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Biventricular segmentation using U-Net incorporating improved Transformer and convolutional

channel attention module
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School of Electronic Information Engineering, Hebei University of Technology, Tianjin 300401, China

Abstract: A U-Net incorporating improved Transformer and convolutional channel attention module is designed for
biventricular segmentation in MRI image. By replacing the high-level convolution of U-Net with the improved Transformer,
the global feature information can be effectively extracted to cope with the challenge of poor segmentation performance due
to the complex morphological variation of the right ventricle. The improved Transformer incorporates a fixed window
attention for position localization in the self-attention module, and aggregates the output feature map for reducing the feature
map size; and the network learning capability is improved by increasing network depth through the adjustment of multilayer
perceptron. To solve the problem of unsatisfactory segmentation performance caused by blurred tissue edges, a feature
aggregation module is used for the fusion of multi-level underlying features, and a convolutional channel attention module is
adopted to rescale the underlying features to achieve adaptive learning of feature weights. In addition, a plug-and-play feature
enhancement module is integrated to improve the segmentation performance which is affected by feature loss due to channel
decay in the codec structure, which guarantees the spatial information while increasing the proportion of useful channel
information. The test on the ACDC dataset shows that the proposed method has higher biventricular segmentation accuracy,
especially for the right ventricle segmentation. Compared with other methods, the proposed method improves the DSC
coefficient by at least 2.83%, proving its effectiveness in biventricular segmentation.
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1 Skipl 91.38 1.24
Skip2 91.18 1.44
Skip3 91.48 1.24
2 Skip1,2 91.69 123
Skip1,3 91.53 1.23
Skip2.3 91.50 1.28
3 Skip1,2,3 91.82 1.22
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)2 i-Trans B3 U5 e A4 B8, R e A 5256 rh 349 45
)2 i-Trans f bk

2 i-Trans ERFEHELHNER
Table 2 Experimental results with different

quantities of i-Trans modules

Bkt DSC/% HD95/mm
1 91.03 2.12
2 91.82 1.22
3 91.80 1.25
4 76.38 321

2.2.3 i-Trans EERHI AN E L5 i-Trans FEHLH 3 F45
Y%, BV T 10 A R i | A B L
MLP. Xf 3 MR A 7 I fl S 90 PP Al LR e, n e 3
Firs o 2558 & ARG i-Trans B EUS T e dE Y
OIS EIERE . A LETAZSE I MLP 41 5 4 1423k
JZ B MLP Re B B4 3 B PERE . 2 Re iR
i-Trans L) 28 TR B, iF— 2038 in 1 45 27 > g
HR 43 12 2 W B0 B T 8O3 AR 1 3G K, B
AR R A B LIk B e RS . £ X i-Trans
b 4% AN B B 206 I & PR, 52 K (14 1-Trans BBk i B
P AEMERE IR T I A S

3 i-Trans RN R HEE LI LER (%)
Table 3 Experimental results with different structures of

i—Trans modules (%)

Jii: DSC
W+S+DM 90.87
W+M 91.09
S+M 91.48
W+S+M 91.82

W R RIE T4 10 11 R B e, S AR i B i, MAR AR 9t 2
HA AL 44034122 1 MLP # | DM AR AL SE RO AL G PR 4o s
J2 09 MLP Ktk

224 ENERTFEEERMER LI UNet HE
filh , YK A i-Trans 185 3t | FAM | CCA # 3t DL J
FEM, PEAL £ N BLH ) b B IR 4 TR . BEE 4%
AU, 53 BN R A BT ek | 5688 7k
BUS R AERY 44 DSC M2 HD 45 5%, 3iE I 1 8N xot
T E M BE YA 5

T4 BNMERIIBAEMEN Y MESIE
Table 4 Effectiveness experiments of each

module on the whole network

S DSC/%  HD95/mm
ViT Encoder!2’ 89.38 2.54
i-Trans 91.33 2.11
i-Trans+FAM 91.58 1.35
i-Trans+FAM+CCA 91.71 1.28
All 91.82 1.22

2.3 KIGERSH
231 AEFRKEEHIXT L # A SCBERY Y1 2R84
5K R BB E A O, R R AR A5 i A A R
I PRI LA B e i YR80 R AR BF 53 B 0 28 SUJ 4
I PRI Dice AHALL 2 B4 K pREICRN 40 45 401 % R BRE
APRF S5

