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Multi-modal brain tumor segmentation method under same feature space

CHEN Hao, QIN Zhiguang', DING Yi
(School of Information and Software Engineering, University of Electronic Science and Technology of China, Chengdu Sichuan 610054, China)

Abstract: Glioma segmentation depends on multi-modal Magnetic Resonance Imaging (MRI) images. Convolutional
Neural Network (CNN) -based segmentation algorithms are often trained and tested on fixed multi-modal images, which
ignores the problem of missing or increasing of modal images. To solve this problem, a method mapping images of different
modalities to the same feature space by CNN and using the features in the same feature space to segment tumors was
proposed. Firstly, the features of different modalities were extracted through the same deep CNN. Then, the features of
different modal images were concatenated, and passed through the fully connected layer to realize the feature fusion.
Finally, the fused features were used to segment the brain tumor. The proposed model was trained and tested on the
BRATS2015 dataset, and verified with the Dice coefficient. The experimental results show that, the proposed model can
effectively alleviate the problem of data missing. At the same time, compared with multi-modal joint method, this model is
more flexible, and can deal with the problem of modal data increasing.
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Fig. 1 Two frequently used brain tumor segmentation

frameworks based on deep CNN

AN 2 i )i 1) 22 M5 I R 43 B D RS R R T 2
R Tk ek 8 43 B0 9, X T Y R A 2 S 4 Mk ek R A
A R SR IURAE , AP E — s 2 MBS B R S B 4%
TCE AR BURHAE .

2 MR

ARSI Z RS BT EA R T8 i 28250 807
5 ASSOR A I B 28 2% B RRAE S HRE 1 , SR PR R] A 1
22 [0 245 B RO [R) B S B O AR AIE , IR AN R 2 [ —
FFAE 23 8] N I RAAE 45 A R T 20 SO R o DALtk AR SR
Hh ARG 3 PB4 (AN L 2 7R )« — A R RFAE SR IBGHR 435
— A ER S EIAR S o RHIE SIS R B I A — RS 1Y
FEAE, Bl 5 20 ) 0 2 DU g — RS R 285 A R T 0
e

T1
{ HHAE
R AE SR AR Tic

Tie W] Lord [ | [ P E N\ _[434], [Softmax
FLAIR % FLAIRANE R [ | 2R

FHIE

T2
FHE
K2 Tt e SARHESE
Fig. 2 Overall framework of the proposed network
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Fig. 3 Feature extraction
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Tab. 1 DSC results of fully connected layers of different sizes

R/ BRI/ BRI BODIME SRR
25+160 0.83 0.59 0.54
25+200 0.83 0.61 0.57
25+240 0.83 0. 62 0.56
25+280 0.83 0. 62 0.59
40+160 0.83 0. 64 0.58
40+200 0.83 0. 64 0. 60
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Tab. 2 DSC results of networks without FLAIR modal data
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Tab. 3 DSC results of networks with different training strategies
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Tab. 4 DSC results of networks with random data selection training

methods under data missing

Tk li=RA G BRI AR R M
Without T2 0.81 0.59 0.57
Without FLAIR 0.72 0.55 0.57
Without T1 0.83 0. 62 0.58
s Without T1c 0.82 0.36 0.17
i Only FLATR 0.78 0.25 0.09
Only T1 0.57 0.27 0.25
Only T2 0. 59 0.29 0.26
Only Tlc 0.46 0.40 0.46
Without T2 0.81 0.55 0.57
Without FLAIR 0. 64 0.53 0.56
Without T1 0.83 0.58 0.58
o Without T1c 0.83 0.26 0.07
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Only T1 0.57 0.23 0.25
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Tab. 5 DSC results of the proposed method when adding

new modal data

DIRES KM BoLME SESRME
T1.T2 0.68 0.29 0. 09
T1.T2+FLAIR 0.72 0.31 0. 11
T1.T2+Tlc 0. 69 0. 40 0.28
T1.T2+FLAIR+Tlc 0.73 0. 40 0.28
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