2019 5 60 10 Journal of Traditional Chinese Medicine 2019 Vol. 60 No. 10 *+ 835
DOI: 10. 13288/j. 112166/r.2019. 10. 007
*
( 11 100029)
Faster R-CNN
o 500 Labellmg V 1.6
Faster R-CNN ( fine—
tune) . . o
99 3 45 3 0. 960+ 0.971. 0.971.
60 20 69 1 0. 860+
0.983. 0.750, 0.910, 0.977. 0. 860,
“ 7 Obafemi-Ajayi
7
N N o Oren
't 2. ( Deeploc)
o ’ . Kandaswamy °
( DNNs)
) Faster R-CNN
5 .
. . ° ( fine-tune)

10

(7162124) ;2018
(2018-JYBZZ-JS007) S

* . lifengd5 @ vip. sina. com Labeng o A



* 836 2019 5 60

10 Journal of Traditional Chinese Medicine 2019 Vol. 60 No. 10

1
Caffe 2
voC
2007 fine4une
1.1
GH4
JPG
2848 x 4288, 600 o
“« » <<
» e
500
260

300 60 .

6 100101,

Lo
1
1.2
python  Labellmg v 1.6
2,
“chi_ hen_ she”
“lie_ wen_ she” .
xml o
7:3
350 150
python Numpy
numpy. random. randint () o

(low high)

o

randint ( 100101 100501 (1

2 Labellmg
1.3
Faster R-CNN

Faster R-CNN

S ~

o Faster R-CNN
VGG16 ZF

3  Faster R-CNN
1.3.1
Faster R-CNN

. CLS

ZF

ZF o

500
ZF

numpy. random.

dtype = “17)

fine-tune

(
VOC2007
+~ ROI
3,
7F 8
1
o Faster



2019 5 60 10 Journal of Traditional Chinese Medicine 2019 Vol.60 No. 10 * 837 -
4 ZF
1 ZF tune
) o
CONV1 3@227 x227 7 x7 2 9%6@111 x111
POOLI1 9%@111 x111 3x3 2 96@ 55 x55
CONV2 96@55 x 55 5x5 2 256@26 x26 7F fine—tune .
POOIL2 256@26 x26 3x3 2 256@ 13 x 13 Caffe Faster R-CNN
CONV3 256@26 x26 3x3 1 512@13 x 13 ’
CONV4 52@13x13 3 x3 1 1024@13 x13 10 ( https: //
CONV5 1024@13 x 13 3x3 1 512@13 x 13 github. com/rbgirshick /py-faster-cnn/)
FC6 86528@ 1 x 1 1x1 1 4096@ 1 x 1 fine—tune
FC7 4096@1 x 1 I x1 1 4096@1 x 1 ’
FC8 4096@1 x 1 1x1 1 1000@1 x 1 60000 0.001 !
20000 0.0001 momentum
R-CNN ZF 0.9 weight decay 0. 0005,
1.3.3 Caffe
o 7F
o CPU i7 250G
Faster R-CNN ZF * 16GB GPU NVIDIA 1080ti-
VGG16 ° . Faster R- Ubuntu 16. 04 .
CNN Caffe Faster R-CNN
o= ZF . Faster R-CNN
o Demo
1.3.2 fine-tune 350 o
7F ; ZF
18 .
n ;
n o o
o 1.4
n ~ ~
n ) o
n o
fine-tune .
N N o (TP) (FN) ;
fine-tune
0, fine— ( TN)



* 838 ¢ 2019 5 60 10 Journal of Traditional Chinese Medicine 2019 Vol. 60 No. 10
( FP) o . = 0
TP + TN TP B .
TP + TN + FP + FN " TP + FP B
TP o
TP + FN’
" RPN ( region proposal networks)
2 RPN  Faster R-CNN
150 o o
TP =99 FP=3 TN=45 FN=3 o 5-A
0.960. 0.971.
0.971. TP =60 FP =20 TN =69 ; 5B
FN =1 0. 860+ 0.983. :
0. 750, . .
0.910. . SA
0.977- 0. 860, 5.C
3
5 o
B C
( )
5 N
A B C



2019 5 60 10 Journal of Traditional Chinese Medicine 2019 Vol. 60 No. 10 * 839 -

21

6-B

6-C

J .
2018 24( 12) : 17164719.
2
J. 2018 45(12) :255261.
3
J . 2006 25
(1) :43-46.
4
J. 2004 18(3):
43-47.
5

2011 27(1):1548.

