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A dual-channel feature perception network for medical image
segmentation

WU Xiang-hu', SHU Xin"-*', FAN Yan', HUANG Shu-cheng', SHI Jin-long'

(1. School of Computer Science, Jiangsu University of Science and Technology, Zhenjiang 212100, China;
2. Development and Related Diseases of Women and Children Key Laboratory of Sichuan Province, Chengdu
610000, China)

Abstract: Convolutional neural networks (CNNs) have been widely used in the field of medical image analysis.
However, due to the limitation of its fixed receptive field, the traditional CNN model makes it difficult to establish
long-distance dependencies in images. Transformer can establish the information dependence in the global perspective
of the image through the self-attention mechanism and has stronger sequence modeling ability. However, Transformer
makes it difficult to capture the local detailed features of images. To solve the above problems, a hybrid model DC-
TransNet based on the CNN and Transformer is proposed for medical image segmentation. DC-TransNet uses a dual-
decoder structure to establish local and long-distance dependencies in the image and capture local and global features.
Considering that the size of the feature maps extracted by the network model based on the encoder-decoder structure is
inconsistent at different depths, we design two feature perception attention mechanisms, channel feature percep-tion
attention (CFP) and spatial feature perception attention (SFP), to reasonably allocate the weight of local and global
features. Experiments are conducted on multiple medical datasets and the results show that DC-TransNet is effective in
2D medical images. Competitive results are achieved in single-category segmentation tasks, and coefficients such as
mloU and mDice are significantly improved.

Keywords: deep learning; convolutional neural network; Transformer; attention mechanism; multi scale feature

extraction; medical image segmentation
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BEHLEE B FE (p = 0.5) BENLAKFEIFS (p = 0.5) fl
B ML 5 0 AT Kt 1 i Ab B, R A R BN
224 x 224. FER )46 2 2] F 3508 1E-4, Y 55 #
W E A 500, batch size BN 6, 5 ] FfFHRZIR
JORMEIEAT BNV RE, I RIERIRECN 40. B S840
YR F AR B 2R3k i A S 50 B
3.3 MEERPRAlARE

3 A# H ToUT?. Dice, Precision””. Recall®"”
A 1P LI e VP T AR IR M 2% 1L e, FE 4R 2>
Kbk v, T 45 F T SR AR

3.4 MEEEVRHY
34.1 BHAMEPNEH

N T % iF DC-TransNet 7E 2= 5= % 43 8 A
R, A SCHEAT — R FINS L S, 35 — L85 1k 1 4y
| 2% - U-Net"", U-Net ++", SCIF-Net"®., FCRB
U-Net””, DoubleUNet'"”. CSCA U-Net”. Trans-
UNet"”, UCTrans™ A DCSAU-Net"”.

2 2 NKMTLLE JISUAH-Cerebellum #4545 I
(s ah g5 . S8 208 K&, DC-TransNet 15 54 ]
Sy EIVE R T AR R4, 5 TSR IE bR 2 BA S T
87.89 %. 93.31 %. 93.33 %. 93.91 % 1 93.49 %. 5
U-Net #f tt., DC-TransNet ) 2 Wi 48 45 73 A 32 F+ 1
1.4 %. 0.97 %. 0.55 %. 1.02 % F1 0.96 %. #i Lt T
DCSAU-Net, £ T 4 b5 73 il $2 &1 1 2.4 %. 1.63 %
0.68 %- 2.11 % F1 1.55 %. X2 FHF DC-TransNet 7
CNN At FAR I H&ERL T Transformer, 77#h 7 CNN

TV LA R AN /2. 5 B 1> CNN-Transformer
VB A A TransUNet AH Eb, R4 mPrecision % A [&
IS, (R, HARFEbR I3 1 0.31 %. 0.23 %. 0.84 %
F110.19 %, 3 B DC-TransNet £ 24k - B A F i1
g1 EIVERE.

