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Review of Deep Learning in Classification of Tongue Image
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Abstract: With the rapid development of technology and the improvement of computing power, deep learning will
be widely used in the field of tongue classification. The classification of tongue image is an important part of tongue
diagnosis in traditional Chinese medicine (TCM). Traditional tongue diagnosis is dependent on understanding and
judgment skills gained from personal experience under the guidance of basic theory, which leads to ambiguity and
variability, affecting diagnostic reproducibility. In order to reduce the error of subjective judgment, many researchers
have devoted themselves to realizing the objectification, quantification and automation of tongue diagnosis in TCM
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through deep learning. This paper analyzes and summarizes the research status of tongue image classification
methods based on deep learning. In the study of tongue image classification, various deep learning methods are used
as the research objects. The research objects are divided into categories based on early neural networks, convolutional

neural networks, regional convolutional neural networks, transfer learning and other methods for summary analysis.

TCM syndromes/diseases in tongue diagnosis and classification of physical constitution are discussed. A 5-fold

cross-validation experiment is conducted with the public tongue diagnosis dataset on Kaggle. The dataset is a small

sample of the dentate tongue, and the classification methods based on deep learning and transfer learning are

evaluated. The research development of single-label and multi-label classification is discussed and prospected.

Key words: traditional Chinese medicine tongue diagnosis; deep learning; tongue image analysis; tongue image

classification
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Fig.1 Growth of objective study papers on tongue diagnosis
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Fig.2 Tongue diagnosis automated process
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Fig.3 Overview of tongue classification framework
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Fig.4 Overall framework of algorithm
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Fig.5 Prediction of tongue diagnostic based on
tongue attribute learning
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Fig.7 Mainstream migration framework in
medical image field

8
Fig.8 Architecture of TCM tongue diagnosis model
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1 MobileNet 45 S [1] T 52 I 45 450 700 1) 43 K5 B2, 32647
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9
Fig.9 Overall framework of Chinese medicine tongue
color classification method with noisy labeling
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1
Table 1 Comparison of deep learning based methods for tongue classification
TR ik F2 B 2% B PR 7 AR Y
R [13] MLP SR JH X ARl A DI ARE G 5 1) ZEE AT AF B R % 255 Hy i B0 3 ] T B
2% [26] LeNet M 2RSS CNNBLIED  MBLHNA K  —HEEEEFRNTLR
s ; e B TERE A I Y B AR
[32][33][37] AlexNet K ST RIS, A BN AL ;;E@%&
HITAr R, 202
[43] GoogLeNet i T HSV #5771 i E B 28 0] 1 1) A
PR A TR
Xof 7 A PR AG %) AR A T o 4 TR 43 T
[46] ResNet-34 e TR B AT 42 P E S AL E
" (48] ResNet-50 TR T E S E TR KRB RATEE W2tk B8
é “f . e S RAAE R JEFEAS (1 Rk 1 25 (] ) " a8z gt Aot ) FALRE ST 5,35 H T
1o TripIet LOsS FERIR s b A A T L E R
ol 45 % il
[56] DenseNet TR B e
, . . A% IR QAR AR H.
_ [ir SLEY=! = E
[16] SE Block ResNet-101  ¥&a 4 FHIN (R &, Ml TTH 1915 B HUH B C B
. ST
(58] Competitive-SE B Z WAV G RIS o T e
e ,
e
A AT B DX SR B RS DX I R e X R S, TR
[65][66] R-CNN P .
[67][68] Faster R-CNN 1 B8 T 2 0 SRR A EEREINER AN
[69][70] Mask R-CNN o T B HABAE 55 e
X I pap - NSNS e i LS R VA N p =
iz 12 YOLOvS G TR AR SR e 52 T
M 73] YOLOv4 SCHL T RO 0 (AR 7 T 4 Sk H T PR R
e L T s T 3 B AR B R
73] YOLovs RIS L I DB
AN TR] 2 A BURRE , 28 6 T 159 g
[76] WSYOLO R (o KEIEAEE
= ) e i i B SR R Sy —
2« 20 "N i ik
[91] LVQ RH 20 7 UM ST RE A G E S5 AL R 2
yi i T SRR R S R P BRI AR R0 AR
[34] FEMAC RIAIE R f
[95] Prototypical Network  i& Jf T/MeE AR B 45 iii—a;%ﬁ%ﬁﬁ%
ot A ¥ & HE A 2 H o ] A
M MobileNet Ryl kv SRR R TR AR
e n RMARBE RS I s .
[97] APIRESTRIEE N~ i) X B2 L TN 28 14 52 2
[98] 155 R B2 ) % I8 T AT S5 AR e 7 S R
[99] EESE T W0 SR BE 5859 ER
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2
Table 2 Comparison of transfer learning based methods for tongue classification
SCHk R EiT L7y € ) 255 55 TR S R 1%
JUART 5 HE ST 2 A % 82,58 5
e e ) FEAE IR . 88.87; 4 42K . 84.34
[21] ImageNet — S2BHWKERIE  VGG-16 QLT % 82,07
FEAEER . 87.53; 4 AT 42K . 84.23
£ Yy I Hi Dl AN -34 . e
re IR oy O PRSBISI ReSNEU3E s g0 1 1 i T3 91,60
Faster R-CNN
» PR TFUI HERf % : 90.50
Wil 3 . _
[79] ImageNet 1760 3K R 444  ResNet-34 .VGG-16 S 87,254 B . 128
HEH R . 90.50+1.60
[80] ImageNet 1548 KGR HF L ResNet-34 R . 87.20+3.29

