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Abstract: Tongue image segmentation has always been one of the challenges in the intelligentization of tongue diagnosis, especially the com-
plex background brought by the open environment, different types of shooting equipment, and lighting interference, which increase the diffi-
culty of achieving high precision and high stability of tongue segmentation. In response to the above issues, a lightweight tongue image segmen-
tation model based on the Deeplabv3+ network architecture has been proposed. First, the lightweight MobileNetv2 is used as the backbone
feature extraction network, and the translation variant convolution is embedded to reduce the computational complexity of the model and im-
prove the real-time performance of the model in processing tongue images; secondly, the semantic understanding of tongue image features is
enhanced through the coordinate attention mechanism, so as to achieve more accurate positioning of the tongue area; thirdly, stripe pooling is
embedded in the atrous spatial pyramid pooling module to more efficiently capture the key information of the tongue edge ; finally, by integrat-
ing the multi-mcale monvolutional attention mechanism, the model can better aggregate local features to adapt to tongue images of different

shapes. The experimental results show that compared with algorithms such as DeeplLabv3+, the proposed model has a precision of 97.67% and
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MIoU of 96.87%. Considering the precision, MIoU, inference speed, segmentation accuracy, parameter quantity and other indicators, the

proposed model has good performance.

Key Words: intelligent tongue diagnosis; tongue image segmentation; lightweight; attention mechanism; stripe pooling
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Fig. 9 Comparative experimental segmentation results
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Table 4 Ablation experimental results
=4 HEEZRWER

CA MSCA  SP  TVConv Precision Recall/%  MPA/% Mol rame/MB FLOPs Detection Speed! f/s
1% 1% /G

N 96.26 95.54 97.60 95.70 5.813 46.948 99.485
J J 97.24 96.28 96.19 95.33 6.009 47.044 87.764
J J 96.94 96.93 97.62 95.46 6.101 47328 79.205
N N 96.52 95.93 97.74 95.54 6.230 47.143 85.820
J v J 96.84 96.35 97.07 95.16 6.111 47.328 80.402
J N N 96.89 95.82 97.01 95.24 6.240 47.144 85.695
v J J 95.74 96.53 97.98 95.52 6.331 47.428 80.302
J v J J 97.67 96.57 98.15 96.87 6.156 47333 84.335




156 - L QRO |

2026 4

10 7R T 8 i AR (TR A [ B85 20 1 5 4 Y

TVCONV

CA_TVCONV

MSCA_TVCONV

SP_TVCONV

CA_SP_TVCONV

CA_MSCA_TVCONV

MSCA_SP_TVCONV

CA_SP_MSCA_TVCONY|

Fig. 10 Ablation experimental segmentation results
10 SHERSKIE S EIAR

WF5E 2 B, A CA FI MSCA VE & 1 B . 0% 4l B2 8
TEASCHE S E) 57 A S, (ELTE Ak B B 0 A otk A
AR SR RAE . FE(H T T TV Conv 4544 i) DeepLabv3+1& 71 1
JEA 1, JEiE 2 S 45 CA R MSCA , 182 XU il 553X 7
FALH] , 722 H bR AR IREUROG 2 AF T 09 23 HIRS B2 24 2
A TALEIASPIZE W 53 &30 % by th Bl o HI A
FEERGNGRE , TOE IR 2 E . R, AR SOR
CA .MSCA 1 SP iy flt 34 & Effi T TV Conv Z5F4 ) Deep-
Labv3+H R TR TR ST T S8 1 B 75 1R AR A
oy

4 £iE

A SCHE Y BY TinyDeeplab 15 43 B M1  7E FFi #1 53
R AR R LS AR o I S g R T
AL B, BRAAR T T RS PE GRS FHHLE] , B 1A n]
i RENE o IZ AR A% Al L N A3 RO B T R
B SR T HAE RS S b AR h R RE 121
AT, Sy E 2 A AR Be AL S At 1R AR

T H AT A R B, AR R Iz 1
BHE , AVTAR AR AE 52 B i FH BR8P |, O3 o H

ZACRE TS o TRII R A R L5 v 5 45 B9 TIE A A A 15 R A 45
o BRI 2 R B TR T ERI2 B AR . o T
IS 3% Bl 1300 G 15 76 BI85, ik — 2 R R e
et , LU A B A e 5 oK, B ) R B 0
HESL e T R BCE AR

B3k

[1] NIU F Q. Research on tongue image classification in traditional Chinese
medicine based on deep learning [D]. Chengdu: University of Electronic
Science and Technology of China,2021.

FER.ATREFI P ESGS EBRTAL[D]. AR T
XF,2021.

[2] LUY X,LI X G,ZHANG H, et al. Review on tongue image segmentation
technologies for traditional Chinese medicine : methodologies , performances
and prospects| ] . Acta Automatica Sinica,2021,47(5):1005-1016.
PIER FUE KR, T P EE o HRAS LR ik kS
JEAT]. AR, 2021,47(5):1005-1016.

[3] GUOJ,YANG Y,WU Q, et al. Adaptive active contour model based auto-
matic tongue image segmentation [ C]//2016 9th Tnternational Congress on
Image and Signal Processing, BioMedical Engineering and Informatics
(CISP-BMEI),2016:1386-1390.

[4] WU K, ZHANG D. Robust tongue segmentation by fusing region—-based
and edge—based approaches[J]. Expert Systems with Applications, 2015,
42(21): 8027-8038.

[5] LINB,XIEJ,LIC,etal Deeptongue: tongue segmentation via resnet[ C1//
2018 IEEE International Conference on Acoustics, Speech and Signal Pro-
cessing(ICASSP),2018: 1035-1039.

