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Brain tumor image segmentation based on multi-scale detail enhancement

LIU Zunxiong, CHEN Zihan, CAI Tijian, CHEN Jun, LUO Ciyong

School of Information Engineering, East China Jiaotong University, Nanchang 330013, China

Abstract: Given that the imbalance of semantic feature transfer caused by the skip connection of the brain tumor image
segmentation network and the insufficient correlation of multi-scale features lead to the loss of details, resulting in poor
segmentation accuracy for small tumors, an improved segmentation model of the Res-Unet framework is proposed. The
model introduces a multi-scale attention fusion module which makes the model better adaptable to tumors of different sizes
by mixing multi-scale features, and adds a spatial attention module to the skip connection to enhance feature expression while
avoiding the interference of useless information, preserving the spatial details of feature maps. Through the auxiliary
classifier module, the decoder performs feature prediction on feature maps of different scales. The BraTS2020 dataset is used
for experiments and evaluations, and the model segmentation performance is evaluated with Dice score. The results show that
the improved network achieved average Dice scores of 0.887 7, 0.822 9, and 0.802 7 for whole tumor, tumor core, and
enhancing tumor, respectively. Compared with the channel attention model, the improved model increases the scores of

enhancing tumor and tumor core by 2.6% and 0.14%, respectively, which proves its effectiveness and accuracy for brain

tumor MR image segmentation.
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Figure 1 Structure of the improved model based on multi—scale detail enhancement



- 830 -

] 22

.

415

G Ar AR A 4 )2 MRS A — R AL S
Bk FE B, S 22 BRAE R LA 2., 2R il — PR AU 25
R, HZ BT A 1x 1 BRZE 33 B RZ, R
Jr g LB RUZ o sk 25 A B — T THT 48 i 1) 2% T4
JE , il SR UK S0 SCRAE TN FE 50, 3R 22 254 e O B
2404 4 A A [] 98 A5 BUTUAR 5 93 — O3 RO LT
/0 19 2% 1) 2 B0 L R R i e K, YIRS 0
IB/D BERS 1R RN AR . S Um0

R AAHEVT—1L (BN) fil ReLU pRBGH IG5 . it
ARkt 4 2Tk 22 . AR 2
FHBKERE $2 AN TE BT 1 S M (g a8 28 . R
A 252 B9 RS, b R AR RRAE 12 38 3 5508 F
FRIE B ROEER I — 5 o 5 25 R AIF PR LR A 3
240%240 K/, 38 12 4325 )2 F1 Softmax 3% pR T
B B Z T 4 M, Softmax G pRBICKE 47 11F B B 4% 46
BUAG R PN TN | e 5 HLSE AT U R HEAR .

I
I
I
I
I
| =
' w2 % o
Al id'—‘ =
ﬁU—%m%  — AL
A IgE I8 Iy
& & 8 o~
>z =
o

N

=
% =R

() ) —

@) o

g =% |8

E =l

2 MIBIRERLGH

Figure 2 Bottleneck residual block structure
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Figure 3 Spatial attention gate structure
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Figure 4 Multi—scale attention fusion module
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Figure 5 Auxiliary classifier structure
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