$5 5P . 93.00+1.28

[81] ImageNet

[ 1 Wi 4E 1) 185 5K 5 <1 i+ ResNet-50 , Faster R-CNN

WEHNK . 86.49; R AT . 86.36; 48 71 : 90.48

958 i Ilfii R T 4 B M I

[82] ImageNet R oAb Ty

ResNet-50 #1 VGG

Ak J5 A0 A (49 [T AR B - 87.17

[83] ImageNet 2 245 5K It R 5 5 500

ResNet. Inception-v3

IR IR E 1 K - 96.88
LRI AERN % . 94.00
B JE U E K £ 96.88

[84] ImageNet 900 7k i /K 2420 F K4

Fl1 ResNet

UER K AlexNet:98.33;VGG-16:96.11
VGG-19:96.66; GooglLeNet:97.50
ResNet:98.61

AlexNet.VGG .GoogLeNet

[85] ImageNet [ e 1805k 5 B - Inception-v3

YR % Inceptio_v3+2CNN:90.30
Inception_v3+3CNN:93.98

[87] COCO

1500k IR & 4 44  ResNet-101

A FE £ 99.00
A 1n#.91.40
F1-score:95.00

[88] MEMIBHGER 600 ikl & S Faster R-CNN

T AER 1 91.00; ZEWURS TR : 97.70; 22 W47 [71%.: 86.00

[89] ImageNet 1858 5K R T 52 44lE ResNet-50

F1-score:93.02

[90] ImageNet 12228k IR & L2580 MTL

(FEFEMGO KGR :98.94; 441718 : 99.07 ; F1-score : 98.92;
A REAARUE :98.29

(FE 250 ) K514 i - 98.33; 49 [nl %% 98.45; F1-score : 98.37;
SR AR ARLEE - 96.88

2 H VB ST 45 b
2.1 HINBR

XF T B T G4 2ROk U v B I R B 1
R R BSRL R B TR B, R R 5 AR K AT PR, E AT AY
ANFFEAR G o A FF RS Tooth-Marked-Tongue
A HANHUI 7£ Kaggle M5t I & A i ROF A — At
JRRITC A IR L 36 1 250 41, an &l 10 i, R 42
AR th 2 2 P BRI ARTE . 23 TF 48 4 BioHit [&]
PG EAE A ML B 300 () IR, G R ST 2l 567 % 768
BE ME LR, HAtKZEW5RHE A & 80E4E,
MR UCSE | 5 A2 R BT HLIG FBE BE & 4 L IF
H Ll 4565 b B L Zbni, g 12 iR .
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10 Tooth-Marked-Tongue
Fig.10 Some samples of Tooth-Marked-Tongue dataset
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11 BioHit
Fig.11 Some samples of BioHit tongue dataset

12
Fig.12 Some samples of self-built tongue dataset

SMOTE (synthetic minority oversampling technique ) "*
S — LA R N LA OB 150 T T i T
I 28 I AN Ay 1) 0, DA SR A D BT SR 28
KA Aok R . Qi SE NBFI I SMOTE .
P D €27 S REARE APPSR 2 5 7 SR E
2.2 PR bR

T & 2R R, i 2 2 A 2R IR B, el TR Y
S VEREE S AR AR B DR MMERR T . AR, A
R R UE AR BE AN REWE 2 T A AT 55 B9 2K iR A
UK (precision, P) 545 42K (recall ,R) .

X T A R Ia) R, AT AR Al S 28 ) 5 2 il
K143 A ELIE A9 (true positive, TP) &% iF 4] (false positive,
FP) . EL I f (true negative, TN) {i& S 51 ( false negative,
FN), iz 37 .

