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MCA-Net: Multi-scale comprehensive attention applicaton of
CNN in medical image segmentation

DING Caifu, YANG Chen, ]I Qiulang, WANG Yang,ZHANG Bing

(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

Abstract: The automatic segmentation technology of medical images has the function of assisting clinical medical
diagnosis. In order to improve the CNN model in medical image segmentation, such as small receptive fields and
insensitive detail features, a multi-scale integrated attention U-shaped network architecture is proposed to improve
medical image segmentation quality, which is based on multi-scale strategies and attention mechanisms. First, a new
dual-path factorization multi-scale fusion block is proposed to expand the receptive field of image features and further
extract the detailed information of image features. Secondly, integrate channel and space fusion self-attention blocks
into the architecture, and use the characteristics of the attention mechanism to suppress irrelevant parts or
background to highlight the spatial information of deep features. Finally, a multi-scale attention block is introduced.
The module fuses feature information of multiple scales to highlight the most prominent feature maps in different
scales to adapt to the size of the current segmentation object. In order to verify the reliability of the model, the
proposed network model is applied to medical image segmentation tasks such as lungs, cell contours, and liver.
Experimental results show that the proposed method is superior to the current mainstream methods for medical
image segmentation in terms of accuracy, Dice coefficient, AUC, and sensitivity. It is the mainstream method

currently used for medical image segmentation.
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Tab. 1 Comparison of lung image segmentation

performance
PR E VA

VIR )
Acc Sen Dice AUC TIoU
U-Net 98. 58 97.35 96. 54 98. 26 94. 04
A-Unet 98. 85 98.09  97.13 98. 67 95. 19
Unet++ 98. 85 97.88  97.15 98.60  95.22
CeNet 98. 77 97. 56 96. 96 98. 43 94. 84
Ours 99. 26 98. 56 98. 39 99.01 96. 83
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Tab. 2 Comparison of cell contour segmentation

performance

- H“ﬁﬁfﬁﬁ/ %
Acc Sen Dice AUC TIoU
U-Net 87.14 92. 57 91. 69 80. 74 84. 69
A-Unet 90. 55 94. 29 93. 86 86. 16 88. 45
UNet+-+ 86. 63 84.52 90. 62 88. 97 82. 89
CeNet 89. 45 93. 37 93. 14 84. 85 87.17
Ours 90. 89 94. 87 94. 10 86. 25 88. 87
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Tab. 3 Comparison of liver segmentation performance

, WA %

Jrik )
Acc Sen Dice AUC ToU
U-Net 99. 49 92. 30 94. 70 96. 03 90. 56
A-Unet 99. 42 92.73 94. 33 96. 19 89.79
UNet++ 99. 39 93.91 94. 84 96. 74 90. 45
CeNet 99.72 97.43 97. 87 98. 62 95. 86
Ours 99. 24 97. 68 98. 27 98. 93 96. 77
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Fig. 6 Data visualization
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