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Colorectal polyp segmentation method combining
polarized self-attention and Transformer

Xie Bing', Liu Yanggian'", Li Yuling®

!School of Information Engineering, Jiangxi University of Science and Technology, Ganzhou, Jiangxi 341000, China;
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Abstract: A new colorectal polyp image segmentation method combining polarizing self-attention and Transformer
is proposed to solve the problems of traditional colorectal polyp image segmentation such as insufficient target
segmentation, insufficient contrast and blurred edge details. Firstly, an improved phase sensing hybrid module is
designed to dynamically capture multi-scale context information of colorectal polyp images in Transformer to make
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target segmentation more accurate. Secondly, the polarization self-attention mechanism is introduced into the new

method to realize the self-attention enhancement of the image, so that the obtained image features can be directly

used in the polyp segmentation task to improve the contrast between the lesion area and the normal tissue area. In

addition, the cue-cross fusion module is used to enhance the ability to capture the geometric structure of the image

in dynamic segmentation, so as to improve the edge details of the resulting image. The experimental results show

that the proposed method can not only effectively improve the precision and contrast of colorectal polyp

segmentation, but also overcome the problem of blurred detail in the segmentation image. The test results on the
data sets CVC-ClinicDB, Kvasir, CVC-ColonDB and ETIS-LaribPolypDB show that the proposed method can
achieve better segmentation results, and the Dice similarity index is 0.946, 0.927, 0.805 and 0.781, respectively.

Keywords: colorectal polyp; Transformer; phase sensing module; polarized self-attention module
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%1 AI%X PAHM 4 CVC-ClinicDB #= CVC-ColonDB _E#5f kb
Table 1 Comparison with/without PAHM on CVC-ClinicDB and CVC-ColonDB
Dataset Method Dice MloU SE
N1 0.942 0.898 0.950
CVC-ClinicDB
N4 0.946 0.901 0.951
N1 0.800 0.727 0.819
CVC-ColonDB

N4 0.805 0.729 0.822
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Fig. 4 Polarized self-attention module
% 2 A#I&L PSA f£ CVC-ClinicDB #= CVC-ColonDB L #2t b
Table 2 Comparison with/without PSA on CVC-ClinicDB and CVC-ColonDB
Dataset Method Dice MloU SE
. N2 0.937 0.881 0.946
CVC-ClinicDB
N4 0.946 0.901 0.951
CVC-ColonDB N2 0.788 0.711 0.813
N4 0.805 0.729 0.822

240179-6


https://doi.org/10.12086/oee.2024.240179

ik, 2. O TR, 2024, 51(10): 240179

https://doi.org/10.12086/0ee.2024.240179

JRPES

I FIAPSA || KhINAPSA

B 5 HILPSAHFR,E4%ER
Fig. 5 Segmentation results with or without PSA

A3 B 48 5L B 2% T REOR Y [R) A, A Tk A 2 i
AR R B AMEEA BT, SCh g AR X El
AL (CCF) LA b fiff o o3 #2550 SR An 1 B

[F ., CCF HYRMAZEM I 6 Fis .

Monocular feature Multi-frame feature

,,,,,,,,,, > }
HxWxM HxWxM
Convs Convs
Vmono Kmono Qmono Qmulli Kmum Vmuln
c
Re]
< L%)J
2 %
‘(-6
% 1 Convs &
& Ruoo . Relative  Ruug Concat
8 hwxhw intra-relation pyxpw
(&)
. ®ﬁ
C multi mono
&®
, T T it Sintiadie Siadintiedieitebinb ittt B .\»
I I
i i
< | |
F i v T + i
| ]
\\ Flused IN:CE‘ /'

A6 %E&RLakopik

Fig. 6 Cross-cue fusion module

G, G A B B URR AIE Coono F1 22 WURRIE
Conatici » 18 32 T SR A A5 3 T R 04 8 BE 45 A Fraono «
Frouiti > B GRS Frnono 1 F i 41 A 2R B2 STE TSR
(cross-cue fusion module, CCA) ¥ — & H AH 4 55 .
CCA il o 4 JRUH B 58 SRR A PN A G 22 ok 1
SR MRIEAR LT B, JF LR A HIA Sk
SRS PR £ o P

