E-mail: jig@aircas.ac.cn EPEI%&%??E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 O HEERERFRIRINFE

FEGES S TP391.4  XEFRIAEE: A XEHS: 1006-8961(2023)04-1157-16

#35] &K :Sun J K, Zhang R, Guo L J and Wang J H. 2023. Multi-scale feature fusion and additive attention guide brain tumor MR image seg-
mentation. Journal of Image and Graphics, 28(04): 1157-1172(Fh Gk, 5K, SR A, HEHME . 2023, Z REEFFERLS 5N MEEE 14 S
98 MR [K154y8) . R EIRZKIE$AR, 28(04):1157-1172)[DOI: 10. 11834/jig. 211073 ]

& REWEEES 5t = H 15 S mE
MR &% 5 &

INEF KR, A A, AR

1. T RS BRE S TR, T2 3152115 2. T RSFE BB E R, 0% 315211

# E: BE U-Net /223 R B G 0 85y 32 B AL 73 5 9 265, SR U-Net S 2% 14 5 ) 26 78 Bk R
e AR AR TR ROBERAAE , 20 T A BAMS BB 2 ROBE SRR 5 ROBERHE A8 A o R, BRI F2 ) 25
T R LA SRR ME B AL B 28 TR BE AN ], 38 B AR Ik 2 7 A 0 SCRMIE 220 o BE X P ) L, 2 1 1 —Ffi
RGP RIR 2% LA S AE R R R . ik 128 A e AN [ 2 908 A A [R] RUBE IS B A RRAE R A T R
FETE RS RS i 4 2 GURAE IR) 5 LIP3 3 %) G ) e R AR A T8 5, L 58 S B 85 A8 O ) 31044 5 Lok
TE B R 0E A PR R 25 AR AL V0] R P 12 2 2k 19 368 6 it 2% ) R BR 32 2 R A v 1 s AR A L, DARRAIR 3 Tl 1y
B SCRFE2EE, &R 7 2R I £ 4 BraTS2020 (multimodal brain tumor segmentation challenge 2020) L
it 7 BT B B O AR FF AT T I R SR AN H SR o SR EE SR, A Hh Y I 28 7E BraTS2020 B i 41 46 1
ST HEA I IR AZ O RN B BRI 1Y) -2 Dice 43514 0. 887 5.0. 719 4 F10. 706 4, £ F 2D M4 DR-Unet104 (deep
residual Unet with 104 convolutional layers ) B I 2k SR JH A IR A% 0 R 5 TR A 0 235 SR 0 ) e S A 4. 73%
H13.08%. £ 4L i 0 B 8RR, 3o 4 A A v HoA EAME B 2 )RS TR G L AR50 2 i U
AR HEAT I T4 3, TR) IS 76 20 ) b 0 AP B 28 R 0 TR SR o 22 38 0 WL A WA T B R 3 e — 57 [ g SR
NEZ2 15, BE SR v 43 5] MR (magnetic resonance ) FA% HR i Brbofed - X 3

ERA . BEAIRMG ) 5 I B s R (MR) [R5 U-Nets 2 RUEERRIERL G5 1300

Multi-scale feature fusion and additive attention guide brain
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Abstract: Objective U-Net can be as the basic network in medical image segmentation. For U-Net and its various aug-
mented networks, the encoder can extract features from input images in terms of a series of convolution and down-sampling
operations. With the convolution and down-sampling operations at each layer of the encoder, the feature map sizes are