#2  7£ JSUAH-Cerebellum ¥#E5 F#)
SEHEER %
model mloU  mDice  mPrecision  mRecall mF1
U-Net"! 86.49 92.34 92.78 92.89 92.53
U-Net ++" 86.69 92.50 92.83 93.15 92.69
SCIF-Net"” 86.98 92.65 92.49 93.66 92.88
FCRB U-Net””  86.72 90.45 91.88 93.56 92.23
DoubleUNet"” 87.14 92.70 93.08 93.35 92.95
CSCA U-Net"” 87.19 93.07 91.89 94.63 93.24
TransUNet"" 87.58 93.08 93.83 93.07 93.30
UCTrans™ 85.67 91.97 92.68 93.05 92.65
DCSAU-Net"”  85.49 91.68 92.65 91.80 91.94
ours 87.89 93.31 93.33 93.91 93.49

TEA W= 27 A 0 Hr S5k, 2 A% 1) 70 1 2 —
T B AT 55, 9 1 Pl DC-TransNet 45 HAth X Lt
W28 PEIX — AT 55 - IPERE, AR f# A 2018 DSB i
£, I SRRl S5 81 T3 3 b, SLIR g R
7: DC-TransNet [#] mloU iAF] | 88.70 %, AHEL T U-
Net++5EHH T 1.07 %; 1M#E mDice #6845 I, DC-TransNet
IEET 92.63 %, t DCSAU-Net & 1.05 %. ixsegh i
# W, DC-TransNet 7E 41 ffi #% 7 EMT 55 R B H 4,
HA = 1 mloU Al mDice 3 1 DC-TransNet X 41 il
Zih S BA T F fe

R3 2018 DSB HUIBEE EMSIHER %
model mloU  mDice  mPrecision  mRecall mF1
U-Net'" 87.44 91.90 94.16 92.51 92.96
U-Net ++* 87.63 92.01 93.40 93.66 93.14
SCIF-Net™ 87.67  89.58 93.50 93.53 9321
FCRB U-Net™”  86.52 89.08 84.58 95.89 89.49
DoubleUNet"”  87.85 91.91 93.20 94.09 93.30
CSCA U-Net”  87.50  91.61 93.81 93.01 93.00
TransUNet”"! 85.20 85.45 83.65 95.43 88.44
UCTrans™ 82.02 89.37 92.28 92.08 91.86
DCSAU-Net'”  87.23 91.58 92.59 93.91 92.93
ours 88.70  92.63 94.50 93.54 93.92

A4 N B RAE Jz R A2 Bk ik 2% 1SIC 2018 |
IVEAl 25 5, o mloU v iZ Bk 5 F8 10 B 77 VA A
WE. sz ok B R B DC-TransNet 7£ 2 g Fr - EL/E
T EARAE, B A& mIoU IE B T 87.37 %, HHE T
UCTrans #7171 1.53 %, FCRB U-Net #2711 1.42 %.
X T DC-TransNet 1F 73 E4T- 55 H 53 95 1 [X 35 A
ol 45 SR 5 A0 B AR 25 (8] 55 2 AR AL, 6T R Bk A2



£ 3 KA E

¥ B RS E] 6 R

1 AFAE RS ) 25

H1H s R B A EEANE.
F4 TE£ ISIC 2018 HUIEE LRSS AR %

model mloU mDice mPrecision  mRecall mF1
U-Net'"! 85.34 90.38 93.50 91.44 91.77
U-Net ++" 85.47 90.56 94.00 91.15 91.88
SCIF-Net™ 86.19 91.60 93.54 92.41 92.28
FCRB U-Net™  85.95 91.34 93.29 92.10 91.59
DoubleUNet"” 85.11 89.45 94.92 89.82 91.58
CSCA U-Net"” 86.34 91.99 93.61 92.54 92.35
TransUNet™" 87.34 91.55 94.89 92.22 93.04
UCTrans™ 85.84 91.78 95.08 90.48 92.11
DCSAU-Net"” 8529 90.65 94.24 90.73 91.64
ours 87.37 91.98 94.69 92.47 92.63

