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Multimodal MRI Brain Tumor Segmentation Based on Multi-encoder Architecture

DAI Tianhong and SONG Jieqi

College of Mechanical and Electrical Engineering, Northeast Forestry University, Harbin 150040, China

Abstract Glioma is a primary tumor originating from glial cells in the brain,accounting for about 45% of all intracranial tumors.
Accurate segmentation of brain tumor in magnetic resonance imaging(MRI) images is of great clinical significance. In this paper,
an automatic brain tumor segmentation method based on multi-encoder architecture is proposed. The model adopts a U-shaped
network structure which expands the single contracting path into multiple paths to deeply exploit semantic information of diffe-
rent modalities. In order to obtain the multiscale features of images.an inception module combined with dilated convolution is de-
signed as the basic convolutional layer;a lightweight attention mechanism known as efficient channel attention(ECA) block is
then introduced into the bottleneck layer and the decoder,so that the model pays more attention to the segmentation-related infor-
mation and ignores the redundancy of the channel dimension,thereby further improving the segmentation results. Using the Brain
Tumor Segmentation Challenge 2018 (BraTS 2018) dataset for verification, the proposed model gets average Dice coefficient
values of 0.880,0.784,and 0. 757 for the whole tumor, tumor core and enhancing tumor respectively. Experiment results show
that the proposed method achieves accurate and effective multimodal MRI brain tumor segmentation.

Keywords Image processing,Brain tumor segmentation, Muti-encoder, Dilated convolution, Channel attention mechanism
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Fig. 6 Visualization results of ablation experiments
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Fig. 7 Visualization of HGG and LGG segmentation results in three anatomical planes

3.6 XtLbsIE

R T BAERT HE S8 2SR S0 Bra TS 2018 Il 44
1 285 A~ il 438 Fl I 2 R34 56 R 48 1 66 A5 19l 3k 47 T
W B J& b AL WU 25 50 2 76 AT A 7 6 15 8] 745 Dice R
H. AFUGREARSCR R 228 B = 285§, A S H Y
BRI ) 32 Ak R 715 4R R, 38 2 R R A s DX I B 8 P g
X 3R Dice EAH R 1 A FTET . Cicek R T 3D U-

Net F£5 5545 ; Ma 4R T 456 25 W B W 3D R a8 %
TR 0 2%, B TH GHR 2540 52 30 1 AS [ DX 4l 1 i ok 983 43 315
Albiol %1% ensemble £ 4% Inception W 2% 7E N 1Y 4 Fh & AU ;
Hu U4 T 20 ROBE R AE 42 U 26 MCCNNL 53 5h 51 A 5%
TFBERLY CRFs 414643 F1 45 5 s Zhou S fE 3D FON [ 2 rfs
T 23 3 45 BURRAE 4 785 5 Akbar SV 31T —Rigi A 2. 5D
U-Net M %, 382 x5 b rl DUE A< S5 125 i 9 %0 IX 3801

220200108-5



Com puter Science

HEHLES  Vol. 50,No. 6A, June 2023

Dice Z A fe = » 34 5 W83 X 801 Dice {H 0 YK 55 » 28 14K ik &g
B ERE LS Akbar S48 A 5 35 H0 Y, Bk ERE R LA
LV

# 2 A€ BraTS 2018 B E4E b 5 H A Jy ¥ (4 % Lo 25 5%
Table 2

Comparison with other methods on BraTS 2018 validation

dataset

Dice coefficient

Methods
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