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Polyp image segmentation with hybrid attention stepwise decoding
NI Zhenhong, JIN Xuanhong

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai 200093, China)

Abstract: Currently, deep learning has become a popular method for polyp image segmentation tasks. Transformer have achieved
good results in image segmentation due to the ability to capture remote dependencies through self—attention. However, Transformer
have many problems such as large computational complexity and inability to learn local context between pixels, and colorectal polyp
images have limitations such as large shape differences and fuzzy boundaries. To address these challenges, this paper proposes a new
model structure based on Hybrid Attention Stepwise Decoding ( HASD). The specific structure mainly includes: skip connection
enhancement module, which is used to enhance the local detail features in skip connections;a step—by-step fusion module, which is
used to fuse multi—scale features that undergo upsampling and skip connection modules; Attention aggregation module, which uses
hybrid attention to aggregate shallow and deep features. In this paper, the proposed model is evaluated on five public polyp image
datasets. Experiments show that the accuracy of the new method proposed in this paper is better than the most advanced methods.

Key words: polyp image segmentation; multi—scale feature fusion; hybrid attention; Transformer; skip connection
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Table 1 Experimental results

Kvasir-SEGL? EndoScene! 2] CVC—ClinicDB2! ColonDB!?2 ETIS-LaribDB!**]
Dataset
mDice mloU mDice mloU mDice mloU mDice mloU mDice mloU
PraNet 91.04 85.50 89.15 81.92 92.32 87.35 73.81 66. 46 66. 34 59.71
U-Net v2 91.83 86.59 89. 47 82.52 93.18 88.33 81. 69 73.51 78.21 70.07
SSFormer—S 92.19 87.34 89.20 82.10 93.77 89.01 81.12 73.07 79.12 71.54
CASCADE 92.34 87.36 89.44 82.70 94. 25 89. 65 81.65 73.02 79.08 71.30
GCASCADE 91. 86 86.99 88.90 82.07 94.20 89. 50 81. 06 72.86 74.87 67.09
HASD 92.59 89.27 90. 33 83. 60 93.75 89.27 82.77 74. 46 81. 10 73.06
(a) JK (bh) gt () AR SCASEAY (d) PraNet  (e) GCASCADE (f) U-Net v2  (g) SSFormer  (h) CASCADE
B2 AEFENSEER
Fig. 2 Segmentation results of different methods
F2 HEMIWLE
Table 2 Results of ablation experiments
Kvasir-SEG EndoScene! ] CVC—ClinicDB 2! ColonDB?! ETIS-LaribDB**!
Components
mDice mloU mDice mloU mDice mloU mDice mloU mDice mloU
Baseline 90. 49 84. 60 87.51 80.22 90. 61 85.25 77.18 69. 35 75.42 67.50
+SF 91.50 86. 16 87.90 80.53 91.30 85.76 78.33 70. 39 76.71 68.51
+SF+AA 90. 77 85. 19 88.34 81.12 91.94 86. 80 79.07 70.70 78.12 70. 31
+SF+CE 92.37 87.48 89.25 82.37 92. 66 87.98 81.40 73.04 77.16 69. 46
+SF+CE+AA 92.59 89.27 90. 33 83. 60 93.75 89.27 82.77 74. 46 81. 10 73.06
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