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CT Multi-organ Segmentation Based on MAU-Net
BU Hong-Xi, HE Li-Wen

(School of Internet of Things, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract: Accurate segmentation of multiple organs based on computerized tomography (CT) images enables the precise
diagnosis of lesions, facilitates rapid treatment planning, and improves the efficiency of clinicallwork. However,
traditional segmentation algorithms often struggle with organs that have large deformations, sglall volumes, and blurry
boundaries, resulting in relatively poor segmentation performance. This study proposes an impro{/ed U-Net medical image
segmentation network called (MAU-Net), which aims to achieve accurate segmenfation of multiple organs by introducing
two modules. The multi-scale dilated convolution module captures.multi-scale features of the target organs using different
kernel sizes. The dynamic attention module precisely extracts important features to achieve weight balance between
branches. The superiority of MAU-Netis confirmed through ablation experiments and comparative experiments with
other mainstream networks.,“Compar“ed to the traditional U-Net model, MAU-Net achieves an average Dice similarity
coefficient (DSC) improvement of 3.39% and an average 95% Hausdorff distance (HD) reduction of 4.84 mm across all
organs. MAU-Net demonstrates remarkable robustness and potential for applications in multi-organ segmentation tasks,
contributing to improving clinical workflow efficiency and diagnostic accuracy in medical settings.

Key words: deep learning; multi-organ segmentation; U-Net; attention mechanism; multi-scale dilated convolution; CT

image; image segmentation
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Attention in attention block (A’B)
== 3x3 conv, ReLU
== Multi-scale dilated convolution block (MDCB)
== Copy and crop
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T 2x2conv
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U-Net+MDCB 76.58 31.92 87.50 62.35 80.72 75.34 93.85 56.74 84.08 72.09
MAU-Net 78.07 32.03 88.43 64.84 82.75 78.13 94.02 56.71 85.44 74.24
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U-Net 74.68 36.87 84.18 62.84 79.19 71.29 93.95 48.23 84.41 73.92
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