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[ Abstract] Tongue image of traditional Chinese medicine has relationship with viscera pathological features, and are usually used
to judge the pathological variants of the human organs in the clinical diagnosis of TCM. Deep learning methods can extract in—depth
features of tongue image to reflect the pathological variants of the human organs. However, current deep learning model has simple
and single functions , and is unable to extract in—depth local and global features of tongue image and to combine the superficial
features such as edge, texture, resulting reduction of classification accuracy and generalization. In this article we proposes a novel
transfer learning network based on multi—feature fusion, which can effectively extract in—depth features of tongue image using a
transfer learning network with adaptive attention mechanism combined with superficial features such as edge, texture feature etc. The
experimental results show that the proposed model can achieve precision of 0.953+0.031, sensitivity of 0.952+0.032, and F'1 - score
of 0.952+0.032 on the 6-class tongue images of TCM syndrome, which is significantly higher than the state—of—the—art networks in
classification accuracy and generalization performance.
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Fig. 3 Tongue image classification network structure based on multi—feature fusion
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Tab. 2 Hyperparameters of FusionNet model

Name Layers Size of Filters Repeat DropPath Output shape (CxHXW)
3x224x224
Features Conv 3x3,s=2,p=1 - -
BN 24x112x112
SiLU
Fused_MB_Conv ~ 3x3,s=1,p=1 2 True 24x112x112
Fused_MB_Conv 3x3,s=2,p=1 - False 48%56%56
Fused_MB_Conv ~ 3x3,s=1,p=1 3 True 48%x56%56
Fused_MB_Conv ~ 3x3,s=2,p=1 - False 64x28%28
Fused_MB_Conv ~ 3x3,s=1,p=1 3 True 64x28x28
SimAM_MB_Conv  3X3,s=2,p=1 - False 128x14x14
SimAM_MB_Conv  3X3,s=1,p=1 5 True 128x14x14
SimAM_MB_Conv  3X3,s=1,p=1 - False 160x14x14
SimAM_MB_Conv  3%x3,s=1,p=1 8 True 160x14x14
SimAM_MB_Conv  3%x3,s=2,p=1 - False 256x7x7
SimAM_MB_Conv  3x3,s=1,p=1 14 True 25677
Classfiers Conv 1x1,s=1 - - 1 792x7x7
BN
SiL.U
AveragePool 1 792x1x1
Concat 2 688x1x1
FC
SiLU 1792x1x1
FC 6x1x1
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Fig. 5 ROC and PR curve of various model based on different attention mechanism

ROC
1.0 r/.r
0.8
0.6
&
0.4
SE+CBAM
SE+SimAM
SE+SK
0.2 SE
CBAM
SimAM
SK
0
0 0.2 0.4 0.6 0.8 1.0
FPR
ROC
1.0
0.8
0.6
==
o
=
0.4
SE
0.2 SimAM+SE
SimAM+SE+CBAM
SimAM+SE+SimAM
—— SimAM+SE+SK
0
0 0.2 0.4 0.6 0.8 1.0
FPR

PR
1.0 — 3
.I
il
0.8 \
. 06
-2
g
2
Q
0.4
SE
0.2 SimAM+SE
SimAM+SE+CBAM
SimAM+SE+SimAM
—— SimAM+SE+SK
0
0 0.2 0.4 0.6 0.8 1.0

recall

B 6 TEMHEEEMA SimAM, REEZHHEIR LR

Fig. 6 Comparison of different attention mechanisms after adding SimAM in shallow layers

ASCAE MR Z A SimAM B %5 A [7] 12
BHLRI A A # AT HE, a6 Bk, RTLLE Y,
SimAM+SE+SK , SimAM +SE +SimAM F 414 s 1
BOFR o R AR A T IR TEIR Z U N SimAM . 11 )

ZREERE , 2T SimAM AR — R TSR
RAPUH AT R ECGE G2 Z 4L IR, HA S
SIS TSR e = BN T T ML R L
THBREZ M | /N J5 SE G B Y HEE, AT



30 B o /5 M5 MM

12 %

I RER

R —E R LR S TR
MESRILEE Sy (EATS IR SR = X 2 R AL S BURE T , ok
AT R BT T BT AR SR SUHARFAE AR, A,
ARSI R AT LBP SR8 R A TR SR 42
RSO 5 R E, JF 5 FusionNet [ 2% 4
IR ZRAEIE T 2R ERL G 328 3R 03 SRR RE

ROC
1.0
0.8
0.6
o
[
= SE
0.4 SimAM+SE_LBP

SimAM+SE+CBAM_LBP
SimAM+SE+SimAM_LBP
SimAM+SE+SK_LBP

0.2 SE_LBP
SE+CBAM_LBP
SE+SimAM_LBP
SE+SK_LBP

0 0.2 0.4 0.6 0.8 1.0
FPR

ARSI T 2R A, DA 2 R al A
X RPERERE W, AR SCH e DL LBP B $2 HUm 8L
FHAFIELE A FusionNet [ 2% $2 ) IR 2 FR1E 2517 b
G FBmA R WL AT I R SE R, R XS
b AR AR ROC 2k (PR h4k, 7t i 42002
BARIPERE, Gl 7 Fros, AT LLE Hh, SE+LBP Fi
SimAM+SE+LBP (W41 & HA i i) 5y 5 PERE

PR
1.0
0.8
< 06
g
N SE
0.4 SimAM+SE_LBP

SimAM+SE+CBAM_LBP
SimAM+SE+SimAM_LBP
SimAM+SE+SK_LBP
0.2 SE_LBP
SE+CBAM_LBP
SE+SimAM_LBP
SE+SK_LBP
0
0 0.2 0.4 0.6 0.8 1.0

recall

E7 WEHERMS TARES AR

Fig. 7 Comparison of different attention mechanisms with two—feature fusion
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Fig. 8 Comparison of different attention mechanisms with three—feature fusion
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Tab. 3 Comparison of classification performance of different models

Model Accuracy Precision Sensitivity F1 = score AUC
Ours 0.956 35 0.957 08 0.956 35 0.956 46 0.997 42
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ConvNeXt_s 0.718 25 0.715 31 0.718 25 0.713 43 0.926 9
RegNetY_200MF  0.908 73 0.909 47 0.908 73 0.908 4 0.990 63
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Fig. 9 Confusion matrix, ROC curve and PR curve under 5—fold cross validation
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Tab. 4 Classification result and computational complexity of different models under 5—fold cross—validation
Model Precision Sensitivity F1 - score Time/GFLOPS Parameters/n
Ours 0.953+0.031 0.952+0.032 0.952+0.032 5.82 43 127 662

Inception_v4 0.938+0.027 0.935+0.030 0.933+0.031 12.28 41 152 038

ConvNeXt_t 0.791+0.064 0.780+0.069 0.783+0.068 0.59 27 824 742

ConvNeXi_s 0.771+0.069 0.762+0.071 0.760+0.072 0.74 49 459 302
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Fig. 12 The feature attention of different models to tongue samples
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