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Abstract

Colon polyp segmentation is a key step to extract pathological information from colon polyp im-
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ages, which is of great significance for the diagnosis and treatment of colorectal cancer. Aiming at
the problems such as different shapes and sizes in colon polyp segmentation and difficult to dis-
tinguish lesion tissue and background differences, this paper proposes a Dual-branch feature ex-
traction medical polyp segmentation network (DST-Net), which fully considers the advantages of
convolutional neural network and Transformer in extracting local features and global features.
DST-Net is an encoder-decoder architecture. Firstly, two encoders based on VGG and void convo-
lution (AC) are designed to extract local boundary features and multi-scale features respectively.
Next, the bottom module in the middle of the codec uses two continuous Swin Transformer mod-
ules to make full use of the remote dependency of Transformer to further strengthen the global
feature extraction capability of the network. Finally, the Channel Attention Module (CAB) is used
in skip connections between codecs to pay more attention to suspicious and complex areas. The
proposed method was validated on two publicly available polyp datasets, CVC-Clinic DB and Kva-
sir. The results show that the model is superior to other existing methods and can accurately and
effectively achieve the task of colon polyp segmentation.
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1. 518

4 H ¥ (Colorectal cancer, CRC) & & iy WL RE 2 —, HEAHKS1E, 7E 2022 4F, 1 EH 592,232 14
IR BIA 309,114 FIFET [1]. S AE NI B CRC Btk —, AT USRI & B 78 2 R 8 A eiE
ZHIFERR. BT, WIS AT S B R R N EbriE, v AR at4: Bl B A R AR B AE
WA RIS W RNAYT » AR, BEA EMMERIZN, DL SN TRAS S SUERCRAE.
I, THENUABNZWOE R T IRIX L RER M, R EA SR, RE2EEeE, PiikiRigikRe. BafAL
HEH RO A IS TR, HHTERERBEEEA—. WA S 52 R DUX 7555
W, PEUR A EIR S I BEAR L 0, R E B & B EA .

AR, BARMZL M 2% (Convolutional Neural Network, CNN) 222 i B 22 1% 73 E1 9 E 37 2] [3] [4].
LA CNN #4221 B A BB 2 B R RS AR I I 4% 1L ) 34 B 2 [B) AN T 4 fIE Y B8 71 [5] . U-Net [6]7E %
s i AR Z SR IBURHIE, RN FRAERD BEAT R R A AME B . U-Net 1) U BUE5 K C Rl EE 22 BUR 7
EI ) —Fh g S0 . HE— 20K U-Net++ [7]F1 ResUNet++ [8]5I A EIE 4 EIh, DLk U B2 4
T S48 AR AL 2% 2 [ IR L Z2RE, FF/ = — e m 42 (45 R . IX 28 CNIN PR FH IR 40 5 245 - A i 25 2244 T LA
AR R AL GuF THIE RS T RRAE 75 R BRI, (HJ2 CNN SREURFIE 5% 25 5 2 A ey bR SUfs
B, TEHFJmBERE SR BRNESA—HEOREABNERREE, FECEH M ERE AU
S BN e AF B AE AR DTN . X CNN SR A, 51N R I AT DA 2 ) 2 A S e s
Tty B HERf 2. Transformer AREFHI4 R B F SCEBIRE T, BRWEAA AU % S RHIE M m AR A . (H
FOO T R iR Z R A 155 BRI T 47, Rk 2 3 8500 B 45 Btk . BT, 722 W #IES 4 28 CNN
A1 Transformer 454 )5 158K B 4T T - ColonFormer [9]4 & —™ Transformer %ht 2 F1—> CNN fi#h5
&, HT R HER S W% . SwinE-Net [10]454 72T CNN 1) EffecentNet F1ZET vit ) Swin
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Transformer [11], i8R H 2 EY Kk G SRR S LR R GRS 8 A . 1X 5 CNN-Transformer
SERGTEHE FFH CNN RFAE I VEGH = 20 HE 5 2 (A5 BRI Transformer (11425 bR SOk = B A 4 B RE

