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PRNet: Progressive Reduction Network for Polyp Segmentation in

Uncertain Areas
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Abstract: Automatic segmentation of polyp images usually results in low segmentation accuracy due to the
various sizes of lesion regions and blurry boundaries. Based on these two perspectives, a novel Progressive Reduction
Network (PRNet) is proposed, which first locates polyps and then gradually refines their boundaries. The network
utilizes Res2Net to exiract features from the lesion region and leverages the multi—scale cross—level fusion module to
improve localization accuracy. By combining the attention fusion mechanism with cross—level features in this
module, the network can effectively solve the issue of multi-scale lesion areas. Furthermore, PRNet combines an
uncertain region processing module and a multi-scale context—aware module when restoring image resolution from

top to bottom. The former gradually mines polyp edge information by setting decreasing thresholds to enhance the
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recognition of edge detail features, while the latter, to improve the overall representation capability of the model,

further explores the inherent potential contextual semantics of lesion regions. In addition, a simple feature filtering

module is designed in this algorithm to filter the valid information in the encoder features. Experimental results on
the Kvasir—SEG, CVC-Clinic, and ETIS datasets show that the Dice coefficients of the algorithm reach 92.09%,
93.05%, and 74.19%, respectively. Compared with other existing polyp segmentation algorithms, PRNet

outperforms them and demonstrates its superior robustness and generalization.

Key words: medical image segmentation ; polyp segmentation ; colonoscopy ; uncertain area; multi—scale
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Tab.1 The segmentation results of different models on the Kvasir—-SEG dataset

i Dice mloU loUp loUb Acc Prec Rec MAE
U-Net!” 0.8306 0.8457 0.7497 0.941 8 0.953 0 0.824 8 0.901 2 0.049 0
U-Net++3 0.8536 0.856 9 0.760 8 0.9529 0.963 6 0.874 5 0.890 5 0.0515
PraNet''! 0.904 0 0.905 6 0.848 3 0.962 8 0.970 5 0.9120 0.927 3 0.033 1
ACSNet' 0.900 3 0.899 6 0.840 8 0.958 5 0.968 2 0.9219 0.903 3 0.0350
HarD-MSEG!! 0.904 4 0.906 2 0.848 6 0.963 8 0.970 4 0.942 3 0.8970 0.0317
LDNet®! 0.899 7 0.902 2 0.843 1 0.961 4 0.969 9 09169 09117 0.033 4
UACANet!"™! 0.908 3 0.906 7 0.854 6 0.958 8 0.968 9 09169 09215 0.027 8
AL 0.9209 0.9220 0.872 4 0.971 6 0978 3 0.950 4 09140 0.0239

R2 FAREERAE CVC-Clinic HiFE RS ELER
Tab.2 The segmentation results of different models on the CVC-Clinic dataset

Y Dice mloU ToUp TIoUb Ace Prec Rec MAE
U-Net!”! 0.870 5 0.8929 0.805 2 0.980 6 0.982 8 0.877 4 0.899 4 0.017 4
U-Net++3 0.881 4 0.894 2 0.814 8 0.973 6 0.983 0 0.880 1 0.899 0 0.026 2
PraNet'"! 0.905 3 09172 0.848 5 0.986 0 0.987 8 0.876 1 0.965 8 0.013 4
ACSNet!"! 0.903 6 09177 0.849 0 0.986 5 0.988 6 0.904 5 0.927 5 0.012 5
HarD-MSEG!* 0.9179 0.923 2 0.858 6 0.987 8 0.989 8 09119 0.937 5 0.010 4
LDNet'*! 0.893 4 09112 0.8353 0.987 2 0.988 7 0.8737 0.952 8 0.0129
UACANet!"! 0.903 8 0.918 8 0.8511 0.986 5 0.988 0 0.888 0 0.941 4 0.008 5
£ 0.9305 0.936 1 0.880 6 0.991 6 0.9927 0.928 3 0.938 6 0.007 5
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Fig.8 Comparison of segmentation predictions by different models on Kvasir—SEG and CVC~Clinic datasets
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Tab.3 Comparison of segmentation results of different models on the ETIS dataset

s Dice mloU loUp loUb Acc Prec Rec MAE
U-Net'”! 04158 0.650 5 0.959 1 0.343 5 0.9575 0.4400 0.508 6 0.0453
U-Net++3 0.495 1 0.694 9 0.9726 0.418 3 09714 0.590 0 0.5216 0.033 4
PraNet ' 0.6650 0.762 2 0.9409 0.5854 0.9390 0.6149 0.856 6 0.062 7
ACSNet' 0.620 9 0.7429 0.9418 0.546 5 0.9393 0.590 4 0.799 5 0.062 3
HarD-MSEG"! 0.727 8 0.814 4 0.978 5 0.651 4 0.9773 0.695 4 0.8156 0.022 1
LDNet'*! 0.666 5 0.766 3 0.953 4 0.588 1 0.9517 0.630 7 0.826 2 0.051 6
UACANet'"™! 0.605 8 0.687 7 0.865 4 0.5128 0.862 5 0.556 0 0.8237 0.068 5
A3 0.7419 0.826 6 0.981 3 0.673 0 0.980 1 0.736 3 0.790 4 0.0195
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Tab.4 Ablation experiments on the Kvasir-SEG and ETIS datasets

H Kvasir-SEG ETIS
Acce Dice mloU MAE Acc Dice mloU MAE
B 0.973 1 0.893 7 0.906 4 0.029 4 0.983 6 0.6342 0.781 4 0.021 4
B+FFM 0.9757 09157 0.915 8 0.026 8 0.984 1 0.717 4 0.8179 0.0172
B+MCFM 0.975 8 0.908 2 0.912 8 0.026 5 0.984 9 0.720 3 0.8149 0.016 3
B+MCFM+UPM 0.976 3 0.9103 09136 0.0257 0.9797 0.740 1 0.824 4 0.020 6
B+MCAM 09717 09110 09114 0.030 5 0.965 4 0.633 6 0.767 6 0.037 1
PRNet 0.978 3 0.9209 0.9220 0.023 9 0.980 1 0.7419 0.826 6 0.0195
#®5 7EKvasir-SEG 1 ETIS ##7 & £33 B &% B #H R R
Tab.5 Ablation studies of threshold settings on Kvasir—-SEG and ETIS datasets
e Kvasir-SEG ETIS
Acc Dice mloU MAE Acc Dice mloU MAE
{0.8,0.75,0.7,0.651 0.974 1 09118 09153 0.028 1 0.964 9 0.720 6 0.807 9 0.035 4
{0.75,0.7,0.65,0.6 0.972 4 0.906 9 0.909 1 0.0300 0.944 2 0.674 9 0.776 7 0.057 5
{0.7,0.65,0.5,0.51 0.9720 0.904 9 0.9107 0.0300 0.9722 0.697 5 0.799 5 0.029 0
10.75,0.75,0.7,0.7} 0.978 3 0.9209 0.922 0 0.0239 0.981 3 0.741 9 0.826 6 0.0195
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