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Abstract The traditional Chinese medicine tongue diagnosis,because of its intuition and easy to be observed,as well as its high
clinical value,convenience and practicability, has become one of the important research subjects. At present, the combination of
medical image processing technology, artificial intelligence technology and clinical experience of Chinese medicine experts to a-
chieve objectification, quantification and automation of TCM tongue diagnosis is the mainstream of modernization research of
TCM tongue diagnosis. In this paper,the key techniques of tongue segmentation and tongue image feature recognition based on
migration learning and deep learning are studied. A tongue segmentation method based on region-based single pixel loss function
is proposed. It can instruct the training and learning of the model by combining the color correlation and the semantic correlation
between neighboring pixels.and the semantic information of target pixel labels. The experiments show that it partly improves the
segmentation effect of the model,the MIoU index on the test set reached 96. 32%. Then,a classification model of the tongue im-
age geometric features.which combines spatial transformation network and VGG16 model,is proposed to identify and extract the
geometric features of tongue image, providing a basis for syndromic inference of tongue image. Considering the orderliness of the
geometric features of the data on the two-dimensional plane, the spatial transformation network is used to explicitly learn the spa-

tial invariance in the model. And the convolution part of the VGG16 model is reused,so that the knowledge learned from the
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tongue segmentation task can be used for parameter transfer learning. Through two sets of comparative experiments, the validity
of the spatial transformation network is proved to improve the spatial invariance of the model, and the knowledge of transfer
learning is proved to make the model converge faster and more smoothly. At the same time,a classification model of the tongue
image texture features,based on the deep texture coding network and VGG16 model,is proposed to recognize and extract the tex-
ture features of tongue image.providing a basis for syndromic inference of tongue image. According to the disorder of texture fea-
tures in two-dimensional plane,a deep texture coding network is used to encode the ordered feature map.obtained by convolution
layers,into an orderless texture semantic representation, which can express texture information more effectively. And the deep
texture encoding network can enable the whole model to input images of any size, which gets rid of the loss of texture information

caused by scaling operations of fixed input size. The validity of the orderless encoding of the deep texture encoding network for

texture semantic representation is verified by the comparative analysis of experiments.
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Fig. 1 Tongue diagnosis automated process
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Fig.4 Geometric feature recognition model
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Basic architecture of texture feature recognition model
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Table 1 Final test results of tongue segmentation model
Model PA/ % MPA/ % MIoU/% FWIoU/% Time/s
FCN-16s 98. 00 97.71 94. 54 96.13 261
FCN-16s-+
98. 67 98.51 96. 32 97.40 262
LCLoss
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Segmentation effect map

Fig. 9



BN 45 FE T IR 2 2 B GURRAE 0

155

5.2 BERIUMEFMES 3Tt X1
5.2.1 HELEFrH

W G 1 JUART 43 BT (4 550808 SR VR F g v R 24 R4 ) B
B2 g JL L B T A3 2 W R A, R AR B T 528 SR K (RS
S 1056 ) 4FBE Ky 300 * 300, ok B HARTEA 8 F
B o7 0 R AR L B A S L RS R B
JE T B R DL R B E A AT 2 A 5B T AR A LA
FRAE A 5 A5 B SCBRAE , B 05 — A B B AR
AT B N R HUE AN 2 2 A,

*2 EEWE
Table 2 Tongue Label

) ik &

JUAT 5 4E o K
%o EH R A

= IE LA

L 3E HAE LS E® A
R EF,E R

B F e X3 Ka.a. 8. kR

0 GE S BRGEE AA A B BR TR A R A R
b r AIE #8 B 25 5D A7 TR 28 53 AN 45 4 [ 0, G rp L] SRR AE 3
AUNPE 10 From o 0 GRS 3R N 145 1 S T 38 S B L 7 BR
LRGP RE R T )™ AR AE . R I S RO L
L o TR 3 7 5 R o S I T O DL R R R
LT g L o R0 T R AR AL AR B 2 T/ PR AR 4 i P T A
TE B8 AN S8 A TR TR 757 R 23 BT ) 500 — JC A0 450 w3 T
JBCH A LK B T A 30 ATAR HE At RO I LR BR Y AR
SR B T M 19— ROERE . AR 3O T 38 o3 B RO 4 L Ol
AU S PR T 23 38 3 4 T 2 0 # 7E JI ZRad #R b A 5
Pr 22 UB R A J7 sCHEAT IR . AR SCIE i A MR 03 A 55 2 X
B HRBEAT S BT N — E R AR UE TR A ] SR

A S Focallloss 75— F2 B 1 BE [ 1 fift P A< 2 531
S A 4 ] BR3P 52 R BEAS B TR, S IR T o REAR B
ZE R REAS (9 L B R - N R 2E R AR I 2 — R
AT LUAS 805 R A A R RO . 53 8h  Focalloss 15 v KT
O B 7T 920 By 3 ZEAE A BB o DA T 8 A5 A5 B 72 9 R B
TR FEMFEA

920

BEX mMt my = EH m ¥R

Ca) 75 Jo JRf 98 (b) 7 J5T 4 91

B 10 JLATREAE 2 405 o0 A
Fig. 10  Geometric feature data distribution
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Table 3 Comparative experimental results of STL on test sets

Model  Aurracy/ % Poaero/ %8 Ruaero/ 7 Flyero/ % Time/ms

% B STL  76.80 87.56 76. 06 81.41 1098
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Fig. 11

Loss function curve of tongue image geometric feature

analysis model
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Fig. 12 Comparison of evaluation indexes of tongue image

geometric feature analysis model on test set
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Table 4 Prediction effect of geometrical feature analysis model

of tongue image

BT 00)
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Fig. 13 Texture feature data distribution
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Table 5 Comparative experimental results of LREL on test set

Model  Aurracy/ % Praero/ % Ryaero/ % Flyuer, /% Time/ms
& J LREL  70.52 79.82 73.70 76.08 1243
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Fig. 15 Loss function curve of tongue image texture feature

analysis model
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Fig. 16 Comparison of rating indicators of tongue image texture
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Table 6 Prediction effect of tongue image texture feature

analysis model
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76.33 77.95 82. 30 80. 06
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