BT BB THS, AR T —FhEET CNN AT Swin Transformer EI’JXMJ‘EZ%(HEERE’JIE%IT%’\%"J
#%(Dual branch feature extraction network based on CNN and Swin Transformer, DST-Net). 5 LR &Gt
WAL, DST-Net [f) 2 EAIHT N AT

1) DST-Net f & — /M4 SCRAE SR AR g A 4, o — N2 VGG #ifid 23 7332, 73—~ AC (Atrous
convolution, ZEAEFR) [12]4m048 70 3o M5 S gt 2 v] DA I S B 3 SURFAE AN I R S0 2 RO

s BRE T AR RS- b R R A R

2) TEYmAY#s AR5 s Hh e E’JFE*M%E’%HE)\W/I\L $2f¥) Swin Transformer #&4k, 7843 F|H Transformer
1z R G FR itk — Lbﬁﬂ?ﬁﬂ%ﬁ’]é)%%{ﬂmﬂ& AE

3) FEE AN U BBk ER R 5] FH B R I, BEARSHA E AL 5 A XTI B S ST, 42
o ENRRG FE

TE 2 ANFRUE ) LA 43 1) 5 v B4 42 (CVC-Clinic DB, Kvasir) b 4T 7 928, JEELE: 7 DST-Net 51

RS EIENA R KRR, ZM4aex BT R #l.

2. Fk
|
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Figure 1. DST-Net network structure
1. DST-Net P& 4544
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2.1, MERIIHESE

wE 1R, BANEL G AT VGG A4 BN XU S FFE SR U 2 4t 2% . Swin Trans-
former JREBIEHLFIfRIG AR . JoHt VGG gmfidai 70 SO 5 Mmbidaide, MH T Wl VGG-19 1E Ny E -+
W%, 20k 5 R RFEG, BJak B4/ T 32 fi5. AC 4ifiBes o S 5 AN E LI gmiggsth, M4
AL AR A — M F R ZE S50, AR 1SRG BN A0S s, F—A> 2 x 2 ik 2 .
Swin Transformer J& #i R E (0, & AN IESE () Swin Transformer i, ARID2SA & TLAMRID RS T8, H—A
WM E ERFEEFMA 3 x 3 FBEFZ I BN dik. FRAEIFHE@EERCY 256, 128, 64, 32, 16,
FEFIR FRAE 38 Bk R s X 3 S G i 2 AN [ 2 % HH (IR 008 SRR A PR e 3 ) A bl = 9 f
5 b 2R F RS B s SURFIE D%

2.2. BEAEFRIEH(AC Block)

Wk 2 PR, BB RBEHOS AR IE S B 2L KR A8 1, 6, 12, 18 )3 x 3 B . BN
FBEEE R B SRR IX DU RHESEAT P, BT 1 x 1 B BN FIEUE RBUREE . RG0S
G SRANF YRR, I B R BT UE R, RS IGE AR R % B S0 R RIS

Input
Conv3x3 Conv3x3 Conv3x3 Conv3x3
rate=1 rate=6 rate=12 rate=18
(c)
\J/
Convlx1
Output @ :Concatenate
Figure 2. Atrous convolution module
E 2. mEEFRER
HFEZRA X T HR:
OUtPULg e, = Ogery (BN ( AtrousConvy® Input))) @)
OutpUty anen, = Orey (BN (Atrouscorngs (OUtput' ))) 2
OUtPUtg gen. = Oy (BN (AtrousConvf;3 (Output' ))) (3)
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Output = OpeLu (BN (AtrousConvfg3 (Output' ))) )

Branchp

Output = dg,, (BN (Convle (Conca(OutputBranchA_D )))) ©)

EFIARA, Input e RPY REHIARFE, Conv™ 183K Ix1#3Fi@ 45 FL, BN 13 Batch Normalization,
Opery fAR ReLu B HL, Outputy,, A& A~D 4 N2 E M 2 ST H i, AtrousConvygy, A&
rate =(1,6,12,18) ¥ 3x3 &, Concate fLEMES:, o AAELMZIIH, Output e R™Y AT HEAH i

