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Research on MRI brain tumor image segmentation based on dual-
branch feature fusion
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(1. School of Electrical &. Electronic Engineering, Hubei University of Technology , Wuhan, Hubei 430068, China;
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Abstract: To address the problem of MRI brain tumor region misidentification and spatial information
loss of segmentation network,an MRI brain tumor image segmentation method based on dual-branch
feature fusion is proposed. First, the contextual information of the network is extracted by structurally
the re-parameterization visual geometry group and attention model (RVAM) in the primary branch,and
then the rich spatial information is obtained in the secondary branch using deformable convolution and
pyramid pooling model (DCPM) , after which the feature fusion module is used to fuse the feature infor-
mation of the two branches. Finally, the attention model is introduced to strengthen the weight of seg-
mented targets in the up-sampling process at decoding. The proposed method has been experimentally
validated on the Kaggle_3m and BraTS2019 datasets,and the experimental results show that our method
has good brain tumor segmentation performance,where the Dice similarity coefficient and Jaccard coeffi-
cient reach 91.45% and 85.19% on Kaggle_3m,respectively.

Key words: magnetic resonance imaging (MRI) brain tumor image segmentation; dual-branch feature fu-
sion; re-parameterization VGG and attention model (RVAM ); deformable convolution and pyramid
pooling model (DCPM)
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Tab.1 Comparative experiment of different basic networks

AT XTSI S R IR 1 R, B 15N Methods DSC/% Jaccard/% FNR/% Params/M
ST 2 B A B R PERE S bR RS 1 5 R B ResNet50 90.77  83.17  0.28  26.90
XFH . F RT3 B S BT Y backbone i T 4Ok ResNext50 90.74  83.08  0.14  26.37
%K B A A ] N 4% T i ) F
B R oy B2 T TR LA Oy A SRR RegNetY-6. 4GF  90.28  81.58  0.23 25. 43
JA RepVGG, H A RepVGG-A2 5 RepVGG-Blg4
b ‘ : RepVGG-AZ 9125  83.96  0.19  29.70
TESH blocks.a 16 LA, H g4 I0E 4 4%
Bl 46 RepVGG- A2t blocks — [2.4.14.1 7 a— RepVGG-Blgd  90.23  83.46  0.12 41,17
F2 AEMEERIT L LI
Tab.2 Comparative experiment of different network models
Methods DSC/ % Jaccard/ % FNR/% Params/M
RepVGG-A2 91. 25 83.96 0.19 29.70
RepVGG-A2+DCPM 91. 27 84.01 0.21 31.39
RepVGG-A2+ CBAM 91. 33 84. 36 0.15 29. 87
RepVGG-A2+DCPM+CBAM 91.45 85.19 0.10 31.56
3.2.3 EBAR RALME .

AR SCHR H 0 190 265 A B 55 00T A O 1Y BR 2 1 1) 2%
RS PEAT VRAN 48 b HL B X5 L0 52 50 45 2R 43 0l an 3% 3.
4.5 Fr7 B A R L S 56 K 4 A b g 2

3k 3 R AL kaggle_3m $dli 4R o . DSC £
BiSeNetV1 WA T 2.57% . Jaccard index $EF+
T 3.75%  F1 /384T T 1.69% . R #I R ETL T
0. 1% . JF H., 4 3CJ7 ¥ A ¢ T HoAth SCHk o7 v 18
DSC. R RIEREF1 23 O R o3 1 5 B s T

W 4 Prox, 7€ BraTS2019 _HGG %k 38 45
DSC # )7 BiSeNetV1 M I T 1. 49%, Jaccard
index ¥F+T 0.86%, F1 435427+ 17 0. 57% , R 4%
FRETE T 4. 98% . JF H AR SO AT HoAh 3
BRJ7 25 78 DSC N RERECN F1 o380 EIBUR T 5
HEAE. 7 K 4 B 38 45 b b Multi_Scale_ Attention
T E AR

WM 5 s, £ BraTS2019_LGG %4 4
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DSC % Ji BiSeNetV1 W& F T 1. 07% , Jaccard F 4 BralS2019_HGG t5EFEXEMIBIRILE %

index eF+7T 1.96%,F1 48T+ T 1. 34% . R % Tab.4 Comparison with mainstream algorithm

%U}:%ﬂ_ T 1. 24V j‘JFE_ , 7"175{2 *Hiﬁf?ﬂ‘ﬁﬂi evaluation indicators on BraTS2019_HGG %

BRI fE DSC R R R 50 F1 4050 FBUS T &% Methods DSC Jaccard ~F1  FNR

PEAE 75 R 43 #) % 48 b5 L b Multi_Scale_ Attention BiSeNet V1L 88.12 78.71  87.96 10.02

FPEMEAR . 2 [ T, A S B H Y A R ) )y BiSeNet V2" 86.99 76.86  86.76 13.51

[18] )
H L b 3 A B S 44 7 B 1 RO T ] A X — Lo s
et LAl L6 . A

IR i A B g 4 1| 1 A5 A0 7

SRR T U R 2 R 60 R Multi_Scale_Attention"®)  87.04 74.67  85.30 1.69
%3 kaggle 3m F 5EREETEMIEREE % Ours 89.61 79.57 88.53 5.04

Tab.3 Comparison with mainstream algorithm

£S5 BralS2019_LGG L5 REXITEMIEIRILEE %

Tab.5 Comparison with mainstream algorithm

evaluation indicators on Kaggle 3m %

Methods DSC  Jaccard F1 FNR evaluation indicators on BraTS2019_LGG %

BiSeNet V1 88.88 81.44  89.62 0.20 Methods DSC Jaccard — F1  FNR
BiSeNetV1H! 86.54 76.17 86.07 3.51

1 [17] 5 3 4 Y. .

. [18] 5

DANet ' 83.73 72.25 83.73 7.10 DANet 82.5470.30  82.19  3.28
CENet! 87.37 77.66 87.16 6.71
CENet-"" 91.16 83.65 90.95 0.26 Multi_Scale_Attention'®! 84.29 70.32  81.78 1.47
Ours 87.61 78.13 87.41 2.27

Multi_Scale_Attention"* 90.57 82. 31 90.16 4.23

Oure o145 8519 9131 0.10 R Sk 5 2 S A R P 4 4
T PLAL X L A 8T 9 [E 10 BT L 5k 6 5 B2k X

El 8 Kaggle 3m F5ERAENEILERATMLIILE : (a) [RE; (b) GT ER; (c) BiSeNetVl;
(d) BiSeNetV2; (e) CENet; (f) Multi_Scale_Attention; (g) Ours

Fig. 8 Visual comparison of segmentation results with mainstream methods on Kaggle 3m:
(a) Original image; (b) Ground truth; (c) BiSeNetVl;
(d) BiSeNetV2; (e) CENet; (f) Multi_Scale_Attention; (g) Ours
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Fig. 9 Visual comparison of segmentation results with mainstream methods on BraTS2019_HGG:

(a) Original image; (b) Ground truth; (c) BiSeNetV1; (d) BiSeNetV2; (e) CENet; (f) Multi_Scale_Attention; (g) Ours

(a)

B 10 BraTS2019_LGG E5XRA XD RNLERATIMUITLL: (a) RE; (b) GT ElK; (c) BiSeNetVl;
(d) BiSeNetV2; (e) CENet; (f) Multi_Scale_Attention; (g) Ours

Fig. 10  Visual comparison of segmentation results with mainstream methods on BraTS2019_LGG:

(a) Original image; (b) Ground truth; (c) BiSeNetV1; (d) BiSeNetV2; (e) CENet; (f) Multi_Scale_Attention;(g) Ours
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