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Metric learning based multi-branch network for tongue manifestation recognition
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Abstract: Based on metric learning, a novel method of assisting doctors in identifying tongue manifestation is proposed to
improve the efficiency and accuracy of tongue manifestation recognition. A total of 111 tongue images are collected, and the
data are randomly divided into training set and test set at a ratio of 7:3. Subsequently, a metric learning based multi-branch
tongue manifestation recognition network is designed. The deep learning network is divided into 2 parts. The first part is the
shared weight layer which employs metric learning based loss function in tongue manifestation feature coding to obtain
accurate features. In order to reduce the difficulty of tongue manifestation recognition and improve the accuracy, the latter
part is split into 4 branches for tongue manifestation recognition which correspond to the classification of tongue
manifestation in traditional Chinese medicine. Additionally, a multi-label residual mapping is constructed to increase inter-
class distance and reduce intra-class distance, so as to enhance the accuracy of final recognition. The proposed method
achieves a recognition accuracy of 84.8% on the test set of tongue manifestation dataset, indicating that multi-branch network
architecture can lower the difficulties in tongue manifestation recognition, especially for the tongue shape and coating nature
with multiple feature categories. The loss function in tongue manifestation feature coding can effectively extract tongue
features, while multi-label residual mapping can reduce the interference between different categories, which improves the
recognition accuracy.

Keywords: tongue manifestation recognition; multi-branch network architecture; feature coding; loss function; multi-label

residual mapping

[We#s B #)2023-12-10

[E&BIB | E R R B 1 2855 20207 5 45 L 15 (SQ2020YFF0405970) ; T P AR BF: 2 42 (cste2020jcyj-msxmX0683 ) ; T P i ZeF)2f
HARAFFEIN H (KIQN201901507 ) 5 7 PR 2 B - P9 2 A0 37 (ZNYKICX 2022023 )

[VE& B M, At w2802, 9 05 1) T H LN S R (5 %4, E-mail: 528505463@qq.com

(@S 1EE VR 0 W30z, 055 05 1) N T RE SRR SO REi2 W TR 1 2% ) 4%, B-mail: jieli@cqust.edu.cn



- 522 - ] 22

AR a1

——

IS

PEHREEEIINZ S, b H 2T BE
LW BB R A AL TUE S AR A ]
et i 28 2% S T R s RN 0 2
B Z A s AR e SR T, R R AR S
UMY Fs AT A 5%, T BT S AR I &
T M. HREZEMNLUT LA I m AT W . &
@RI CE A AR, TR AR O
AT 23 S 22 FR AR 4R, HL R TR0 ) R i R A
A R Z 8] AP Bh AR, fie 2 A5 00 M JRE i —
AT R, 5 R R ME LAR I, 5 SO AR A
A UNGHMERE ST R BIER R A = . IA RS
ZRNEE X INEA B TR L 2 ) 7 58, T o 2] T
P2 R R o 2] [, 2R R A VR 2
KMETE , AN TCAH S AERE S s 26 dal g 5t 1 22 7y
SCRZET S BT GO 4% SR AT RN
I T3 G TN Z2 R 48 73 ZEME SR, DT 3K 21 i U 1) 75 2
UM R R IE T BRI — KL

AREFFERE T B GRS B TR, 5
S AR P 3 S G R P 2 B DT IE R 2 0 SR 4

U R0 4, S TE G2 4 A0 20 A8 SRS 0 3% {1
— R Z 18] A L8, 3R TH o J Ui R 5 R i it
T GURF AL G A A %, A AR BT G R 1) T A
T, B TH45 03 SCHRBIMERR s B it 5 R 244
BRIEWI 25 6], S T 2R HERR

| B|EESTE

1.1 MEHEE

TEPEF 2 B e & R B 11161, 9f 0 H
AT . NS5 MR+ 73 1 LAl ) o 7 4
BRAE o B AW B A e 1 Rl i B s oy
Hrel DL 30 - (1) B d B8 v RRAE AR 285 00 A AN 34 47, %K
HEZWNE AR P E S A 584, B DT
BN B2 HA 1A, 3K o & 51 R T 8k
A% 5 (2) A R0 0 75 SRR AR ok, o
AL 7 RVRRE , SR B 9 FRRAE , B BT & 12 8
FEAE , & €8 A 3 BRRAE , 38 25 1 BURFAE £ BRI
ME 5 BEAN , £ B RRIE X 3 EE BN, o —25
SIS, R RIZE S RS KL SN 1
FioR , AN G A N R GG DR 2 S, 22800 485 77
HYRFIE L[] o A HLEE R I .

=1 BIBESIHIER
Table 1 Distribution of dataset

el RHIE IR A

e RELTT SR 1T s 217 5 T AREL; T WL s 267 5 77 SR/ 407 28;11339;2;2;9;21
T B R IR T ORISR 5 AR IR A RS 151051558;8;8;14;18;1
B T D W B G IR R R R M E R 755:243;23;4;7;3;1;10;26;8;3
F=3c) FE S KBRS 26558;8

;2 W0 A W RE T
wIE: I WY oS
i B HE B HE
B HE H T HE L

i R S SEAIE I DR S EFAIE I A 7 S« B

E1 ERYEERBESER

Figure 1 Some images in the tongue manifestation dataset
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Figure 2 Multi-branch tongue manifestation recognition model

FRZERA Y 7 3, H O MEOZS h 3HETZEM WA R M EEZ R R4 R . BAR R 2
R ZH G T RN, RAZRA AR k2,

W
ﬁ_&

w2 MESHE

Table 2 Network parameters
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Figure 3 Loss architecture of tongue manifestation encoding
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Figure 4 Multi-label residual mapping architecture
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Figure 5 Feature visualization
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