6 OBAFEMI-AJAYI T KANAWONG R XU D et al. Fea—
tures for automated tongue image shape classification C //
IEEE International Conference on Bioinformatics &
Biomedicine Workshops. TEEE Computer Society 2012:
273279. doi: 10. 1109/BIBMW. 2012. 6470316.

I 2017 32(3):
114841151.

8 OREN ZK BEN TG JIMMY B et al. Automated analy—
sis of high-eontent microscopy data with deep learning J .
Mol Syst Biol 2017 13(4) :924.

9 KANDASWAMY C SILVA LM ALEXANDRE LA et
al. High-eontent analysis of breast cancer using single-cell
deep transfer learning J . J Biomol Screen 2016 21
(3) :252259.

10 RENS HE K GIRSHICK R et al. Faster R-CNN: To-
wards real-time object detection with region proposal net—
works J . IEEE T PATTERN ANAL 2017 39(6):
11374149.

11 ZEILER MD FERGUS R . Visualizing and understanding
convolutional networks C //European Conference on
Computer Vision. Springer International Publishing
2013:818-833. doi: 10.1007/978-3-319-40590-1_53.

12 JIA'Y SHELHAMER E DONAHUE J et al. Caffe:
convolutional architecture for fast feature embedding

C // Proceeding of the 22nd Aem International Confer—
ence on Multimedia. ACM 2014: 675-678. doi: 10.
1145/2647868. 2654889.

13 . M .
2018:42-68.
14 . Faster-RCNN
J.
2018 31(4): 6840.
15 . Faster-RCNN
J . 2018 29(2) : 136-41.

16 . Faster-RCNN



* 840 - 2019 5 60 10 Journal of Traditional Chinese Medicine 2019 Vol. 60 No. 10

J. 2017 40(7) :3236. I
17 . Faster RCNN 2018 31( 11) : 80-82.
J . 2018 44 20 WANG G LI W ZULUAGA MA et al. Interactive

(7) :3641. medical image segmentation using deep learning with im—
18 PAN SJ YANG Q. A survey on transfer learning J . age-specific fine tuning J . IEEE Trans Med Imaging

IEEE T KNOWL DATA EN 2010 22( 10): 1345- 2018 37(7) :15624573.

1359. 21 . J.
19 . AlexNet 2019 33(1):14.

Study on Extraction and Recognition of Traditional Chinese Medicine Tongue Manifestation. Based on Deep
Learning and Migration Learning

LIU Meng WANG Xiting ZHOU Lu TAN Libo LI Jie GUAN Jing LI Feng

( School of Traditional Chinese Medicine Beijing University of Chinese Medicine Beijing 100029)

ABSTRACT Objective To explore the application effect of deep learning and migration learning technology based
on Faster R-CNN algorithm in local feature extraction and recognition of teeth-printed tongue and fissured tongue in
traditional Chinese medicine ( TCM) . Methods The tongue images of 500 subjects were labeled in the areas of
teeth—printed tongue and fissured tongue with the Labellmg V 1. 6 software and the training data set and test data set
were divided. The deep learning technique of Faster R-CNN and the fine-tune in the migration learning technology
were used to construct the model and finally the precision rate the accuracy rate and the recall rate were used to
evaluate the model effect. Results For the fissured tongue the model identified 99 cases of true positive 3 cases
of false negative 45 cases of true negative 3 cases of false positive. The precision rate was 0. 960 the accuracy rate
was 0. 971 and the recall rate was 0. 971. For the teeth-printed tongue the model identified true positive 60 cases
and false negative 20 cases true negative 69 cases and false positive 1 case. The precision rate was 0. 860 the ac—
curacy rate was 0. 983 and the recall rate was 0. 750. The model has a macro precision rate of 0. 910 a macro accu—
racy rate of 0. 977 and a macro recall rate of 0. 860. The image recognition results showed that the model was not af-
fected by the location of the pathological changes in the tongue image and it also had strong adaptability to the local
feature extraction of the tongue image. Conclusion Based on the method of deep learning and migration learning
the local feature recognition task of TCM tongue image can be completed well and has good migration ability.

Keywords tongue image; teeth—printed tongue; fissured tongue; tongue image recognition
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