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Glioblastoma Multiforme Multi-modal MR Images
Segmentation Using Multi-class CNN

LAI Xiao-bo',XU Mao-sheng” , XU Xiao-mei'
(1. Medical Technology College ,Zhejiang Chinese Medical University ,Hangzhou , Zhejiang 310053 , China ;
2. First Clinical Medicine College ,Zhejiang Chinese Medical University , Hangzhou ,Zhejiang 310053 , China)

Abstract: To improve the accuracy of segmenting the tumor sub-regions in glioblastoma multiforme ( GBM) multi-
modal magnetic resonance (MR) images,a GBM multi-modal MR images automatic segmentation algorithm is proposed by
using multi-class convolution neural network (CNN). Firstly, after 98% winsorization and registration for the GBM multi-
modal MR images, the bias field was corrected by using the N4ITK method. Secondly,a multi-class CNN model mainly con-
sisting of four convolutional layers,two pooling layers and two fully connected layers was constructed ; the GBM multi-modal
MR images were pre-segmented after training,and voxels were classified into five different labels. Finally, all false positive
regions smaller than 200 voxels were removed, and the final segmentation results were obtained by median filtering. The
Dice similarity coefficient DSC, positive predictive value PPV and average Hausdorff distance AHD were adopted as the e-
valuation index ,and the DSC,PPV as well as AHD were 0. 889 +0. 087,0. 859 +0. 127 and 1. 923 for segmenting the entire
tumor tissues in F-C-GBM dataset by the proposed algorithm , respectively. Results indicate that the proposed method can ef-
fectively improve the performance in the segmentation of the GBM multi-modal MR images and may be expected to have
clinical application prospects.
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PR 5 0 ik 2H 2R R TP A DAR R 647 /325 Sasikanth F
Kumar'” F1] FH 5L &I 14 [ 38 I3 o 25 1000 HE B0 32K 2%,
SEET M M S 9RE  H SAATL A B RS RN 431 5 Varuna I
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JERAE L 21 X ) 25 %) GBM BB 3% 14 T 5 B A T H
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8 7 Hrp 48 i GBM SB35 1 = FhBEAS MR B84
TCGA % b3 % i Jed 11 9% B¢ ( national cancer in-
stitute , NCI ) F13€ [E B R N\ R E R HBF5E B¢ ( national hu-
man genome research institute, NHGRI) F 2006 £ 5 )3
B, 4 TR B 2 6 S AR T T TR, SRy T A B AR S
CNN #ERLZpH 5 A GBM (835 2838 MR KR 1)
BOR B AR BA 5 CBM R 12 W 25 1 ik
B HHRICAERY 52 7 GBM HUE I =FiE S MR B4
ot , g r v EOCHE GBM 5235 B4 4E (C-GBM) . S5

Bn En PRANAE BN 2 Prs, i TS B9 I, MR
PG RIE ) b T 2 T 22501 IeAh, 9 1345 F-GBM A1
C-GBM S5 K A 14 EC{EL I, AR SCM) AR AL i S
FEIET Matlab *F- 571 % T GBM Z A2 MR 445 1E
WA BRI 9 FrR , i PR BAT 5 GBM Il IR
AR 1 BN R, GBM R 5 1) =R MR
K4 Tlw-Pre \T1w-Post fl FLAIR 735! FZhAR{E 4 24
X 35K.

R2 FATHHESHFARE

BH HufE
VLD NAVE S 512 x512
Y1 )7 [l B/ mm TIWI-Pre:3 ~6.5,TIWI-Post:2. 5 ~6. 5,FLAIR ;2.5 ~6. 5
8 2 A1/ mm T1WI-Pre ;0. 4297 ~0. 9380, T1 WI ~ Post ;0. 4297 ~0. 9400, FLAIR ;0. 4297 ~ 0. 9380
i 57 i i)/ ms T1WI-Pre :416. 6640 ~3379. 6, T1 WI-Post ;4. 944 ~3285. 6, FLAIR ;8002 ~ 11000
[l 9/ ms T1 WI-Pre 6. 3560 ~ 15, TIWI-Post ;2. 1 ~15 FLAIR;120. 3 ~ 155
J2 T 5/ mm TIWI-Pre:3 ~5,TI WI-Post:1. 4 ~5 ,FLAIR:2.5 ~5

FAD |

ID: 02-0037

o fR7F

e (B ]

