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Cascade Dynamic Attention U-Net Based Brain Tumor Segmentation

CHEN Bonian'* , HAN Yutong' . HE Tao"*,LIU Bin® and ZHANG Jianxin'**
1 School of Computer Science and Engineering, Dalian Minzu University, Dalian, Liaoning 116600, China
2 Institute of Machine Intelligence and Bio-computing, Dalian Minzu University, Dalian, Liaoning 116600, China

3 International School of Information Science and Engineering,Dalian University of Technology,Dalian, Liaoning 116620, China

Abstract Brain tumor is a common brain disease that heavily threatens human health,so accurate brain tumor segmentation is vi-
tal for clinic diagnosis and treatment of patients. Due to different shapes and sizes, unstable positions and fuzzy boundaries of
brain tumors,it is a challenging task to achieving high-precision automatic brain tumors segmentation. Recently, U-Net has be-
come the mainstream model for medical image segmentation due to its concise architecture and excellent performance. But it also
has some problems. such as limited local receptive field, spatial information loss and insufficient use of context information.
Therefore, we propose a new cascade U-Net model based on dynamic convolution and non-local attention mechanism, named
CDAU-Net. Firstly,a two-stage cascade 3D U-Net architecture is proposed to reconstruct more detailed and high-resolution spa-
tial information of brain tumors. Then,the expectation-maximization attention is added to the skip connection of CDAU-Net,and
the tumor context information is better utilized by improving the network’s ability to capture long-distance dependencies. Finally,
the normal convolution is replaced by the dynamic convolution with local adaptive ability in CDAU-Net, which can further en-
hance the local feature capture ability of the network. Extensive experiments are conducted on public dataset BraTS 2019/2020
and compared with other representative methods, and experimental results show that the proposed method is effective in brain
tumor segmentation. The CDAU-Net obtained the Dice values of whole tumor, tumor core and enhancing tumor segmentation on
BraTS 2019/2020 verification sets are 0. 897/0. 903, 0. 826/0. 828 and 0. 781/0. 786, respectively, which achieves good brain
tumor segmentation performance.

Keywords DBrain tumor segmentation, U-Net,Cascade network, Dynamic convolution, Expectation-maximizing attention
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H7E 7 0.788,0. 897 Hl 0. 816, R4 LR BRI /E WT 45
EWRAT B R B B AE ET I TC 455 B354 Fr 7t 4 ) 2
FETC LEAR T 1.9 % WK B3R . 30 0E T I AL 4 19 4 3%
oo #F—20, MTEGERBIR B hin A EMA B3 8 3 & 45
TR, AH Lo AR AE 90 3R J7 1 3 ik PR RR Y A TR T, AR
M, A EMA Bt ET A48T+ 1. 5%, it A s & 4% Bt
ET A1 TC 2 BIAT$2 T 0. 9% A1 2. 4% AT 3L £ WA T 3% 6 A~ 4
BAE /N R G b 98 A ) L R ROR . SRR XY T AN A ] e
I RER 42 1% B CDAU-Net J5 . 7E ET. WT #1 TC 4
ST 4K 45 DSC {5 0. 813.0. 905 1 0. 836 , %% 2% 1¢ Jk fil A5 #4
CU-Net 435 3K15 2. 5% ,0. 5% #1 2% M e 42 7, 4 Sk 2k oy
2 U-Net B R39A 2.9%,0.5%F1 3. 9% K PEfE3 T, £ 1
FF 4t CDAU-Net #5287 igi Bk 977 43 8 1 89 R 47 208, N
FE T IS e T LU b b 4l 2K b8 42 Jm) 1R SCfE B A 3 R
A X Tl R X 3R 1 SR AR R

o HE— AR AIE T Rl S 06 45 Y A 3R, 53 SR AE BraTS
2020 Bk gE b AT I A2 5, ] BraTS 2020 Y254 4 &6
BRI LA AL, SR 5 8 I R MRS U X Bra TS 2020 50 E 4R
w125 {5 i )i 98 S it 43 ) B K 3 R SE R AR A & BraTS 7E
LATA T & P G 3R Wl 248 AR 1700 45 5, HL AR 523645 5 4n
%2 A,

# 2 BraTS 2020 4L b9 3 @l 55 5

Table 2 Ablation experiments on BraTS 2020 validation dataset

a8l DSC
ET WT TC 3 E
U-Net (3 % 7 #) 0.769 0.894 0.799 0.821
CU-Net 0.773 0.897 0. 808 0.826
CU-Net +EMA 0.787 0. 899 0.815 0. 834
CU-Net +DConv 0.778 0. 895 0.833 0.835
CDAU-Net 0.786 0.903 0.828 0. 839

