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A TCM Tongue Color Classification Method via Progressively
Correcting Noisy Samples
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Abstract:  Auto tongue color classification is an important research topic in the study of TCM (Traditional Chinese
Medicine) objectification. Affected by various factors such as doctor’s experience and illumination conditions, there often
exist errors in the manually annotated labels, that is, noisy labels. Noisy labels will cause the model not to converge in the
training process and the generalization ability will be poor. Therefore, in this paper, a TCM tongue color classification
method is proposed by progressively correcting noisy samples. First, according to the characteristics of the tongue color
classification, a global-local feature fusion method is proposed, which is embedded in the ResNet18 backbone network, con-
structing a tongue color classification network. The ensemble learning paradigm is adopted to improve the reliability and
stability of the classification model. Next, for the classification network training problem under noisy samples, a sample at-
tention mechanism and a re-labeling mechanism are proposed. During the training process, different weights are assigned
to clean samples and noisy samples, and the noisy samples are gradually adjusted. Finally, the network model is optimized
and trained with the Boostrapping loss function to suppress the impact of noisy samples on the classification performance.
The experimental results on two tongue color classification datasets SIPL-A and SIPL-B show that, the proposed method
can effectively correct noisy labels, thereby, significantly improving the tongue color classification accuracy. Compared
with the existing image classification methods under noisy samples, the proposed method can achieve a higher classification
accuracy, reaching 94.6% and 93.65%, respectively.
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2535 °R ] ImageNet I T i+ 30008 10 SR W& 2 511 25

& 3 At /R FR J2: STPL-B-C %040 45 b 4390 2R FHAR [R] /)
W25 A5 2 43 28 M REXT FLE5 S . AT LB Y ARG
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GLFF-ResNet18 % 4 0] DL HUAS 5 /&5 19 53 28 M B, 1 Hff
B A Fl-score 25 =P 4EFR4 51353 T 92.06% .
91.55% F191.39%. HAEEAI CNN W25 b 4328Vl e iy
[ /& MobileNetV2, 55 HAH . , GLFF-ResNet18 1 3 4~ 45
PRIy BT T 0.85% . 1.119% F11.26%. % J& K A GLFF
A I il 45 AN )2 RO RRAE ST T RRAE A RE T, A
[IEFT=WE e B
%3 FEM%KTESIPL-B-CHIEE L M5 £ AT L 2R

A %

[ £ 5L Recall Fl-score Acc
AlexNet 88.47 85.11 89.78
Vegl6 88.74 86.63 90.76
ResNet18 90.17 89.93 91.15
MobileNetV2 90.44 90.13 91.21
ShuffleNetV2 88.46 86.55 90.84
AR Y 52 W 2% 91.55 91.39 92.06

X HE 2 I 3 YL 4 R e v LA L M T
TR VR M RRAR | A SCHRE 1 W AR AR 00 ) R g mT
DAARAS A A A 2R BE . X2 IR R i e R A 2 )|
GRREAK o, PR AR (R 1 2k i
3.4 HXREFENNHDPAEHEMEHN D LR

AR SCHG A T 0 W 25 Z5 R AT AL A, DA IERE AR
T STAILH o AS ) 19X 45 285 4L AL 5 X6 o 2R RE 1 5 )
W 2% 2 ¥ B O AR DenseNet121%7 | ResNet18.
ResNext50 8 Fl EfficientNet-bd ¥ 4, S e fifi F (4 4
DL K S HU B 40 3.1 75 T ik . A SIPL-A il SIPL-B %
ANPGRS g Rk 4 R

IR AT LUE 5 A 4 25 R A HL FEREAR
T AL R FH A I 28 A5 W] 3R AR B A 1 4 2
PERE . BRI R A I 45 T LA Rk 6 3900 45
JEA AL . AE B AR R 2% B 41 A Y, Mobile-

& i 2024 4
F4 FEAMEZAEXE RS EEEMNZIN
LY SIPL-A SIPL-B
MobileNetV2 90.16 89.81
ShuffleNetV2 90.24 90.35
DenseNet121+ ResNet18 89.96 89.67
ResNext50+ ShuffleNetV2 90.89 91.02
MobileNetV2+ ResNet18 90.66 89.46
EfficientNet-b4+ ResNet18 91.06 90.55
EfficientNet-h4+ MobileNetV2 90.44 89.92
MobileNetV2+ ShuffleNetV2 91.75 91.34