{Fmono = CCAmono(qulliaFmono)

" . (8)
qulli - CCAmulti(Fmono’ qulti)

Hwk, BRI NRIEE B GEEEDEA
AERHEE, o AT IRBEHIRIRELRWHEER,
i 3 Convs&Concat b B AW H/Z MR IEL R, I
NIL3 P e S ' & % S A M = W

Fcal = Cat(COI’lV(Cmum)), Conv(cmono) s (9)

F = nyused T +Fcat ) (10)

K yRIAE T, 17 FRoR FRFERRAE

33 P SO IN A CCF BT 5 7E CVC-
ClinicDB Fll CVC-ColonDB %454 F 4 1, H
H N3 SO RIS CCF RS 21 () ik 2
N4 Ay SCHRERL A CCF #5852 AR5 1. 14 7

240179-7


https://doi.org/10.12086/oee.2024.240179

ik, 2. O TR, 2024, 51(10): 240179

https://doi.org/10.12086/0ee.2024.240179

% 3 A& CCF & CVC-ClinicDB #= CVC-ColonDB _E#93t bt
Table 3 Comparison with/without CCF on CVC-ClinicDB and CVC-ColonDB

Dataset Method Dice MioU SE
N3 0.942 0.894 0.949
CVC-ClinicDB
N4 0.946 0.901 0.951
N3 0.751 0.684 0.777
CVC-ColonDB
N4 0.805 0.729 0.822

Masks

. With CCF

[][JD

III a4

RIS
RN

n Without CCF

B/ 7 HILCCFEFeyns4R
Fig. 7 Segmentation results obtained with or without CCF

it R SC TR I CCF B Ee i J5 I 45 I B A
SrElgE R G, Hh, B 7)) N4 E IR A REG
F 7(b) AU E FhrFE S hr S -G 5 7(c) I

FRARE AL A CCF M5 2 ) 4 25 8 5 5] 7(d) A
FPLEI SR AN CCF RHf5 31 43 345
e 3 FA 7 R a5 Rl LA W . N4 Tk TE

CVC-ClinicDB F1 CVC-ColonDB % #i& % I 1) Dice 1§
HOR MioU 85046 KRR 151 7(d) MsrEI45 R
G HRCAORT, 2 F R i T R R R B
MM F AR Al A I e300, MR, 1 7(0)
()5 EN S SR INE b, XBWI5I AT CCF %
YeJE serbor ik bﬁlgﬁﬁﬂmﬁﬁﬁﬁ% B A Y i %
47 .

3 EWERSHI

31 KW ESHE
SCH R T IR Pytorch HEZR RS20, FTfy

SCEGITE Windows 11 #4/E RGEHEAT, LI PFHY
CPU 42 Inter Core i5-13600, N 1% KX /NN 16 GB,
GPU 4 NVIDIA GeForce RTX 4070Ti, .7 K/NH
12 GB, HRRUR ML N2 TA I 38 SR 5 I Ee g 2k pR B,

Wit 2] %0k le-5, 2F 2] SRR 0.1, HEHUE
W E R 50, [RIEHEERLR ) H R AT 2
S AR/NEER 0.9, MRS E N 6, HA
4 52 51 25 100 4> epoch, I H M FH {0.75, 1,
1.25} 2 RBEVI R B
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3.2 MKEH

RZ 2B AR TE PR I3 ) U 2R AR~k
58 SUIRAB K PRBSOR B 8 3 IR Y B v e, (S,
SRR RS, TSI B AR X
BN, A KB USSR M REA S, &
FONGBORA . MIINAL ToU 55 sRECHE 8 155 T
HFAE 5 FLSE SR B AR S e i AR 0] EL A
AR RESE , TSR 1 /0N F AR X0 R i 1R 22
P, SCRESEPIE LR, I — 2 i 52 LI e
TORTINAL ToU 451K pREIZH BB A5 5% PRSI T PP AR SC
W% BRIk