MFE 2 I, FEL ik =4 U-Net £ ET,WT 1 TC I+
B DSC 455y 0.769,0. 894 Fl 0. 799, ZR Ik M 2% J5 7E 3 A~ 44
Fr B BT HETE 0. 4%.,0.3%.0. 9% ., #F— 5, 78 G Ik M 4%
Z B4R EMA BLH R 8 85 5 RN, 5§ =4 U-Net M1 1L
1E WT #hr B 22BN HE ET 458 E0 B4R T 1. 8% A
0.9% .7 TC 255 L4y M 4E Tt 1. 6 %A 3. 4% EHA T FF 5| A
1A T A R TE i PR 23 0 B RR . R M R B A G
EMA #e f1 3 %5 4 B i CDAU-Net J5,78 ET, WT I TC
39 a] 3845 0. 786,0. 903 H1 0. 828 EAELE H, 5 =4k U-Net
AR 2> B4R 1.7%,0. 9% M1 2. 9% i — 2B 3E W T B 2 4y
WA G AR, 40, R EIET LUE B, B AR
A RITR BB G NI R B REE 3 M ERFE
P25 J kR R R A Y
3.4.2 HEREMFFFRER

Sy it — 25 B AIE BT 5 H 7 1k 9 A B0 R SE G ), 7E BraTS
2019 M1 BraT$S 2020 B Uk £ | 5 A A 3 P I i 5 43 510 O ik
HEAT X L L 2 AN EE 3 RIER 4 T4,

H % 3 7 W, CDAU-Net 1£ BraTS 2019 & iF % F DSC
AR ET.WT F1 TC 25535051 0 0. 781,0. 897 Fl 0. 826,
SFHFYME N 0. 834, T8 HEAT Xt LAY O 85 L Zhang Ul
P =4 U-Net-+ -+ F 4 3F o ik 451 2% R 80, Xia 26000 4 15 B Bt
AR 4 R 5] A = 4k U-Net Hkg 28 1 357 19 F s b g 43 1
B, — 2% 4 13K A5 3 DSC fH 0. 799 il 0. 788; Liu 251 42
H—Fh BT S0 W 45 (Context Aware Network, CANet) ,
127 B R AE B i 2k BT 1T SO S R AR AE IR 42 8 R 3
SRR EE AN . 5 Zhang %5 F1 Xia 25 (0 )57 M LG
CDAU-Net HAH U RAILH, 5 Liu F 7% 16, 7E ET,
WT fl TC A SIHRTF 2. 2%, 1. 2% FIBEAR 2. 5% , 44K 1475
T CANet #i%I . 5 Buatois 2513 Li 2042 0 A% fy #L 3
1 22 B B G B ) 45 A L AR ST VR AE S B ME 1 43 0 4R T
3.3UM 1%, —EREUEH T HA M., Wi, f5 Wang
SETPR Y TransBTS Fikii47 T %t ke o 12 5 W0 4056 b 3
W) 2Z KEM Transformer 51 A = 4 i Jif 98 43 %1 b, &5
FEHEZHEAFEEYME LK. N Hausdorff B 8 L FH,
CDAU-Net 77 ET, WT fl TC 4%k 3. 39,5. 91 Ml
7.77, %2 Hausdorff HiBS N 5. 69 . ZE R P HA =, BikKk
P, 454 DSC Ml Hausdorff 5 2 il 45 5, A 3007 v 5 HAib A0 3%
P A B R S
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# 3 BraTS 2019 3iiF4E b 5 R F My x5

Table 3 Comparison results with representative methods on BraTS 2019 validation set

89 o DSC Hausdorff95

ET WT TC FHE ET WT TC T E
Zhang 4[21] 0.709 0.873 0.814 0.799 12.30 15.45 12.47 13.40

Xia % [22] 0.707 0.878 0.779 0.788 — — — —
Liu %L8] 0.759 0. 885 0.851 0.832 4. 80 5. 89 6.56 5.75
Buatois % [13] 0.750 0. 854 0. 800 0.801 3.08 7.04 5.96 5.36
Li &1 0.771 0. 886 0.813 0.823 6.03 6.23 7.41 6.55
Wang % [23] 0.789 0. 900 0.819 0.836 3.73 5. 64 6.04 5.14
CDAU-Net(& X 7 #) 0.781 0.897 0. 826 0. 834 3.39 5.91 7.77 5.69