AL B AT R AR S AN T s AT B
b3S A Intel (R) Xeon (R) Bronze 3106 CPU @
1. 70GHz , S5 FH 1) & Ak BR 2% 780 528 GeForce GTX
980 TI, N f# 5 32GB; i {f & 4 B 5 Windows Server
2008 R2 ™\ iR¥EAE R S5, Matlab R2015a L)} MatConv-
Net T ELF4.
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CNN A, Ry 1 e ER PR 25328 CNN B 47 1)
G5, AR SR 38 ) I 5 B A 5 1 MR B 43 S X 2, 43 i)
A 5y EARAE N label-1 14 iR ZH UK A R B (B 1)
Gy AR N label-2 [ iR 20 21 X 1 R E (21.68) 4y
JEhR%E A label-3 [ I Rs 41 21 IX B R B o b 28 0

label-4 (i 20 2 X SR B 43 2645 %5 24 label O 1)
TE 5 R4 21X %) PR e L T g 2 41 X5 1 3 il 41 41
X AR R e (55 ) |, &l 10 R, 78 Al 25
AR A, AR SO L 26 B 500000 A B G B X T 407
GBM JE3# 1) = Fp LA MR EMG B , 12 IO A i 21
ZX LA S i 20 271X 5 18 G 41 201X s 4k ) PR
B i A T 5 B D) A IE B A 41 20 XA PG e o R BL
TEHL.

K10 EHEIIAR B

R T AR A 2E )RR A 2] 2 R TR
A ), AR SR 104738 IR L B0 iE AR S0 2 41 2
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BIFIREEE 5 Ry 10 20, 44 3 L8008 73 B Al— R R 4R
FARN 9 AR E IR XA S35 10 AR, F
X 10 AR F5r 2 1 10 3 110 20 28 o A R 00 S 2 B AE
AL 24325 CNN B PERETEAS . 5 B2 0 2, )
— Ik CNN BRI GBM B 215 MR [
PR ANREAE I 08 1% CNN AR 7R 3547 431 %6 )
KA RN GBM B35 1) 28148 MR B, w] /] —
YL CNN BHELEE I A R 2 43 F1 8 label-0 |, label-
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1 .label-2 label-3 FI label4 T2 [A IAR2E.

KX Z 432 CNN BRI L5 25 AL AQE 0, >R ]
ADAM B3 fn s e S CNN W4 i, L =42 808, .6,
e 4RI BB A 0.9.0.995 F1 10 °; 23 % e M 3 x
10 “ERHEREZ 3 x 107 AR RALS, (4.5 x 107
L2 TENMEFESII 240 A BE 2 0. 03 ;7 H dropout J7
N2 IR T SRR p BE R 0. 55 5 B2 HYAL
HAH] Xavier ¥ 7E 17 9] i A I s & 000 i 46 0. 15
LReLU i A Z 4 « = 0. 333.
3.3 iFMiERR

AR SR E H 43 AT RS B A ) 9 1) A L SOR
ASCEDN oy B s RS AR RBA BHA £ & GBM I IR
ARSI 2 5 1) B T B bR T AR A 1 BRI 2R AT H
B, 50T GBM =FBZS MR MG R ZR 1 0 16 0. 4%
SO B Dice AH R 2 % (dice similarity coeffi-
cient, DSC) DSC ., FH 44 7 | {& ( positive predictive value,
PPV) PPV #1314 Hausdorff Jf 25 (average Hausdorff dis-
tance, AHD) AHD =P 384r & W IEH GBM £ 75 MR
K50 BSEE R PERE , Hat B0 an =X (7) ~ (9) Fion.

2TP
DSC_FP+2TP+FN (7

TP
PPV_TP+FP (8)

AHD:maX(dAHD(AyB)’dAHD(B’A)) (9)

T1lw—Pre

T1w—Post FLAIR

o TP FoR BR8P SRR I BE P~ 8k, FN 3%
AMEBIPEN G A S B 34 F0 25 5 0 A XA 1 )
45, B R8T o3 H1 45 A AT X A [ S A o,
d i (A,B) A3 1 (10) 71554845, DSC B0,
1], HGl o, Fe I AL 1 43 B 25 3 5 T 3l 31 25 b2
TS HICRER AT s PPV Sy 435 IE B A4 e AR 2R o 4o )
S50 R (AR 2R (9 BB s AHD Sl [ 3l 43 B0 45 2 T
Bl oy EI S ) R 22 5, HAE BN, 3R A B4 B
P S