D> a+ag)

i=1 j=1 i=1

M=

90(8ij = l)IOgP(Pi,- =l|a)

Lycg = - H W
2.0 B
i=1 j=1
(11)
H
ZZ(guXPi./)(l +ABy))
=1 j=1
Lgy=1-——r" . (12)
Z (&ij+ Pij— 8 X pi)) X (1 +ABy))
=1 j=1
L=Lgcg+ Ly, (13)

Arb CHESEG B WA, JEREI©O,1), Z(H
R A 2R A A [ X IR R A 22 R 1e (0, DT
DX A DR AR AL XI5 () I BRIC R R 280 Y
TRRRE; P(pyj = La) PN ES R A BERAE

3.3 HIEE

h T PR AR SO g AL P RE . SR CVC-
ClinicDB"",  Kvasir'”, CVC-ColonDB"” #1 ETIS-
LaribPolypDB"™” (f##% ETIS) PUANA R4 (ln 4
JI7R) X% L8 AT, H A S T T A A5 o
Hrpr CVC-ClinicDB #5475 2015 4 & 7 KR 1153
LSRN B T E PR 2 kA, Kvasir 54
2 Rk B B0 il = 2 B PN R A AR B IR AR I
ETIS B4 /2 5k A T 2017 4F MIC-CAI 45 H i B A
PEi%FE, CVC-ColonDB %l 4 J&: 1 3¢ EI M B2 T &
Aii, RS2 N B Ao e BE A LA A AT o A o
SEHG - M Kvasir il CVC-ClinicDB 3% 19/ %5 5 4 it
PLEkiE, Forh 90% ryE R M SN ZREE, FH 10% 1Y
K 5 CVC-ColonDB Fl ETIS %4 4 — & A4 5l il ik
£, FHPATPAR 1Z M 25 SR A T | 2% 2] Fiz kg

T DA SR AR B I F o R RS TR, A
TSI AU SRR A T T BRI (E, SR 4e
— NI BER LN 352x352,

k4 FBRAHKE

Table 4 Experimental parameter settings

Dataset Traindata  Testdata  Picture size/pixel
CVC-ClinicDB 550 62 352%352
Kvasir 900 100 352x352
ETIS-LaribPolypDB 0 196 352x352
CVC-ColonDB 0 380 352x352

3.4 1FMiEtR

SCHAEMS B PR AR . )3 Aiidk
M ARE , R Dice ML R %, FH3EH:
It (mean intersection over union, MIloU) . #F i &
(precision, PC) . A% (recall ratio, RC) . F2 154
-2 46 % 5% 2% (mean absolute error, MAE) 2%} 2%
19 D AR o BIPERE NS A TV, . AR AT A 2

G5

 2IMNN]
Dice = , 14
|M|+|N]| (19
MNN
MIoU = —! I (15)
|M|+|N|—|MNN|
TP
PC = , (16)
TP+ FP
TP
RC= —— (17)
TP+FN
5XRCxPC
F2_4><PC+RC’ (18)
1
MAE = 2Z|N—M|, (19)

Horr: M R py g RS, N OAURCE FARTE R 4
PR EMG, TP Ry T 2s S IE i 4 25 11 iR = 5L
i, FPATUMES R b iR i i s SR R gk,
FN g 00 485 e v g S5 RN i 20 2 M AT R AR R A
i, Z NEBTh R R SAEL

= (14) - (19) ATH1, Dice 3 bril n 26 B 2 #1145
SRR TIN 25 SR — Sk, B B AT
MIoU 7R Tl I P45 4 0 48 1Y) 32 2 LU A1) 7 245K AT
MIoU F8 it i e B 73 B 45 Rl & 445 % . PC AG
WRE, Fon e Ry IE R A T A 2/ R 11
RC R M, FR7EHTA PR N 2R REA g 33
WA E 2R B, F2 454302 A4 Il SRRDRS B B2 1 25
PRI, F2 A8ART5 oA, 1 T AE SRS 6 iR 5 28 X
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3.5 MZ&MEaEXS L 058

