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FRASEAT ) @, 1 — DR T 7 R RE. 7E BraTS2019 i Je £ da 48 b1 S50 45 SR 3 I, 1Z0B B 7 B g X 3k
IR A% O DX 3 e 34 i X 3k )T 38) Dice Z2404E 735129 0.887+ 0.892 1 0.815. 15 HAh S ¥ 5-#1 7772 ADHDC-Net.
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Abstract: This study proposes a cross-modal fusion dual attention net (CFDA—Nef) forbrain tumor image segmentation to
solve the insufficient multi-modal information fusion of brain-tumors and detail loss of the tumor regions. Based on the
encoder-decoder architecture, a new convolutionalblock with dense blocks and large kernel attention parallel is first
adopted in the encoder branch, which can effectively fuse global and local information and prevent the gradient vanishing
during backpropagation. Secondly, a'multi-modal deep fusion module is added to the left sides of the second, third, and
fourth layers of the encoder to effectively utilize the complementary information among different modalities. Then, in the
decoder branch, Shuffle Attention is adopted to group the feature maps and aggregate them, and the subfeatures of the
group are divided into two parts to obtain important attention features of space and channels. Finally, binary cross entropy
(BCE), Dice Loss, and L, Loss are employed to form a new hybrid loss function, which alleviates the category imbalance
of brain tumor data and further improves the segmentation performance. The experimental results on the BraTS2019 brain
tumor dataset show that the average Dice coefficient values of the model in the whole tumor region, tumor core region,
and tumor enhancement region are 0.887, 0.892, and 0.815 respectively. The proposed model has better segmentation

performance in the core and enhanced regions of tumors than other advanced segmentation methods such as ADHDC-Net
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and SDS-MSA-Net.

Key words: brain tumor; multimodal; deep fusion; attention mechanism; image segmentation
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P, SCHR[10132 T TransBTS M 4%, B K
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SR 4 R AE D FREN. SCER[1113R B T A FE T 5k R 14
EEHEREMBEXE LA FHERNDMNBEERN
ADHDC-Net %%, SCHR[12]%¢ 1t T SDS-MSA-Net, ‘&
AN 3D 1 2D Fr N R EREURFAE, 5 F 0 B R
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G5 . RIHOSCER[13]%00 T T 2448 BG 1915 25 Sl
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FEORG 4 b R, {EA2% X A Cofieg [X 35 (1) 73 Bk BE 3
EEREECVA N

G IR ), A SO T — b B AR A
“E‘%%E@W@ F% 53 E P 4 (cross-modal fusion dual
attention net, CFDA-Net). A i {h 5 i 45 F7UB 57 7 52 [,
KW T EEIAT KIREB I H G, 7T A
BRI 4 Jey A=y 45 S D9 T s AN [RS8 X 22 18] )
REERLG, 1R H T ZBUS IR RGBT 4 b A AR
AR EAME B, AIEE BRIEE B, T4 R TR FRE
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L, ASCAE T 35S XS Dice 5 L, AR A
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1 e M RS 28 73 S 5 AN BB IFAT KIZIE
E 4 F (dense parallel large kernel attention convolution,
DPLC) fi&H, DPLC He— 77 [ F| F % 5 AR s Rk
HH, B ERRRETE R 5 — A A VAN L5 70
W 2% 32 tH B K N = B A (large kernel attention,
LKA) He 5k fin i 3k B P 28 R E AR 1 78 77, A5
AMEHIFAT AN RS, T DUAR G i e 38 5 ARUARRAIE 2
SRR 0 2% 52 B AN A 1) I S, 9 T 68 ) 38 5 4 R A IS
BRI RIS 2. 3 84 ZLEMEmZE
BESIRE RS (multimodal deep fusion module, MDFM)
B, A BRI FAS (RS 6 0] 0 FAME S, 4 JE Rl
HGHEFS. HIR T 3. 2 4 )2 MDFM B R T

