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Graph convolution-based adaptive feature fusion method
for MRI brain tumor segmentation
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Abstract: To address the issues of insufficient global information capture and inadequate deep semantic information fusion in

the U-Net model for MRI brain tumor segmentation, a novel brain tumor segmentation network, ASGU-Net was proposed.
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The algorithm was based on 3D U-Net, incorporating a graph convolution inference module to capture additional long-range
contextual features. Additionally, dynamic snake convolution (DSConv) was introduced in the encoder-decoder to better
accommodate the varied shapes of tumors, enhancing edge feature extraction and improving segmentation accuracy.
Furthermore, an adaptive spatial feature fusion (ASFF) module was introduced in the decoder to enhance the feature fusion
effect by integrating semantic information captured by multiple encoder blocks. The evaluation on the publicly available BraTS
2019—2021 datasets shows that the Dice values for whole tumor, tumor core and enhanced tumor are 90.70%/90.70%/
91.00% , 84.90%/84.00%/88.80% and 77.30%/77.40%/82.50% , respectively. The experimental results demonstrate the
effectiveness of ASGU-Net in the brain tumor segmentation task. ASGU-Net can effectively addresses the issues of inadequate global

information capture and feature fusion, providing effective reference for high-precision automated brain tumor segmentation.

Keywords: computer neural network; brain tumor segmentation; 3D U-Net; graph convolution inference bottleneck layer;

dynamic snake convolution; adaptive spatial feature fusion
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Tab.1 Ablation experiments on BraTS2020 validation dataset

DSC/ % 4
Methods
ET WT TC Average
U-Net(baseline) 77.30 90. 40 81. 30 83.00
GU-Net 78.00 90. 80 80. 90 83.23
GU-Net+ ASFF 77.60 90. 50 82.40 83.50
GU-Net+ DSConv 78. 20 90. 40 82.90 83. 83
ASGU-Net(ours) 77.40 90. 70 84. 00 84.03
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1 ASGU-Net BRI 4 ET . WT #il TC 9 DSC {E 43 Jl3k %] T 77.40% ,90. 70 % F1 84. 00 % , #H#L F baseline,
ASGU-Net B FHVERER W BAR T FE 0 B UE T ASGU-Net #5578 figi i 53 23 04T 45 vb 8 00 b vk A g 2 v
e WIZ A AU RR A% 75 52 5% 10 B2 2 MR 43 BT 55 v 4 3t B vy | G 3 R 8 i e
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Tab. 2 Results of comparison experiments on BraTS2019 validation dataset

DSC/ % 4 Hausdorff95/mm ¥
Methods
ET wT TC Average ET WT TC Average
KiU-Net 3D 73.20 87. 60 73.90 78.23 6.32 8. 94 9. 89 8. 38
SoResU-Net " 72. 40 87.50 78. 80 79.57 5.97 9.35 11.47 8.93
AugTranSU-Net''*] 78.20 89. 70 80. 40 82.77 4.11 6.65 9.56 6.77
DMFNet!'*] 77. 30 89. 70 81.70 82. 90 2.84 6.19 6.59 5.21
AE AU-Net!? 77. 30 90. 20 81.50 83. 00 4. 65 6.15 7.54 6.11
CA Net!?! 75. 90 88. 50 85. 10 83.20 4.81 7.09 8. 41 6.77
MG2AN! 77.00 90. 20 83. 60 83. 60 3.74 7.06 5.55 5.45
FS Inv-Res U-Net %) 78. 40 89.70 83.00 83.70 4,00 5.57 6.37 5.31
ASGU-Net(ours) 77. 30 90. 70 84. 90 84. 30 3.17 4.93 6.01 4.70
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Tab. 3 Results of comparison experiments on BraTS2020 validation dataset

DSC/ % 4 Hausdorff95/mm v
Methods
ET wWT TC Average ET WT TC Average
MVP U-Net* 67.10 86. 20 62. 30 71.87 47. 33 12.58 50. 15 36. 68
HRNet!?* 65. 40 87. 20 68. 50 73.70 53.09 22. 88 27.11 34. 36
3DAGSE-VNet? 68. 00 85. 00 69. 00 74.00 47,40 8. 44 31. 60 29. 14
HDC-Net?" 67. 00 84. 00 73.00 74.67 53.20 34, 20 33.50 40. 30
Mulff-2 ANet* 70. 40 88. 80 72.00 77.07 41. 90 14.13 17.42 24.48
AD-Net'?*] 76. 00 90. 00 80. 00 82. 00 35. 20 7.22 15. 30 19. 24
AugTrausU-Net '*] 78. 60 89. 80 81. 90 83.43 24. 31 5.56 9.56 13.14
MG2 AN 78.20 90. 30 82. 60 83. 70 29.41 4.54 8.91 14. 29
ASGU-Net(ours) 77. 40 90. 70 84. 00 84.03 35.28 4.17 6.07 15.17
% 4 BraTS2021 B2iE & Eagstib 2 b4 £
Tab. 4 Results of comparison experiments on BraTS2021 validation dataset
DSC/ % 4 Hausdorff95/mm v
Methods
ET wWT TC Average ET WT TC Average