3
Table 3 Confusion matrix

T )

IR 3]

R i B 5 b
1EA TP (FIEH]) FN (B 1)
JZ 5] FP (fi e ) TN (B )

WER ¥ (accuracy, Acc ) 2487335 1IE 7 (1 REAS B
B AREAC B, (1) 315

Acc = I'P+TN (1)
TP+ TN+ FN + FP

EUER P A 2E R /3 an=C(2) f(3) fk .

__ TP

P_TP+FP (2)

__ TP

R_TP+FN (3)

— R, AR RACHT , AR PSS, X
ZINR .
F1E 83 TARER S A 2R EMFY, f
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1 51k (specificity, Spe) J& 48 R A 9k 70 A 71
FEA B L), 57 =X (5)

_ TN
" FP+TN (5)

HE 44 % (false alarm rate, FAR ) 248 i BE A b
I R IEFEAS G E A5, AL /N 150 I ASE 780 1) 2 i A
HE AR IR (6) .

___FP
FAR—iFP+TN (6)

TR KR ZH N R0 26, — e R EE X
—NEH, g S EE IR R IR F IR £
PR IE . M NS DR B e Z R0, 02 T
FWA KR Z A5 . TS TIAE 55 250 A
BN B ZAR% 03 RAT 55, L PEA 38 A5 A g R HT 5
PR ER T R IIBRIE , B L5 G A eI 2 5

AP Ay AR RS 132 R0 A (R 2 0 Y PR
AN AR, BRAS AR G b 7E BEIT AT 55 LA RL AT
VAL, T mAP {H 2 2280 B AP, Je i i B A 7R
ZA S Ry B RES O, T A (T PR

mAPziAPi (7)

— B R R R TR A TR VB R A it
BRI A A SRR, B AT 45 3 7 A
A (macro-P ) B A 4% (macro-R ) FIXF I (1 2
FECmacro- F1) AN (8)~(10) s

Spe

i :l n

macro - P n;Pi (8)
_l n

macro-R = n;Ri (9)

macro - F1 = 2 X macro - P Xmacro-R (10)

macro - P+ macro - R
AT DA & AN TR R [ 0 B 1 o0 R AT P 1
T T PE I B A R (micro- P ) A &%
( micro-R ) FEF- 3 ( micro- F1) , 358 20 X X
(11)~(13) i,

N
e,
micro-P=% (11)
NTP + > FP
=1 i=1
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SN T RE AR BTEZ R T2, LU
WA R R . e BRI RS e, R
I S L T € TR T 8 WV ek AT A DT L
WRAEH M EERR . A L5 A RE BB 0 75 5 Bk
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TR I 25K, % JH ResNet-18 BRI E AT T 4 41402 (IF
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1) 3432 (IE % -HiE-FEE )

13
Fig.13 Mapping scheme of images to TCM
symptoms and diseases
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EFGE RS0 PN SISk

5T F WIWE PR R 1 75 8 2 0 0 HL & TR,
Zhang %5 N\ ™M 5 €8, SCRLR L AT A G B R
O 384 FE M PO 1 D B A . Li S5 NN 2
G rb AR B (0 R AIE SO ARAE A 5, SR 3508 1 IR
Ji 2= 3] £ AR VIT (vision transformer) 9 3 17 & 42 43
2% i 3 Grad-CAM Jy k4 15 L2 Wi {5 2., I 50 IE
RARLE R EETE . VAT B YI 25 3 8 2 £ T 45 B
25 [ 245 RV PR Aok 28 ) 2 sl ik oAy o B 24 T By
FITA YT M PR $2 BE 12 Wik 46 , TTJR AR IIR YT 5 i iF

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved.

rh BE 2 W 1 RS AR R 5 DR IE v B2 32 W8 1) TR 14
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F 5 — sk B R R AR s LA
S R ] #E 4T TCMC 73 28 19 40 51, I M40 14 o 45
AR IR R AR OSBRI HERE . LidE AR
P R AETF A T S TR A U B 2 2T 1 U O ik
K 1 GoogLeNet P £ U 5T . 30 1) 44 5T U1 53
Pt B R gt — RS R . SR, 78 SE bR
AR A 2 S R, A N S A AE A S P4 A L
AR BT o Li 5 Nk H 2 0528 53 25 05 ok 0N 12
B B 5ZA FR, FF EL 5T PO A A [H] 9 26 (Inception-
v3.ResNet-50,VGG-16 Fil DenseNet-121) i) 45 AF 2 B
PERE