J T #E— AR firfE TPSA-Net 43 #1145 H i B A
EURRIMERE, SCPOR o S 169 5T CNN (2t
[ 2 K] 15 43 2] 2% U-Net™ . PraNet™ ., EU-Net™.
DCRNet™ HIFAEA KT Transformer fif) BE 27 [R5 53]
% SSFormer-S™”'. MSRAFormer Z53H17 T b4 .

F 5 4T TPSA-Net 5 H g /N Fl o 4122 1
CVC-ClinicDB I Kvasir-SEG P88 Al 45 5 .
4 5 A IEH, U-Net, EU-Net, PraNet Al DCRNet
AIRCRAR A BIAR X E TR TIX 4 P45 2
FE CNN JLREHESE FAGEERY, T2 T R R
PREL, XS4 R REAE PR AE ) A Ry s . ORI
F Transformer HE 2% 1Y) MSRAFormer. SSFormer-S HY
5 TH: CNN FERIAEZR 7 i AP p st (R
FHA T % e AR R 218 U5 B2 B &,
W H A BRI A fedt m . MW, SCOh ik
TPSA-Net 7& Dice F1 MIoU Pi-/NEM 5457 i ¥ U5
TR, Hr, 3T CVC-ClinicDB #1#fi % (9 Dice
F1 MIoU 435 }3 0.946 #1 0.901, 5 SSFormer-S #H .
3 AT 2.7% 1 2.9%; FET Kvasir-SEG £ 5 45 1
Dice 1 MIoU 43 %] &7 0.927 1 0.880, AH%E T 48 A%
GrlEeE RSy M 4% U-Net 43 54T 12.4% F114.5% .
X EFE TS0 T TPSA-Net BEASFI F AR B0

RGBSR IR E A 25 2 I BAG B, RIS
IR A EIRICR

T4, 8 4T 4% 5 FRSEIR I nT A2 SR
MBI EG (image) . £45%F (masks) . U-
Net, PraNet., EU-Net, DCRNet, SSFormer-S.
MSRAFormer 1 TPSA-Net f43#| 455 . fi & 8 I LA
FH, T CNNHEZEH U-Net, EU-Net Al DCR-Net
TR o RIRORAE , 15 3ATAEE 6 AT T
KERITH5 ; MSRAFormer #1 SSFormer-S i 9% B 5
T CNN SERIHESR J7 VAT AF 1 o BRI, (HO2H
ZF, XA R4 TPSA-Net JLit B 7EN G AT )7
TR0 2 A Aff B ) T ) A o i — 2

N T HE— A T TPSA-Net IYPERE, SCh7E
CVC-ColonDB # ETIS-LaribPolypDB # /> Ji§ J22 M
BZHARE LW T TN, Z55n4 6 ME 9 iR,
M 6 IR Rl LA, SCh rd TPSA-Net JIT
PN FE PR BURR L. Hrp, F£T CVC-ColonDB %X
P £ Dice. MIoU Al F2 #4343 %1k 0.805. 0.729
F10.806, 5 MSRAFormer % 4% 4 Fb 43 %1 $2 T+ 4% .
3.4% Fl 3.4%; F&F ETIS-LaribPolypDB %% #& 4 A9
Dice. MIoU Fl F2 1843°4 0.781. 0.706 Fi1 0.807, #H
TS M 44 SSFormer-S 2R IR TE 1.1% . 1.1%
F16.4%, %X FEEEH T TPSA-Net FI AL AF 5N
BT MR T 45 B B R SR T R R Rk UE B
B A SCEC P , AN S5 AR T T 43 1 45 SR X6 HL B

