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Abstract: The automatic segmentation method for brain tumors based on a U-shaped network structure of-
ten suffers from information loss due to multiple convolution and sampling operations, resulting in subopti-

mal segmentation results. To address this issue, this study proposed a feature alignment unit that utilizes
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semantic information flow to guide the up-sampling feature recovery and design designed a lightweight Du-
al Attention Feature Alignment Network (DAFANet) based on this unit. Firstly, to validate its effective-
ness and generalization, the feature alignment unit was introduced separately into three classic networks,
namely 3D UNet, DMFNet, and HDCNet. Secondly, a lightweight dual-attention feature alignment net-
work named DAFANet was proposed based on DMFNet. The feature alignment unit enhanced feature
restoration in the up-sampling process, and a 3D Expectation-Maximization attention mechanism was ap-
plied to both the feature alignment path and cascade path to capture the full contextual dependency. The
generalized Dice loss function was also used to improve segmentation accuracy in the case of data imbal-
ance and accelerate model convergence. Finally, the proposed algorithm is validated on the BraTS2018
and BraTS2019 public datasets, achieving segmentation accuracies of 80.44% , 90.07% , 84.57% and
78.11%, 90.10%, 82.21% in the ET, WT, and TC regions, respectively. Compared to current popu-
lar segmentation networks, the proposed algorithm demonstrates better segmentation performance in en-
hancing tumor regions and is more adept at handling details and edge information.
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S 2 A A S v I Hausdorffo5 5 B85 77 it A5
AN TR BE Y B, 70 A UE B TR AE X SR BT A
v gz At
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Tab. 2 Comparison of effects of different models using FA
Methods Dice/ % Sensitivity/ % Specificity/ % Hausdorff95/mm
ET WT TC ET WT TC ET WT TC ET WT TC

DMF Net 76.68 88.47 80.19 77.79 88.31 79.14 99.81 99.42 99.73 3.341 5.407 6.138
FA+DMFNet 76.78 88.54 80.98 77.53 88.70 79.49 99.82 99.52 99.75 3.134 5.385 6.148
3D UNet 72.68 87.18 70.88 70.15 86.72 65.81 99.84 99.49 99.89 5.341 9.172 9.461
FA+UNet 74.65 88.21 72.62 74.28 87.78 69.04 99.88 99.47 99.83 5.422 5.430 9.652
HDCNet 76.98 89.15 81.51 77.63 92.26 80.61 99.83 99.26 99.75 4.159 6.433 8.009
FA+HDCNet 77.17 89.56 81.55 78.94 92.22 80.78 99.81 99.28 99.71 3.079 5.769 7.133

3.6 DAFANetH&ghs2 s
SRy 6 UE AR SC T $E AR B 5 A 30, 7 DMF Net
D 2 14 e Aidt b 43 0l e R RR AR X 55 BT (FA) |, 1

P AL EE ST ALHE (EMA) , X E R ] ) 4% 45
FJ T Dice A1l £ %% F1 Hausdorffo5 i 85 , & 3iF A~
[i) R e o 3 1) 68 R () A A5, 4 SR e 3 TR

&3 DAFANetHEH)HRINE
Tab.3 Ablation experiment of DAFANet model

Methods Dice/ % Hausdorf{f95/mm
ET wWT TC ET WT TC

DMFNet 76.68 88. 47 80.19 3.341 5.407 6.138
DMFNet+EMA 77.14 89. 69 81.25 3. 960 5. 181 7.091
FA-+DMFNet 76.78 88.54 80.98 3.134 5. 385 6. 148
FA-+DMFNet+EMA (up) 76.81 89.78 81.61 3.742 4.863 6.954
FA-+DMFNet+EMA (down) 77.09 89.59 81. 54 2.677 4.959 6.125
FA-+DMFNet+2EMA 78.11 90. 10 82.21 3.072 4. 360 6.229

i “up” A1 “down” 43 5l 3 R 7E R AE X 5F
% A2 F0 Bk BR 3% B AR 6 EMA L, “2EMA” &R
TE 7 4% B A2 [] IS0 EMA L 45 B2 6 1, A [] 45
4T 1 Dice AH bl 8 B0 56 b 19 28 #5 A AS 7] 2
(42 T, A SCHR H Y DAF ANet £ 8 Dice #1181 £
BOAE T 78.11%,90.10%,82. 21 % , % Hb it )
oy BT T 1.43%,1.63%,2.02% ., Haus-
dorff95 i B 78 ET Al WT X 3 4 47 ik /> , {H 1
TC XA B 51 A EMA 2 J5 (3% 5 8 4,

