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Brain tumor image segmentation method based on multi-level fea-
tures
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( School of Electronic and Information Engineering , Liaoning Technical University . Huludao , Liaoning 125105,
China)

Abstract ; Aiming at the problems of low segmentation accuracy caused by the loss of network model in-
formation,insufficient context information and poor network generalization ability in brain tumor image
segmentation,a new brain tumor image segmentation method is proposed. This method is a multi-level
connected (MC) brain tumor segmentation model composed of depth gate convolution module (DGC)
and feature enhancement module (FEM). The depth convolution module is used to reduce the informa-
tion loss of feature information transmitted layer by layer. The control gate unit (CGU) is used to realize
the MC of each scale feature map,in which the combination pooling is used to reduce the information
loss in the down sampling process. The feature weight of the segmented region is enhanced by the FEM.
The experimental results show that the Dice index of the whole tumor area (WT), tumor core area
(TCO) and enhanced tumor area (ET) predicted and segmented brain tumors reaches 0. 92,0. 84 and 0. 83
respectively,and the Hausdorff distance reaches 0. 77, 1. 50 and 0. 92. Compared with many current
methods, the segmentation accuracy and calculation efficiency of brain tumors are higher,and have good
segmentation performance.

Key words: brain tumor segmentation; gating mechanism; multi-level connection (MC) ; combined poo-
ling; U-Net

« E-mail ;2922467426@qq. com
W B #:2022-01-11 81T A #:2022-02-28
BEWE : {5 E AP &5 H (2018 YFB1403303) % B 15 H



« 1216 -

1 5]

G i g6 A Ay 7 R T N S MR R Y R —
BRI F B LI o ATk 7285 .
Bi7 Lk i e 1 R R Y B 9T A2 B DL SAE Y
WIFHRZEREE, Y E% 2R R DR
W, H oA A% wE R il 1% (magnetic resonance ima-
ging, MRD 38 i 7 A i 73 #5009 il 38 52 1% X ik
T R AT M B AE B R 9T 2 WS I R R 9T
PGB RENREREEEMEM . RS BEE &4
B A B R ) Flair, T1, Tlce 1 T2 4 A
AT . T R R R L RN R
SN FAETE B Z A0 W &R L P LU B FTAE Bk s
Wb Bl R S i R R A 3 i R B K
F o PEATAR S o H BRI, AR L R
X i e 0 AN R B 22 S R o EDRT R Mk LA A B
PRBE o DS ot i ik 983 1) 1 30 43 B R X 2 A B T Bt
PR 12 W B AT 0 S HE

g m EAR B ka2 T EEN )
G OUR DX R B TR 43 R AR R 2R Y 3
TWE =0 # 7 R KRR BT T R
SR M TEYEBAREA Z MR LML
i o330 5 % ZHANG S50l 4 3% $2 9 2% (fully
convolutional networks, FCN) X} MRI [& 14 s i 553
g3 E) KB E AT I 25, 45 B T SRS 0 19 45 2 U-Net
e T B R 2 i g B 57 7L . RONNEBERG-
ER 261503 o & 45 Bk 8K 3 B2 00 g i 1 0 I 4%
SER A RO AR TE T 4 EDRS s ZHOU 49 7E U-
Net 3 fit 5] AT 24 f# 5 4% (decoder, DC) , Ff 1
Z A~ DC [ 7 BkERE R EIEEA T
M s ZHOUSE Y Rl 24T 5 M %00 2 T 451

Encoder

][l

g

f
3 64 64

Ye BB X - B S 2022%F %¥33%

53 1 a) B A B B[R] — A~ W 4%, I 2 2% 2] /) 5 o
BIRE R ZAE 5 o X il 2. 54 2 838 MRI
A% 43 ) ) f1, DOLZ 25 A 20 d () 4 55— fig 5
R EIAN T 24 4 13 4% Cencoder, EC) , 7 £
A EC [ BI AT 48 % 4 % 82 LTV W T 3
WLV E S K NG A A = N e
MEFERRS T oHEE.

YA ST AR 43 DA b g MRT AR i il 58 1Y
NGEFRER BN SRR
J AR BAUR CRE R Z NG, 5w T 4 #
KRS . AE BN SCfF BB R Ty . X o HIRS FE A
BERFEW . A SCHE T — o 8 45 0 8 Y, 5d i
%2 2 % % 3 (multi-level connection, MC) [ J5 &
TomeR TR OE BB RCIRETTE S B
(depth gate conolution, DGC) F&K T W 2% 1% i i &
AR B M AR 5 & K 8 o R AR B R B
(feature enhancement module, FEM) 3 5 /3 EI| 45 4iF
A, b gk 25 3 TR T ALE S A A Ak,
HlAE S0 28 FOT A 15 B0 7 AR T PR R AL % i &K
) S8k, B R 4 EDRS S PR

2 FppEE GRS BIEE

2.1 BERBLE

ST B R R R o TRAR 00 03 RS B AR SOk
T U-Net BB JEAT 1 Bk, 42 1 — o B 60 fil fie
i MRI B HIT7 k. s FI M4 25k sl 1 i
P2 3T U-Net+ -+ #5475 7 2t 8% 7 J50A B EC
1 DC Z ) % 5 Bk BR % 45 LA J2 1 DC Z 8] 1 A 36 3%
B2, 38 o 1 7] B0 (control gate unit, CGU) ¥ W 4%
EC #l DC 1y ¥R 1E & 3 47 R % 4 5 Rl 6 % 45, BE
A B T4 3R A5 A RUBE T R B2 R0 400k B 1 SUAR L.

