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Polyp Segmentation Network Based on Multiple Attention and schatten-p Norm
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(1. College of Computer and Information Engineering, Henan Normal University, Xinxiang 453007, China;2. Henan Key Laboratory
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Abstract: Automatic and accurate polyp localization and segmentation methods can detect polyps in a
timely manner in the early stage of colorectal cancer lesions, greatly reducing the risk of cancer
transformation. The encoder-decoder architecture, as the most mainstream network structure in polyp
segmentation in recent years, has been greatly improved, such as improving the model’s ability to capture
global contextual and local features, and using deep features to guide shallow decoding. However, polyps
vary in shape and size, and due to their convolutional nature, they are prone to getting too caught up in
local information mining and losing remote information dependencies during encoding. Some polyp images
also have low contrast and complex spatial characteristics, which makes it easy to confuse the polyp with
the background. Based on this, this paper proposes a polyp segmentation network based on multiple
attention and schatten-p norm (MASNet). Among them, the axial multiple attention module utilizes axial

attention to supplement remote contextual relationships in the image, while also paying attention to
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boundary and background information to achieve feature complementarity. It enhances the capture of local
detail features while paying attention to global features. By utilizing the correlation between matrix singular
values and matrix implicit information, the schatten-p norm is introduced as a constraint to analyze the data
from a matrix perspective and assist the model in distinguishing foreground and background. By setting up a
large number of experiments, the effectiveness of the proposed method is proven, and MASNet achieves
the best segmentation results by comparing different advanced methods on the Kvasir-SEG dataset.

Key words: polyp segmentation; convolution; attention; schatten-p norm
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Table 1 Comparison results of various network on Kvasir-SEG %

) 24 4554 Rec Spec Prec Dice TIoUp ToUb mloU Acc
UNet 77.75 98.24 86.08 78.25 69.05 93.42 81.23 94.51
ResUnet 73.24 95.91 73.26 68.24 55.61 90.18 72.90 91.50
PraNet 89.15 98.30 93.24 88.77 83.26 96.28 89.77 97.10
CaraNet 84.48 97.40 83.87 81.83 73.22 93.94 83.58 95.04
ACSNet 92.02 97.53 91.40 90.07 84.68 95.76 90.22 96.83
DCRNet 90.12 98.72 94.16 90.41 85.05 96.37 90.71 97.12
TransFuse 89.25 99.23 94.09 90.58 85.01 96.67 90.85 97.34
PolypPVT 92.29 98.16 92.91 90.89 86.17 96.26 91.22 96.97

MASNet 91.99 98.91 93.61 92.00 86.89 96.87 91.88 97.63
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Fig.7 Visualization segmentation effect of each network

2.5 HEhICIS
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#2 Kvasir-SEG EREMER

Table 2 Results of ablation on Kvasir-SEG %

) 2% R TR Rec Spec Prec Dice IoUp IoUb  mloU Acc
Baseline 89.91  98.55 91.42 89.15 83.36  96.12  89.74  96.83

Baseline + AMA 90.81  98.82 96.20 90.80 85.32  96.61  90.97  97.29
Baseline + Loss,, 91.49  98.52 92.96 90.91 8543 96.40 90.91  97.25
Baseline + AMA + Loss,, 91.71  99.04 93.04 91.52 86.62 96.99 91.81 97.62

Baseline + AMA + Loss,, +LIB 91.99 9891 93.61 92.00 86.89 96.87 91.88  97.63
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Fig.8 Visualization of ablation results for Loss,, Fig.9  Visualization of ablation results for AMA
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H T S E AR (1 2 AL ME B L B Ik i LA LA ®R3 ZUXBMEERR
S % W 4 1E Kvasir-SEG B4 4 1 Il 45 2 5] Table 3 Information of generalized experimental

