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Abstract A WTCI is an important criteria for evaluating an mount of patient’s tongue coating in tongue diagnosis. However, Previous
WTCI tongue coating evaluation methods is a most of quantitatively measuring ration of the extracted tongue coating region and tongue
body region, which has a non-objective measurement problem occurring by exposure conditions of tongue image or the recognition
performance of tongue coating. Therefore, a WTCI based on deep learning is proposed for classifying an amount of tonger coating in
this paper. This is applying the Al deep learning method using big data. to WTCI for evaluating an amount of tonger coating.
In order to verify the effectiveness performance of the deep learning in tongue coating evaluating method, we classify the 3 types
class(no coating, some coating, intense coating) of an amount of tongue coating by using CNN model. As a results by testing a
building the tongue coating sample images for learning and verification of CNN model, proposed method is showed 96.7% with respect
to the accuracy of classifying an amount of tongue coating.
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W.T.C. Index = A+B+C+D+E+F

Fig. 1. Winkel Tongue Coating Index
no coating(0), some coating(1), intense coating(2)

Fele] ol AFelME AdEEe] Bk A#ZR
e SI3iA WICS ke 3PA S3os Rofshe
thalell zb 7o) A " oA F2E A HlE
S o] &3lUTH7, 81 et o] WPHL Faako B RHE
& EA(tonge body) HLF M| FH9] F& Aol
ToY 247 AgEy] wie o] 22E 8T
She s WoR ARSHOIT. mEbM B =2

- 227 -



S8 s Xe|ets|=EX| M20& M43, 2019.

izati Dropout 0.25
Bat;:r:%:wda;;agtunn Max-Pooling Zerop-Padding Max-Pooling Dropout 0.25 Dropout 0.5
Convolution 3x3@32 22 Convolutiﬂ x3@es e Flsn_nen — Softmax
‘ | ’ ’,—..\-—-C- No-Coating
I.{ () Some-Coating
D \"——"(—tC- Intense-Coating
INPUT Cq P4 Ca P2 F1  F2 Output

64x64@3 64x64@32

32x32@32 32x32@64 16x16@64 16384 512 3

Fig. 2. An CNN Architecture for the WTCI Tongue Coating Evaluation
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(a) Class | : no coating
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(c) Class IIl : intense coating

Fig. 3. Example of Sample Dataset for Learning an amount of Tongue Coating
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