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Abstract

Pancreatic lesion segmentation is an important task in medical image analysis, but it is challenging
due to the irregular size and shape of the pancreas as well as its location. Early detection of
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pancreatic lesions is crucial for patient treatment and prognosis, and thus has received much atten-
tion. In this paper, we propose an improved U-Net network model that significantly improves the
accuracy and robustness of pancreatic lesion segmentation by introducing the MedSAM encoder
and the Efficient Channel Attention (ECA) module. The MedSAM encoder preprocesses the inputim-
age and extracts multi-level and multi-scale features. The MedSAM encoder is able to efficiently cap-
ture the complex structure of the pancreas and the lesion region’s detail information, providing
high-quality feature representation for subsequent segmentation. Second, the Efficient Channel At-
tention (ECA) module is introduced in the up-sampling process to enhance the inter-channel de-
pendencies and prevent the loss of channel information due to dimensionality reduction. The ex-
perimental results on the MSD_Pancreas dataset show that this paper’s method achieves significant
improvement in both the evaluation metrics of Dice Similarity Coefficient (DSC) and Hausdorff Dis-
tance (HD95). Specifically, the DSC score of this paper’s method reaches 82.7% and the HD95 value
is 10.2 mm, which are improved by 4.4% and 2.3 mm, respectively, compared with the baseline U-
Net. The experimental results show that this paper’s method significantly outperforms the baseline
model in the task of pancreatic lesion segmentation, especially when dealing with complex lesions
and regions with fuzzy boundaries.
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Figure 1. MSD_Pancreas datasets
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Figure 2. Model architecture
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Table 1. Hyper-parameter setting
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