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Abstract: Colorectal polyp segmentation can effectively assist doctors in screening for colorectal adeno-
mas, but polyp segmentation has problems such as more noise and insufficient boundary distinguishability.
In response to these issues, this paper designed a multi-scale polyp segmentation network that adopts cas-
caded strategy to fuse boundary features. Firstly, this paper proposed an improved channel grouping spa-

tial enhancement module to enhance the image features extracted by the backbone network, thereby im-
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proving the correlation between channels and spatial positions. Secondly, considering the insufficient
boundary distinction, a cascaded feature fusion network was designed to better retain boundary information
and improve boundary distinction, so as improve the segmentation accuracy. Finally, a dual-branch hybrid
upsampling module was introduced to obtain more detail feature information, so as to realize the comple-
mentarity of features and capture more complete and effective features. Tested on the CVC-ClinicDB and
Kvasir datasets, our algorithm achieves mean Dice coefficients of 0. 944 and 0. 920, and mean Intersection
over Union of 0. 900 and 0. 869 respectively, compared to the M°SNet algorithm with average Dice coeffi-
cients of 0. 922 and 0.912, and mean IoU of 0. 880 and 0. 861 respectively. Tested on the ETIS-Larib-
PolypDB, CVC(C-300, and CVC-ColonDB datasets, our algorithm achieves mean Dice coefficients of
0.776, 0.915, and 0. 782 respectively, while the M*SNet algorithm achieves mean Dice coefficients of
0.749, 0.903, and 0. 758 respectively. Experimental results show that the proposed algorithm has high
segmentation accuracy and strong generalization ability.

Key words: multi-scale polyp segmentation; channel group spatial enhancement; boundary feature en-

hancement; cascade feature fusion; dual-branch upsampling
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Fig.1 Network architecture of our algorithm
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3.3 SHIZE X, F1ME 2455 F R E CVC-ClinicDB #1

AR SC B 4 52 3 5% - GPU S NVIDIA Ge-
Force RTX 2080Ti 12 GB . F 5 8 F 52 46 38 15
9 : Ubuntu #24F &2 48, Pytroch IR FE 52 S HESR . A
SCH AR RN R 352352, 3R FH 2 IR E I
SR W TR SR B AL K S TR A R e 1 4
P 1 iy 2B A U R LA . AR SCR B
BUAR B T B (SGD) |, 2l A 5298 43 ) 1
0.9 F10.000 5, ¥ b2 > Z£ 5y 0. 005, 1 H]
W arm-up F1 £8P 5 U8 R W Ol 18] 2% 2% ) 3R | Batch-
size K/ & S 16, Epoch b 50,

3.4 XWHRSW
3.4.1 RE)E P42 Sk At

T B T B A R PR A BRI B R RE L AR
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KALE . FEFEE A SR AL CVC-ClinicDB
A Kvasir £ 4% 4 b 43 51 £ HC 550 10900 5K Bl f
I X $2 BUAY 36 1 450 5K B R HEAT B0 B 4 8 2L
HESRIE % S &7 e el 7 Qi PN W (S|
SN SO O (T i | B2 | ST i O 2 NV =
25 HoAth 20 5k A7 % He L AL 4G U-Net' ™, U-
Net+ +"7, SFA" | PraNet'™ , CaraNet™ , FS-
FM"“", BLE-Net"” , SAM-CLNet"*" , MSNet"*",
M’SNet ™ 85 o R RAIESE 5 1Y 28 7 1, AR SC
SRV R I I S A 4 5 LA B A ), 3
LATER 2 rp oA B vk 1Y 43 I 25 R B 51 ] A e

Kvasir 8048 5 & BIEEREXT LAY 45 R . R 1
14 52 06 45 S v a] DR B, AR SCHE R AR T AR SR
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0.009,0.002,0.008, MAE J& /> T 0.003. M I
T (14 43 At R T DAAS 3 A 48T 3 0 37k MPSNet,
R SCHEIEAE S B bR LR B AR — E R E R
T, A, A% F CaraNet Bk , A UL EL
AR AR LR R R, R VRIS o, T
mDice, mIoU I Fy #§ #5 , A& C 5 % 70 5 It
CaraNet 2 ¥ & i1 0.008, 0. 013 1 0. 007, %f T
MAE #§ #5 , A& C 5 ¥ b CaraNet 53k 0 > T
0.001; 5% 2 %4l .78 , %) T mDice, mIoU #l F 7 4§
Fi o, 7R SCH 4 S e CaraNet B % 3 0,002,
0.004 A1 0.001, Xf T MAE #§ #5 , 4% C & ¥ L
CaraNet 5308 /0 T 0. 001, {HXFF S, fl E;™ 4§
b A SCE B8 D T CaraNet ¥k, X 0] fig 2 th T
A SO LA S5 A {5 B AR U A X T CaraNet 52
A AR o BEAN AR SCR R 1 R 5 AT
AR Y Y 43 ) 8 SAM-CLNet #E47 7 %5 Eb , A
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%1 EHEBEFE CVC-ClinicDB #1851 14 88 b &