(9 AL T i 7E T CVC-300 | CVC-ClinicDB™* | datasets
CVC-ColonDB™ Fil ETIS-LaribPolypDB™* g 4~ Wl 4 Wi g RRA
SOl 9.8 4 AR S LTI, MR SO B B e
Igl{%ﬁﬂ‘jtlj\ IR 3 s o CVC-ClinicDB 62 384X 288
5 B0 G (1) ROk 1A IR 0 265 o B 2 7 CVC-ColonDB 380 574 X500
G A A5 2R 5 B B EUR AN R 35 5 25 B A ETIS-LaribPolypDB 196 1 225% 996
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Fig.10 Comparison of polyp images from different datasets
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T AH 1 A 5 CVC-ClinieDB H 9 8 R #8315 s 2 2% B AR ZHE ; CVC-ColonDB A7 19 2. A IR ok
Wt 2 S, I Bk —# 4 /N ALE A ;1 ETIS-LaribPolypDB = [ B A AN AN A8 B Al 5%
BRI LK 43 0 A AR /N A LA T A S A A B 4 v 5 N R B R 2 S K IR L B

i F Dice .ToUp  Acc =/ PFH 4 br XA R B8 SE A7 AN, MR 45 2R a2k 4 o, L A i A v o
PifH . " LLAE H, MASNet 55 H AL BRI AT L, 78 4 A F0ds 4 1 a0 il 45 SR L AR 1 #0 Fa J ilr — , 150 B
MASNet A A5 IZ AL TERE o 9 48 1 f PRt B e TN 2R 8 0 o i, Il SR AR e 1 I 288 2 20 R IR Ok
V5, 245 5 2 B IR 2 RE PR 9 Kvasir-SEG I 25 45 Y1 25 HY 4 0 28, 76 45 AF A 8 A9 I3 42 CVC-300
I CVC-ClinicDB | R BUES A4S . 1M 76 /N B A i K38 43 ) CVC-ColonDB #l ETIS-LaribPolypDB {lil
A b, BT U Kvasir-SEG W4 R 2800 K b VA, 3 FlviRe AE &y BR 1 S SO 25 s 08 T A 199 26 92 1k
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Table 4 Results of generalization experiment %
N P Polyp-
B s 4L ~ UNet ResUnet PraNet CaraNet ACSNet DCRNet TransFuse MASNet
L] PVT
Dice 56.72  20.55 83.80  81.06 85.26 71.87 82.19 82.25 85.32
CV(C-300 IoUp 48.63 13.01 76.53  71.99 78.45 64.82 72.62 74.93 77.88

Acc 98.13  96.40 99.14  98.51 99.18 98.11 98.68 96.88 99.14

Dice 56.24  46.79 7241  68.43 74.48 71.74 79.70 73.88 79.32

CVC-ClinicDB IoUp 46.42  36.22 65.82  59.34 67.04 63.64 71.17 66.70 72.44
Acc 94.66  93.66 97.16  96.47 96.07 96.11 96.92 92.51 97.39

Dice 41.97 32.34 60.25  58.70 63.85 59.17 73.69 69.30 70.48

CVC-ColonDB TIoUp 34.96 22.67 54.31  51.02 57.17 52.32 64.46 62.39 63.35
Acc 94.21 92.98 95.91  95.76 95.73 94.71 96.38 87.67 96.42

Dice 32.14 24.69 46.45  41.10 37.18 58.17 64.97 61.46 62.45

ETIS-LaribPolypDB IoUp 26.55 18.14  42.85  34.05 52.67 51.34 56.39 55.45 55.15
Acc 96.60  95.27 98.30  97.17 94.53 96.37 96.53 85.37 95.58

2.7 RESHLRKR

FOWR T AR S HE MIE s Kb bR s 5 ER R /NA G, W TransFuse
Polyp-PVT K fii F T transformer 45 #4) , X i A R /N A 25K 04 ) 4 BRSESCIE o BR AN, 33 3204
H X320 K K/

x5 ZERVSHPEMITE=3TLE
Table 5 Params and GFLOPs of each model

SR UNet ResUnet PraNet CaraNet ACSNet DCRNet TransFuse Polyp-PVT MASNet
Params/10°  31.04 13.04 30.5 44.59 29.45 28.73 26.17 25.11 30.77
FLOPs/10° 85.53 126.54 10.87 17.97 17.98 14.27 8.65 10.02 20.65

3 HRIE

AR SCAE B9 T 2 H RS TR schatten—p Y AR LA 23 ) 9 28 MASNet, R 1% ¢ 1 9 fif 5 1
R LR ] 22 B AMA Y RS2 Y 04 () B0 5i 1 08 Jg A 400 £ SR AL L B B T AR Y R
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