K655 14T /R T 78 3 PSR 2% pRECT AL
YRR, R F AL A 45 2K bR B0RT LAk 21 e A i N 25
g5 HF PR T 0 % A X T MRIEHR AR,
7 LEE /N T FH R — 0 2% eRBSGHE AT LA, O &
4 Xof by P A B2 AL AR AR 25 iy 52 3 FLA T 5% IX Sl JiE
A2, DTS B0 28 I 2R PRI o 2065 400 2K pR SR
G T PR 2 eR YRR A TE X 2% I 1) A B o A v
REXTAE L 27 > B FEA A7 AR e A ST v it
AT 2% fiff 1F 07 AR S A7 1Y) 0] A, 42 v I 2Pk i o
B 655 247 R 1 3 R 2k sk AT O T U 19 396 T 4K
I FE 19 °F- ) Dice 43 805 AR BUB AL R i — 2
UE B A0 2K pR AL BB IS BE A N RRIOR . fEdA G
PR RBON ZRI B OL T |, 30k 2048 48 19 °F- 14 Dice 43
B i A 3 ARG i 15 K 5 0 A8 SO 5 % R A LA
J Dice #H Ll 5 £ 40t 26 R BN 257, 59 UE 4 1Y °F- 34
Dice 78U THE -
232 AEASHIEENX ST AT FHREESE
BEE ARG H KN B A B T 5T,
FE B BE R 10 /27K B9 77 45,32 5% (Giga Floating-point
Operations Per Second, GFLOPs) .DSC A }Z HD{H , H:
ZERANE 5PN,

M KN 4 B A5 RS AR X AN 2
it A HD (B fe/Ne MY T80 2R S 25 3L, 7 1
b 4B R S 40 R R T 0.09 GFLOPs, H. HD9S
{H FFET 0.09 mm, [ DSCHIZE AR K, S ISR
b <R 1 e = = o L1 Y = B S T N 0 i
K/NHy 4 T F A TS50
233 KEBHMELELE RS A RIEFAM DL &
CCA BN IR JZ FRAEAR BN iU, A XTI
JZRHE AT AT AR T B, AN T TR . B AT R
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Figure 6 Changes in loss value and validation dataset Dice score over epochs

5 FEIEOKXKNERIEE

Table 5 Comparison of the results at different window sizes

7 RN GFLOPs DSC/% HD95/mm
2 103.68 91.89 1.40
3 103.80 91.87 1.24
4 103.75 91.82 1.22
5 103.84 91.91 1.26
6 104.06 91.51 2.12

fifi RS 2 R AE AL BRAGRRAE 1], 26 2 45 0 R AR SO 34
B RAE R . Zead RRAiE AL PR S | SRR AE o 3 5
BT , JIF BA AR AIE b B RE BH s 2RI S . X
R IZ R RHE R (57 3 81)) , Rk A B e A A0 s i1
R X O S8 SR R AE AT HER R . I, FAM A
CCA 25 4 mT A %50 34 588 30 2% A 15 R A, DA 2% i
FH 21 AR T 1) o0 4 SRR B AR
234 S EIEREXTEE R AT AR S RO ME
EIG E0 5 BIPEBE 8 A SO i 53 1Y 771 (R50
UNet'® | R50 AttnUNet'" | ViT-CUP"™®' [R50 ViT'"*' |
TransUNet® | Swin-Unet™™) 47 %t [t o HL X b 45 5
3% 6 itz O L 73k B R R T MT-UNet ™) .
A SC T AR B E 4 UM Y O ¥ DSC
91.82%, M L Z A £ 1 1Y — F 81 = 2 [R5 43 1 W 2%
PEREBIAT B R B EEF . SR ) RS0 UNet AH [L , °F-
BIDSCHw 4.22% , Hh A0 % GO AL AL ZE R DSC
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Figure 7 Comparison of feature maps before and after

56,56
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underlying feature processing

%<6 REDEIFFEDSCITEL (%)

Table 6 Comparison of DSC among different segmentation

methods (%)

Ttk FLE DAL e CFHDSC
R50 UNet 84.62 84.52 93.68 87.60
R50 AttnUNet 83.27 84.33 93.53 86.90
ViT-CUP 80.93 78.12 91.17 83.41
R50 ViT 82.51 83.01 93.05 86.19
TransUNet 86.67 87.27 95.18 89.71
Swin-UNet 85.77 84.42 94.03 88.07
MT-UNet 86.64 89.04 95.62 90.43
AL 89.47 90.01 95.90 91.82
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Figure 8 Comparison of right ventricular segmentation results
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Figure 9 Comparison of MRI cardiac segmentation results in the presence of blurred edges
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