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CAD-Net: A pancreas segmentation method based on U-shape network
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Abstract; Pancreas segmentation presents a significant challenge in medical image analysis due to the complex morphology,
considerable size variations, and the similarity in grayscale values between the pancreas and surrounding tissues, which contribute to
low segmentation accuracy. To address this issue, a U -shape network model, named CAD —Net is proposed, which utilizes
ConvNeXt as the encoder backbone and integrates attention mechanisms and dynamic snake convolution. The multi—scale feature
extraction capability of ConvNeXt enhances the model‘s ability to capture the intricate structures of the pancreas. By dynamically
adjusting the weights of the feature maps through the attention mechanism, the model further improves the extraction of pancreatic
features while effectively suppressing background noise. The incorporation of dynamic snake convolution allows for the adjustment
of convolutional kernels, enhancing the accuracy of segmentation edges and accurately capturing the complex boundaries of the
pancreas. Analysis on the NIH dataset reveals a Dice coefficient of 82. 87% and an IoU of 70. 76%. The experimental results
demonstrate that this method significantly improves the accuracy and robustness of pancreas segmentation on the NIH dataset,
confirming its effectiveness in pancreatic image segmentation.
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Fig. 1 CAD-Net network structure
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Table 3 Model comparison results
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CAD-Net 82.87 70.76 82.19 83. 04 101. 28 386. 35
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Fig. 4 Comparison of pancreatic segmentation with other methods
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Table 4 Comparison of models from recent literatures and the proposed model %
Irk Dice T IoU Precision T Recall 1
Mo, et al. (2020) (! 82.47 — — —
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Fig. 5 Segmentation results of ablation experiment
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