Tab.1 Performance comparison of each model on the CVC-ClinicDB dataset
Method mDice 4 mloU 4 FiA S. A Ey=A MAE v
U-Net 0.824 0.767 0.811 0.889 0.917 0.019
U-Net+ + 0.797 0.741 0.785 0.872 0.898 0.022
SFA 0.698 0.615 0.647 0.793 0.816 0.042
PraNet 0.902 0.858 0.896 0.935 0.958 0.009
CaraNet 0.936 0.887 0.931 0.954 0.991 0.007
MSNet 0.921 0.879 0.914 0.941 0.972 0.008
FSFM 0.934 0.884 0.931 0.953 0.982 0.010
BLE-Net 0.905 0.878 0.922 0.950 0.981 0.008
SAM-CLNet 0.853 0.783 0.845 0.897 0.953 0.014
M’SNet 0.922 0. 880 0.917 0.942 0.970 0.009
Ours 0.944 0.900 0.938 0.948 0.987 0. 006
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Tab.2 Performance comparison of each model on the Kvasir dataset
Method mDice 4 mloU 4 FgA S, A Ep>A MAE v
U-Net 0.821 0.756 0.79%4 0.858 0.901 0. 055
U-Net++ 0.824 0.753 0. 808 0.862 0.907 0.048
SFA 0.725 0.619 0.670 0.782 0.828 0.075
PraNet 0.901 0.848 0. 885 0.915 0.943 0.030
CaraNet 0.918 0. 865 0.909 0.929 0.968 0.023
FSFM 0.913 0. 861 0. 906 0.922 0.952 0.027
BLE-Net 0.905 0.854 0.897 0.919 0.955 0.025
SAM-CLNet 0. 857 0.788 0.854 0.882 0.929 0.042
MSNet 0.907 0.862 0.893 0.922 0.944 0.028
M’SNet 0.912 0.861 0.901 0.922 0.953 0.025
Ours 0.920 0. 869 0.910 0.924 0.961 0.022

Note: 4 indicates that the higher the metric, the better the model performance, and v indicates that the lower the indi-

cator, the better the model performance. Bold data indicates the best performance.
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DB Bl AR WA I 4 o AR SR S H
fib 22 # B kU A7 %, AL 46 U-Net'™ |, U-
Net+ +", SFA" | PraNet'™ , CaraNet™ |, FS-
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M’SNet ™ 85 o W RIE 3L 50 1 28 P 1, AR S
SR SR FH B U1 2 4 R 4 5 Al R AR ), 3R
3~5 i A R B A R Y S A R .
F3I~F 59 JER T £ CVC-ColonDB, CVC-

300 Fl ETIS-LaribPolypDB = /> ¥t 4 | 4% 4432
Mz M REXT L 45 5 . 3R 3~ 545 - v LIAR
R SCBREAE = AN BE 4R 1 mDice R
T E S % MPSNet 43 5 SE B 1 0.024,0. 012 F
0.027 By 42 T 5 I, 78 mIoU 38 45 b, A SC 5
1.4 M*SNet 812543 51l 44 55 0. 029, 0. 010,0. 016,
DL bR 25 B R W] A SR A 3 BORG B b e
VL MPSNet 5 — & T+ i —20 b 5 fh 2
B3 A B, AR SCBR R TR AR R A RS B T IR
W TR ALRE . LN R
L5 R T KRB 43 1 5 : SAM-CLNet M 1L,
RICF DRI ZA e br L2 B B KRR, 6 T
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Tab.3 Comparison of segmentation results of different algorithms on the CVC-ColonDB dataset