KRR FRFRIIS KA 4 KN 8 1 3x3 BRSN,

RIS KN 2 1 3x3 BRURET R

AT B 10 45 /2 90y SOBS BRI B, 5 4 0l it
IS [F) AL 35 43 SC 4o 1 SR JiE AT I8 IE R B Rl A
Rl & J5 13 F SA (shuffle attention) VE & Jy 47045
il P 23 1) 3 T RSB R R 7, O T I B AR AR
(IEVE, B TR — AN 1x1 5Bk et 7 308 1 B0
FESR G — MDA SA BEHUSE 1x1 HHS Softmax
T oA K75 3R AR TR DX 3 A% 0 PR X 3 A 48 5 e
B (X A1) 3 3 38 ) 4 B T [, L PR Im I AR R
— AR o X3
1.2 BEHITRIZIEESTER

T R 38 A AR R AE B B IS B 57 PR Y )
AL T B BT KZIERSBR (DPLC) Bk, 1
Kl 2 pw.

|
| WConH DW-D-Conv | [Conv]t
®_k5x5 K7x7 1x1 [

e
49

B2 #RE BT KA SR
HSEH 10305 T 2 ML) DenseNet [ 2% 1)
ARG, E AT AN SR AL 3 ELRERIT LB 2k, AL

X

N TS HNE R, R P R BORE N
2 )R, BAER A e il 2 i AR v N, IR
H SR IR 2y Ja 202, S8 fHE 11 BRURE
RIEE L, E G (1) Pros:

Xi=H(Xo, -, Xi-1D) (D

Hr, [Xo, -, X MREE 0, -+, -1 24 B FE ETEE
TEYEFE AT I G, RPN S0 Xy RN IZ BT GG 1
N X . AR H() H 3x3 B jtkuaﬂmu ReLU
WO BRSO R B T <1 B
HE LA B 1@3’725@?@&%@ .

65 2 A RSB LG P % VAN e
(RSHR 0K AL 3 H A (LKA) B, M 4420 T
— & T RZER I g7, — A KxK (BRI
PAAMEN 3 35— (2d-1)x(2d-1) FIiZiEIE (DWConv)
B, —A Kld<K/ld i@ TE 2K (DW-D-Conv) 51,
—AN Ix1 B Hp K ONERIEKRD, d NIEIKE. LKA
HEARWR 2) firs:

LKA = Convix(DW-D-Conv(DWConv(X)))  (2)

RIGH LKA 263 Sigmoid Wi s S 210 & 4/
SRMERNARY, BEBRNWREGH 3 MESER
I SCHEAT TR AR R AT BIRHE B y,, sk (3) Ao, H
1oy Sigmoid Wi R4 L\

‘ ¥ =X o (LKA) ©)

e E e vy Sy, FEOE B AT 0 2 GO N AR Bz A
I, Wk (4) T

y=y1+yn 4)
1.3 ZIRSRERMEIER

WA K 22 B 2 AR At 22 S K 2 A\ 2%
[T B, AR ORI S R BAME R, N T8
U MR RS X 2 (R BAMS B, AU T 28
IRFERE (MDFM) S, JEAEgmB a8 IR 58 20 3 A1 4 43
SAEMA BT T1-T2. T2-Tlce 5 Tlce-Flair ft
AXHEHN MDFM BRI, X AR AT DL 4t 25 32 73
A Hb R 78 2 [ R AE A R, AR (S R RS S 7
SO0 A ) B TG PR 114 28 8RR B IX 45K 1) 40 4
fiE. & 3 5 MDFM 2 R4S 1R 5 il A5 A 4 g 1.

3 LA 1 S 2 BT as 2 Y MDFM 5 8k
9, A N ) ModelA A T1 #E25. ModelB N
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T2 BLES, XA 72 (8 KN 160x160, i@ IE
oA 1, AOCE e XA AT PHER G153 T1-
T2 FIXGEERFAE, K T1-T2 00415 23 B A\ 3
3ANGR 3, 3 3 AN SO IR AR A IR IEIE SR 4
JA AL AR R AL, (RIS =4 3 45 R Ab
fdi ] ReLU B0E BRI, 1x1 B RUHE T 1038 T 4E 15 2%
TEE Fyy Fy A1 Fs. a5 3 A4 SCREAE AR n, 75
AN 5 (R AE B Sigmoid B8 5075 21 b A AU E &
oo KRS AR 11 BRTHN C 4555 o MR,
[FEE 7 — A B A4 5 (1-a) A, HH A AR
g5 AT AN S, 15 B2 4 R ARFAE S, A
K G- 9) fiow:

Fi = Convx (6 (DWConv [A, B]))

Fy=Conviy (5(GAPIABD) o (6)
4 v
0, W

F; = Convi (§(GMP[A, B))) (7)

N
@=0(F) +Fy+F3) (3

S =Convixi(A)-a+Convixi(B)-(1—-a) 9
Hrp, DWConv(+) £ ZRIBIEH, Conv,, () HAT &8t
ITIBIETH4E, 5(-) N ReLU W& R %L, o (-) N Sigmoid

C/G

@,

BRI, GAP() NA R F¥itk, GMP() N4 R
KAk, o A MBI BR B0 159 21 ) kA AU E R 5

Model A

Model |DWConv[—{ Convixl F,
yz

[ GMP | Convixi]

[Comv X f——=—()

zﬁiﬁ%ﬂi 4 AT SRk
@‘\%ﬁa segcime(®) s (1) Sigmoid i 4t

o? K3 ZBESIREERABEE M A
1.4 24i#tHY Shuffle Attention ;= J11ER

IR K 2 5000 248 30 2 1 6 2 % b VR D AR B )

TR JIHLH, AE R I RE R T X N g A5 % 3 S
(RAREAE ST, 1T R T Xof L A i 2% 3 SR J5 BRI 1
S, R R A SCAE RS 2% 20 SCBIN T R i sAl'
RIS, ASCTE SA BB EIIN T 1x1 4%
. BN H—4LF0 ReLU ¥ o B0k 0 #5545 7 it
TR 4. Bk Y SA RS R I 4.

Split G

|

N @‘AE%‘*H%@ o=Sigmoid() F.(x)=Wx+h @Channel shuffle
E

%, i v — 1x1 HF+BN+ReLU GN 4 Group Norm

K 4 Shuffle Attention 73 7 77 45 1) [&]

St T4 N RFIE ML X e RO Horh ¢ 2 ImIE )
B, He Wl R s BRI SERE, SA S )88
TEAERE B X R0y G AN, B X=X, o, X, o, X,
X, ERTIIN RIG, Sy I THRHE X, (A5 4% rh g
G353 3 Xy, Xp E RO — ANy 3 IR
HESRERMSEIEF S, 73— A0 SORPUCE R 5 H b
DX sk, o Tl IE T 3, Se AR T At A R IR A
AJRE R sERPIT KL FE S, W (10) PR

122 Z%i% % System Construction

(10)

w
1 ..
s = ng(Xkl) = mzzxkl(l,])

i=1 j=1

—_

X BB R R A X, Hok w, e RO

by € R H T 4R BURIAS A SR 1 58 X, FOAEAE R,
Wk (11) FioR. X B o (o) & Sigmoid Hi B %L
Xy = 0 (Fe(8))- Xkt = o(Wis+b1)- Xi (11)

XF A VR RS 3, B X Xy, #EAT A A1
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(GN) #3382 [ giit &, Kb w,e RO p,e RO

T4 T8O AL R 5 X, FIRHIER R a2t (12) Frios:

Xip = 0(W2-GN(Xp2) + b2) - X2 (12)

SR 5 R S TE AN A 8] 73 SEHFEAS BT RME X, = [X,,

X,] € REIGHWAG 4 FHRHER A f5 (£ ] Channel shuffle

5 A5 B R Wy I 4E R BN, S 1x1 &

FRFRAR A TE 4E 5L, IR AE B R AT kA — 40 AT A ReLU
PO R AR AR MR E.