decreased and the receptive field sizes can be remained to increase. For the network training, each level of the encoder can
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learn discriminative feature information at the current scale. To improve its feature utilization, the augmented U-Net
schemes can melt skip connections between the encoder features and the decoder features into feature information-reused of
shallow layers. However, the same scale are concatenated the features only via the skip-connected channel, and the role of
multi-scale features with complementary information can be ignored. In addition, encoder features are oriented at a rela-
tively shallow position in the overall network structure,, while decoder features are based on a relatively deep position. As a
result, a semantic feature gap is required to be bridged between encoder features and decoder features when skip connec-
tions are made. To optimize the U-Net and its augmented networks model, a novel segmentation network model is devel-
oped. Method We construct a segmentation network in terms of multi-scale feature fusion and additive attention mecha-
nism. First, the features are fused in relevant to multi-scale receptive fields at different levels of the encoder. To guide the
encoder features and enhance their discrimination ability, additive attention is introduced between the fused features and
the encoder features at each level of the encoder. Second, to bridge the gap between the two semantic features, encoder
and decoder features-between additive attention is used to learn important feature information in skip connections features
adaptively. Experiments are carried out based on five-fold cross-validation. Multimodal magnetic resonance (MR) images
of 234 high-grade glioma (HGG) samples and 59 low-grade glioma (LGG) samples in the BraTS2020 training dataset are
used as the training data. MR images of 59 HGG samples and 15 LGG samples from the BraTS2020 training dataset are
regarded as the validation data. The validation dataset of BraTS2020 is used as the final test data. The images of each
modality are normalized using the Z-Score approach on the basis of the original data. The loss function is used in terms of
the categorical cross-entropy loss function. Our model proposed is equipped with Ubuntu 18. 04 operating system using
Pycharm based on Keras, and the network model is trained and predicted on a workstation with a 16 GB graphics memory
NVIDIA Quadro P5000 GPU. An ADAM optimizer is used in terms of a learning rate of 0. 000 1 and the parameters in the
network are initialized using the he_normal parameter initialization method. Our batch size for training the network is set to
12 and the model took 3 days to train after 150 iterations. Result To evaluate the performance of the proposed model, the
Dice coefficient and the 95% Hausdorff distance (HD95) are used as evaluation metrics for the segmented regions of whole
tumor(WT) , tumor core(TC) and enhancing tumor(ET). To obtain quantitative evaluation results for these evaluation met-
rics, network-based segmentation results are uploaded to the BraTS2020 online evaluation platform. First, the segmenta-
tion effectiveness of the proposed network is verified on the BraTS2020 validation dataset. The experimental results show
that the average Dice of the proposed network in relevant to ET, WT and TC are 0. 706 4, 0. 887 5 and 0. 719 4 of each.
Then, the proposed network is investigated in ablation experiments to validate the effectiveness of the proposed multi-scale
feature fusion module, the fused feature additive attention module, and the encoder-decoder additive attention concatenate
module. The results of the ablation experiments show that the addition of the proposed multi-scale feature fusion module to
the backbone network improves the average Dice of the network of ET, WT and TC by 2. 23%, 2. 13% and 0. 97%, respec-
tively. In addition, the average Dice values of the network about ET, WT and TC are increased by 1. 54%, 0. 58% and
1. 45% more after adding the proposed multi-scale feature fusion and fused feature additive attention modules to the net-
work. The average Dice values of the network related to ET, WT and TC are increased by 2. 46%, 0. 82% and 3. 51% fur-
ther after the proposed encoder-decoder additive attention concatenate module is added to the network. Finally, our optimal
network is compared to U-Net and popular augmented networks, as well as other non-U-Net segmentation networks. The
proposed network to the 2D network DR-Unet104 is optimized by 4. 73%, 3. 08% and 0. 13% for TC, ET and WT. Further-
more, the visualization results show that the proposed network can segment the boundaries of different tumor regions more
accurately and achieve a better overall segmentation effect. Conclusion To segment brain tumor sub-regions in MR images
more accurately, we develop a novel segmentation network model. It can fuse multi-scale features with complementary
information in the encoder, and additive attention guidance can be applied to the features in the current scale. To reduce
the gap between the two semantic features, additive attention mechanism is also used between the encoder features and the
decoder features when skip connections are made.

Key words: medical image segmentation; brain tumor; magnetic resonance (MR) images; U-Net; multi-scale feature