1 .
dy (A,B) =W z min l ai_bj I (10)
a,eA Vi€

3.4 ZWERSH

11 AR 12 S AR OB A B S B B R 48 F-GBM
F1 C-GBM i =A~/R ] GBM 2453 MR BT A 815
N AL S, WEIR T E B AR SO 7] GBM 2B
MR U455 % K TF-3hbn i i B0 B AR 5 420k I
Hr, 55 1 5108 Tlw-Pre B525 MR U] 5 1R IR, 46 2 51k
T1w-Post 525 MR Y i it JL L, 55 3 %12k FLAIR 5275
MR Y] F R R, 56 4 51 AR SCE 6 GBM = R
Tlw-Pre T1w-Post I FLAIR ) MR B4 #E47 43 %1 1545
HH S BIAR SR 41 B 45 R S N E) FLAIR 52725 MR 4]
F BRI IELL 5 6 51k L T SR i 1) FHAE B & i 3
FLAIR #5525 MR ] 1 1% _E R .

H 3 7 145 R [EVIESES FUH

m label-0

label-1
= label-2
B label-3
= label-4

11 F-GBMSZG G4 7 45 51

3 A SRR A ) 6T S 55 4 4R F-GBM. Fil C-
GBM 1) GBM Z 4525 MR KR #4773 %) i 15 label-1 |
label-2 label-3 label4 F1 label-5 4141 [X 3} 2% 5 1 Dice
FEATE 288 DSC, 3£ 4 Sy A SCERTE 43 00 6) S5 16 54 4R
F-GBM #1 C-GBM H1 iy Z 35 MR Q347 53 % 1%
label-1 label-2 label-3 . label4 FiI label-5 2H 2H [X 3§ 4% 5
Y BHPEFUMAE PPV, 38 5 Sy A% SCIR 43 3 % 5 36 Kol

F-GBM #1 C-GBM iy Z 35 MR &R k47 73 &) i 1%
label-1 label-2  label-3  label4 FI label-5 £ 21 [X 35 4%

(1°F-34) hausdorff JF 25 AHD. H i :label-5 734> GBM
g DI AN 3 ~ 3R 5 AT LLE Y, A SCHRL 43 ) C-
GBM SZEG A 46 1Y 45 R X0 4 1 70 1) F-GBM S2 50 4K
PSR EE R LR B N C-GBM 256 B 42 B F-
GBM SZH0HCH0: 4 T 0K, BE 8 $2 OB B 22 14 4% MR
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R/ N 2253208 CNN i it BE 20 IR 22 B82S MR 181155331 1745

DX b G55 1 i 4 21 X300 B A Y PR B, AT fiE 2
532 CNN BRI AL RE ) ik, Al 3% 3 ~ 38 5 ik 41 il

T1lw—Pre T1w—Post FLAIR

TARSCRE 7 925 B 4 F-GBM Al C-GBM 5 9 i
(5B K e F-C-GBM & i iE A 45 1.

H ) 3145 R EIEEE

label-1

gk
P

,\17 ';’/\ B label-0
N\

» ) A A = label-2

= label-3

\\\ ‘// \\ & // = label-4

K12 C-GBMSZHAH 4 73 R4 R
=3 ASXEEM Dice HHINE R E DSC

Hofse label-1 label -2 label 3 label4 label-5
F-GBM 0.767 0. 125 0.816 +0. 161 0.782 +0. 087 0.709 £0. 217 0.887 +0. 106
C-GBM 0.781 +0. 197 0.829 +0. 153 0.788 +0. 124 0.721 £0. 189 0.893 +0. 091
F-C-GBM 0.773 £0. 136 0.821 £0. 132 0.785 £0. 091 0.717 £0. 192 0. 889 +0. 087
F4 AXEZEHAETNE PPV

$laE label-1 label-2 label-3 label4 label-5

F-GBM 0.885 +0. 104 0.831 +0. 156 0.773 0. 215 0. 697 +0. 197 0.824 +0. 158
C-GBM 0.916 +0. 079 0.858 +0. 133 0.789 +0. 183 0.726 +0. 125 0.875 0. 116
F-C-GBM 0.897 +0. 098 0.842 £0. 145 0.781 £0. 171 0.719 £0. 117 0.859 +0. 127

RS AXEZERTF Hausdorff BEEG AHD

BIRLE label-1 label-2 label-3 label 4 label-5
F-GBM 5.159 4.772 3.683 3. 856 2. 406
C-GBM 3.973 3.927 2.671 2.115 1.392

