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Gland segmentation in colorectal pathological image using dual-branch network based on

weakly supervised learning
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Intelligence and Information Security for Channeling Computing Resources from the East to the West, Yinchuan 750021, China

Abstract: To address the issue that the existing weakly supervised segmentation methods have difficulties in obtaining fine-
grained glandular features from colorectal pathological images, leading to the inability to generate high-quality pseudo-labels
and compromising the gland segmentation performance, a dual-branch network based on weakly supervised learning is
proposed for gland segmentation in colorectal pathological image. The patch-level colorectal pathological images are input
into the first branch network, where the interaction and fusion of local and global features of patch-level images are achieved
through the feature interaction module and affinity attention fusion module, and fine-grained glandular features are obtained.
Subsequently, image-level colorectal pathological images are input into the second branch network, where the gland locations
are located using the partial class activation attention module, and coarse-grained class activation maps are obtained. Finally,
high-quality pseudo-labels are derived from the fine-grained glandular features and coarse-grained class activation maps, and
gland segmentation is realized in the segmentation network through the cross-scale connected spatial perception module. The
tests on two colorectal pathological image datasets (GlaS and CRAG) reveal that the proposed method is superior to other
segmentation methods in segmentation performance, confirming its effectiveness.
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Figure 1 Overall architecture of DCGW
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1.0 0819  0.796 0822  0.790 0816  0.802 0821 0812 0817  0.798
0.9 0.822  0.814 0.812  0.805 0.832  0.823 0.825  0.823 0.832 0817
0.8 0837  0.798 0823  0.782 0852 0815 0.838  0.854 0822  0.844
0.7 0.842  0.825 0.824 0814 0.861  0.836 0.847  0.848 0.833  0.849
0.6 0.848  0.854 0832  0.865 0.864  0.843 0.846  0.862 0.838  0.861
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0.1 0.821  0.803 0.807  0.796 0.836  0.810 0.825  0.774 0.810  0.796
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Table 2 Ablation study on dual-branch pseudo label generation network

o F1{H A ]2 bt B DiCeyees HERR
GlaS  CRAG GlaS  CRAG GlaS  CRAG GlaS  CRAG GlaS  CRAG
FT M 0.636  0.621 0542 0.593 0.796  0.652 0562 0.591 0.654  0.623
FF M4 +FIM 0.702  0.721 0.780  0.805 0.638  0.653 0.602  0.642 0.685  0.692
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Figure 5 Visualization comparison between coarse—grained CAM
and fine—grained CAM
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Table 3 Ablation study on segmentation network
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DPGN+CSPM 0.848 0.854 0.832 0.865
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Table 4 Experimental results of different segmentation methods

on GlasS test set

Ttk FIfH  HF% K%  Dicey,, %
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Table 5 Experimental results of different segmentation methods
on CRAG test set

itk FI{H AR HEHE  Dicey,, MHEHF
[Unet!?? 0.873  0.892  0.854 0.865 0.881
MTLSeg!#! 0.891 0.886  0.896 0.912 0.872
GesbaNet ' 0.856  0.845  0.867 0.842 0.854
DLSeg!3") 0.843  0.851  0.835 0.842 0.832
AGSeg'! 0.841  0.834  0.848 0.835 0.823
DCGW 0.854  0.865  0.843 0.862 0.861
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Figure 6 Visualization comparison of segmentation results of different methods
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Figure 7 Comparison of losses on GlaS dataset
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Figure 8 Comparison of losses on CRAG dataset
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