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Colon Cancer Gland Segmentation Network Based on Edge Fusion
and Multi Scale Feature Enhancement
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Abstract: In histopathological sections, the morphological characteristics of glands are an important basis
for diagnosing colon cancer, and accurate gland segmentation can help doctors classify cancer. However,
due to the diverse shapes and blurred edges of malignant glands, existing segmentation methods rarely
directly focus on edge features, resulting in unsatisfactory segmentation results in malignant cases. In

response to the limitations of existing methods in malignant gland edge segmentation, this study proposed
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an enhanced network (BFMSE Net) that integrated edge information and multi-scale features, aiming to
improve the segmentation accuracy of colon cancer glands. This network added edge fusion module
(BFM) and multi-scale enhancement module (MSEM) on the basis of U-net. The edge fusion module
not only extracted and enhanced edge features, but also significantly improved the segmentation ability of
edge blur and adhesive glands through advanced feature fusion strategies; The multi-scale enhancement
module adaptively captured the information of the best receptive field in the region of interest to handle
complex situations with significant changes in glandular size and shape. The experimental results indicate
that the network can detect clear glandular contours. On the GlaS Challenge dataset and CRAG dataset,
the shape similarity metrics are 74.586 and 61.572, respectively, which improves by 10.17% and
85.19% compared to state-of-the-art methods. In addition, the F1 scores of BFMSE Net reaches
92.3% and 83.9%, and the Dice coefficients reaches 91.4% and 85. 3%, both of which are better than
existing models. The proposed BEMSE Net performs stably in two publicly available datasets and has
good segmentation performance for malignant glands with blurred edges and glands with edge adhesions.
Its shape similarity is much higher than that of existing models, which can assist doctors in better diagnos-
ing colon cancer.
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Tab. 6 Results of ablation experiment
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BFMSE-Net 0.918 0.914 40.059
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