fusion; additive attention



$28% /FE 458 /2023 F£4 B

FNKEE, KR, BWALE, FEE
& REFIERS S MEES 115 SME MR E 65 E

0 35l

T

JIE S5 968 2 i i L) D A A e X A 4 2R 5 G e
T, 295 T A TR KRR 28 R GE IR 1Y 27% , 249 5
AR 22 22 G5 988 19 80% (Ostrom 55, 2015) o R4 4IR
AREARBAIERAR AT F BRI
AE I B SO0, Tz N T e R iR R A2 e
(Bauer%5,2013) . 4 1 B 4F Ml Bl B A= i A4 T
SWHRYT it BT TR % ik i gs i RN TR
Bo (B, A T3 MR EIG 43 i e g o 22
FE B I B I R AU 3, 9F b T kR S LAY
JER A AR S e 22 . P, i iRd MR 15
(4 2l 23 #0 T AR 3 v B2 A 2 I gose . SR,
H T AN (1] S5 3 i J e 108 R/ N AR NS A7 A 1
AR, BAER]— 2 R b, IR AR S S AR 2
212 [a) B 20 L BOROR (AR 45, 2018) , HERA Y A
BNy ETR R — TR B AT 55 .

2 Fp 22 W 4% (convolutional neural network,
CNN) 72 B8 3 F GBS T B R . Long 55 A
(2015) 2 T- CNN #2113 T 24 PN 44 (fully convolu-
tional network , FCN) F F15 X 4%, i 1 fff & 2
B B 22 ) 26 25 2 1) A i 42 2 19 31 5 i A T8
BARTR RN A, IS T 8O0 HERA Y 2 BIRCR o
Ronneberger 45 A (2015) 7£ FCN [ B il b2 3 T
U-Net 73 #1 M 2% , T2 F5 i o i ds itk
AR % 452 55 4 & 53, o H i B 2 B o3 H 40l
N Rz R 2 . R T B A R BE
PG oy B | T U-Net [0 2 () 45 Ff 384 5 i A< 7
IETMAE . Xiao 55 A (2018) T 11 5 I AL A gk 22 %
% (He 2%, 2016) #& i T i AL Res-UNet [ %5
(weighted Res-UNet) , I F F 90 ) € [ 45 1) 4 1
Z M 430 o E U-Net P28 19 &2 g | A Bk 22 1%
B, it — LS TRER R %, Colman %8 A
(2020) 38 545 U-Net it 25 o 451> )2 G 6 BB S
R HE S 1Y bottleneck 7% 2= 8t , #2 11 T DR-Unet104
0 265 5 1 3 I ek 98 - 04 55, BBUES 1 2020 4R fik ek 8
2D 43 EI4E: 55 H SOTA (state-of-the-art ) B9 73 E SR .
Ibtehaz Fil Rahman (2020) & T4 i€ 1Y 2 73 HF £ I
PRCE 1) A 25 R R 3 22, $ H T MultiResUNet % 2% H
T Rz R AR 40 EAT 55, 85 U-Net [ 45 i (1) 5 B B 5
RY RE Z PR 51 AR G SR R S A

ARSI SR G R 4 Z BT, X G A e A R AT A 22
G RERAE , ARSI 0] 110 SCRFIE 22 . Oktay 55
A (2018 ) & F i % 3 & J7 LI 42 T attention
U-Net 43 %1 P25 | 8 1 78 U-Net H15 | A G fith 25 F1 g 75
A RRIETA) 1 1T 48 T B LA, DASE D R BR i A
Y E RIS B

E U-Net bz 38 o [0 2% v | 25 ih 8 36 5 — 3R 51
(1 45 BRI T SR AR #3287 X0 i A R GHE A T R AE 42
W, B BRAT R IEAT , b g5 Th % 2
GURHE IR B I/ INTE B B/ | T J%SZ B AR B Wi K
Bl PO 25 B IIN 25, D B 2 25 S R AR 2] 31 1Y
BT RUBE T B A AR (R 2 o U-Net Y BKER
B, HARI AR T O P28 T 2 1) S B 45
TEAS B i — D AR R AT R . AR, R
U-Net S H3 5 P 2 e IR, Bk BR324 422 ISR T 1 A )
FRUBE (R AR 2038 38 AT PR, 208 T gt b BAT
)Rz B 1) 22 ROBERRAE ) 1) BAME B . B, AR
SCHR R G ith A rh B AN [a) Jasz BT 1) 4 RUBE HRAIE
PTG flG RRAE b e R A G Y Jay PR A Y A
TR A R m GOE RRIE S B . ARG B R RS
FRIE 5 28 RUBEAFAE (8] 5 AP T 23 D BILAR R & RS
FHESEATHR S0 G Rk A T2 REERHE , 3G
b AR R AL SR T A R R AR, — 38 AR A
AR AHAS T 506 S A5 A AL L #9855 1O R it A
FROESEELFME . St oh , S Bt 45 R TE 75 S P 28 45
o v A TR T 5 B A T AR R 45 R 1R Ak T R X
BRAALE o R, BRER I T, St 85 FRIE A0 A i
SRR [ A AE TR SURFIEZERE o Ry T BRIk BR 3% S22 it
T ER T T Ak I 4 R AN T T R A ) 1 SRR AR 22
PR A SCHE 2852 45 5 14 2 B 45 A 10E R A A5 b AL )
CIWN) I RE=waLiIN /P Buw Il cRE =ikl N B S = Pt
N7 P27 2] WK BR 34 FE AR AIE v 1) SRR S

