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An Improved Three-Dimensional Dual-Path Brain Tumor Image
Segmentation Network

Zhang Hengliang, Li Qiang”, Guan Xin

School of Microelectronics, Tianjin University, Tianjin 300072, China

Abstract In recent years, the application of deep learning in biomedical image processing has received widespread
attention. Based on the basic theories of deep learning and medical applications, this paper proposes an improved
three-dimensional dual-path brain tumor image segmentation network to improve the detection accuracy of brain
tumors in nuclear magnetic resonance imaging sequences. The proposed algorithm is based on 3D-UNet. First, the
improved dual-path network unit is used to form the encoder-decoder structure similar to UNet. While retaining the
original features, the network unit can also generate new features in texture, shape, and edge of the brain tumor to
improve the accuracy of network segmentation. Second, the multi-fiber structure is added to the dual-path network
module, which reduces the amount of parameters while ensuring the accuracy of the segmentation. Finally, after the
group convolution in each network module, the channel random mixing module is added to solve the problem of
accuracy reduction caused by group convolution, and the weighted Tversky loss function is used to replace the Dice
loss function to improve the segmentation accuracy of small targets. The average Dice_ ET, Dice. WT, and Dice_TC
of the proposed model are better than 3D-ESPNet, DeepMedic, DMFNet, and other algorithms. The research
results have certain practical significance and application prospects.
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Fig. 4 Comparison diagram of three convolutions. (a) Conventional convolution; (b) group convolution;

(c¢) group convolution with channel random mixing module

AR FRHE R ARG, I 4 (o T RLE . 4
3 T BE LR AR 2 A 2 B B RN
2.4 MAURK S
T Tk i 96 4 1) b S i i g A5 o5 i S AR /N 7
—HB4r B TN B AR A E AU SRk B T 2 G B AR
PR /IME 5 0 0 25 1 43 RS BE . Ry T A DX A (]
AR SR Y — Fp L T Tversky it 2% Btk a9 in A 4
K REL, Tversky 1K BRBUE XN
Porp;
" Pups+aPu, + 8P
KA P, (1) Prp, (DI P, (D532 L A1E
550 MR E A Y L BE P L BEPE A A B A Y
HESE L BCBH PR R B P 22 8] (O ALA o AT B PSS

Ly=1 (2)

Kopeiil o LAE =R i A R 9 B o

PTP.i(Z):Eipziqh’a 3)
PFN,i(l):Zi(l_pz,‘)qh'a (4)
PFP,,‘(Z):E[])/,-(I*Q/,), (5)

APepn B L AEERE @ AR UL B T A A
qn AN LRSS L MRR AR T 20
JEIF %A R bR BUBCR A BRAL IR S AR SOl A 2

Bw, WA IINHIPR KRBT . w, SO
1
w, = - - o (6)
<Zi:1q“>z +e

HTARIESG AR AT e =1X10""° , A Xk G
B 2% R EE

Ef:]wl Eiﬁuq”

Lyr=1—

7

Zf LW [ZJ’HQH +“25P1i(1_(111) JV‘BZ,(l_Pu)(Iu] )

RS o +p=1.0. MBI H, Y o—p—
0. 5 i, 16 2 B0 43 S04 FE B 5
3 LA IR 5y

3.1 ETHRREBEEHESE
AR S BREE 40 F . CPU Intel © Core 19-
9900X 3.5 GHz,GPU Nvidia RTX2080Ti(11GB) X4,

Ubuntu 16. 04 #/FE &4 . Pytorch ¥RE = S HESR,
S % FH OB R KL 9% 2 BRATS 20185,
BRATS 2018 il k&4 285 i i, M XA 66
AN 1) B A0 B A DU FRRLAS (T1., Tlee, T2,
FLARE) , % F #5825 (19 R K/ 240 X 240 X
155X 1, BLSEARZE th 1~4 (&5 F 5 M BT 3lbr
T IR EIAT — AR LA IR S5 2R T LU R

0310002-4



E 415 F3H8/2021 F2 B/RFFIR

IO UE AV B A RO o A SO T B M ik e T AS 43 S
)7 BRATS-18 HU4i 4 1 b4 71 25, 78 i 454 4
P TE 2R Il 55 b R AT
3.2 MR
I R RIAE 2 W T Bk AT A .
A ROE T LA P A RS B R SE T 2 R BE B
(D yp) I8 b5 AT M 5, 43 0K BE 3 22 Bk T 4H
ARKD O, P REEKEAN
P A T|
D=2 T
AP AT LGSR T HEIPRIERZ, HT
AHALL 28 06 F 72 2% 1) 220 1 AN % B0R% 17 D gy X F 43
E Y 2 A BB R Dy YR8 5 — 45 A
Xt S 25 A AN TS . Dy B RIEAN
Dy =du(X,Y) =
max{§g£ir61£d(1t,y),‘jlelgliggd(x,y)} . (D
SR 5 A B AT DU 2 80 R 5 i (O )
AT AL L S BOR TT LU R A A T A A L
a5 AT DA Bk 0 B ) B 2% B S8R RN R Y
P=C(kyXhky, Xk, XCy+1)XCos
Ow =[(kyg X ky Xk, XC,)+
by X by X by XCo— 1) +1]XCou XdXhXw,
(1D
by ke, A3 2R 6 B R TR B LR B RS
B 5 Co C o 43000 FR 7R Hi AR HS 1% 30 38 008 s d h

€))

10

w 4 BUG  UR | e B R

[ DT i ok 98 DX 35 Ry DU 28 43310 02 - 7 5t (B i
0 IRBEAZ L A AR BE 53 hE CbRic S 1) K b DX 3
ChRig 2k 2) R A PR bR (B 4) o 6 38 5 i e
X ETGhRZE 1 AR X WTHRE 1.2 il 4) DA
e R X TCARZE 1.4) i s S 7E LRIl IR 55 2%
1) D.. 43%C0] LL43 K Dice_ ET.Dice_ WT #l Dice_ TC.,
3.3 BHIEE

HY T2 8O B B 1 D O T B Il R
A SCXF KN g 240 X 240 X 155 B figi M9 MRI 5 51
HEAT BE AL BT 40 FR, Y 5 B9 KNSl 128 X 128 X
128, 8K Jig 3 o 5 A 2 J 1) 19 B2 A5 B0 1A K R oY
Ji B S AE — 10° ~10° 2 8] Bl L AE 5% . 9 2% i 1
Adam AL . 2 2T S AW LR 1 0. 001, {1 L2
TEAE R E N R B IR E R 1X10 7, 8 T
Fo 40T S5 A 1 A B IR L AR SCORE HE AL B IR
FER 8, LR 500 &, FEYIZRad B, 2% 2 SR
SRR 38N R BRI 2l TR E .
3.4 H#REHSW

R T B AR SO R AU K PR S8 e A
B X B E ERE RN A B S5 RS, A SCIRE T 5 4l
ANFEHE ., # 10T FEEUE T 5585 e 50
LW ERERE LAY a=p=0.5 B, K
PRECTEMNRE P ET . WT.TC =4 4845 FERE T
SCHEE R, fE Dy B9 ET XA B F 2RI
WT Al TC B4 X4k b 22 gk,

1 IS RO NG IR V153 0 o 0 B T L

Table 1 Comparison of different parameters in brain tumor image segmentation
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Table 2 Comparison of different algorithms in brain tumor image segmentation
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Fig. 6 Graph of segmentation results. (a) Flair; (b) T1; (¢) GT; (d) DPN-MS
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