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[ Abstract]Objective : To construct a Multi—Scale Feature Fusion and Spatial-Channel Squeeze—and—Excitation—Unet (MS—UNet) net-
work based on Convolutional Networks for Biomedical Image Segmentation (U-Net) , and to improve the performance of ventricular and
myocardial tissue segmentation in cardiac MRI images. Methods : The MS—UNet network was constructed by the following steps: (1)
increase the number of downsampling and upsampling layers ; (2) design a Multi-Scale Residual Feature Fusion (MSRF) module to re-
place the traditional 3 X 3 convolutional layers and fuse different scales of contextual information ;and(3) introduce a Spatial-Channel
Squeeze—and—Excitation (s¢SE) module between the upsampling and the hopping connection to strengthen the feature weights in criti-

cal regions. The cardiac segmentation performance of MS—UNet was trained and tested based on the Automated Cardiac Diagnosis Chal-

lenge dataset, and it was compared with mainstream segmentation
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T E S AL R AEA & R KB B (4% .S112023017),  mentation tasks for the left ventricle (LV),right ventricle(RV) ,and

networks. A one—way analysis of variance, the Turkey test, or the

paired t—test was used for comparison of segmentation performance.

myocardial tissue (MYO) the mean similarity coefficient (Dice) , in-

tersection over union (I0U) , and mean Hausdorff distance (HD)
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were significantly better than other models, and the differences compared with multiple models were statistically significant (all P<

0.05). In phase—specific cardiac segmentation performance evaluations , except for slightly lower Dice and I0U in MYO segmentation

compared to end systolic (ES) , end diastolic (ED) demonstrated optimal segmentation metrics for all cardiac subsystem evaluations.

Differences between the two phases were statistically significant (all P<0.05). The results of the ablation experiment indicated that the

Dice and IOU of the network model in the segmentation of each cardiac substructure gradually increased with the increase in the num-

ber of modules, while HD gradually decreased. The differences in all performance evaluation indicators among the models were statisti-

cally significant (all P<0.001). Conclusion: MS—UNet obviously improves the segmentation accuracy of cardiac magnetic resonance

images through multi—scale feature fusion and adaptive attention mechanism, and therefore, it has broad clinical application prospects.

[ Key words ]magnetic resonance imaging ; cardiac segmentation ; U-Net network ; deep learning
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RV 86.70 £ 0.12* 91.03 = 0.33" 87.42+0.36" 86.12+0.34 9230+0.36" 9240+033 825874  <0.001
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RV 81.30+0.18" 83.41+0.33" 81.61+0.33" 80.71+0.33" 86.81 033" 8620+033 718397  <0.001
MYO 76.70 £+ 0.40° 77.60 £0.33" 78.81+0.33" 7530+ 033" 8222+0.34" 8350032  872.655 <0.001
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Dice(%) LV 93.30 + 0.37 97.02 + 0.34 32.824 <0.001
RV 89.90 £ 0.32 94.70 + 0.32 321.994 <0.001
MYO 91.70 £ 0.32 90.21 +£0.33 -24.644 <0.001
T 91.63 +£0.27 93.97 +0.32 55.677 <0.001
10U(%) LV 87.81£0.33 94.12 £ 0.34 69.169 <0.001
RV 82.30+£0.33 90.11 +£0.33 67.949 <0.001
MYO 84.71 £0.33 82.22 £0.34 -23.753 <0.001
T 84.94 £ 0.27 88.82+£0.27 133.520 <0.001
HD(mm) LV 331+£0.33 291+0.33 -2.513 0.033
RV 8.91+0.33 8.31+0.33 -5.529 <0.001
MYO 4.52+0.34 4.91+0.33 3.053 0.014
T 5.60 £0.32 5.40+0.27 -5.071 0.001

MR Ground Truth MS-UNet U-Net nn—UNet

A. FBh5# . MS-UNet. U-NetAnn-UNet? 1 0o A A% O 43 AR5 45 TR P
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B. F5h43#]. MS-UNet, U-NetFInn-UNetZE4 TKEL s {IUG AR RO R 200 A0 3 455 SR
Ground Truth MS-UNet U-Net nn—-UNet
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EXRERKXFFR

Journal of Chongging Medical University — 7 —

24 HEkEk

AR T Rl S 06 235 SR P i AR R i, R 5 A
HVYE A O E T 254 43 %) Y Dice JJOU MRS AN, HD 3% W%
G, A A5 0] I AT M RE PPN T8 A 0] 22 - BAT Ge vl 0 L (3
P<0.001), £ 484 U-Net+MSRF+scSE (MS-UNet) E.
A e 1 Dice JOU, Je IR HD o 76250 % (LV) 43 B3 sl 32
B, U-Net+MSRF+scSE (MS-UNet) [ Dice 5 2 Filt 5 28 A5 7
(U-Net . U-Net+MSRF) [i] 22 5 B A G255 (¥ P<0.05),
HI0U 1 HD 5 3 ) % 45 #5178 (U-Net . U-Net+MSRF ,U-Net+
scSE) 1] 22 7 B BT G i1 5 3 L (3 P<0.05) . ZEL D%
(RV) 43 %1 34 Flt 52 86 v, U-Net+MSRF+scSE (MS-UNet) i
Dice, HD 5 3 Ff [ 2% #5 A (U-Net, U-Net+MSRF , U-Net+
scSE) ] 22 573 8 B Ge 1t 2% 3 (¥ P<0.05) , H 10U 5 2 F
%) £ 45 Y (U-Net . U-Net+scSE ) [0] 22 3 B G i 2F i X ()
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