AR DR EZ 4 LU 3398 1) 1] U-Net
W& G AT 2 R RHERG AL (multi-scale fea-
ture fusion, MSFF) o i BEHUR bt £ v HAT AN 7] J%
2B 0 A RS R R HEAT Rl 5, Rl B R AE Hh 3R 2L R 3
YT RFEAR B2 R = 0 SURHMIER B . R, 2
T MSFF #58, $2 Hh 1 @il G 45 A 0 1k v i ) R B
(fusion feature additive attention, FFAA) . 18 o 7F @t
B RIE S it e A RUBERAAE [8] 5 AP 1 2 L
Xf 2% ROBEAFE AT 5 0 AHEC T J5L06 S it 25 4 AIE
AR5 A A A B B M . 2) 82 T SR

1159



1160

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 4, Apr. 2023

i — A 25 0 PR T ) PRI (encoder-decoder
additive attention concatenate, E-DAAC) . 1% B AE
2o 3 Rl FEAE A T 1Y) G AL g R U AR 65D 25 AL 1) R
FHBIE R R T AL, LA RS AR Bk R 3% 4 ik — 3 o 1
Aab O 248 T 2 AN TD T 7 A B o ORI 22 85, BV 3 fin
PRV I HLARIR 19 2 0 b~y ) R R FE AR v Y
BERRAEAR B o 3) B T 2 453 il Ji 96 3 1k Ak B
BraTS2020 56 ik X047 52 1 52 50 25 2R 3 B A6 A 7] #1)
SEHGEREE T, AR SCHE HY 4 2D W26 BUS T e g 114 43 51
R . KT AW (whole tumor, WT) | 83 % .
(tumor core, TC) Fll$4 5% ff J& (enhancing tumor, ET)
(195715 Dice 43574 0. 887 5,0. 719 4,0. 706 4.,

1 tHKXIE

1.1 fpEEGSE

FLF CNN A Jigi g 350 07 1k U 1 35 it
JEHIEHE T U-Net B 731 0 2% o fa] e #E #1135 55
(2021) & 7 — i A 200 1% J e e DR 1 S35 1)
%% (light-weighted rapid semantic segmentation net-
work , LRUNet) , 38 1< 45 Vi, U-Net ¥ 2% v 38 4511 18 18
B IFBIAREE AT 7> B R, IR S B0 S mnit
BRCR . Awasthi ZE A (2021) 2 T —Fp LT Atten-
tion U-Net 1 22 B {E 73 #] £ 8 MTAU (multi-threshold
attention U-Net) , 5K 1 22 B 428 351, S 4[] 1) ik o 9
T DI S S S AR L Xu SN (2021) $2
H T ol TR 3 A T B B A Y U-Attention
Net(deep supervised U-attention net ), [1] U-Net 15| A
TR HLH AN, B TN e DX
IR BEWS 52 BL R AR 70 W R AR IR e o FLE A N
(2022) [] U-Net P45 5| AT 15 i B Jai 5 100 265 235 4
RARIURFAL , T a1 s B AT BRI GRRE A 26
SIS L RS2 , AT 2 o ik fe e 79 2 BURS BE
1.2 U-Net & Hgist