F-C-GBM 4.518 4.485 3.257 3.348 1.923

o1 T GBM Z %5 MR EE AR R E, AL GBM Ji
TR AL E /NVRISEH oA SEFE A [ E MR RS 2
WA AN, 45 GBM 28135 MR KR A sl kB
KPR P73 GBM Jogg A [a] 5~ Xl 35— 2k
X GBM f 3 A= A I B o S J0 4 T A9 & J2 IO R
FRAE (1 4n, g o0 R A B 3 o X SRR 48 ) L IR
AR —SERIE I N B S 1 T YR AE I LK GBM g 43
A [7) 5 DX T A [R5 1 MRS58
PREE HOME TR A SCIRE 5 ik S8 7 R R AT B R AR
Pereira % 3%:""°' Fl Havaei 83" B T 5548 F§ Tlw-Pre .

Tlw-Post fil FLAIR =Fii s MR EUZ A1, if 7 1 T2
BLAS MR EMR , RO DU AL A MR EG0RE il i 98 43
E A g 7K e 2 2 DX R e 9 AL 4L IX g SR AR A 4
X AR BRI R 42X 5 B8R Pereira 5.9  Havaei 5.7
FA LR 53 HIHE A GBM i 20 23 X 88 (73 R hn 28 h
label-5 ) [)°F-33) Dice A {144 Z %k DSC ¥ F 0. 8, {H &
ARSI DSC ZR K T Pereira 5745 Fll Havaei 87
f) DSC. Zikic 2" B T % ffi Ffl T1w-Pre . T1w-Post #l
FLAIR =F 745 MR &% 51, if 75 ] A T2-TSE , DTI-p
1 DTI-q =FPEAS MR EHR, RIS B /S P B MR &
60 10 ok 98 4350 Ay g K I 2L 81X 3 BR IMRg L 2L X
[ SRIE L ZL X, Fr 45134 Dice AH{BI: R %L DSC 433l
7°0.80.0.85.0.75. 3 6 Ay AR SCHBE Al — g iR AR vk
SR VAR 5 B 18 0 LA K 4 50 I g AN [] - DX 7k g
A



1746 H, =g 2 R 2019 4F
*6 ATREFEMMEEEITR
DSC
Ik A EITE S
label-5 label-1 label-2

Havaei 0. 88 0.79 0.73 BRATS-2013
Pereira 0. 88 0.76 0.73 BRATS-2015
Meier "’ 0.82 0.73 0. 69 BRATS-2013
Reza!?! 0.83 0.72 0.72 BRATS-2013
Subbanna!?!) 0.75 0.70 0.59 BRATS-2012
Tustison %) 0.75 0.55 0.52 BRATS-2012
Kwon! %! 0. 86 0.79 0.59 BRATS-2013

0.887 0. 106 0.767 £0. 125 0.816 £0. 161 F-GBM

AR
0. 893 +0. 091 0.781 0. 197 0.829 £0. 153 C-GBM
. [3] STIN B,INGEBORG G,ROEL V H. Machine learning
4 HRIE

TR A GBM R 4143 o4 g AS TR) - DX 38, IF
P27 GBM 25 i+ X 3o B By fEmf M, A SCH i 17—
Fp3EF £ /32 CNN 1) GBM Z % MR &% A 245l
S, RBAEAE I I I PR S B 75 SR 1) 4 Tk A A g
O3 R IE I AL AUIX L BRI 2 21X iR IR At A1 4
DX A0 6 SR M8 4 20 IR R SR AE 4 X ) T1 57
HIX DA BALSE T1 5% X[ FLAIR 5% [X. D) Dice #f]
RLPE Z2 55 BH A T30 F11°F- 24 Hausdorff B5 25 8 ¥4 48
B AR SCRE A #5256 KR 4 F-C-GBM [ 3% 4 i K
HOR R 7 X 35 1 Dice AH L P 2 %45 51 24 0. 889 =
0.087.0. 773 + 0. 136 0. 821 = 0. 132.,0.785 = 0. 091 Al
0.717 £0. 192, PHH: TG 43 51 4 0. 859 0. 127 .0. 897
+0.098,0.842 + 0.145,0.781 + 0.171 F1 0.719 =
0. 117,57 Hausdorff 75543 51 7 1. 923 4. 518 4. 485
3.257 Fi13. 348 B LAR = M HERA X GBM 2435 MR
EURIEAT 40 8, A8 T30 4 48 3L 303k ] 34 it JR 1
CIp=

WAl iff— 2542 5 GBM 2454 MR &4 45 i 7
X 38 s A Ak 1 43 0 PR BE R AR A S Y E BT
Jy ).
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