[6] HUY,WEN G, LIAO H, et al. Automatic construction of Chinese herbal
prescriptions from tongue images using CNNs and auxiliary latent therapy
topics[ J]. TEEE Transactions on Cybernetics,2021,51(2):708-721.

[7]  HUANG X,ZHANG H,ZHUO L, et al. TISNet-enhanced fully convolution-
al network with encoder-decoder structure for tongue image segmentation
in traditional Chinese medicine[J]. Computational and Mathematical Meth-
ods in Medicine,2020(1) : 6029258.

[8] GAOS,GUO N,MAO D. LSM-SEC: tongue segmentation by the level set
model with symmetry and edge constraints [ J]. Computational Intelligence
and Neuroscience,2021(1) : 6370526.

[9] LIL,LUO Z,ZHANG M, et al. An iterative transfer learning framework for
cross—domain tongue segmentation [J]. Concurrency and Computation:
Practice and Experience,2020,32(14): e5714.

[10] ZHANG Q,BAI C,YANG L T,et al. A unified smart Chinese medicine
framework for healthcare and medical services[J]. IEEE/ACM Transac-
tions on Computational Biology and Bioinformatics, 2019, 18 (3) :
882-890.

[11] TANIA HM,LWIN K, HOSSAIN A M. Advances in automated tongue di-
agnosis techniques [J]. Integrative Medicine Research, 2019, 8 (1) :
42-56.

[12] ZHANG X, ZHAO H. Hyperspectral-cube—based mobile face recogni-
lion: a comprehensive review [J]. Information Fusion, 2021, 74:
132-150.

[13] HUX,LIU Z, YANG X, et al. An unsupervised tongue segmentation algo-
rithm based on improved gPb—OWT-UCM [J]. Journal of Medical Imag-



%14

JEORELKR B, BN AR T ) BT Y — R R BE A o TR RO - 157

[21]

[22]

ing and Health Informatics,2021,11(3) : 688-696.

LIUW X,HU J M,LI Z Y, et al. Tongue image segmentation via thresh-
olding and gray projection| ] ]. KSII Transactions on Internet and Informa-
tion Systems, 2019, 13(2):945-961.

WU J,ZHANG Y H,BAI J, et al. Tongue contour image extraction using a
watershed transform and an active contour model [ J]. Journal of Tsinghua
University (Science and Technology Edition),2008,48(6) : 1040-1043.
FAE KRR, %, KT 45404 T Hde £ b4t A AL 0) & kAt By
B[] 4 K32 (8 KAL) ,2008,48(6) : 1040-1043.
ZHANG H Z,ZU0 W M, WANG K Q, et al. A snake-based approach to
automated segmentation of tongue image using polar edge detector[J]. In-
ternational Journal of Imaging Systems and Technology, 2006, 16 (4) :
103-112.

RAVIN,GABEUR V,HU Y T,et al. SAM 2: segment anything in images
and videos[ DB/OL]. https://arxiv. org/abs/2408. 00714.

HAN K, WANG Y, CHEN H, et al. A survey on vision transformer[J].
IEEE Transactions on Pattern Analysis and Machine Intelligence, 2022,
45(1): 87-110.

YU Y, WANG C, FU Q, et al. Techniques and challenges of image seg-
mentation: a review[J]. Electronics,2023,12(5):1199.

QU P L,ZHANG H,ZHUO L, et al. Automatic tongue image segmenta-
tion for traditional Chinese medicine using deep neural network [ C ]//Intel-
ligent Computing Theories and Application: 13th International Confer-
ence,2017: 247-259.

LIYT,LUO Y S,ZHU Z M. Tongue image analysis in traditional Chinese
medicine based on deep learning [J]. Computer Science, 2020,47(11) :
148-158.

FRH, FHI RS K. A TRAFIEZHES T[] 3 5Hm
A+5,2020,47(11) : 148-158.

SONG C, WANG B, XU J T. A tongue image classification method based

[24]

[26]

[28]

on deep transfer learning[J]. Computer Engineering and Science, 2021,
43(8):1488-1496.
R, IR, HFRE. ATREIHBFINERFIES LT EHR
[J]. #Sduaz 545 ,2021,43(8) : 1488-1496.
ZHANG X F,GUO Y T,CAI Y H, et al. Tongue image segmentation algo-
rithm based on deep convolutional neural network and fully conditional
random fields[J]. Journal of Beijing University of Aeronautics and Astro-
nautics,2019,45(12) :2364-2374.
KA, I F R, BB, S . AT DONN fo i 42 CRF 09 5 H 18531
okl TAEAAR K F FR,2019,45(12) :2364-2374.
LU G,ZHANG W, WANG Z. Optimizing depthwise separable convolution
operations on GPUs [J]. TEEE Transactions on Parallel and Distributed
Systems,2021,33(1):70-87.
WANG Z,MIAO Z,HU J, et al. Adaptive convolutions with per—pixel dy-
namic filter atom[ C J//Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision,2021:12302-12311.
HUA K, FANG X, TANG Z, et al. DCAM-NET: a novel domain general-
ization optic cup and optic disc segmentation pipeline with multi-region
and multi-scale convolution attention mechanism/[J]. Computers in Biolo-
gy and Medicine,2023,163:107076.
ZHU L,XIN G,WANG X, et al. A fast tongue detection and location algo-
rithm in natural environment|[ J ]. Computers, Materials & Continua,2022,
73(3):4727-4742.
LU C, XIA M, LIN H. Multi-scale strip pooling feature aggregation net-
work for cloud and cloud shadow segmentation[J]. Neural Computing and
Applications,2022,34(8) :6149-6162.
GUO M H,LU C Z,HOU Q, et al. SegNeXt: rethinking convolutional at-
tention design for semantic segmentation[J]. Advances in Neural Informa-
tion Processing Systems,2022,35: 1140-1156.

(ARG 4% 30 4F)