Decoder

T
128 643

» Depth gated convolution
2> 3X3 Conv
1X1 Conv
» Combined pooling
Control gate unit
Cri Feature enhancement module
.1 Deep supervision
—+ Copy and connection

A 1X1 Conv and bilinear interpolation

1 BEGMEENTEE

Fig. 1 Schematic diagram of the overall network structure



118 PR RS G £ )3 PR AR B e PR S D i

M2 F % EC.DC.MC Fil FEM 4 A~&873 41 1%, .

M2 B EC Mo £ 24 T DGC LA it A
#iHk (combined pooling module, CPM), i 1+ DGC
S A RRZE 2 R A 2 A )2 R0 )2 52
B AE B #2 BL; CPM. SR - 35 i fk (average pooling,
AP) Kb £k (max pooling, MP) ) 20 & b 4k . FH
DS EER RRAE B R 4R . S BERL Y CGU % il
DC 5 EC py #3082 A1 DC 1) P8 1% 2 50 B0 4 R B
4 B DC % 42 EC (9 [R)—47 ML= B 47 9 B A
HRRAE DL K DC B R 2 B A47 09 R R L 45 50k A
DC By =5 G it SUCRRAE BRI SR B EC AR R KRB 1 Ik 9%
T SCRAE L 52 31 4 T A AR 25 A RUBE Y o SCRRAIE
fFE.

W 4 #5575 DC #6434 &% DGC.FEM il I R 4
2 K45 B0 /Y & 90 SCRAE BUIR 2 2 5 0 KR
B RN Ho DGC #4405 EC 3 40 AH [A] . B B e
T W DC &8 4 19— 2 0 i i, 76 88 R 25 5 2
o DC EB o B — 2 a9 4 i BT 56 GIE 45 SR L 98 4
P Ao M B A e S B X R % AL R A B L) % A A
R R B 4 0

3X3 ConvX2
HXWXC

« 1217 -

2.2 REMNERER

7 U-Net FEAF $2 B 72 o R FH (0 J2: 15 45 46 AL
P, 2 PR B7E % 2 4% 3 5 72 P 5 B REJ0 L &
X2 ) o AR SCHR 8 1R A3 1 7 1 ML L 14 AL o A ok
22V AE B, 42 T —Fp DGC. 1% B 3= 2
A5 SR T R8I TP A 6 T i AIZ AR B i) [
B CRRE) B Sl 3 3 X3 3 B4RV HF 47 55 1F A1 £12 Bt
Cfo) o 020 BB RS T )T IR I 3 A 8% 253 2 4%
025 2 B i 5 2 TR T SR G AT R LA A5
) HA RFIAE DL K 2 R RAEE B . DGC 454
mE 2 fioR.

FEEH T R T 3 X3 BRI AR 3K
K (dilation_rate,d) FIRE BBl d=1 fl d=2.1%
B ZRAESR IR S M fo s BT B RE S 2R
WALIRAE KT RRIE S S F [ BEATHR 2235 #2718
2| Fofl Fy

G Fo 1 F o 38 o 38 3 2 09 7 Rk Pk, &
ot AR S G BUESE M Sigmoid bR
Bz fuG=1.2) M. )5 &1t 55 855 AE A1
AR RS 1X 1 XC s A B A AL R W,

: [1x1 Conv |

| 33 Conv(dl)l

EHxle‘

1X1 Conv

Global pooling

33 Conv(d2)

1X1 Conv

Global pooling
IXIXC

IX1Xx2C

;' ’ Forget gate

—-
| Update gate

2 REMNEESNEHE

Fig. 2 Structure diagram of depth gate convolution
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Fig. 9 Experimental data of brain tumors
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Tab. 2 Evaluation indexes of brain tumor segmentation performance of five models

Model DSC 10U PPV Sensitivity HD
ode wr TC ET WT TC ET WT TC ET WTr TC ET WT TC ET
FCN 0.81 0.80 0.70 0.67 0.68 0.56 0.79 0.82 0.70 0.85 0.88 0.75 2.98 1.85 3.20
ResNet 0.84 0.81 0.76 0.72 0.67 0.63 0.8 0.85 0.76 0.8 0.88 0.80 2.76 1.79 2.90
U-Net 0.84 0.82 0.77 0.72 0.70 0.64 0.85 0.85 0.79 0.86 0.89 0.79 2.35 1.77 2.27
U-Net++ 0.86 0.82 0.79 0.75 0.70 0.66 0.86 0.86 0.82 0.87 0.90 0.80 1.62 1.75 1.86
Proposed 0.92 0.84 0.83 0.8 0.76 0.72 0.91 0.87 0.91 0.90 0.91 0.81 0.77 1.50 0.92
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Tab.3 The performance comparison of this

method with other methods

DSC HD

Method
WT TC ET WT TC ET
HAVAEI'® 0.81 0.78 0.70 3.06 2.05 3.14
ISENSEE! 0.85 0.80 0.78 2.64 1.79 2.70
MOU™ 0.88 0.84 0.80 2.52 1.51 2.66
Proposed 0.92 0.84 0.83 0.77 1.50 0.92

4 4 B
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Tl TC AT B 2B o ik D J3E T WA TR 8, AR A5 T A
P ES i I S 4 B L AR SO Y Y R
Gy EITTE U TR WT . TC Ml ET Dice $5 %8R
0.92.0. 84 F1 0. 83 [ R 45 FIZA . 7£ Z TP 45
T R0 0 00 25 R P b M A AR AR A T B A R R
FLA = 5 B B AR e . SR AR SO R A AE
— 2 1 JRy B P L AE S BR R R I R MRT B4 £
R = SR . B RE AR bR R A R MIRT 15 5k 4
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