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MRI brain tumor image segmentation by fusing CNN and Transformer

LIU Wanjun, JIANG Lan, QU Haicheng, WANG Xiaona, CUI Heng
(School of Software, Liaoning Technical University, Huludao 125105, China)

Abstract: This study presents a cascaded neural network that learns both global semantic information and local spatial
details for medical image segmentation of brain tumors, solving the problem that convolutional neural networks(CNN)
are greatly restricted in learning global contextual information and edge details. First, the input voxels are fed into the
CNN and Transformer branches separately. After the encoding phase, a two-branch fusion module is used to effectively
combine the features learned in both branches to achieve the fusion of global and local information. The two-branch fu-
sion module uses Hadamard products to model the fine-grained interactions between the two-branch features, while us-
ing multiple attention mechanisms to fully extract the feature map channels and spatial information and suppress the in-
valid noise information. The method of this paper has been evaluated on the BraTS competition website, with Dice
scores of 77.92%, 89.20% and 81.20% for the enhanced tumor region, full tumor region and tumor core region on the
BraTS2019 validation set, respectively. Compared with other advanced 3D medical image segmentation methods, this
method shows better segmentation performance, which provides a reliable basis for clinicians to make accurate brain tu-

mor cell assessment and treatment plans.
Keywords: medical image segmentation; brain tumor; cascaded neural network; convolutional neural networks; Trans-
former; feature fusion; multiple attention; residual learning
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Fig. 4 Comparison of segmentation effect of each model
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Table 2 Comparison with other advanced methods

- Dice/M11/% Hausdorff95 | /mm
ET WT TC ET WT TC
Valanarasug " 73.21 87.60 73.92 6323 8.942 9.893
Huang’%""” 73.00 82.70 78.80 6.100 8.500 9.200
Vadacchino%:*" 73.30 89.60 79.10 — — —
Li%?" 74.00 89.50 81.70 — — —
XuZ 74.00 90.00 82.00 3.490 4510 6.250
Akbar%™” 74.20 88.48 80.98 6.670 10.83 10.25
Liang%™" 76.64 88.32 81.07 4.968 6.635 7.105
A5k 77.92 89.20 81.20 3.214 5.444 6.915
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25 HEALIE

R T VEAR BT AR A HE AR I SRR AN R A5 AT
WP RE, HEAT T £ R AT 5T, A4S AN [ AR e
PEPE . AN T 43 #ER F Transformer FIAR
2.5.1 TR ARSR )L 4F

3 AAFBIH T E A Y 5Z 25 2L . 3R 3 50
1 172 H 2 14 % (BaseLine) B 345 57 —ER
FL 2R W 2% AN AL & Bk R % 4% (skip connection,
SK) LA K W53 3 il & AL 3t (dual branch fusion,
DBF). SR J5 MK U I gk BR324 42 R0 843 =2 i &5 45
P AN Rl ASEH0T BT 42 07 s i 52 . 3% 3 45 14
T XA E PN RS R H R A R A R . SR
SR NP i e o e <k
34N XA Dice 70 80 Bl T 1.35%., 1.41%
F13.56%, UiAiE i DBF BiHel: CNN 4332 5 Trans-
former 73 3 i i1 B RHIE S B 7E — &, 5 T
FRAERL A B ROR, 52 T 25 1E 85 REE B
HRRA o ARSI Bk BR % #2 )5 Dice 43 5041 %]
PR T 1.22%. 1.83% Fll 2.5%, 14 W Bk BK 34 122 f it
s e LR SR TSRS THEZ S0 HRER,
T Ml R BR T R h R B AT RRAE . G R 3
S UL B4 A AT LAAS M ek g 10 o3 M e s Bl
D 28 vh R AN B R 3G A5 2 — 2 2 T

3 AEERITEE Dice S E AL R
Table 3 Results of the effect of different modules

on the model Dice score %
Jrik: ET WT  TC
BaseLine 7586  87.61 76.24
BaseLine+SK 77.08 89.44  78.74
BaseLine+DBF 7721 8898  79.80

BaseLine+SK+DBF(A VL) 7792 89.20  81.20

252 AT HHE

AR SCHWEGE T 40 T 4 B 0 BT 2 A AL 1) 5
M, FH T Transformer M3 54 B 5 %0 T 43 FE
O W = A TN R NI 2 <8 S NS IR IS
JEE DU, DTG P AR 5 e W N AF T FE . 46 4 Thsg
B 25 R W] WA T A3 B3 (G ) S ) AT
DL B B R R, X 2 B T Transformer i 584 )
A S g i A G R 2Z A E A IR E R
FLORTT T, A6 M g o BUAE 55 b, R b T A R
M 32 BRI 16, B TR AR iR X 4 A5 B AT B AR
b, Yo g DXORN i 988 4% 0 IX 1Y) Dice 43 053 ) £
w7 0.85% 1 1.2%. 2 Vit dhig i B, AR
Hif F 16x16x16 1E R BRINR A T 20 BER KN, TR
Bt H T I AERR I, A SE B SRR RO

R4 AT P EIGEE Dice FEHIF ML R
Table 4 Results of the effect of patch resolution on

the model Dice score %
TR ET WT TC
16 77.92 89.20 81.20
32 77.07 89.29 80.00

2.5.3 Transformer ALAE
Transformer A9 FLEE A7 [0 /2 RSF Fil Trans-

former JZEX RIS o PRI, AR S 3 48 ek B e )2
JUSF #1 Transformer 2 80K % iE Transformer HAR
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(Large) BB B S 408 E y 768 Fil 12, 528025
WA 5, N5 ] DL 30 4 i) s A At fii Jieb 97
o1 EIPERE HAS ] T RS R T, H X R A T
BN, AR BRI ZRat R . S TR A AL
WA, AR SR <A A AT i
FEE M

5 Transformer FZXTHEE Dice 53 1 &2 MM 45 R

Table 5 Results of the effect of Transformer size on

the model Dice score %
Transformer i ET WT TC
FL Rt AR 77.92 89.20 81.20
ALY 78.08 89.34 80.65
3 #AKE

ARSCHE T — OB S Bk X 265 FH T ik e ges
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G ek 92 4 R PPAG FIG 9T SR BRI T AT RS . 0
S, AR T T Transformer F B A 2
B K, (A AR R Sk B 5 1% 48 4 B 22
M LN . AE IR 2 TAE T, B0 B Ak
i) Transformer 2514, fii 15455 U 75 LR 45 73 IS FE 1Y
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