2 SERWE
2.1 HIEE
ASCHAR KRN (brain tumor segmentation, BraTS)

38 2019 SEAFFHI L, Hob BraTS2019 s 4

A 76 B4 % 50 A fise o7 98 993 910 5 259 45 v R ) i e o
R, 301 BraTS2019 M St 8:2 M Lot xd
W ZRGE R R AR 1 A A7 oy
22 HEmLE

BT 3D % X EHG AT I R (] B K, 5+ A
B AP GPU I 2 N A7, BRIk 848 FH 2D Ul v
YRR SCHE H P 2. BN 1) 3D Hdle K/ A
240x240%155, B3 fixi e Eodfa i s 4 X EH 1R 2 06
R 55 S, 2t DUEH 28 AN P4 1 e /. BT DAAS
SCE et 3D Hdf S 1B R /NI 160%160%155, LA
TH R TG 2 A A5 B, AR5 TV A Ty ) v 4
VIR, ¥ 3D BR824 155 5K 160x160 (1) 2D Y LA
JEARSCASERLI 5 11 75 2E

BA G BB ML A [, S [RI RS 1) s A8O0T L FE A

[, B CAASE FH U5 — A SR A LA [R5 2 1) M08 56 S5 AR 9

sy, AR AR AN RS 1) () FAME I, A — 1
BRI (13) Fios: g !
XX

§z=—— 1
=t (13)

Horb, x B2EIRJE R 2D YA B, 2% BUR T3
8, VER NG IIEE, z 220 I3 — b3 5 FI TG,
WK 5 Frow, G AR TAL 3 15— 1 U0 Fr
(1) 4 PR AS TN L SGAR 25 1 R, e B K ICN T1,
Tlce. T2. Flair f1 GT (ground truth) ##2%. J 4%
AL IR T e A L SRR 2R R ) SR O AR IR XL B R
SR S PR [X 5 A1 8 S DR BB B i g [X k.
23 XWIMERE
AR AS FH BUR FE 27 I HE S /& PyTorch 1.11.0,

Cuda 11.3 FJEAERRCA, B3R5 CPU J& 15 vCPU
AMD EPYC 7543 32-Core Processor. 30 GB A7 51
FH i GPU 42 NVIDIA RTX A5000, 17 k7N 24 GB.
I 2% 4571481 ] Adam (adaptive moment estimation) 513!
VB AA %5 R S8 AL I AUAE, W16 % 2] 2275 0.003,
BNEAEWE N 0.09, BUE IR RECN 1E-5. BE 1L
TR/ 20, YIZRE BIECH 100.

@ TI (b) Tlce (©) T2
Bs T HULE R 4 HEAERS GT Hh
2.4 TFNIERR
SR PE IR TR PR e, AR SO BRI X 3 A% 0
i Je DX S0 3 5 e 9 X 383548 Dice #HAML %%k (Dice
similarity coefficient) SR T 58, 20X (14) Arw.
Dice ¥UEBIGIE T 1, Ui B I8 4 B 45 R 5 N Ths
25 gk AR, 2 B RUR ek 4. 10 Dice $UAH Bz
JET 0, 40 ISR IR,
27N P
ce = Y+ 1P (14)
Ho, YN N T RIbsRE MR 6, PR TIOE () 4R
£, ¥ 0 PN TR R TIO  EI4 2 248,
25 LT | “
FEA [ 2= B AR AR 1 00 B 55 B H {8 (binary cross
entropy, BCE) —HEI32 XUR{EABR KR, Wi (15) B

(d) Flair () GT

1 N
Loce =~ - bilog(p)+(1=y)log(1=p)]  (15)
i=1

Horr, N2 R R I EEL, y X LT MR
FRAHA, T H. p, 258 i MEER BTG, T BCE
PR KBS BT B REANE BRI T AHEE, B2
AR M Jf e P T S AR R AN SR 3R L 220 K, AT g
FA A H A B, BE AR AE SR AN I i) L A A
VBRI R AS T 1 ) /L, X SCAE BCE 45355 ek ) i
il EX4INT Dice 45252 %L, Dice 15 Eun= (16) fin:

N
ZZPiyi+8
Lpice =1— _— (16)

N N
ZPi"‘Z}’i"‘g
i i
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NTARESE R E T, BB e ERRN 10 57
HMERE I 2RIt FE 25 5 B 0, Bt DATE S L A
EXEINT Ly R RGN AR R T i &
] 8, AR T W RS Ly, #ik s in s (17) Fior:

1
Ly = szv()’i -pi)? (17)
gk b, ARSCHR AR R =X (18) Fr:
L = Lpjce + @Lpce + 8L (18)

A SCASE A2 1 2 A8 B 1) 7 R R i S
Bk pEN O, LRI RERES o, WE 6 iR,
o M BTEHEILE 0-1 Z 18], 2 o 24 0.5 I, AR SCHEARLAE
FELR I8 (whole tumor, WT). #% .08 (tumor core,

TC) 51458 Y% (enhancing tumor, ET) [X 48 1A 2|

Fe AR R, IR IR AR TR 1 ek B A A

1.00 —
i — WT
§ TC
0.95 v — ET
v
W
L3
0.90
S N
5 0.85
0.80
0.75
0.70
0 0.25 0.50 0.75 1.00

2 a
6 S o MHAERE KR
FEBLIEA b, gk8ells iR Z g, s 7 For,

Hrh gk sh TG H7E 0-0.1 Z 0], AW E S a AL |

0.5, N 0.05 B A SCARAIE WT. TC 1 ET X 48 L
Dice Z¥k¥) 0887, 0.892.5 0.815, BIHHIIITE At
BT BT g !

W2 02015 15 =0.05 # IR A9k B8
L, R I ZRIE AR IR ECA 100 SR, B2 (111 2451 5%
EANSRUE B3 HRABIA B A, Wl 8 FTom.
2.6 HRLSEIG

N T BAIE A SRR IR R A R, 7E UNet
() 2R S I AN [R] PR A B, 8 P A [ £ 45 2 o B0F0 2
O EEE IS B

% 1 H DPLC REZE LG AT KL BB
MDFM fREZ &R ER G B, SA f{# Shuffle
Attention y¥ & JIAEL. /£ DLCB BIH RN #] UNet
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J&i, TERE RS R A AR o A0 PR 5 3 ik iR X 3
SRIEANT 1.7% 3.6% H1 1.4%. % MDFM #i
TN, A5 AL 7E 2% 00 Ji 98 DX R385 X ) R AR 15 3 1 3k
—G MR . BE, W TSGR SA R 1Z T
T 3 FhAS [F) S 20 1) i g wh S A T R 1 o B 00U,
UEBA T &5V A .

1.00
— WT
TC
0.95 \ — ET
\ B
0.90 : s "
. A‘
3 0.85_‘ % 3 =
0.75
0.70 . . .
0 0.25 0.50 0.75 1.00
HZ p
K7 S pXTBIEIERE R
1.0 -
0.9 — train_loss
val_loss
0.8
0.7
0.6
2 05
—
0.4
0.3 ¥
0.2
0.1"
!
0
0 10 20 30 40 50 60 70 80 90 100
PlES S AR/
K8 HEAIZ Loss 254k
F 1 YN H ST
Dicef ¥
%] 2% i 76
Do 25 A Y W TC BT
UNet 0.834 0.823 0.769
UNet+DPLC 0.851 0.859 0.783
UNet+DPLC+MDFM 0.879 0.873 0.791

UNet+DPLC+MDFM+SA (4<30) 0.887 0.892 0.815

T DT RS 2% 53 SO IS R 7= 1 A RL
P, ASCK SA R IHLEI 405 SE Sl EE 1Y
CBAM B %5 )& 11", ECA sau@iE i & /"
HEATX LG, G036 2 o, 16 ARAS 28 75 A8 FH olodt 1) SA
VE R JIHUBA B P SE VRS, 78RR f 4 R
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A% 0 Jih 988 5 48 5 g [X 3 b A 3G N T 4.2% 3.5%
1 4.4%, hnsE 1 #s A e 3k B ERRAE (R BB

£ 2 NI EE R AR SRS
Dicef5JE
SR WT TC ET
(UNet+DPLC+MDFM)+SE" 0.845 0857  0.771
(UNet+DPLC+MDFM)+ECA> 0.858  0.862  0.797
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