% 5 ARFAiE4£ CVC-ClinicDB #= Kvasir £ #53t 1t

Table 5 Comparison of different algorithms on CVC-ClinicDB and Kvasir

Dataset Method Dice MioU SE PC F2 MAE
U-Net 0.822 0.756 0.836 0.835 0.828 0.020

PraNet 0.902 0.850 0.911 0.905 0.901 0.009

EU-Net 0.905 0.849 0.956 0.881 0.927 0.011

Cfr:llch-B DCRNet 0.899 0.847 0.912 0.893 0.907 0.010
SSFormer-S 0.919 0.872 0.903 0.939 0.908 0.007

MSRAFormer 0.934 0.884 0.950 0.924 0.944 0.007

Ours 0.946 0.901 0.957 0.943 0.949 0.005

U-Net 0.821 0.747 0.855 0.856 0.828 0.055

PraNet 0.901 0.841 0.910 0.916 0.903 0.030

EU-Net 0.911 0.858 0.931 0.912 0.919 0.028

Kvasir DCRNet 0.889 0.823 0.903 0.902 0.892 0.034
SSFormer-S 0.925 0.876 0.917 0.944 0.921 0.020

MSRAFormer 0.919 0.870 0.921 0.938 0.918 0.020

Ours 0.927 0.880 0.932 0.950 0.923 0.020
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44725 (masks) .

CVC-ClinivDB
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9 gy ih 1T 6 PRyl IARSs R A
U-

Net. PraNet, EU-Net,
MSRAFormer Fil TPSA-Net 43 #2520 . i1 9 A LLFE
i, U-Net, EU-Net, DCR-Net Fl PraNet /% H T
PR B RN 43 0 25 2R 4 JE 1Y 0] 8 ; MSRAFormer #il

AN

DCRNet, SSFormer-S .

Kvasir

Masks 2
U-Net 3
PraNet 4
EU-Net
5
DCRNet 6
SSFormer-S 7
MASRFormer 8
B8 R MLAER £ CVC-ClinicDB #= Kvasir 48 & E#g o248 %
Fig. 8 Visualization of segmentation results of different network models on CVC-ClinicDB and Kvasir datasets
%6 T FHF x4 CVC-ColonDB #= ETIS-LaribPolypDB L #95¢ b
Table 6 Comparison of different algorithms on CVC-ColonDB and ETIS-LaribPolypDB
Dataset Method Dice MioU SE PC F2 MAE
U-Net 0.512 0.438 0.524 0.621 0.510 0.059
PraNet 0.717 0.641 0.740 0.755 0.716 0.044
EU-Net 0.756 0.683 0.848 0.756 0.789 0.043
CVC-
DCRNet 0.707 0.632 0.777 0.719 0.723 0.051
ColonDB
SSFormer-S 0.775 0.698 0.776 0.836 0.767 0.034
MSRAFormer 0.765 0.695 0.801 0.870 0.772 0.031
Ours 0.805 0.729 0.878 0.872 0.806 0.025
U-Net 0.406 0.334 0.482 0.439 0.428 0.037
PraNet 0.631 0.567 0.689 0.628 0.649 0.030
EU-Net 0.690 0.611 0.871 0.637 0.749 0.065
ETIS-
) DCRNet 0.548 0.484 0.744 0.504 0.600 0.095
LaribPolypDB
SSFormer-S 0.770 0.695 0.856 0.744 0.782 0.017
MSRAFormer 0.749 0.674 0.821 0.787 0.782 0.012
Ours 0.781 0.706 0.874 0.808 0.807 0.011

240179-

11


https://doi.org/10.12086/oee.2024.240179

ik, 2. O TR, 2024, 51(10): 240179

https://doi.org/10.12086/0ee.2024.240179

SSFormer-S /57778 73 I AN f F1 L 2% 40 5 B0 1) 17
Olo MHLZT, SCPH A TPSA-Net 25 FI| FIZER
SR RN SIS ASPA 2 RS 2 R,

BT 4y B R G ASTEW RIS, EAS UL AY
B T MSRAFormer, A4~ 3709 Z80& K

T 21%, H g % R K (179 roundss) F T

MSRAFormer M %% (199 round/s) , X 5B AR
JBHNR SRR IS A R A A T
FETE T & 1) o EI T fE