NetV2 5 ShuffleNetV2 21 G A DL ERAS S LI 7 26V
TE SIPL-A £l 4 b, & (A 0 S MEif 238 3 17 91.75%,
LA 205 32T T 0.69% LA L.
3.5 HRRRIG

ARHTTE SIPL-A Bl 4E |, L) ResNet18 Jy L2k W45
PEAT T I Al S5 . FE2R W 4% fif F CE 45 2k R4 7 I 25 1)1
Y. 265 PRSI GLFF REAS T 25 1L o
FAEHIEE JN 27 2] W P R AS R 28 5 AR 1 il Boostrap-
ping 512K PRECSF 1T 5 10 70 PR REXT g 2R . N 5 AT L)
EH i, KA GLFF B 12 Fl-score M ERREE 38 xR
AHXTF LA IR T T 1.40% .2.54% . 1.06%. A
BERIBE W% 2] 2 05, 3 MR An ar 3R T T 1.43%.
2.08% \1.54%. TE M AREAR T B TIHLHIG , 3 45 FR 45390
FFT 1.23%.1.49%.0.55%, i5 5] T 92.44% .91.34% .
92.30%. 33X Vi IR AT 22 7 AL AT LA 7545 AL AE I 25
PO R I B SR S el = o NI 3 i = 2 N )
T4

PN I = S N 7 s < 7 e ) W 1 ) = St O
FRAy B4R 5 T 1.22% .1.08% . 1.16%. X & Ky e 75
FE AR s 2 5B b T ML AT DL AE I 2 A o A v ) Al
TRBRZ FEATIE IE , DR I ASE Y AT LLAE AN 7 B3 e 75 5 AR
I L B8R I M 7 R AR X6 3 2% 1 g B S )

RS HEAZRER

ResNet18 | GLFF | 43JSBiBIARE s 3] | REAR I B I HLI | Mo REARBR 2 FHTAR AL | Boostrapping Recall/% Fl-score/% Acel%
J 88.38 84.03 89.15
J J 89.78 86.87 90.21
N N N 91.21 89.85 91.75
J N V V 92.44 91.34 92.30
N N N 93.66 92.12 93.46
N N N N 94.18 92.59 94.60

FIH] Boostrapping &4t CE Ji7 , 3 ME Rk — 042 T+
T 0.52%.0.87% . 1.14%. X Ut B 361 2Kk pREL AT DL AT 2L

P TE o3 AR (Y UM RE . AT A K TR V8 HE S (Confu-
sion Matrix, CM) &5 - 401& 7 Fr7s .
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(c) ResNetl8 + GLFF + 4}25##
R

3] 1B 1 2 0 3 13 1

() ResNetl$ + GLFi-‘ + oy R
SRR ST+ REATE R JILH

(e3 ResNetl§ + GLEF + ﬁ%*ﬁiﬁ!
SR ST+ FEAR LR AT U] +

2 0 3 13 1 2 [}

2 3

() A3LT5ik

0

W 7 AR EHT PR L)
P77 A AR VA R

4 HERIE

Sy T 015 0 7 R AR X o B T (2, 49 Kk RE A S 0
ARSCHR N T — M R A BRAE BRI T T . %
RAE AN T BR W S AR AR T N, 78 M I Zrad #E rh i
AR AR O R A AR BT B O, N TR T T
T s PERE .

ARSI ST 45 B SR W, X T €043 AT 55 ) FLIA
0, BT GLEF B2 4 E 5 8 R B &
B T ke . 0O, 5 B VRS FEACAR LE
TE Y G aod i o W 75 RE A 11 B 5 7 A6 IEA T8 1F L 7T L
AR T 5 1 43 e %

TEARA I TAE A g 2 — 20 38 FEG i 4 i AR, 3
Th43 2 0 22 AR (1972 AL BE 1 , SR 2B PR S T
T RAFIERE .
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