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A method of brain tumor segmentation based on CA-Net
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[ Abstract] Magnetic resonance imaging is a common diagnostic tool in brain tumor diseases. Clinical quantitative analysis needs to
segment the image results to obtain the tumor area, but manual segmentation is very time—consuming and highly dependent on the
clinical experience of the doctor. Therefore, this paper proposes a brain magnetic resonance image segmentation algorithm based on
deep learning. Firstly, the algorithm enhances the magnetic resonance image of brain tumor using improved contrast limited adaptive
histogram equalization (CHALE). The obtained results are input into CA-Net network to preliminarily segment the dataset. The
network combines the full attention algorithm with the U-—net skeleton structure, including spatial, channel and scale attention
module to realize the feature conversion and connection of different scales of the space and channels. The model uses mixed loss
function to improve the segmentation accuracy. The preliminary segmentation results can further improve the accuracy through post—
processing to obtain the final tumor region. In the preliminary segmentation results, the Dice index can reach 88.40( £0.24) % , which
can be improved to 89.21 (+0.36)% combined with image processing. The segmentation accuracy is significantly improved
compared with other algorithms.
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Fig. 1 Flow chart of the segmentation algorithm
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Fig. 3 Spatial attention module

BRI FE B2 & U—Net, He 3 2 A4 st 2 3K
WO IR RUBE AR I TRy T R4 1 S AN ) 43 HER 1)
FRE A2 0 0 B S5, 5 EAE i 48 8 0 2R AT
ZRIEER, S0 AR RERIERYS R BAA
R AR G, e MR T HOAN AR R4, s IR
T IR R 28 ik At 285 v (0 AS ) RUBE R AIE R 3
PR, A it o vh IR RAALE , DA K 8t 28
i) 308 T 2 AR R B U R IR
2K 1) i, RS TR R R RO RS B
1.3 BEMKEH

FocalLoss R J& — 038 U 2% pR B0 —
T AR 1) P 5V T B AR A ) A DR A R o 58 S
SRR AN A48 1) T AL, DTG 552 BR85S
2] A B B A5 Dy

P, ={p " (5)

1 —p otherwise
FocalLoss(p,) == (1 = p,) "log(p,) (6)
Hor, pe [0,1], BRI F250 y = 1 1455
AITTIME A . MREARBER IS H p, AR/ X loss 52
WK, BEE p, — 1, WK FEIETE, 590K
F18) TR A AS T 4 s /DAL
DiceLoss'" Y5 A dice BB, E—FEE 2 R
AFHLEE B R, BT X o040 28 ml i, #fE 15 2 1Y
2/ X Ny
X+ 1y 7
Horr, XY 43 50 3R T B R LSRR A, A F
P AR A R 2 R UEE L AE 0 B 1
ZIA s X[ Y2350 XY A
SRtk 0B v I A B (14 2 2] e T R AR I 2
BE D T R AN 5 BN S B0
25 KL FocalLoss 1 DiceLoss Wi Fii it 55 pR

Diceloss =

A HSGH IR G loss #EATUIZR, AR AKX .
MixedLoss = — A (1 —p,) "log(p,) +
20X N Y|
(1 =-A) 7 8)
Xy <

Her, x e [0,11, #5E 2 4 loss Hri2 FAHRTAL
oy PN SRR AR 20 A 1G5
14 EEFERELIE

AR SCAE B 2524 Ja A By 25 | ik — 2 3 T A
AR o> FIRE L B —AE RR PAs AT Is 5 k1T
FHSEXT RASESG TR AS A B E AR UG b i a7
BERER A B R R R 22 5 G 3R X
TTREMC RN e, T3 550 P13 53389 Sk R ik g
T GHAE, PTHEBR B AIME R B 0 X 8% 422 B i
TR, WA R 28 I 2% 5 TR i s R SR T G R 4
B I BT IR A2 e A PRARAEE

2 ZWERSHMH

21 EWHESSEHEE

ARSI AT FH B8 8K A Kaggle £idii 4, H
g LR R 3L 3 064 5K, IR AL A [6] 1Y U T A
ZRNRST R i AR 25 5 i g 7 8 A g, il
FH Pytorch HEZESZEE CA—Net 4557, 5206 PR 55% fifi
FRALFEES A Intel (R) Core(TM) i7-8700 CPU, 3
#%3.20 GHz . i ¥ NVIDIA Titan 1080 GPU; %%
fifi FH Python3.7, Ll & Anaconda 4E R & #1855, Hirp
iz [ Opency Numpy 25 /%

SEBR NS5 R F AT 28 SUBRAIE , 76 T A 4R T
TR PR R AR, BRI 2Rk FH Adam T4k
i, 2 25 0,001, R AR TRAR KR M S S IR XF
AT IR

. 1, @ &l 00
M, = Miw + 5 My = M) ¢1 + cosg—==+ (9)
2 g eT. gp



212 £

i 2 S I I VA

12 %

Horr, ml Al A3 3R 27 2 AR KA Rl B
IME, T, 1T, 435 B8 4T epoch KL K HHT Y
55 i 1 epoch.,

UL I FEALCRIN (Batch Size) 552N
R PLACRR BE R B, B2 3] GPU NAF R
T, B batch size K, Ab BIARRIE A 12 (1) 3 Ji2
R, 5 AR R A BE T 75 2211 epoch B8 23 Ok
%, fH batch size iTT K7 7y F N 45 WS B — 2L
U B R ER B A TRIRE , K/NEY batch size WAFFEVI
SR EARNE WA T WSF 0, TEA R 5
Hr BERE batch size N 16, S Ah, T A BRI 2R 141
PER I BREL Loss (R I AR B ARAS AR g S (1A | G I
TRAF IR RIA T T T IS S iR L S5
2.2 EMIERR

BEXF ZIeEHG A&, S8 H T Dice ARBLZREON
ZER AT VR, T AN A=A

Dice = i (10)
2TP + FP + FN

Hor TP (True Positive ) #2785 ELFH: | BEF600 Ky
FHE HE2BR R IE]; FP ( False Positive) 71 FH
27 o 5 9] U B 5 FV ( False Negative)
A B RIS R A5 | i i Sy B
2.3 KIEERXILE
2.3.1 TiAbHE

ARSI AT FH BCHE Y CLAHE S395 617 UG 5
AR X IR 53 53] O S PR B RN A% 58 CLAHE 5503%
SEBRTAL B S R B AE HUC 0.67 IR BLELE, ik
MR J R 2t A R 4 Jry 52 B i, W A A0 1 75
FI|IGom | THRESS b R DX SR 7 B DL S BHE
B R T AR IE P28 SHCT BEATRIRLIIN SR, A
[ FBALHE T %) LU SR LAk 1,

R1 AEFAESEIFEER
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