U-Net M 26 2 H A =27 B 5 o3 B a0 b vy H B
K7 B FERE 45 . U-Net Sz Ho A5 Fldih s R A 17
T = 2 AR AL BB A 2 438 . Ronneberger 55 A
(2015) 42 Hi JFF I U-Net it 1 2015 4R LE ) PR 2
14 [# = W 5F 25 (International Symposium on Biomedi-
cal Imaging, ISBI) 40 HU 18 B Pk R FE AT 45 . Cigek 55
N (2016) 41 H T 3D 45 AR A1 5 48 U-Net P T
A1 2D A BURAE , B4 H ) 3D U-Net (26 55 H] T

B RUR AR AL BT 55 . (HE 3D BIEAE KIS
B, YIZRFEm Hoo TR 2OR B m o 32 35k
42 (He 5% ,2016) B9 )3 % , Ibtehaz A1 Rahman (2020)
P T 20 HERYONR 22 BRERIE 5 U-Net Z5 5 )5
733 7 MultiResUNet 152 4 I Fi] T~ ¢ Ik 96 T80 43
#l. Zhou5F A (2018) 3 T4 % #2 (Huang 5%, 2017)
F1 U-Net 42 Hy 1707 A R W BB B 1 i 2 B 0 2%
UNet++(a nested U-Net) , A T FEAR Bk BR 2 2 5 2 B
s P RL 25 R AR (] (9 18 S22 B, 4 1 7 2 AL 285 AR AE
IR B 5 R AIE () i S 1Y % 4R I B BR AR R A T
U
1.3 ZREFMEST RIS

H A, WA TE— 2653 5 Jy v i et 2 RO R
TER A P28 1) o3 I VERE o 048 535 37 S A b 099 2%
PSPNet (pyramid scene parsing network ) H i i & F]
Z ROZFHIE M AR, R —FRAE ST A BAT A [R] R
JE A2 Y 0 S A R, DA 5 J) F R R 4 S AR
B9 5 AMEF (Zhao %5 ,2017) . Wang 25 A (2018b) i
T A BN 28 46 AN [ 12 oh B 1AM L 32
T A TR T ) R A e ) B R R
22, DL 1 7 8 75 TRUS (transrectal ultra-
sound ) " BT 4 (Y i 41 R 73 . Sinha 1 Dolz (2021)
TERl& S BURE A3 21 2 ROBEAFIESS B SEAE |,
SRTERL S RAE 5 R PR RHAE [R5 | 2 A TR )
BLH, DR B g 0 R SCHRBOC & o %007 5k
AR ARR 5 AR I 1 4 SRy MO OC 2R EA T B 1, I LA
3 0 7 25 I 23 R BRSPS 1R . Shi 5
(2020) 7E53 F/N H AR B R IRE 240 B IEHR 5 A
W28 LSRR 2200 BRI RR RS . DR 4 S et
S L e AL 45 4025 20 B3RP ) g A0 LI s e
TEALAR | TS it g AR 2% Z Rl A 15 B A B,
1.4 EEHNH

TR IIALHZ 0 T R A B i B AR
K oy 2oy E . A TEE I HLE (Jetley 55 ,2018;
Wang 55, 2018a) i 12 tH FH 14 B X A5 B A5
ko Hu 25 A (2018) 38 1 2R HH 8 30 i 5 7 HIL i of
RRAEAIE 30 30 22 8] A4 AF AR 5C A% , DATTT LA 9 365 7 114
J7 2 B R AR v & G T Y E PR . Woo A
(2018) 7E 18 T & AL Y Sy b, $2 2R JH 45 1)
TE R IR RFAE P 2% A0 i ) ) AR O 2R A 7 2
B, AT LAAS 3 &0 B T A AR OC M RECE R . BT A
& I HLH Y Transformer ( Valanarasu %5 , 2021 ; Liu



$28% /FE 458 /2023 F£4 B

FNKEE, KR, BWALE, FEE
& REFIERS S MEES 115 SME MR E 65 E

25, 2021) IR FRAFAE 1] A4 0 RIS o in 1k v
JIML B w0 FH F ) F 2] A) 1 1) B 7F (Bahdanau 55
2014; Shen %, 2018) 45035 H , e A 1 - BIR 450
Sl R R WL T SR A B A REAE R T
AR )RR AE AR, F- 43 00 8 3 ST eR B R AR
i, BT AR 8 T sigmoid BRECHEAT IO ,
o 2 AE W AN FEAE 18] 5 AH LM C &R . Oktay % A
(2018) FE P v 2 Sy i) itk I, $2 HH 7E U-Net H 51
N G R i R B s AR A0 1] 7 ) 8 3 = 0 L),
FoHe 2 IR 326 0 v B B AR AR B TR S HLAR)
(ST, fHT 5 Aol 22 DO 246 X B B R iE 43 B B 22 (A R
BE— LR T ML B EIPERE