2.3. Swin Transformer JEEERIELR

Wil 3 iz, Swin Transformer JECHRASEHRA T2 b 345 AL ARG 4 o (8], 44 X3 SCRFAE S UK A% S B 25 1)
i HH R AIE 225 P & S21Y Swiin Transformer £525, FJFH Swin Transformer R 4F )4 R B R SCEERE T, B
5 B S SRR R R AR, B — 2D IG5 T 28 3R B4 SR RFIE Y RE /7. Swin Transformer bt 4%
PANA—ALE . —AE D2 LE B AT — > MLP 2415 . Swin Transformer block /& Bon 1 FH (),
&5 — block (122 Sy B S Se 8 FH— > Window MSA (W-MSA)Z#), 45— block 1#i ] Shifted
Window MSA (SW-MSA)ZE . PRANESEMK Swin Transformer FEHUFE A 2] Rk K-

Output* =W _MSA(LN (Input"))+ Input" )
Output® = MLP(LN (Outputt))+0utputL )
Output™ = SW _ MSA( LN (Output' ))+ Output* ®)
Output™™ = MLP(LN (Wi))+mi )

EFIARA,  Inputt FoRKE L ZEK Swin Transformer & N, Output™ 8% L + 1 21 Swin
Transformer BLELF 4T 1, Output™ AT Output™™ 737X L JEFI L + 1212 ki B 71 i S5 N AE 0 .

Output™
InutL X Y
o e O e O™
I - B B B S N S S

0utputL+1

Figure 3. Two consecutive Swin Transformer modules
& 3. BANELSRY Swin Transformer R

24, BEERNER (CAB)

W 4 Firo, CAB X4 NARFAIE 70 73 A I TE SR AT 4 =) die AL A 42 Jay P 2403t A o 98 J o 3% 7 SRR AR
BEAT IS AL Z AOAC PR, A3 BB AME IS 75009 0 Al 1 f—ZE & . KA 1) B IERGEOR T 5 R RN
RHIEARSE, ) il Dense J=, REMSIIHIT A0 TI0, HESREOGER AR N . R Z AKX IR
IV
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Input

GAP ||')ense Dense

GMP: Global MaxPooling
GAP: Global AvgPooling

Figure 4. Channel attention module
E 4. BIEEFERIR

Output®™ = Dense(Dense(FGMP(Input))) (10)
Output® = Dense(Dense(FGAP(Input))) (11)
Output = Dense((Concate(W,W))o Inputj (12)

FHIARS,  Input e REHWC R EE LN, Output®™ fRE 4R ik s T, Output®
RF 4R T LT, FO R R AR IR KL, FOY fL% 45 T3tk 5% 5L Dense fL%
AER)Z, Concate [RRMES, o RKMIEILF, Output e REHWC AR &HH

3. W
3.1 BREMXIEER

FET A HA PR A TF B N 8dE 3k 47 P-4k, B CVC-Clinic DB [13], Kvasir [14]REGIEHE Hi AR
AR Bk

CVC-ClinicDB #{#fi 2181t 31 M sk A s 1 612 sk B AL .

Kvasir 45 4218 A B4 B 18R 1 1000 7K B I EIR .

NT VA A 1 RE, # DST-Net 5 TuANJFUEBLAY 1) 4 #1457 X EE, % EEREAY A1 3% U-Net.
ResU-Net [15]. DoubleU-Net. PraNet [16]. SwinU-Net. A T A FHILLE:, B M ER IR, %
HEATRAE EEAT VRl
32. XWHE

A ISEHHET Ubuntu 18.04 LTS 64 fi7#5:4FE 24t 4 python 3.7.0 A1 Tensorflow + Keras ii4< 2.5.0
W, fEZradfEdr, RALAREH Nadam, 2% 1 IcfIHIaa1HE I, = 1e-5, 512K BREUAl H — 3k 22 )L o
Batch size ¥ &y 4, IEAIRHCBIE Jy 200, RS A HIAH N[ R K, BEPEIOAEAR S, 242k 50 #6 T
EIEARRE, 1F k. IR fE% T PraNet IIZE1XE, ¥ CVC-ClinicDB 1 Kvasir 17 EI{5 3% 8:1:1 fifi
L N ZRAE S B UESR AN RAE . A J5 A (E A NVIDIA GTX3080Ti (8GB) ik 55 #% L #E4T .

