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Fig. 1  Struct chart of Classical 2D-CNNs

28 ML) 2D-CNNs 3 2 F 8 =R ], Hbi A5
PG G BE /NN SE L SR W B i UG AR BBURFAE | 5
iz FH 2 MRI fig iz 43 %1 2t BN T (a) 8. 1 5, 22
Xof i e PR A7 40 ), Wb A% BN R R A5 E AT 4%
25, T AR IR A HRE R B ME R AR, 1T A
LRI /INHE LA 5 vk, AN TR A Beed R/ NAS
— TRl NS T] P 2 i P g 1 R /Nt A — o B
i S YNGR 2 0 T IR a5 A i AR SR, o X DA
PIRG4S 38 A3 9 AT A B IRE o5 5 55 =, ]
Fe4r A MRI ) 2 6580 25 15 18, 52 B0 07 &5 6 52 1
Vi

g T g AR A, Xt 28 ik i) 2D-CNNs i 4
Tk,

ZABZ 3D-CNNs 41[& 2 7R, B A 285 i AR
[l (o7 5 1 /NABIR U 14 x 14 ( HARABIR /MR 25
B P AE FOL AR ) 4L 3D (14 x 14 x 4) [ i i
N2 6 MRUESLZ IR /AINA 3 x3 x2 146 B
B bR A JZ AT B R 155 6 4~ 12 x 12 x 3 4
HEE C136 4~ C1 ZHHRIEE A 20t 2D S35 F R
FEFFH S2 22592 J2 B F SR A G Zead 12 4~ 3 x
3 x2MAEBIEMG 155 12 4~ 6 x6 x2 FFFER] C3
203 22 PR RAEGRE 4 24 )25
AL 51551 96 4 H4RAIE 5] FS

— ‘|[_|= lFrﬁ:
3x3x2 22 IR 330 Y 22
JRAEERN 2 Cl2 S2)2 C3)2 S4Z 52
14x14x4 6@12x12x3  6@6x6x3  12@4x4x2 12@2-2x2  9g

&2  Z#75 3D-CNNs
Fig. 2 Multimodal 3D-CNNs

ZHEZS 3D-CNNs J g i A JZ i A 25 2 [
PG, d et 3D R, H S PRI RS 2 ] 1Y) 22 5
B A B i S BT BT XS [ A 22 5 A5
EPEBA R 7 A 5 T R AR FEAR A AR SE AL 5
WA EAE S, RN HIERIUAR B AES ;2



80 (R S Y NS T N 14 %

PRSI ) i A8 A5 B o A 28 D A A A5 R
LAE A [ T2 502 19 T g s, B2 o ik i 9 ) 3 35
W
2 ETZ4&R75 3D-CNNs $HEFRERAY

MRI fix i f5 53 &1

T Z B 3D-CNNs FFAEFLHC) MRI ik i
oy MR TUAL B RRAE B2 3 R AR 18 9 I 2R 00
R I EIEGES R ASCRMAFIE RN 3
e

FEFFESRIBOT T, 2845 3D-CNNs F RE 4 IO
AFITF 3R A B A (4 22 5 05 B, (HIR B 2 ) &
TR AG AR, 1T Haar /N A A
H—Fh ] A R S A BT ik, RETBRRW
MR J3ifihag 43 1 o 1 1 S R AE 4R IO 35T o i AE
AR LS 3D-CNNs FEAEAY[RI I, 2 2% SCHk [ 18 ],
R A EEAS MRT B4 3D RB38K 15 5L 43K
PI{E AR HE2E | Haar /NBARIR K0S 24855 3D-
CNNs AR [ A4 J8AS 3000 307 3 100 R Ak,
H 3D SRS x5 x 5, HF R M (PCA)
TSR RR AR SR HEAT R A 0 5, 10K 30 e 248 70 53 B
TUARAE BT H B o 1 FHEE T8 1) A, pR B H) SCFf 1)
EHL(SVM) 1E R R I3 et 2 KA I 25 I,
BENLLE O A — 25 R 1 1%, e 9 2145 B 60
W RAE R GRFEA

NZZ R

I

J

Il A A2 &

FLAIR, T1, TIC. T2 FLAIR, T1. TIC. T2 g5
_‘ﬁ [ iE
i
YIZR3D- %
ARBRARIE . | | CNNsBHL SRIRAREE | Ai
Bl 7 ) Wit 7 K
7, Haar 3D&f§CgNS 7%, Haar 4k
AN AR AN AR
ZH 3D-CNNs A
P
anzsy\ N7
brPCA) [ F(PCA)
?J_IF
KEZNEERT o
fiEHRRE =
EH= SVM i o
>98% RrREL JRAbH ?;E
e x
ik

K3 ATk ARG
Fig. 3 Flow diagram of the testing phase
of the proposed method

TEZ RS 3D-CNNs 28I 45 L, BERL £ —
J2 5 R 2 TG S % oA 1 P e 5 AR R 28 H 1Y

AN UIGRAEA , (i T AR A AL A —,
ity Jed L 4 283805 B A AR, MO T AN RN 38
1 RS AU T2, B IR S R DG 6 A2
RBIIIN s 1 E B/ IN G X YNZRAEA ) Z2 0
) PAF R A N Z RS 3D-CNNs & JZ & BALUE S
T B S