I3 HT LA B AR R & B, U-Net S H 58
) 245 7 Bk R B2 IR 1 AH ) RUBE AR 2R T 9F
Fz, 200 T gt s b Z2 RUBERRAE [B] ) B AMRRAEAS 2 o
PRI, AR SR H K i 25 b LA R TRk 3Z 17 114 45 R
FERRAEEAT A, Rl AR E [ B0 55 i A TR 0 40
TREAE B S Gk SURHMIEAS B . SRS L 2 e il
BRFE 45 RUBERRAE 1] 5 ] AT 7 2 AL R 45 R
JERE TR F , 2t & R IR S B AR SR I 4 S

MSFF: % REEHHIERE RIS

AHRRAE T HLABIPE . BeAh, T4t 2R R IR E B
6 3 J5 1) A 0 25 R U R A A AU T Ak 1 ) 248 U
AN, R 2 AT AR AT SRR 22 0B . S T R
IR P T T Ak ) P 28 TR B AR ) T 7 A 118 s SCUARFAE
ZEHE AR SCAE 2830 48 5 04 B 25 R 1F R A AT #48 RRAE
(] SR I 2 I ML R 3 07 1) 2 > Bk R H2F
fE I EBRRIEAS B o RSO B T T4 AR e 1 52
I 2, IF I T 06 g B = G B8 £ BraTS2020
W6 UF T 48 H DO £ AR ) A i

2 ETZREFIEARGHNMEEEN
fJ fi P88 MIR B 15 53 81 I 4%

AR SO ERAE T L1 By 6 TR A . B T 4
AR AR i SR R iR 4R A RS
G i a5 2% RUBERRAE A B 22 RUBE R AR Rl A e ]
T TG i e R A B RS R I R R AR R
TRRAR T SCRAIE 22 1 04 S B s — R i e I PR TE 28 )
PRERE ., BARGHIE 1 s, K G E
FRFHIE IR R 72 T A A BT R R AR 1A Y RS

o o o N :
| o o o \ |
| |
1 —> FF |
Ly s E - }
= = = = / |
\ ‘N o o o Y
A S S S 4 /
L — i ] IS <
> FFAA: > E-DAAC —>
SIS SH S S
33 : S 33
S B B v S 2
1= >FFAA >E-DAAC—>Jll -~
oo (o= o S fe
slal s =] RS
{
o ] & v 2Ol 2
»FFAA »E-DAAC >
SESH S > >
O O O O O
DO' O Ne) o Nej
o w w — wy
—N N ~ A4 vy ISl
FFAA——— > E-DAAC—>
SHSH S > S
on on m' on on
Nel o o o
nl :I :I :I_I B
Wl Tl R
FEARD i A I R = fcilfe —> BHEEU > S —> LRAF
EIDARG “hifi o 2 DI 28 H1HE A )T —fltmishiF R B 2 — TR

B AR 225 ]

Fig. 1

Structure of the proposed network
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Fig. 2 Flow chart of the fusion feature additive attention module
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Fig. 3 Flow chart of the encoder-decoder additive

attention concatenate module
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Fig. 4  Flow chart of attention gate module in Attention U-Net
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Fig. 5 Annotation example
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Table 1 Segmentation results of the proposed network

‘ Dice HD95
Giiti

ET  WIr TC ET WT TC
Mean 07064 0.8875 07194 419 14.13 17.42
StdDev  0.3048 0.0822 03087 109.14 22.42 49.32