3.3. TEEIALE

ASAER ClinicDB 1 Kvasir-SEG i S5 K EAd T i BT i 4 ST RE F1 o 1 S X Ul s 2 AT 40
Paslom, W ACPREE . EEAERE . POORET . SRR, e s RE I i 2 7 SO0 MR AT 12 I
. mAKINGEIET 73 15660 KB F . M 1S5 AT %N, £F ClinicDB %4545 |, DST-Net %
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7t Dice. mloU #I Precision =Wifiabr F353k45 T RALMAER, 7k 2] 7 0.929. 0.879. 0.971. HfE
Dice Al mloU BJES LR AEHE S DoubleU-Net & 3.0%7A1 2.5%, b PraNet & 3.1%#1 3.0%. £ Recall
EF5 I DST-Net P45 045 0.840, L Eb# & 9 DoubleU-Net i 0.3%, T PraNet2.8%. 7£ Kvasir %44
|-, DST-Net M%7t Dice. mloU. Recall 1 Precision PYIiitEhx 33K T AL 45 5, 43 ik 5] 1 0.902.
0.831. 0.825 F10.953. HH Dic 1 mloU 114y I LR ARAEEY PraNet /5 0.5%7#1 0.01%, Lt DoubleU-Net
i 0.07%A1 1.4%. MR EESCER 45 ReT 40, 4@ AR AR TELA 7%, IEl] T el 4 % B A
Transformer 7 J& i Fl 4 R RrAESE B 2 B LA T B IFn 2 I Re Ml vkRe . 18 5 g e XA
H¥E4E - DST-Net BRI 5L M4 g5 . I 5 Finf%n, DST-Net [0 E]45 5 A1 PraNet.
DoubleU-Net FI SwinU-Net i bt & 5 #2300 B SR (). DST-Net fi#dk 1 SwinU-Net 75 J& i SRR AE $E X
e i B, MWEHRATLLE A DST-Net 7R 5140717 LA #EFE4F . DST-Net U 7 PraNet Fil
DoubleU-Net 7£ 4= &5 _F R SCRFIESEEUAE /1 BRI, DST-Net 5 5t T3 AU ALFE B 4 . DST-Net £ T X}
FBE R AR N 225 i A 2 RIS () () SR A 7 AR AR e AR B AR 1 40 1 R

Table 1. Comparative experimental results
1 WLESCINEER

Dataset Model Dice mloU Recall Precision
U-Net 0.773 0.753 0.731 0.956
ResU-Net 0.768 0.732 0.740 0.942
. DoubleU-Net 0.899 0.854 0.843 0.965
CVC-ClinicDB PraNet 0.898 0.849 0.812 0.967
SwinU-Net 0.715 0.594 0.632 0.858
Ours 0.929 0.879 0.840 0.971
U-Net 0.714 0.611 0.679 0.829
ResU-Net 0.689 0.585 0.667 0.773
) DoubleU-Net 0.895 0.817 0.814 0.932
Kvasir PraNet 0.897 0.830 0.810 0.943
SwinU-Net 0.629 0.474 0.612 0.677
Ours 0.902 0.831 0.825 0.953

Ours  SwinU-Net PraNet DoubleU-Net ResU-Net U-Net

Figure 5. Comparison of experimental visualization

B 5. 3Lk IE AT

3.4. jHRASCLE

N T AEWIZZ A R, 325X DST-Net 47 T e, Mo iilit iS4 214 5 DST-Net
I 24 1 SRV L ST

DOI: 10.12677/sea.2024.131001 7 WAET RSN


https://doi.org/10.12677/sea.2024.131001

o &%

IOUEE I R SR A R . 7E DST-Net Hf 23 Bl 4 =5 S HUE il DST-CAB W%, Widk 2 fir
7~, DST-CAB [fJ Dice. mloU. Recall 1 Precision PYIi4&H57E A EdE4E E 0 HliAF] 7 0.921. 0.867.
0.837. 0.964 F1 0.896. 0.817. 0.820. 0.949. M. Dice 154737l T- DST-Net £ 0.8%7#1 0.6%, mloU
%] 1.2%F1 1.4%, @0 HLIGAIE T @ T R A Rk .