U-Nett 76. 20 88. 00 76. 10 80. 10 25.48 9.97 21.57 19.01
AttU-NET!? 79. 30 87. 90 81.90 83.03 23.00 7. 80 20. 70 17.17
nnU-Net! 84. 00 92.10 87. 20 87.77 — — — —
dResU-NetH! 84. 00 86. 00 82. 20 84.07 — — — —
GVAT-NetH* 81. 40 90. 80 85. 40 85. 87 21.83 5. 37 8.56 11.92
U-NETR" 82.10 85.10 89. 50 85.57 — — — —
TransBTSH* 81.20 90. 50 83.50 85.07 18. 94 6.77 10. 14 11. 95
Swin Unet™™ 83. 40 90. 50 86. 60 86. 83

ASGU-Net(ours) 82.50 91. 00 88. 80 87.43 18.10 6.31 8.76 11. 06

28 2 BT 401, 78 BraTS2019 B iFE 4 F ASGU-Net £ ET.WT H1 TC ) DSC #84543 %R 77.30% .
90. 70 %6 F1 84. 90 % , HoF- 2 DSC fH ly 84. 30% . 5 H A 25 48 [ . ASGU-Net 4% 52 80 H 2 03, AL
545 JR B9 FS Inv-Res U-Net 78 ET _E#Y DSC U & F ASGU-Net 1.1 AN E 405, LIU %570 38 g
CA Net 7E TC I DSC i &1k 4R 1 7E ET |5 DSC #1 b ASGU-Net % 1. 4 4~ 43 A, HHSEH DSC
i F ASGU-Net 1. 1 A H 20 i, A 7F Hausdorff95 F8krH . ASGU-Net 78 ET . WT #l TC it 3 3143 51
H3.17.4.93 A1 6. 01 mm, HAFHEA 4.70 mm, ZEA PP . ASGU-Net /£ ET.WT Hl TC 43 #1458 h
BN ER 35 1 RER 2., HF ¥ DSC (B Br A7 % b 7 2k vh R Bl e fd: .

1€ BraTS2020 5 iF 5 /) X4F b 52 8 # . ASGU-Net £ ET.WT #1 TC 9 DSC 48 #5435 R 77.40% .
90.70% .84. 00% . *F- I { 84.03% . fF WT,TC MF ¥4 &5 T H AW 4%, 8% ZHANG 1 1
AugTrausU-Net 7E ET bl {H V-1 DSC K T ASGU-Net 0. 6 4 F 4r &, 7E Hausdorff95 4§45,
ASGU-Net £ ET.WT.TC E4351% 35.28.4.17 F1 6. 07 mm, FHE N 15.17 mm,HEZ5 4.55 1 F15E 1,
FEMEHES S 3. 25 I  ASGU-Net 76 g BHR 20 HE 55 v EA BB B 3E S 7. M AUA] L
iy DX 43 B 9 B4 AN T) DX 3k i L AR 22 S TE Al 6 A L 30 BR300 B AR

RAEFE 4 A9 BraTS2021 5 UE 5 XF L 32 56 45 . ASGU-Net BRI ZE ET,WT Al TC B DSC 4514
82.50% .91. 00 % f1 88. 80 % , H:3F-2 DSC Jy 87.43% , I 5. ASGU-Net # & 7E Hausdorff95 $E 45 I
A3 5IR 18.10.6. 31 F1 8. 76 mm, HSEH{E 4 11. 06 mm, 45106 T H AR &Y, 38 5 15 5l ik A 180 %) %o B 20 AT
ASGU-Net 7£ BraTS2021 4ls 4 [ GYERRBCN S0 X i — DR W] 1 A SO 4t 19 7 Wk A I8 27 R 4y
FE 55 b A s
3.5 HRAHAML

by T B b R I ASGU-Net 7 fii 8 43 B4 55 th 952 4 7 . 78 BraTS2021 Y11 R4 rp 1k B R M 1Y B4R
PEAT AT AL I e B EL 52 K% (G T) W U-NETR . nnU-Net Fil TransBTS %5 5 #F [ 4% #47 7] M4 X 1 23
B g 6 s, B A HEFR 1 T ASGU-Net 78 43 B 45 5 rb A0 & T Ho A 2% #F 9 4% 26 B0 58 A /Y IX.
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a) Flair b) GT ¢ ) U-NETR d ) nnU-Net e ) TransBTS f) ASGU-Net ( ours )
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Fig. 6 Comparative visualization of the segmentation results on the BraTS2021 training set

Bl kKWL IS 1 A7 4 5 G (0 K i X 8, ASGU-Net 443 #0145 3 8] 8 1t U-NETR . nnU-Net #
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