CVC-ClinicDB #{#8 5 ) %€ B 245 R Uk 5 o,
DC-TransNet 7£ % Tl 4 Gefa br FRILH €, 73 A 2
T 88.01 %- 92.36 %-. 93.04 %. 94.41 % 1 92.77 %.
5 DCSAU-Net #H Et., mIoU A1 mRecall BL 15 T & &
FETt, 3 G T 3.99 % 1 4.07 %. R4 UCTrans 1
mRecall 5 45 _FB& = T DC-TransNet, {H &, T 42 i
TR 7 FL AR 25 B0 VP 48 br B 348 T UCTrans, 1X 3%
B] DC-TransNet [ 455 73 B ML RE BE 4. 5 HAth 5%
AH L, DC-TransNet SEHL | B 2 Ve Ge 52 7, 7E A0 B
A e 5 1 50 22 /N 2 PR BN B EAS B A 1 1
xR

#&S5 £ CVC-ClinicDB $#E&E FHLIRER %

model mloU mDice  mPrecision mRecall mF1
U-Net"" 77.54  83.47 86.75 85.25 84.05
U-Net ++" 83.80  88.82 91.59 88.19 89.17
SCIF-Net™ 8623  91.08 92.19 91.51 91.47
FCRB U-Net””  86.82  91.76 93.62 92.13 92.12
DoubleUNet"”  81.23  86.91 93.08 85.68 87.35
CSCA U-Net”  87.17  91.76 91.86 93.16  92.02
TransUNet”" 8232  87.49 88.49 88.32 87.79
UCTrans™ 83.62  89.22 89.82 91.25 89.50
DCSAU-Net'”  84.02  89.59 90.30 90.34  90.05
ours 88.01 9236 93.04 94.41 92.77

342 AL BIZER

6 SR BT AN EE I 48 1E 25 B 45 B IR 40 AT A
oy BRI R B0 A ZAFEA: U-Net £717E 73 8348 F+A
% 7 i AR 43 45 1) #1, CSCA U-Net 78 H Ax X 35 1)
e 5y BIRGEASHE. /£ B 4 FEAH: CSCA U-Net Al
FCRB U-Net tH¥ 1 it B2 43 %1, T SCIF-Net #1 U-Net
R g . C AR R TR RS
522 5/ X 8, U-Net 25 6 4> 2% 112 58 B iR
), 1M FCRB U-Net il TransUNet 43 547 1E 5 EA K
Y RN 32 FASOR (4] [ . D ZHREAS o oAt [0 28 177 1
14y EIBR G, T DC-TransNet [ 4> 21 45 B 5 2210

JELs EUR Pag il U-Net U-Net++ FCRB U-Net CSCA U-Net

SCIF-Net  TransUNet UCTrans DCSAU-Net DoubleUNet DC-TransNet

(a) JSUAH-Cerebellum #3424 245 5 (A EEA)

A S oy B U-Net U-Net++ FCRB U-Net CSCA U-Net

SCIF-Net  TransUNet UCTrans DCSAU-Net DoubleUNet DC-TransNet

(b) 2018 DSB %447 #1145 5 (B 4 # A)

rdooon

JR s R S ERRE U-Net U-Net++ FCRB U-Net CSCA U-Net

gooonn

SCIF-Net  TransUNet UCTrans DCSAU-Net DoubleUNet DC-TransNet

(c) ISIC2018 H#HEE 7 H4 B (C UL A)

MOREFRDO

LG EIR o BIbR U-Net U-Net++ FCRB U-Net CSCA U-Net

EORORT

SCIF-Net  TransUNet UCTrans DCSAU-Net DoubleUNet DC-TransNet

(d) CVC-ClinicDB #5455 & 45 5 (D 41 # A)
Ee wIMILDEIL

FLSIFRAE.