TEE 4 1) BraTS 2020 55 3F4E 1 Ml S 36 25 3R I, Akbar
ZE0THE = 4 U-Net 48 25 17 46 AU 72 Bk 8K % 42 b 38 n e
Bk = 4k U-Net, T 82 1 07 W88 2 A3 W o 09 vk g 1R %
Zhang UL HOKE EMA B 5B N 8] DMF-Net 455 4 1 i 5%
e, 52 M, CDAU-Net 7 ET L4i%EH 1. 6%, {H7E TC
FERE A% N EA 0. AW TEREIR T, 7E SN
gAF L L Lin R I — R R = AT LM — A 0 %
1 3 30 I 45 o v SRR RS TR) G fie g R A, 2 43 S i S
JF) 30 10 il B B A RS AR AE s Lyu 2 BB B VAE %
T¢I 4 I I 2 Th s A 3 01T, AH BE Liv 8 F0 Lyu 5104

5 i b 98 4 81 9 4% , CDAU-Net J5 3% 76 ¥4 1408 Liu %
Bk 2. 3% .85 Lyu 0535 0. 1%. B4, CDAU-Net J5
5 Jiang 2P AE = 4 U-Net P41 Swin Transformer #Y
SwinBTS 75 & % [, 78 ETWT #1 TC F4r %45 % 1. 2%,
1.2% M 2.5% . VL B85 A R0 B T B 82 77 1% 76 1 o 98 43
F AR . A Hausdorff JE #2455 & , CDAU-Net J7 ik
EWT Falik#) 4,57 H27 ET 1 TC FWEAH AR, JFHE
F CDAU-Net Al HE Z 5 S/, X5 AEH ET
B LGG 8L A HE8 T , 3 Fh Ml BH 5 3 Hausdorff Ji #5718
oL VNI ST PN TE S A TN g IR

# 4 BraTsS 2020 $iiF 4 b5 R F My it L 25

Table 4 Comparison results with representative methods on BraTS 2020 validation set

. DSC Hausdorff95
o 07 %
ET WT TC Rk ET wT TC Rk
Akbar 2 09] 0.729 0. 886 0. 802 0. 806 31.97 10. 26 13.58 18. 60
Zhang #%10] 0.770 0. 896 0. 839 0.835 32. 40 7.70 11.70 17. 26
Liu % [15] 0.764 0. 882 0.801 0.816 21.39 6.49 6.68 11.52
Lyu %4107 0.790 0. 897 0. 829 0.838 24,14 6.17 7.04 12.45
Jiang % [21] 0.774 0.891 0.803 0.823 26. 84 15.78 8.56 17.06
CDAU-Net( K X % %)  0.786 0.903 0.828 0. 839 35.03 4.57 14.58 18.06

3.4.3 R THA

Sy TR A S 7 98 43 I ROCR S8 X BraTS 2020 1
YRAR P B B A5 SR AT T AL, BRI 5 TR, Bl 5 ik
W3 ANREMHOIIEATRR, 5 — 1T ARG M EBRT
Flari. B {H & 1 (Ground Truth). =4 U-Net 1 CDAU-Net
B4 B 45 2R, Hoh B B &, = 48 U-Net fl CDAU-Net Y

oy RIGE R IRAE Flari B{& L, A0, O 7 5 B0 b F 7 fil b
SRR SR LR W NS G R U i R R A
CDAU-Net #t F U-Net #97r #I 45567 5 . a i w7 #l 4k [ 1%
REF H T4 07 3 T LA e i 3 S0 994 568 ol g <2 8 B e 0 ok 8
Wls s 85 R AT =4 U-Net, H 5 FLE EQ A b A — & 2%
B 3 P RE R A HE— PR TR 2 (6]

(a)Flair (b)Ground Truth

(e)3DU (d)CDAU-Net

5 BraTS 2020 Il 25443 H1 45 7R 61 Cl TR B

Fig. 5

HRE AR T -FHN ZERBESEED U-

Example segmentation results on BraTS 2020 training dataset

Net fifi [l 984 43 %1’ 2% DAU-Net, H DL 2215 = 4k U-Net 224 Ky
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RN B B KA T B B A B S B IR R T LA A R iR
rE T I K R A R AR RN R AR B I AR AR ) . TE AT
BraT$ 2019 F1 BraT$S 2020 £ 4 0 E Rl SE g 45 R R T
PRI A AE i Ji 938 4351 b A RobE 5 A 2R T v
AR — e T Ui i )1, SR AR
WO BRTE GRS M T R T RARIE R A BE T BB B R
FIREH AN IR G| e 0 I A G e SR I AT S AL B
o DT 2E — 25 2 5 i fiek 98 43 0 1) o 0
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