Median 0.8327 09134 0.878 245 424 424

25quantile 0.7113 0.8673 0.5945 141 245 2

75quantile 0.8904 0.9361 0928 893 11.75 14.04

7 :Mean, StdDev, Median, 25quantile, 75quantile AR Ky
MESEAEA BRI G5 R I8 FrE2s PO 55 25 E 4
SELLREE 75N E 4y A
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Table 2 Results of ablation experiments

o WRZS Dice HD95 Params/  FLOPs/
U-Net MSFF FFAA E-DAAC AG  ET WT TC ET WT 1TC M M

a N 06441 08522 06601 5821 31.54 2195 2396  47.88
b N N 06664 0.8735 0.6698 55.67 23.72 2544 2655  53.05
c N N N 06818 0.8793 0.6843 47.61 1679 2681 26.64  53.22
d N N 06735 0.8743 0.6826 5042 20.10 27.82 2423  48.40
e N N N V06855 0.83808 0.6886 4635 22.51 2499 2856  61.71
fA3x) v N N N 0.7064 0.8875 0.7194 41.90 14.13 1742 2691  54.20

AR R R BN LSS R . MSFF 3R7R 2 RIEFHERL S AL, FFAA R Bl A FRAE IR R BB E-DAAC R gnh &%
— R AE IR TR R PR AG R T T8 T R e

PEAN WSR2 2 I Ji — 4 J2 B0, 88 M 1% ) 245 A A
ARG B R TR R, T DL T A R Rk
o XtbabMle ZAHSCE LIS d Fla PR SES, &
e HH A XS T b S T AR T 0.17 M,
d 0SB ARXS T a 20 SE B AR R N T 0. 52 ML {H )2
KT ET WT 1 TC B 43 #1245 5 A A [l #2 B2 1) £
Fro BANXFECf e Bl e =42 & B, AHEE T 1145
TR IR B2 1 S A 25— A A5 25 ik v DF
TR T 297, 51 MR & , 20053 1 I 4F )
SR EIVRCR  ICUREE T 42 H SR 0 R A

3.5.3 XTSI

0T R B T B R 2 A5 T A v AR S
U-Net S H 28 BB | B 5t A9 0B B RL , 20 Res-
UNet (Xiao %, 2018) . Attention U-Net (Oktay &
2018) . UNet++ (Zhou %, 2018) . MultiResUNet ( Ibte-
haz Fl Rahman, 2020) . DR-Unet104 (Colman %,
2020) . MTAU (Awasthi 4§ , 2021) | U-Attention Net
(Xu %, 2021) . MVP U-Net ( multi-view pointwise
U-Net) (Zhao 55 ,2021) 75 , LA R AR R T U-Net (9075
43 E#7 HRNet (high-resolution network ) (Wang 55 ,
2021) #ll DeepLab V3+(Chen%%,2018) #E4T T 42 .
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Table 3 Comparative experimental results

Dice HD95
R
ET  WTr TC ET WT TC

U-Net 0.6441 08522 0.6601 5821 31.54 21.95
Res-UNet  0.6454 0.8481 0.6917 60.58 33.64 23.87
Attent

Hention 4 €705 0.8579 0.6355 4590 27.12 36.72
U-Net
UNet++ 06466 0.8637 0.6736 56.09 21.90 20.08
EHJURQSU' 0.6509 0.8413 0.6993 5883 37.11 27.37
e
MTAU 05700 07300 0.6100 47.22 24.03 31.53
E'i\“e“t‘on 06736 08608 07042 40.61 7.94 15.75
e

MVP U-Net 0.6710 0.8620 0.6230 47.33 12.58 50.15

HRNet 0.6541 0.8719 0.6849 53.09 22.88 27.11
BgipLab 0.6524 0.8771 0.6813 49.10 14.87 17.96
DRU-net1l04 0.6756 0.8862 0.6721 47.62 12.11 15.74
AL 0.706 4 0.8875 0.7194 4190 14.13 17.42

TE O PR R 25 9 B AL 25

1.0
0.8
& 06
2
@)
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0.2
O -

IR X
[ ET
. wr
E TC

Fl6 & REIE BraTS2020 £4i4E 1 OC T ET WT #1TC ¥ Dice (HAH B SE 1115
Fig. 6 Box statistics of Dice values of various models for ET, WT and TC on BraTS2020 validation dataset
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Fig. 7 Visualization of the segmentation results of each network
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