5. B8, oA 9 Ry gE UL, SCrp
JIrfit TPSA-Net A8 & 76 B 190 Bk i S 7E K5
A3 EN ] PRAR R TR AR S — 25

CVC-ConlonDB

Image . - ] m

Masks

U-Net

MASRFormer -

TPSA-Net

3.6 HELE

T S MU B BT Bk CCF. PAHM A1 PSA
X B ARA AL FIVERE A2, SChFE Kvasir A1 ETIS
Bl LT T IHmSCE, S5RANEE 7 PR, TREUL
BRI, M4 ik SO I s, I A e A
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Fig. 9 Visualization of segmentation results of different network models on CVC-ColonDB and ETIS

% 7 BAEf Kvasir #2 EITS #0348 % F 6434 A1 7

Table 7 Ablation of each module on Kvasir and EITS datasets

Kvasir ETIS
Method CCF PAHM PSA
Dice MioU SE F2 Dice MloU SE F2
M1 x v N 0.919 0.873 0.919 0.920 0.744 0.674 0.803 0.769
M2 \ x \ 0.918 0.872 0.913 0.914 0.740 0.672 0.802 0.767
M3 \ \ x 0.924 0.876 0.924 0.918 0.756 0.681 0.836 0.792
M4 \ \ 0.927 0.880 0.926 0.923 0.781 0.706 0.874 0.807
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Colorectal polyp segmentation method combining
polarized self-attention and Transformer
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Colorectal polyp segmentation network combining polarized self-attention and Transformer

Overview: Among malignant diseases, colorectal cancer is one of the most common cancers in life, and its morbidity
and mortality have been high. Therefore, it is urgent to develop an automatic recognition and automatic segmentation
algorithm for colorectal polyp image segmentation to help doctors improve the efficiency of diagnosing patients.
However, the traditional colorectal polyp segmentation method requires manual extraction of lesion features and the
integration strategy will over-rely on the experience of the implementor. Therefore, the traditional colorectal polyp
segmentation method is prone to problems such as inaccurate target segmentation, insufficient contrast and blurred
edge details during segmentation. In order to solve the problems existing in the traditional method, In this paper, a new
colorectal polyp segmentation network TPSA-Net, which combines polarized self-attention and Transformer, is
proposed. Firstly, in order to make better use of the semantic information of image blocks at different phase levels to
improve the segmentation accuracy of target images, an improved phase sensing hybrid module is designed in this
paper, which can dynamically capture multi-scale context information at different levels of colorectal polyp images to
improve the accuracy of target segmentation. Secondly, the polarization self-attention module is introduced to fully
consider the characteristics of pixels and strengthen the self-attention of the image, so as to improve the contrast
between the lesion area and the normal tissue area. Finally, the dynamic capturing ability of the geometric structure of
the image was enhanced by the cross-fusion module of the clues, and the complementary characteristics of the two clues
in single/multi-frame were improved to solve the problem of blurred edge details during colorectal polyp segmentation.
Experiments were conducted on four datasets, CVC-ClinicDB, Kvasir, CVC-ColonDB and ETIS-LaribPolypDB, and the
Dice similarity index was 0.946, 0.927, 0.805 and 0.781, respectively. Compared with U-Net, the traditional medical
image segmentation network was improved by 12.4%, 14.5%, 29.3% and 37.5 respectively. The average Mlou
intersection ratio index was 0.901, 0.880, 0.729 and 0.706, respectively, which had certain application value in the
diagnosis of colorectal polyps. A large number of experimental results show that the TPSA-Net method proposed in this
paper can not only effectively improve the accuracy and contrast of colorectal polyp segmentation, but also overcome
the problem of blurred detail in the segmentation image. How to use deep learning technology to research more simple
and efficient colorectal polyp segmentation methods is the future focus.
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