KN S BR A A 2. 78 DST-CA 1 KBRS BRI i DST-CAB-ACB M%%. W 2 fit
7, DST-CAB-ACB f#] Dice. mloU. Recall 1 Precision PUTii5br£E Pt 4 2 5liA %) 7 0.913. 0.857.
0.815. 0.958 F1 0.887. 0.804. 0.814. 0.931. H:H' Dice 1574 Hl{&T DST-CA %) 0.8%#F1 0.9%, mloU
2) 1.0%H1 1.3%, @RI LCIGAIE T 25 T 4 AU He 1 Rt

IHHE Swin Transformer JREFEEIRIA R, 7£ DST-CAB-ACB 2<% Swin Transformer JiEEEH
JE. i DST-CAB-ACB-ST M4 . i3k 2 fiizx, DST-CAB-ACB-ST ] Dice. mloU. Recall I Precision P47
FabrE AN BE S E 2y iE %] T 0.906. 0.831. 0.816. 0.953 #1 0.881. 0.802. 0.801. 0.930. I Dice
#3543 KT DST-CA-PIFM £ 0.7%#1 0.6%, mloU £ 2.6%7F1 0.2%, xS LLIGIE T Swin Transformer
JEGER AR () A M

pbah, R 6 TRl Sz AT AL T LA EE R DST-Net (T 25 5 f fe it B SEFRZ5 . DST-CAB
W45 F1 DST-CAB-ACB W 4% 1 T 45 SR A6 30 S A AL HE 1 25 — 55 . DST-CAB-ACB-ST W 4% f TN 45 &
Bl i 221

Table 2. Ablation results
F< 2. JHRASKIGHER

Dataset Model Dice mloU Recall Precision
DST-CA-AC-ST 0.906 0.831 0.816 0.953
. DST-CA-AC 0.913 0.857 0.815 0.958
CVC-ClinicDB DST-CA 0.921 0.867 0.837 0.964
Ours 0.929 0.879 0.840 0.971
DST-CA-AC-ST 0.881 0.802 0.801 0.930
. DST-CA-AC 0.887 0.804 0.814 0.931
Kvasir DST-CA 0.896 0.817 0.820 0.949
Ours 0.902 0.831 0.825 0.953

Image mask Ours DST-CA DST-CA-AC DST-CA-AC-ST

dadmUId-DAD

Figure 6. Ablation of experimental visualization
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4. BE5

ARSI T —MIET CNN A1 Swin Transformer X045 SCRFAE SR B 2 2 5 A 40 E1 X 4% (DST-Net),,

T I 40 S5 AR 4 X 2 A Transformer 7EH2 IR S AFAE A4 RRFIE S R3S, Re8 A 3 m B R E11
FEIE . BATET 7455 VGG A GBI (AC) A3 SCgmhd s, #E VGG 1l Az AL IR H 40 154k
(3t b, I 2 AR T K B2 B A R IE (0 B RS2 (G R, LA 5 o) 2 6 S, AL RFAIE [ 3
LR T). FATEBETT T Swin Transformer JIGHEBL, Jiid Transformer [F:78 FEAKHH ¢ 23— 5 19 50 X 4% (1)
AR SR RHE S ELRE 77« BRATMEBR S EHAL ] 7 @8 7 = IR (CAB), Rk i 6 5 A X 33 41
HE AT RITH, EEaEI0RERE. ASCHEH ) DST-Net 7E7£ CVC-Clinic DB Fl Kvasir B4~ AFF (1) &
PR AE BAA R T ol vERE, R AR TR K ST RE I AT B 2 AR JT o X TG 45 SR 1 E
FEMES TR B, DST-Net v LMEELHE NV BIS W ANGTT K . EARM LIRS, BBz
BT 2 1 kLo E

E&WE

X [ S8Rl 3£ 42(61801288)
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