PR RE, DC-TransNet MY GEWE 523 50K 7 10
e, T HLH 735132 5 58 0~
343 JHRELSZR

AT 33— B IS IE DC-TransNet 55 7 A 45 /™ i B
1F %M, 78 JISUAH-Cerebellum (4 4 Fit4T 17 1%
YU SR, 45 RNk 6 Bk,

%<6 7£ JSUAH-Cerebellum HiEE FHY

THRRSCIOZER %
SEIG R E mloU mDice mPrecision mRecall mF1
U-Net (4t + i 25B) 86.49 9234  92.78 92.89 92.53
U-Net + fR-id 23 A 8727 92.87  93.17 93.40 93.09
U-Net + fi#i3#$A + CFP 87.53 93.05  93.35 93.51 93.26
U-Net + fi# i 2 A + SFP 87.65 93.12  93.45 93.56  93.33

U-Net + 525 A + CFP + SFP 87.89 93.31 93.33 93.91 93.49

1) U-Net + it 2% A: 7 U-Net 1250l F 5 N —
ANiti A Transformer FAETD 2% B, 5 2002 B4R E K
f£1% %2 Transformer, £ 37 G H B 2R B9 AR K &,
I FORFEAEBRFEEI V. ARG, BV S5 B gD
a5 B AE R B D, 3 AT T S B AR s . Sen A



878 = % 5

*

R £40%

FEIR, MASRIDZS A J5, W25 T bR 7 7l 3 =
T 0.78 % 0.53 %. 0.39 %. 0.51 % H1 0.56 %. iX %
B, ARG 28 A SRAR I B 4 R RRE R 5 A 2K
LT 25 1 RE.

2) U-Net + fi#fi5 2% A+ CFP: 7£ 1) [ &t 5]
N CFP HiH ‘& REf8 A Aot it 5D 2% A FIfRAD 2%
B HFRFAE P (138 38 EE @ 51N CFP b, %15
oy BB AR IR B T T, XK B CFP BLHLE$E T+ M
2511 7y BV RE 5 T ACHE T AR IE .

3) U-Net + fitid 2% A+SFP: 7F 1) I 3EmE Ein A
SFP bk, F 8% 10U T8 A RS AE R (1) 2 1) 21 2 4tk
SEUG £E LR, NN SFP AR LS X 4% 1) 4% 3 4 g 4>
SIERTET 0.38 % 0.25 % 0.28 %. 0.16 % A1 0.24 %.

4) U-Net + fiti %% A + CFP + SFP: i), ¥4 %15
kAT Rl A, 415 T DC-TransNet, 7£ 5 AN IFEH8 R
A 4 TS T S e, 380 P o AR ) B
IF) L 6 2 A ) 4% 1 e (0 T LA E R A, DA
T AT AN 7] (1 77 506 9 285 o A [ R P PR R AAE PR o B
TR SRR R S B,
4 & ®

AR T — ol ) 2 2 AR 43 B X 2%, R
A DC-TransNet. 1Z 45 B4 15 @b Hh 45 & 7 Transformer
A CNN P Rl 3844, g 57 7 58 KB bR STHROBE &,
SRR T AN [F)REAE P 1) (05 SO 98 0 43 3% 28 AN UL G i)
fB. DC-TransNet B i CFP F1 SFP 5 il i 28 75 A
T A% £ IS P SO 0 4% S RS IE B SR, AT A 285 b e
AT BRI R E A5 BN 4 R IR RoR . 1E 4 AN EE 2
EUG B R AL X S REHEAT T ) 2 VEAl, SEEG 45
KK, DC-TransNet £ 7> #4T: 55 1 R I H 1, 2 I
VAL T RS T #5348, DC-TransNet ¥ CNN 5
Transformer 454, A R0 ek 7% B W R BRME, A
I 2= BB o EUE 55 34 T SE 4 (R U R, R IR IR
= 2 AN AT T A E A — S (78 A S A .
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