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Research on Colon Polyp Image Segmentation Algorithm Based on Cascaded Attention
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a. School of Electrical and Information Engineering; b. School of Computer Science and Engineering, Anhui University of

Science and Technology, Huainan 232000, Anhui, China

Abstract: Objective Aiming at the problems of scattered attention in existing Transformer models for polyp image
segmentation and the low segmentation accuracy caused by information loss during the fusion of multi-level features
extracted by the encoder, a new segmentation model named PVT-CAMNet is proposed. Methods In this model, the
Pyramid Vision Transformer (PVT) was used as the encoder. Then, a Multi-scale Feature Attention Extraction (MFAE)
module and an Inter-layer Attention Aggregation (IA) module were designed. Among them, the PVT ensured the
generalization ability of the model through its self-attention mechanism. The MFAE used filters of different sizes to extract
features at multiple scales to alleviate the problem of scattered attention. The IA interactively fused features at different
levels to effectively solve the problem of information loss caused by the fusion of multi-level features. Finally, a Global
Context (GC) module was introduced to enable the model to better understand the pixel dependency relationship between

feature maps. Results Evaluations were carried out on the Kvasir, CVC-ClinicDB, CVC-ColonDB, and ETIS datasets.
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Comparing the performance of the proposed PVT-CAMNet model with that of the optimal baseline model, the mDice values
of PVT-CAMNet increased by 1. 76%, 1.51%, 3. 15%, and 1. 73% respectively, and the mloU values of PVT-CAMNet
increased by 0. 81%, 1.74%, 2.65%, and 3. 84% respectively, on these four datasets. Conclusion PVT-CAMNet is

superior to other advanced methods in both learning performance and generalization capability, demonstrating significant

application value in polyp image segmentation.

Keywords: polyp image segmentation; multi-scale attention extraction; inter-layer attention aggregation; global context
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Fig.1 Structure diagram of PVT-CAMNet model
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Table 1 Detailed information of each dataset

KL BhH= B R R+
CVC-ClinicDB 612 384x288
Kvasir 1 000 N
CVC-ColonDB 380 574x966

ETIS 196 1 225%966
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G314 Dice 22 %8 ( mean Dice coefficient, mDice) |
422 L (mean Intersection over Union, mloU) FI-F-
4 Xt 1% 2% ( Mean Absolute Error, MAE) ., mDice £l
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Table 2 Experiment results of learning ability

Kvasir ¥4 CVC—ClinicDB #¢ 3% 4
mDice T mloU T MAE | mDice T mloUT MAE |
U-Net 0.821 0.756 0.055 0.824 0.767 0.019

U-Net++ 0.824 0.753 0.048 0.797 0.741  0.022

%A

PralNet 0.901 0.862 0.030 0.902 0.88  0.009
TransUNet  0.869 0.816 0.040 0.847 0.798  0.017
SSFormer ~ 0.907 0.858 0.028 0.921 0.873  0.009
Polyp—PVT  0.911 0.860 0.028 0.927 0.878  0.009
PVT-CAMNet 0.927 0.867 0.027 0.941 0.888  0.008
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Fig. 6 Comparison of PVT-CAMNet and control model in learning ability experiments

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



1 BAER EETRIERNE

&1 B B B H TR 7

2.2.2 {ZALREDVEAN

97 VAL PVT - CAMNet #58 (19 72 1k BE 77, 78
Kvasir Fll CVC-ClinicDB £t#i4E rh BEHLHHL 1 450 5K &
Fr A4 SR IS AE CVC—-ColonDB F1 ETIS $#4E i
AR, BRI T A o] DAPPAk 55 0 78 A P 4 1 9z
fefie 1, VARG ZE N3 3 Fos , I EE AR SR f (e

R3 ZUBRNZHEER
Table 3 Experimental results of generalization ability
CVC—ColonDB #(#% % ETIS #4454

BA
mDice T mloUT MAE | mDice T mloU?T MAE |
U—-Net 0.519 0.449 0.061 0.406 0.343 0.036
U-Net++ 0.490 0.413 0.064 0.413 0.342 0.035
PraNet 0.716 0.645 0.043 0.630 0.576  0.031
TransUNet  0.717 0.645 0.044 0.573 0.512 0.033
SSFormer  0.784 0.702 0.038 0.742 0.667 0.021
Polyp—PVT 0.794 0.716 0.031 0.752 0.677  0.020
PVT-CAMNet 0.819 0.735 0.027 0.765 0.703  0.020
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Fig.7 Comparison of PYT-CAMNet and control model in generalization ability experiment

