$39% 3 ] B 2 e A Vol. 39 No.3
- 300 - 20224F 3 H Chinese Journal of Medical Physics March 2022
DOI:10.3969/j.issn.1005-202X.2022.03.007 E :gé%/f{%q‘é]ﬂﬂ

ETF3IDERMEMSIEASMRI IR RIEE 5 2

Em', FE L RER AR, FIK

L Abmt i o SR T /R B R R 2 R AL 5t KR BE B , b At 1000705 2. [ G5 E o/ G2 g I R B2 2 2 v/ oy [ B2

SR BE AL R H A B2 e e 8 = Be o 7R, At 100021

[HE]BW: LT =403D) AR Z R kA %8245 MRI LI IG 6 B 222, Fik: B 5k 8 BraTS2020 233
HELE 19 369 4] IR T 09 4 AL MRISHEHAT 3D 37 3% Z R AL R A% )2 — e TR 22, R4S MRS Fo o e i
JEATREAS EATANZF K T U-net 4 3D B A4 22 W AR AT )| iAo iX, A AR 2 2| B © R Foth o 2P0 BAR T B
R 3% A b K Ao 8 2% P8 K 09 51 45 R . G5 R TABI MR HIE B b | KRR TG K B A0 F B (K % e 3 2% i 7 X 3%,
# AR R T3 ME ) 4 0.88.0.77 £2 0.73, P AZAE L # 4 0.90.0.84 F2 0.81, B & F-F 315 5 %] 4 0.88.0.78 #20.78, ¥ 4=
1855 %1 0.90.0.84 F= 0.84, 45 7 & -F 4455 %4 0.89.0.83 2 0.75, P AZ4E 557 4 0.91.0.89 F= 0.79. £51E : 2L T U-net #y
3D AMAVE ML S SMRIKIELE LFRTRIFOLSHNLER, S TEEBIRFGE 8352 5 @ea#h , 7T H 1 kb
DBAR T R RBFAERT

(£ R % ; B30 52);3D AR M % ; B 5MRI

[FESZEE]R318 [ ZEkFRER A (2242 )1005-202X(2022)03-0300-05

Auto-segmentation of glioma based on 3D convolutional network and multimodal MRI
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Abstract: Objective To realize the automatic segmentation of glioma based on 3D convolutional neural network and
multimodal magnetic resonance imaging (MRI). Methods The 4-modal MRI data of 369 cases of gliomas from the
BRATS2020 public dataset were preprocessed by 3D clipping, resampling, artifacts removal and normalization. The
preprocessed MRI data and label information of glioma were input into 3D convolutional neural network based on U-net for
training and testing. The segmentation results of the whole tumor region, the core tumor region and the enhanced tumor
region were evaluated using Dice similarity coefficient (DSC), recall rate and precision rate. Results For the 74 cases in
testing dataset, the mean DSC of the whole tumor region, the core tumor region and the enhanced tumor region were 0.88,
0.77 and 0.73, respectively, and the median values were 0.90, 0.84 and 0.81, respectively. The mean recall rates were 0.88,
0.78 and 0.78, respectively, and the median values were 0.90, 0.84 and 0.84, respectively. The mean precision rates were 0.89,
0.83 and 0.75, respectively, and the median values were 0.91, 0.89 and 0.79, respectively. Conclusion The 3D convolutional
neural network based on U-net achieves good segmentation results on multimodal MRI dataset, showing its potential for
automatic segmentation of glioma, and it would be beneficial for clinical use in diagnosis and treatment planning.
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Figure 1 Flowchart of automatic segmentation of glioma based

on 3D convolutional network and multimodal MRI
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Figure 2 Multimodal MRI of glioma and labeled tumor regions
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Figure 3 Automatic segmentation network model of glioma based on 3D convolution network
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Figure 4 Examples of automatic segmentation results of glioma

ED

based on 3D convolutional network

L5 2 A I B A I i e S8 A ) X3 1 4
FLE R AR R BRI T IR 4 S A g
DX A% o g DX 3ok R 394 5 Jieh 98 DX 35 i) DSC - 3418
235124 0.88.0.77 #110.73 , Recall *F- 2 (& 73 51l 47 0.88
0.78 #1 0.78, Precision V- ¥4 {f 73 4] 4 0.89.0.83 Fl
0.75 5 MR Z50 40 4 1 R oo Jg DX 3l A% 0 T 3 DX 3
g i g X 38 1) DSC H LA 43 1 S 0.90.,0.84 F
0.81, Recall F1 v {H 43514 0.90 ,0.84 F110.84 , Precision
HRE{E 54 0.91.0.89 F10.79.

RIS

IR 588 B4 70 B 2 Wi o R 7 R e PR A3t
HEE L, A SR B AT LU L B 53
FEINFE ) IS AR 22 B i )R, AH L TR R0 A A
BERURI IR [ Bl FIHOR , 2 T2 R4 T

DSC Recall Precision
1 0 I T L} L} T T L] T L} L} i -§{$
. * * T 7}2‘;[}
R
0.8F s 1 -
: 8
g 0.6F ) | : J
T 04F o o § °
o o 8 o
02fF ° 8 ° °
° [}
0 2 : 8 8 e 2

E5 BRFEARX o B4 REXE

Figure 5 Box plots of the segmentation results of different regions of glioma
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