JEHRAE ET MUTC KB 4 1, x5 B BR 4 42 A
FRAE XS 55 51 5 16 A2 R B 0 FH EMA 9 285 O T
THUMAE ] EMA L it — 20 Bk EMA {7 & X
TR R (0 5 ), 3 ) A T 45 5 — 2 5 )RR
55 =R EMA, 56 UE H A X o BORS E AA
RBH R, SR MEAFR ., ARATE
7RSS = 2 EMA B9 43 #0808 8 T 78 HoAth
A28 43 BIE (5] I 3 53 o IR T At o7 B e i
HSE A 18 B R M i A B R AR

x4 EMAMEMHEMIE
Tab.4 Ablation experiment of EMA position

Dice/ % Hausdorff95/mm ) )
Methods Params/M FLOPs/G
ET wT TC ET wT TC
Layer 1 76.72 88. 35 78.67 4.316 5.972 6.871 4.11 30.51
Layer 2 74.85 87.66 76.25 3.241 8.451 7.628 4.13 31.04
Layer 3 78.11 90. 10 82.21 3.072 4.360 6.229 4.23 30.50
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3.7 ERKEEE

FLAE A0 B (25 0 EMA ISR 4 e e K
HA SR RS B ey, bk
VEA MR A SCEE X & 1Y BRU(E Mm% 5 BT R 1Y
XF B S5 55 ik k HBOCAS [ E(E 9 43 B ROR | Dice %
B U0 B 6 TR o S5 AR, A B RCR
Wit /e 1 A 2% B0 i1 I S 1) 22 Sk k=16 Fll k=64
PET A=32 1) Zr FI RO, F5 5 1, Y k=64 B, 7E
TC X3k o FIUR B e=3235 M T 2% , BE %
IR AR ROR e A

x5 BEELHNALILZH
Tab.5 Comparative experiment of superparameter £
Dice/ % Hausdor{f95/mm
ET WT TC ET wWT TC
64  78.11 90.10 82.21 3.072 4.306 6.229
32 76.01 89.38 80.21 3.246 5.027 6.071
16 78.16 90.03 80.73 3.022 4.682 6.326

k

3.8 52AKANERITE

ALK DAFANet 881 5 3D UNet ., i & J)
UNet .DMF Net 55 £ i figq g8 43 B 45580 1) M g 48
B X LG &5 R a4 6 i s, 3K P i DAF ANet
P 28 1) A4 o3 B RCR P T A 7S AN BB, Dice 43
EIKS B AT AS TR R B 42 3, Hausdorff95 B B A7 A
AR B/ . 7 S50 AT B B (BT S EE
WHO) b DAFANet (A S8R 4. 23 M, It
Ji ) 2% Fi 3D ESPNet B A7 35 i, i/ T & )
UNet #1 TransBTS, £ & i# & 77 UNet 1 Trans-
BTS 2% 1/8, 245 4 3DUNet Z 51y 1/3,

0.92
—— =64
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Fig. 6 Comparison chart of different values of 4

HDCNet ¥ fin 7 3.94 M 7E it 2 & F, 4K
TransBTS i 1/11, %)k 3D UNet 9 1/6, 24 1 I
7 /1 UNet #1 3D ESPNet () 1/2., #H% F HDC-
Net, DMFNet il 3D ESPNet, DAFANet fi i 7&
BB R S 1 B Rl b A EIORS
1580 AH AR T

g B G i s Bl o BOPE L R DAF ANet #l
DMFNet 1Y Dice Al R BUMMAR e K b . B 7
e b O AR T O R 2R By i AR 3 e R A
AN (=R NYE B T N 1 K Ao A 11V v S NG
PEECRN S — 0 o i 8. & 7 ] DAF ANet %
PRI (7 B K B L FE ET RN TC X B
Dice #H Bl 5 #0822 M % T DMF Net, & #UEUE B
AR — M i 8UE . 275 F L DAFANet
AHXF T DMF Net B2 8% 76 £/ 55 43 %1 F2 e P 19 [] i
A A o B ROR .