T 12 BRI 0T i 2 ) 3 75 12 Sl b o 2500 4 1Y)
JEml . Jiang 25 AR S TR 12 R R R AT IEAL
(image quality assessment, IQA) , #& J5 i 47 B (4 1 1E
AT AR, b & 68 TR R 4 BUREAE I 43 47
LA 2B FHER B LR TCMC Z — |, 55 R 48
BRI BT th R 250697 7 58 o 1QA I Jot 12 i ik
AR | P ) 5 g R i 22 R 2 RS S v
T WS %5 BF L[] R F1-score 5 48 bR E A7 LU %L,

BeAh RS ER EE 27 2) 7 1 B 2R 0 1 B o s e
R BT 38 BAT R EE 2 > 75 1% A s R
WNGRAEA 22 S R AE . Ma % AW T A 3l K 5
PN A R GERERL I HE 2 6 2 RGCR 5 O & K
W B RE TR IBORIA 5T 3 2 . 1y T
TEASMAJZ T B2 8T S S 2, LA A AN TR 3 85
Z0F CADE AN 73 3 3 X BRI A AN BT RER . S
Z PR 73 28 07 1 2l A, T LR 25 5 7 i 2
FeAt 3 755

4 Gy RJyikEvERE LR

ASCEELL HANHUI 7E Kaggle M3 & AR 1A
W IR RN TG 145 IR B0 O SR — 40 28 0 ) 1 o B 25 il 1)
287 . Kaggle & 2010 4F i 37 (1) T AR 8 A 40 B 5
FEV-5, H A FH VR SR 20 B A PIL R 27 2] 1 2% >
B0 E R4S 1250 5K & KA, Hirb 546 5K A iR
1) 5 RS ORT 704 5K TV IR 1Y I B BIR . AR SRRl
JH T 59738 LH ik iy 77 =0, SE 5 45 R A LUK 6 MR R
PEAR AR (Ace) BIER(P) ELEFE(R). F1JE
W (F1) APV Spe YFIRE R (FAR), R4 T

4

Table 4 Evaluation metrics for different tooth-marked tongue classification methods %

Tk Acc P R F1 Spc FAR

AlexNet™ 59.76+4.17 36.84+57.74 9.1749.53 14.38+16.36 99.14+0.00 0.8620.00
VGG-11¥ 66.27+0.81 92.38+11.28 25.51+3.22 39.75+2.80 98.00+3.38 2.00+3.38
VGG-13¢ 92.37+0.46 94.35+5.03 88.08+5.22 90.99+0.62 95.71+4.35 4.29+4.35
VGG-16° 88.51+5.24 91.93+3.26 80.92+12.45 85.74+7.99 94.43+2.58 5.57+2.58
VGG-19% 68.44+2.96 84.99+10.61 36.70+17.56 49.00+12.74 93.14+8.42 6.8618.42
GoogLeNet™ 85.30+0.40 89.76+1.78 75.04+1.40 81.70+0.41 93.28+1.49 6.72+1.49
ResNet-18" 75.10+1.98 78.28+3.83 59.82+1.91 67.65+2.24 87.00+2.86 13.00+2.86
ResNet-34" 75.10£1.39 77.88+0.78 60.37+3.47 67.80+2.53 86.57+0.41 13.43+0.41
ResNet-50" 74.38+0.41 79.36+4.90 56.51+6.51 65.75+3.20 88.29+4.36 11.71+4.36
ResNet-101% 73.74+0.81 76.16+1.81 58.90+4.71 66.13+2.59 85.29+2.30 14.71£2.30
ResNet-152% 71.73+0.46 74.25+2.89 54,505.11 62.71+2.56 85.15+3.38 14.85+3.38
MobileNet_v21* 76.06+3.60 78.1346.43 63.31+4.24 69.43+3.76 86.00+5.73 14.005.73
MobileNet_v3_small™* 75.26+3.43 77.175.26 61.84+3.31 68.51+4.03 85.71+3.78 14.29+3.78
MobileNet_v3_large"™ 78.396.15 87.01+4.72 60.00£20.31 70.04+12.44 92.71#5.36 7.29+5.36
DenseNet121™ 65.30+1.86 100.00+0.00 20.74+4.24 34.25+5.96 100.00+0.00 0.00+0.00
DenseNet161® 62.25+3.37 100.00+0.00 13.76+7.70 23.85+11.61 100.00+0.00 0.00+0.00
DenseNet169™" 65.06+1.63 99.00+2.89 20.37+3.48 33.71+4.89 99.86+0.41 0.14%0.41
DenseNet201™ 63.13+1.63 100.000.00 15.78+3.71 27.0745.73 100.00+0.00 0.00+0.00
SE_ResNet-18"*" 77.67+2.08 79.24+4.61 66.79+2.76 72.39+1.97 86.14+4.29 13.86x4.29
SE_ResNet-34"" 77.35+4.10 79.640.71 65.50£12.32 71.40+6.92 86.57+2.30 13.43+2.30
SE_ResNet-50" 75.74+1.98 77.98+3.73 62.93+10.42 69.22+5.57 85.71+4.75 14.29+4.75
SE_ResNet-101"" 74.62+2.44 79.78+7.13 56.88+6.89 66.17+3.77 88.43+6.48 11.57+6.48
SE_ResNet-152"" 74.70£1.23 79.44+4.44 57.25+5.61 66.39+2.94 88.29+3.78 11.71+3.78
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AN AT L £ D PENFE AR I B F 25 . 3R 5
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EAIT 2
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9 92.37% , J5 2% M 0.46% , F1 . Spc F1 FAR %3 % K
90.99% .95.71%F14.29% ., oIt &l FHE RS 2% > 1)

