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Polyp Segmentation Method Combining HarDNet and Reverse Attention
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Abstract A U-shaped colon polyp image segmentation network combined with HarDNet and reserve attention is
proposed with the aim of solving the problems in the diversity of shape, size, color, and texture of colon polyps, the
similarity between polyps and the background, and the low contrast of colonoscopy images, which affects the segmentation
effect. The proposed model is based on the U-shaped encoder-decoder structure. First, the encoder uses HarDNet68 as
backbone network to extract features for improving the reasoning speed and computational efficiency. Second, the decoder
uses three reverse attention modules for fusing and refining the boundary features. Finally, multi-scale information fusion
is realized between encoder and decoder through a receptive field module to provide more detailed edge information for the
decoder. The iterative interaction mechanism between the encoder and decoder can effectively correct conflicting regions in
the prediction results, improving the segmentation accuracy. The experimental results show that compared with existing
methods, the proposed method improves segmentation accuracy and also has good real-time and generalization ability.
The research results can provide a reliable basis for the early screening of colonic polyps.
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Fig. 1 HraNet model structure
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Fig. 2 Structure comparison diagram of DenseNet and HarDNet
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Table 2 Comparison of segmentation effects of different methods on Kvasir SEG and CVC ClinicDB datasets

Dataset Method mDice mloU Fy S, E;™ MAE
UNet 0.818 0.746 0.79%4 0.858 0.893 0.055

UNet+ + 0.821 0.743 0.808 0.862 0.910 0.048

Kvasir SEG SFA 0.723 0.611 0.670 0.782 0.849 0.075
PraNet 0.898 0.840 0.885 0.915 0. 948 0.030

HraNet 0.901 0. 845 0. 890 0.917 0.944 0. 027

UNet 0.823 0.755 0.811 0. 889 0.954 0.019

UNet+—+ 0.794 0.729 0.785 0.873 0.931 0.022

CVC ClinicDB SFA 0.700 0.607 0.647 0.793 0.885 0.042
PraNet 0.899 0.849 0.896 0.936 0.979 0.009

HraNet 0.930 0.879 0.928 0.949 0. 980 0.008
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Fig. 5 Comparison of segmentation results of colonic polyps
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Table 3 Generalization capability test results
Dataset Method mDice mloU Fy S, E;™ MAE
UNet 0.512 0.444 0.498 0.712 0.776 0.061
UNet+ + 0.483 0.410 0.467 0.691 0.760 0. 064
CVC ColonDB SFA 0.469 0. 347 0.379 0.634 0.765 0.094
PraNet 0.709 0.640 0. 696 0.819 0. 869 0.045
HraNet 0.729 0. 660 0.720 0. 830 0.858 0.038
UNet 0. 398 0.335 0. 366 0.684 0.740 0.036
UNet+ + 0.401 0. 344 0.390 0.683 0.776 0.035
ETISLarib Polyp DB SFA 0.297 0.217 0.231 0.557 0.633 0.109
PraNet 0.628 0. 567 0. 600 0.794 0. 841 0. 031
HraNet 0. 650 0.581 0.617 0.797 0.827 0.035
UNet 0.710 0.627 0.684 0.843 0. 876 0.022
UNet+ + 0.707 0.624 0. 687 0. 839 0. 898 0.018
Endosece SFA 0.467 0.329 0.341 0. 640 0. 817 0.065
PraNet 0.871 0.797 0.843 0.925 0.972 0.010
HraNet 0. 892 0. 824 0. 875 0.937 0.964 0.007

3.4.3 mrEE4E HraNet >k ] HarDNet68 i #& A & + | 78 2 A8 I ECh 50

R T UEAR R ) S 43 R R AR A AR B DA
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GRS BE o R O TE 1) 52 I 43 P E RE 98 K A8 AF 5 4
R 3 DR R a7 Ry 77K N D SN A N E o)

Fd RTF) Jr vk B T (R — 3 5 U1 2 [ 04 S P HE

Table 4 Comparison of training time and reasoning speed of different methods based on same platform

Dataset Method Epoch Training /min Inference /(frame-s ') mDice mloU
UNet 50 ~70 ~126 0.823 0.755

UNet++ 50 ~80 ~53 0.79%4 0.729

CVC ClinicDB SFA 200 =600 ~70 0.700 0. 607
PraNet 50 ~75 ~115 0.899 0.849

HraNet 50 ~33 ~148 0.930 0.879
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