MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2019,28(5):18—27 [doi: 10.15888/j.cnki.csa.006904] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

ETREIBZE SRR A4ELIZER
ROCHR, BRIRIN, JookvK, 3§ FH

(FE R R A TS HLER, 1M 510631)

JHR/E#: &K, E-mail: linpianshang@gqq.com

O A ARG RS W7 R B A GV AL SR AR 22 2] TR RS U AN 58 A M R R B, AR SR IR FEIT
2% 51 J7 1R F I 25 ResNet-18 A1 VGGNet-11 17 i 2T 4E 462 132 . 45 FF i J s R REEAR Ay K RURT
AR M F IR TR BIR R AT AN IR BE T RS N 2. K PRI AR 5T 4 Fih AN (Rl 2 BORER MR WESL AR FE AR 40
b, 5B 6 FhILT R BL B VISR, SE 4% 2R, 461 TIRHO-FA SHGR S R 12 1R ] VGGNet-
11 MRS R4 0 F 4T 4 A0 20 B2 W (K AE A 36 (R I A T ResNet- 18R AL, 7R FERALIE B 2 o) 7 i A fa e 42 7t
VGGNet-11 *%E:lﬁﬁﬂ?ﬁéﬁﬂﬁﬁﬁﬂﬁiﬁE"J{Eﬁﬁiﬁﬂlﬂl/EL@:. .

SRRV WP AL RS0, LA 50; A I

b

S R: 450 AR, T, SO T U LR R 51 0 K BT LT AT SR SEIE71,2019,28(5):18-27. htp://wwww.c-s-a.0rg.on/1003-
3254/6904.html

Diagnosis of Rat Liver Fibrosis Based on Deep Transfer Learning

YU Wen-Lin, CHEN Zhen-Zhou, FAN Bing-Bing, HUANG Sui
(School of Computer Science, South China Normal University, Guangzhou 510631, China)

Abstract: In view of the incompleteness of the clinical diagnosis method of liver fibrosis and the incompleteness of the
feature extraction of traditional machine learning methods, by the deep transfer learning method, this study uses the pre-
trained ResNet-18 and VGGNet-11 models for the diagnosis of liver fibrosis. Different degrees of fraﬂsfer training were
performed using the rat liver fibrosis nuclear magnetic resonance image dataset p'rovided by Southern Medical University.
The two models were trained using six network migration configurations on th!e MRT image datasets collected by four
different parameters. The experimental results show that the use of ‘TIRHO-FA parameters to acquire nuclear magnetic
resonance images and the use of VGGNet-11 model cansimprove thé accuracy of liver fibrosis staging diagnosis. At the
same time, compared with the ResNet-18 model, the deep model migration learning method can stably improve the
accuracy and training speed of the VGGNet-11 model for liver fibrosis staging diagnosis.
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