2.2.3 FRUPERERT L

NPEAE AR SCJ7 ¥ PVT - CAMNet (43 50 Mt 5
i, 7E CVC~ClinicDB ¥#fa 48 b iftA7 7k, Ml 45
R 4 prow, Ho i 518 B 5 (Giga Floating — point
Operations Per second, GFLOPs) i & H >k & 75 Y i
A, WP 4 BAERTHL, AR SO B S8 Params il
TF AU F R GFLOPs HRAXT 8D U A SO i g T
H5E AN AR, AH LG T 358 TS B 28 I 48 454 1Y
U-Net++, BASHEM KL, B REFSEHGE
GFLOPs B i F& 1%, #H % F J F Transformer 45 #4 1)
Polyp—PVT M4 , A SCH Bk S 80 A Birsin, {077 55
B GFLOPs F41IK 24. 95% . 5 A%t He o #r, A SO
12: PVT—-CAMNet 75 BURE B 2 84 1 [ i), S8 T i

it E i,
x4 ESERGEIEREXT
Table 4 Performance comparison of each

model during training

R Params/107 | GFLOPs/10" |
U-Net 7.85 10.79
U-Net++ 9.16 26.72
PraNet 30. 50 13.11
TransUNet 105.5 60.75
SSFormer 29.31 20.18
Polyp—PVT 25.08 10. 58
PVT-CAMNet 28.21 7.94
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%43 %

2.2.4  ARISBEO IS5 A0
T BEAE 525 % PVT-CAMNet 5558 B % 5 Y
— BB G SO RME , #E CVC—ClinicDB A1 Kvasir £
£ BT THRE, 45 R an &l 8 . 5 fEL 6 i, Hih
RG22 R d IR decay
Loss Over Epochs
2257
2.00 r
1.75 +
1.50

Epoch
B8 PVT-CAMNet illl 55155 i £&
Fig.8 PVT-CAMNet training loss curve

&5 7 CVC-ClinicDB #E& FIRIEARRASH
Xf 5> BB B4 R
Table 5 Verification of the impact of different parameters

on segmentation accuracy results on CVC-ClinicDB dataset

CVC-ClinicDB % # 4

A &
mDice T mloU 1 MAE |
1,=0.01 0.935 0. 872 0. 009
1,=0.03 0.933 0. 870 0.010
d=0.000 4 0. 930 0. 878 0. 009
d=0.000 6 0. 920 0.871 0.010
PVT-CAMNet  0.941 0. 888 0. 008

% 6 7£ Kvasir #iE&E FIIERRSHX S EIEEERAZM
Table 6 Verification of the impact of different parameters

on segmentation accuracy results on Kvasir dataset

Kvasir 22 3& &

LN 3
mDice mloU 1 MAE |
1.=0.01 0.916 0. 863 0.028
1.=0.03 0. 906 0. 854 0. 031
d=0.000 4 0.912 0. 859 0.028
d=0.000 6 0.924 0. 866 0. 027
PVT-CAMNet 0.927 0. 867 0. 027

K 8 e T ZEVII 5 PVT-CAMNet K45 2 F [
e HE 8 FTAL, MYINZR A epoch A 100 B, #5125 2
TS, B0 epoch BEE S 100, # 5 F1FR 6 MR
TAEVIZRET, W1 hRa 2 3 1 FIEEWR d AN R UE X A5
TS BN B2 A 52, FR P R A0 TN X T AR 2 2
R 1 JGIEHL0. 01 3% 0. 03, 14T PVT-CAMNet 52
MIRILR~4 2% 1 A 0. 02, 43 FIPRE BEARAT T T B, 0%
decay [FIFEUNIL, ZEAKE 8.3 5 FIZk 6 AU KA 1
BIYN SR epoch WTERE 21K | FIREJCR d 43 05 B
4 100,0. 02,0. 000 5, #7573 FAE BE F A
2.2.5 {Hmbeess

J T BAEFE PVT-CAMNet A58 Fir 5% 3455 e ) 4 5%
PE AT PN T BT T R SE g, SEER—7E CVC
~ClinicDB $HE4E b 1E4 7% 20 R 1l T w5 06, 2%
W% 7 Fi7RN 5286 —AE CVC—ClinicDB I Kasir-SEG %(¥&
B FYINZR, 7E ETIS BB b1z Ak ag 1 I i) o i 5
B S5 RN 8 FraR, bW/ AR B X A B
LERE PVT SRt #sit, LA ResNet50 1055,

%7 7€ CVC-ClinicDB ##E&E FH)HRIEIN AR
Table 7 Ablation experiment results on CVC—ClinicDB dataset

w A mdice 1 mloU 1 MAE |
W/PVT 0.915 0. 869 0.011
W/MFAE 0.933 0. 880 0. 009
W/IA 0.921 0.873 0.010
W/GC 0.937 0. 882 0. 009
PVT-CAMNet  0.941 0. 888 0. 008