x6 SZAEINSEERNLL

Tab.6 Comparison of segmentation results with classical models

Dice/ % Hausdorff95/mm
Methods Params/M FLOPs/G
ET wWT TC ET wT TC

TransBTS™ 78.93 90. 00 81.94 3.736 5. 644 6.049 32.99 333.00
3D UNet'” 72.68 87.18 70. 88 5.341 9.172 9.461 13.12 176.61
3D ESPNet®’ 77.35 89. 30 81.83 4.190 6.740 7.980 3.63 76.51
Attention UNet"?! 75.96 88. 81 77.20 5.020 7.756 8. 258 34.90 51.30
DMFNet"®” 76.68 88. 47 80. 19 3.341 5. 407 6.138 3.88 27.04
HDCNet® 76.98 89.15 81.51 4.159 6.433 8. 009 0.29 24.00
DAFANet 78.11 90. 10 82.21 3.072 4. 360 6.229 4.23 30. 50
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Fig.7 Comparison of box diagram between DAFANet and DMF Net
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Tab.7 Comparison of Dice coefficient and Hausdorff95 distance with other models under different datasets
Dice/ % Hausdorff95/mm
Dataset Methods
ET WT TC ET WT TC
Nuechterlein'*” 77.35 89. 30 81.83 4.19 6.74 7.98
Chen"®” 76.68 88. 47 80. 19 3.34 5.41 6.14
Zhang'™"! 70.90 87.00 70. 90 N/A N/A N/A
Sheng™" 72.40 87.50 78.80 5.79 9.35 11.47
BraTS2019 )
Akbar"® 74.20 88.48 80. 98 6.67 10. 25 10. 83
Liu™® 77.91 89. 94 83. 89 4.03 5.45 6.56
Chang™" 78. 20 89.00 81. 20 3.82 8.53 7.43
Ours 78.11 90. 10 82.21 3.07 4.36 6.23
Nuechterlein'®” 73.70 88. 30 81.40 5.30 5.46 7.85
Chen"®” 80. 11 90.61 84.54 3.06 4.66 6. 44
Zhang'"! 77.20 87.20 80. 80 5.69 12.60 9.62
Sheng"" 77.10 87. 60 81.10 3.22 8.42 10. 56
BraTS2018
Akbar"® 77.71 89.59 79.77 3.90 9.13 8.67
Liu™®" 80. 41 89.85 85. 44 2.24 4.05 5.76
Chang™™”’ 79. 50 90. 00 83.90 2.92 6.51 5.71
Ours 80. 44 90. 07 84.57 2.75 4.70 5.49

3.9 AEAHEENZAIR

o B TE 12 B AU AR FOAB ROHE B B O
T BraTS2018 45 i £ I & i — 20 S0 4%, 7 =4
DX 3 f ¢ (1 Dice 43 I8 B2 43 51 ik 31 80. 44 % ,
90.07% , 84.57% , XF i Y Hausdorff95 #f &5 43
S35 3 2.75 mm, 4. 70 mm, 5.49 mm. ¥ ¥4
B b 0 43 ) A5 NS AT IR R AT AR,
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ET X 380 (4 43 %I JL -7 #B 7T LA 3k 45 0] W (9 Dice K
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PE o M B BT A9 Liu %R Chang 28 1 58
i, DAFANet i 45 3R BOR7E TC & # WT 1943
) E WA, 7E X SR KR A R )RR A 4R
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3.10 HERMATHAKIEER
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{8, BB 0 kD 4> #5515 . DMFNet 78 71 UN-
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SRXF/IN H AR X3 — 2 R 3 (A 2 B X
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Fig. 8 Visual comparison of segmentation result
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