Method mDice 4 mloU 4 FgA S, A Ep>A MAE v
U-Net 0.519 0.449 0.498 0.711 0.763 0.061
U-Net+ + 0.490 0.413 0.467 0.691 0.762 0. 064
SFA 0.467 0.351 0.379 0.634 0.648 0.094
PraNet 0.716 0. 645 0.699 0.820 0. 847 0.043
CaraNet 0.773 0.689 0.729 0.853 0.902 0.042
FSFM 0.781 0.709 0.775 0.852 0. 898 0.032
BLE-Net 0.731 0.658 0.710 0.832 0. 859 0. 044
SAM-CLNet 0.711 0.627 0.694 0815 0. 862 0. 040
MSNet 0.755 0.678 0.737 0. 836 0. 883 0.041
M”SNet 0.758 0. 685 0.737 0.842 0. 869 0.038
Ours 0.782 0.714 0.765 0. 855 0.893 0. 034
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Tab.4 Comparison of segmentation results of different algorithms on the CVC-300 dataset
Method mDice 4 mloU 4 FgA S, A Ep=A MAE v
U-Net 0.717 0.639 0.684 0.842 0.867 0.022
U-Net+ + 0.714 0.636 0. 687 0.838 0.884 0.018
SFA 0. 465 0.332 0. 341 0. 640 0. 604 0.065
PraNet 0.873 0. 804 0.843 0.924 0.938 0.010
CaraNet 0.903 0. 838 0. 887 0. 940 0.989 0.007
FSFM 0.910 0. 846 0.893 0.942 0.978 0.006
BLE-Net 0.879 0. 805 0. 850 0.928 0.973 0.009
SAM-CLNet 0.876 0. 800 0.851 0.922 0.975 0.008
MSNet 0. 869 0. 807 0. 849 0.925 0.943 0.010
M’SNet 0.903 0.842 0. 881 0.939 0. 965 0.009
Ours 0.915 0. 852 0.896 0.938 0.979 0.006
%5 ETIS-LaribPolypDB #{#E & F AR &L S B & R attt
Tab.5 Comparison of segmentation results of different algorithms on the ETIS-LaribPolypDB dataset
Method mDice 4 mloU 4 FgA S, A Ep>A MAE v
U-Net 0. 406 0. 343 0. 366 0.682 0. 645 0.036
U-Net+ + 0.413 0.342 0. 390 0.681 0.704 0.035
SFA 0.297 0.219 0.231 0. 557 0.515 0.109
PraNet 0.630 0.576 0. 600 0.791 0.792 0.031
CaraNet 0.747 0.672 0.709 0. 868 0. 894 0.017
FSFM 0.775 0.702 0.733 0. 850 0.883 0.013
BLE-Net 0.673 0. 594 0.622 0.810 0.837 0.032
SAM-CLNet 0. 665 0. 586 0.635 0.810 0.859 0.019
MSNet 0.719 0. 664 0.678 0. 840 0.830 0.020
M’SNet 0.749 0.678 0.712 0. 846 0.872 0.017
Ours 0.776 0.694 0.737 0. 850 0. 887 0.019

Note: 4 indicates that the higher the metric, the better the model performance, and v indicates that the lower the indi-

cator, the better the model performance. Bold data indicates the best performance.
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Fig.5 Partial segmentation results of each algorithm on five datasets
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Tab.6 Ablation experimental results on the CVC-Clin-

icDB dataset

mDice mloU MAE
Method Fg A S A EA
A A v
Methodl 0.922 0.880 0.917 0.942 0.970 0.009
Method2 0.934 0.887 0.926 0.944 0.979 0.006
Method3 0.935 0.892 0.929 0.946 0.979 0.006

Method4 0.944 0.900 0.938 0.948 0.987 0.006

®7 TEKvasir IEE LR HMIEER

Tab.7 Ablation experimental results on the Kvasir dataset

mDice mloU B MAE
Method A A FeA S, A EpeA .

Methodl 0.912 0.861 0.901 0.922 0.953 0.025

Method2 0.914 0.867 0.906 0.920 0.952 0.024
Method3 0.917 0.867 0.908 0.921 0.956 0.022

Method4 0.920 0.869 0.910 0.924 0.961 0.022

&8 FECVCI0HEELMHMIEER
Tab.8 Ablation experimental results on the CVC-300 da-

taset

mDice mloU MAE
Method N Fghr S, A Ept .

Methodl 0.903 0.842 0.881 0.939 0.965 0.009

Method2 0.903 0.844 0.882 0.943 0.960 0.006
Method3 0.908 0.848 0.890 0.937 0.968 0.007

Method4 0.915 0.852 0.896 0.938 0.979 0.006

9 ZFEETIS-LaribPolypDB ##E & FHIE RSNG4 R
Tab.9 Ablation experimental results on the ETIS-Larib-
PolypDB dataset

mDice mloU ' MAE
Method A \ FyA  S,A Ep=A ¢

Methodl 0.749 0.678 0.712 0.846 0.872 0.017
Method2 0.752 0.678 0.714 0.844 0.873 0.018
Method3 0.761 0.692 0.726 0.851 0.865 0.015

Method4 0.776 0.694 0.737 0.850 0.887 0.019
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Tab.10 Ablation experimental results on the CVC-

ColonDB dataset

mDice mloU
Method FgA S, A Epon
A A v
0.758 0.685 0.737 0.842 0.869 0.038
0.765 0.690 0.748 0.842 0.891 0.035
0.776 0.697 0.762 0.843 0.886 0.033

0.782 0.714 0.765 0.855 0.893 0.034

Method1
Method?2
Method3
Method4

Note: % indicates that the higher the metric, the better

the model performance, and v indicates that the lower
the indicator, the better the model performance. Bold

data indicates the best performance.
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Fig. 6 Visual results of ablation experiments
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