding path, and a deep supervision mechanism is introduced to improve the segmen-
tation accuracy of breast tumor lesions. Experimental results show that breast tumor segmentation indexes
DICE, 10U, SEN, and PPV increase by 4%, 4.78%, 5.92%, and 3. 94% respectively, in comparison
with the U-Net benchmark model. The proposed model not only improves the segmentation results of
breast cancer but also reduces the small-area mis-segmentation and calcification segmentation.

Key words: Dynamic Contrast-Enhanced Magnetic Resonance Imaging (DCE-MRI) ; segmentation;

breast tumor; U-net; attention; residual network
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Fig. 7 Illustration of breast area coarse segmentation
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Tab.1 breast area segmentation results

Type Dice 10U SEN SPE PPV ACC
U-net 91.98 85.34 92.89 98.78 91.24 98.07
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Fig. 8 Partial segmentation of breast tumor lesions
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Fig. 10 Global illustration of breast tumor segmentation
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Tab.2 Compare of segmentation results

Model Type Dice IOU SEN SPE PPV
U-Net[ 18] 73.14 60.18 80.20 99.88 73.10
2D-VNet[26]  74.16 61.59 83.90 99.85 72.33
ResUNet[28]  75.55 63.22 82.19 99.87 75.26
DenseUNet[27]  76.67 65.29 80.31 99.90 77.81
Pix2pix [37]  58.25 43.57 78.37 99.82 59.00
Att-UNet[12]  75.94 63.85 80.12 99.90 77.86
M U-Net  75.68 63.54 81.12 99.88 76.71
ARH-UNet  77.06 65.23 82.05 99.89 77.26
AMH-UNet  77.21 65.10 83.83 99.89 77.02
AMH-UNet+DS  77.32 65.37 84.32 99.88 75.99
UTB-Net+DS  77.92 66.10 84.14 99.88 77.53
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Fig. 16 BOX diagrams of all comparative experiments
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Tab.3 Main module parameters of UTDB net
Layer Type Parameters Size/Stride Output
Conv. 132 (Filters) 3X3/1 512X 512
PRelLU 32 / /
Encodel .
Conv. 32(Filters) 3X3/1 512X512
PRelLU 32 / /
GN 32 (Channels) / 32(Groups)
Parallel structure
Conv(1,1) Conv(3,3) Conv(3,3) AvgPool(256)
Upsample
Multi-Scale Parallel Conv. PReLU(32) PReLU(32) PReL.U(32) o
(2.0, bilinear)
Fusion 1
GN (32,32) Conv(3,3) Conv(3,3) PRelLU(32)
GN (32,32) PRelLU(32) GN(32,32)
GN(32,32)
Conv. 128—>32 (Filters) 1xX1/1 512X512
Down-Sampling1 MaxPool / 2X2/2 256 X256
Connect+ i
256—>512(Filters) 32X 32
Non _local
UpSampling3 Conv. T. 128—>64(Filters) 2X2/2 256 X 256
ARHD
/ 128—>64(Filters) / 256X 256
Block3
UpSampling4 Conv. T. 64—>32(Filters) 2X2/2 512X 512
Conv. 64—>32(Filters) 3x3/1 512X 512
PRelLU 32 / /
Decode Conv. 32—>32(Filters) 3X3/1 512X 512
PRelLU 32 / /
GN 32 (Channels) / 32 (Groups)
Out Conv. 32—1 (Filters) 1x1/1 512X 512
Deep Supervison Sum to average 512X 512
Number of trainable parameters 23. 7 MB in Model
inc.conv.conv.0.weight MSO.m1.2.weight MSO.m2.2. weight MSO.m3.4.weight
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(a) I*'layer conv kernel weights
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(b)MSPCE 1* scale weights
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(c)MSPCE 2 scale weights
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(d)MSPCE 3rd scale weights
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