IR, VGG-13 M RE i if . GoogLeNet 3 /il
) 4% % B 0 56 B AL I 285 iR B, A I TG i ek,
HERR RALR T VGG-13 FI VGG-16,

SE_ResNet £ 51l 4] kb ResNet £ 51l hil A 1 38 38 7
BIALH, BPAT 3 R A IE S TE AR . SE_ResNet R
GIHE M S8, PR TS BE 29 2% . CNN 9 S 803
Z AR AR B BRI RUR . MobileNet R %1 &
LVE TR dh v el A =i 45 1 i 4 i 2 CNN R 4%
WD S S ds B 45 R R AR IR o 2 RS
B EEA A R 0 s ] T T RS 2 ) 19 7 i i A T
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Table 5 Evaluation metrics for different tooth-marked tongue classification methods
based on transfer learning %

Ik Acc P R F1 Spc FAR
AlexNet™ 57.51+3.71 20.00£57.74 2.94+8.48 5.12+14.78 100.00+0.00 0.00+0.00
VGG-11¥ 64.02+0.24 72.93+20.42 23.12+14.83 33.00+10.49 95.86+11.96 4.14+11.96
VGG-13¢ 94.38+0.46 96.55+2.76 90.46+2.80 93.37+0.58 97.43+2.18 2.57+2.18
VGG-16° 93.98+0.23 94.20+1.73 91.93+2.31 93.03+0.39 95.57+1.48 4.43+1.48
VGG-19% 94.22+0.62 96.87+2.36 89.73+0.92 93.15+0.61 97.71+1.80 2.29+1.80
GoogLeNet™ 92.85+1.06 93.46+3.67 90.09+3.23 91.69+1.14 95.00+3.30 5.00%3.30
ResNet-18"! 82.09+0.81 82.31+2.17 75.41+1.06 78.65+0.56 87.29+2.18 12.71+2.18
ResNet-34" 81.93+0.93 87.08+1.60 68.99+0.92 76.97+1.11 92.00+1.09 8.00+1.09
ResNet-50" 81.53+0.41 94.67+0.68 61.28+1.41 74.38+0.85 97.29+0.42 2.710.42
ResNet-101 79.44+0.84 84.06+6.43 66.24+4.24 73.78+0.96 89.71+4.46 10.29+4.46
ResNet-152t 83.29+1.06 85.42+3.26 74.68+2.95 79.64+1.31 90.00+2.70 10.00+2.70
MobileNet_v2"* 81.85+0.93 87.06+0.97 68.81+2.31 76.83+1.51 92.00+0.72 8.000.72
MobileNet_v3_small™* 77.75+1.23 83.42+1.01 61.65+2.42 70.76+1.87 90.29+0.41 9.71+0.41
MobileNet_v3_large™* 81.93+0.40 86.57+0.95 69.54+0.92 77.10£0.55 91.57+0.72 8.430.72
DenseNet121® 56.22+0.00 0.00+0.00 0.00+0.00 0.00+0.00 100.00+0.00 0.00+0.00
DenseNet161® 56.22+0.00 0.00+0.00 0.00+0.00 0.00+0.00 100.00+0.00 0.00+0.00
DenseNet169™" 56.22+0.00 0.00+0.00 0.00+0.00 0.00+0.00 100.00+0.00 0.00+0.00
DenseNet201*" 56.22+0.00 0.00+0.00 0.00+0.00 0.00+0.00 100.00+0.00 0.00+0.00

6
Table 6 Advantages and disadvantages of neural network models
WP oA {733
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