&8 TEETIS HiEE LHHRMSIBSER
Table 8 Ablation experiment results on ETIS dataset

A mdice T mloU 1 MAE |
W/PVT 0. 630 0. 565 0. 042
W/MFAE 0. 750 0. 699 0. 029
W/IA 0. 744 0. 685 0. 031
W/GC 0.758 0. 692 0. 028
PVT-CAMNet  0.765 0.703 0. 020

Wt i 7 MFE 8 WITH Bl SCIR 25 FnT LIS .
(1) PVT g3 fdi BB AE CVC—ClinicDB F1 ETIS
Ha4E I mDice 1 mloU 43 HI#EFH T 3. 50% 2. 19% Fl
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21.4% 24. 4% ,1fii MAE WIFEAR T 27.3% M1 52. 4%,
(2) MFAE i #57 7E CVC - ClinicDB Fl ETIS
HAEE I mDice il mloU 43 HI32£ T+ T 0. 86% 0. 91% Fl
2.00% .0.57% ,1fii MAE NIFEAK T 11. 1% 31. 03%
(3) IA BiHE IR /E CVC—ClinicDB F1 ETIS %4
£ I mDice #1 mloU 73 I & J+ T 2.17% ., 1.72% #0
2. 82% 2. 63%,1fii MAE JUl 53 5B T 20. 0% F1 28. 57% .,

PVT-CAMNet

Image GT

CVC-ClinicDB

ETIS

W/PVT W/MFAE W/IA

(4) GC B RIZE CVC~ClinicDB Fl ETIS 3
£ I mDice 1 mloU 43 %l $& F+ 1 0.43% . 0. 68% I
0.92% 1. 59% ,1fii MAE W5 JF&AI T 11. 1% H1 28. 57% .,
P9 J 7R T I fl S 06 1) SE PR SR I BT DU Y
BRAT A — LG | AT 1 S B o B ROR AR B
R E VRS A RO 4 D ERHRE A AR,
AR TR ) Nz Ak RE

B9 ERpttIe LRy EIRRE

F1g 9 Actual segmentation results of ablation experiment

BABHA PR EAN TR . PVT Mt H [ i SR
SR GO B B AROH, RE S S I B 2 1 2 )Ry TR SUfF
B AR T BB 2 W 4% ff&ﬁtlﬁiﬁwm%é@%ﬂt“b
713 MFAE S8 416 4 RO R /IS0 8 5 s 2 ] 3
TR A T T 56 4 0 1 BB R A 2 — %%ﬂéﬁ,?fzﬁ@?
Y F 3 T 9 40 B ) L TA R el A 408 4 53 5 A
W5 R A, A F T4 2 P Y R R A ,ﬁ'ﬁm&jt
LR T ARRAERLA B P AR A B R IR GC A
AL AR I AT A7 2 R 1 O Bk
AR AE RS , M (A7 T dy b B 4 ey 1R S,

3 8 w

ARSCHE LA PVT 15 A 2 5 45 (14 90 056 1 3 7 8 Al
PVT-CAMNet J T 45115 2 A BIZR o3 81, BALE S L)
PVT St %t 45 1 S5, 1R AR 24T RE 48047 B R IR SR B
FEE R MFAE B8 i H & 2 RE S 25 8] i
IRA Ry, AR I A DGR U5 B B &

IR R T TA BB, AR A L, SR A
KIEJJ%%F%?E,E%ﬁ’i%ﬁ%ﬁ%ﬂ%aﬁ#i%ﬁ%%

AR [T A B T A B R TR S RSO L AR
FééL GC MR AG 5 22 A FRAF S0 1 55 B B AME
A G B AMRRAE ; B Je G B2 R FR R o
FEATFRY 4 A BSR4 IS T AT A 6 i
HRFME LR ER R LR, LA KA, @t
Yplk Z2 PP vE R AL, PVT—CAMNet A5 %50 2% fi# 1 [N
Transformer 1£$&BURFIE B A7 7 13 35 1 70 B LA S AERRAIE
A EHE B SR E, F L AR ET NS
ZACRE T RIS R 2R 53]

T4 5 BIRFZE TAE T D23l | AT 245 3 A A
Yotk — 5 82 T 43 FOKS B HOWkoAT D 2548 PVT -
CAMNet Jij FH 21| HAth 1= 2% P45 43 I 450, G JF A Aok 983 3
E, B RIR AR B B, P T 24D Re R
PVT—-CAMNet [t 2 it th bl 22 38 0, PRI I At xof A 280
AL TG R AR TAE T 22—
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