3 KWHERSHH

FEATT SEH b, AT S i SR A E RS
3D-CNNs Ji i A JZ 08 388 10 BOEL S [R5 28 05 T
Z LA 3D-CNNs FRAE 1Y J7 75 52 3000 i i g8 MRT 4]
B3 E, I8 — o M AT R A 2 #5835 3D-
CNNs $FAERY T3 125, AN [W) 9 N BT 28 B HS R 1) 22 S 1k
I E AT 28035 3D-CNNs AR AE 1y T ik ML T 2
B 2D-CNNs FRAERY T 364700 bE , DA IEA SOy
A ROE 5 2 2R dice 24 (dice similarity
coefficient) Sensitibity* FlI{E FH R (FP) " 254 R

BER PR I Z5 R, o dice BRI 5250 70 H1 45
RELFT3 BRI RIFREE, Sensitibity R
o3 E) TE R R bR BT L B, 3SR B O Mat-
lab2011a,CPu3. 40 GHz, RAM4. 00 GB, Windows XP
Professional ,

X B T MR &R B ] SCHR oA ] ) 7E 2k
K MICCAI2012 ( http://www. imm. dtu. dk/pro-
jects/BRATS2012) ,iZ K JiE 11 B. Menze, A. Jakab,
S. Bauer, M. Reyes, M. Prastawa #ll K. VanLeemput
SN, A 45 ETH Zurich, University of Bern,
University of Debrecen Fl University of Utah 7& N AJ#L
PRt o8 4 B 44 0 N Bde . I b 45 B Ay
FLAIR T T2 T1C PUF & e &4 (512 x 512 x
176 ,1 x 1 x Imm) , 4 10 1] FL 5 N BCHE 217 ivi
i 9ed 53 H S
3.1 BECCEME

ZAZS 3D-CNNs [ i i A= 2280 Ik 45
FRRIPUCT SRAEA REAS 200 46 1L , SO o o A=
TR (10 +4n) x (10 +4n) x4, Hfn HH
IRE, &l 4 AN R AR N ) — 55 A5 F- 1
SrRIEE R, W AT LA s AR OR/INTE 14 ~
26 I, B2 1853 F I 6] 55 /)N g v 46 23 FkG B
ARBAEA BRI K, SRR FAE A 10 ~ 30,
3.2 FAEMAERXFTELERDH

5 SR 10 9 A 45 HITZR)Z 043 B 25 5 IR
A I RN 1.2.6.7 .8 il | 2835 3D-CNNs
RIS 23 0K R TG B 2 A2 Ak, 33X 2 el T AR UK B
Haar /NEARAR 22 80 C & REAR UF O R &R R )
FRAIE, X T A 3.4.5.9 .10, /i1 I 3D-CNNs ¢k



314 % A T 2 3D-CNNs ARSI MRI i g 738175 7% 81

100
90

80 /
-
60

50 /

40

dice/%

10 14 18 22 26 30 34 38

A1k R /M(mxmx4)
4 ZHids 3D-CNNs 54 A IR/ (size)
AR

Fig.4  Curve graph of multimodal 3D-CNNs and neighbor size

T IR 040 RS A 0] 8 100 3 R T2
675 3D-CNNs F135 R AOHEI T R T4 045 6.
SERER V1 2502, 5 L0 SIS P O
A

100

Il oray +haar Il gray-+haar+3D-CNNs

L

90t

dice/%

ssH—Mll-

FS  AREFFIEIZRIZ 20 A5 R XT L

Fig.5 The comparison of different features

in training layer

&1 TARAFHIEER

Table 1 The average segmentation result of 7 patients
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Table 2 The average segmentation result of 10 patients
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Multimodal 3D Convolutional Neural Networks Features for
Brain Tumor Segmentation
LUO Man, HUANG Jing”, YANG Feng
(School of Biomedical Engineering, Southern Medical University, Guangzhou 510515,P. R. China)

[ Abstract] Because the feature extraction in MRI brain tumor segmentation can not adapt to the arbitrary and

differential of the brain images, this paper proposed a novel segmentation method based on multimodal 3D convolu-
tional neural networks ( CNNs) features. As a supervised features extraction method, CNNs can extract the texture ,
shape and structure characteristics automatically according to the characteristics of the image itself in the training
process. By combining the 2D multimodal MR images into 3D primitive characteristics and utilizing 3D-CNNs to ex-
tract features, it is more conducive to extract the different information between different modal,, remove the interfer-
ence information among the different modal, shrink the neighborhood size of the original characteristics, and adapt
to different tumor size change image layer on the same and further improve the accuracy of MRI brain tumor seg-
mentation. The experimental results showed that compared with the current unsupervised feature extraction method
and 2D-CNNs, this method can adapt to the diversity and dynamics of different patients and modals, and improve
the segmentation accuracy of brain tumors.

convolutional neural networks deep learning feature extraction brain tumor segmenta-
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