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Abstract; To avoid the over-fitting phenomenon, a segmentation method of left ventricle
endocardium based on transfer learning of FCN was proposed. The VGG network which had been
trained through the natural images was fine-tuned. In addition, some segmentation criteria were
employed to optimizing the results based on the priori information that the left ventricle
endocardium was in the center of the MRI( magnetic resonance imaging). In the end, 45 cases
taken from the 2009 MICCALI dataset was tested by this mothod. The computed DICE index, APD
and GC ratio were 0. 91, 1. 73 mm and 97. 81% , respectively. Better results in segmentation of
left ventricle endocardium were achieved through the transfer learning of fully convolutional
networks and the priori information can improve the automatic segmentation results.

Key words: segmentation of left ventricle endocardium; deep learning; FCN( full convolutional
networks) ; transfer learning ; MRI( magnetic resonance imaging)
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Fig. 1 Chart of segmentation method
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Table 1 Comparison of validation set for different
numbers of training
, . YILRUEL n
LR
10000 20000 30000 40000 50000

DICE #8%( 0.89 0. 88 0.91 0.90 0.89

2.16 2.12 1.91 1.94 1.97
mm

GC %/% 97.03 94.83 98.30 98.60 98.72




1580 ARRXFFR(BAFFIR)

% 39 A

0 s 10 15 20 25 30
YK E x 107
4 BWEREENERBHTHER

Fig. 4 Variation of loss with numbers of training
2 B S SR

2.1 EiEK

AR SR FH O 3 8 0 W s 18 R8T B8 A o I
) Ay DA K — s E MRI B B B AT —
MELENBERSERAE R e — R BaEN . A
YIZRIE ) A sh o B, an 54530 WA B4~ LA
R R R S R R T O R R AR
WS FH AL FE 2% 4 15 - 6200U H4-5- i) CPU , il iz,
Hd & 2009 MICCAT 7038 73 E Pk ik FERCH 45 |
AT LR ET S ZAF B RSF R 100 x 100 1Y
Ff%. Xt 45 - 61 (805 K EIM% ) HEAT 43 EAb L,
ELR L 2.

®2 ALRAEBREFESHIXARRT LR
Table 2 Time-cost comparison of tests with and

without priori information s
) AR E R
AT IR - —
HlERER Toe g5 B
ey aing 333 331
975 191 °F- I RE IS 7.400 0 7.3556
UG T35 HE RS 0.4137 0.4118

2009 MICCALI 720> % 43 # k6% € 55 40 4
FITLLF 3 MoEmbri .

1) DICE #5%¢'"*' (DICE index) : Z7n.0o 48
il MRI &0 2= PR B 3l 20 5058 B8R 19 X3
53 (A) 5L FF o EI05e BE Y X IE 4 (M) &
B PSR Y B S
ANM
A+M° (4)

HEEIR B, DICE f8 401 1, SRR
KA, DICE $&5%0#17) 0.

2) APD [ B'" (average perpendicular
distance, APD) . 48 M H 30 53 %5 9 48 55 v 0 4 3

D(A,M) =2

FARE % T2 3 H 0058 B b0 SR R IR g, B
{72 mm, 7 FI45 R BORS i , APD H 258N

3) GC *( good contours ratio) : £ i B 3l
SEIER R, Gn SR APD BEES/NF 5 mm, RS E
SCRBF RS, 3 B 58 i BT 20 0 e 38 64 T
FLFRA GC K.

I3 IR R PO IS B AR BT B2t B
BROTRIRIEG. B 5 Sy — 5kl 5 T A 46 A0 Y
EUETE 10 000 W IIIZJ5 19 53 F6F Lo B 60,0 52
F I T KT 2 AR EE A 10 000 R 2R 5 /943
FEE T, P A 5a A T e 5 2 Bl 5b KNk
BfEE.

‘@

5 BAREREBESHNDEERNLE

Fig. 5 Comparison between segmentation results

with and without prior information
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