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Abstract

To address the problems of obvious background interference, subtle visual differences among tongue
image categories, coexistence of multiple tongue features, and unstable recognition of morphological
abnormalities in traditional Chinese medicine tongue image analysis, this paper proposes a multi-la-
bel intelligent tongue image recognition method based on YOLOv26n dual-model collaboration. First,
a YOLOv26n object detection model is used to locate the tongue region in the input image. The tongue
bounding box is obtained and the tongue region of interest is cropped, thereby reducing the influence
of irrelevant regions such as the face, lips, and background on subsequent recognition. Then, the
cropped tongue ROI is fed into an improved YOLOv26n multi-label classification model to identify
tongue features, including normal tongue, enlarged tongue, fissured tongue, thin white coating, yellow
thick coating, white thick coating, peeled coating, red spot tongue, pale tongue, light red tongue, yellow
thick greasy coating, black coating, geographic tongue, and scalloped tongue. Considering that a single
tongue image may simultaneously contain multiple features related to tongue color, tongue coating,
and tongue morphology, the tongue classification task is formulated as a multi-label recognition prob-
lem. The model is trained using Sigmoid outputs and a weighted binary cross-entropy loss function,
and evaluated using mAP, Micro-F1, Macro-F1, and Hamming Loss. For edge-related morphological
abnormalities such as scalloped tongue, a geometric morphology-assisted analysis method is further
introduced. This method calculates the tongue edge depression score through red channel extraction,
threshold segmentation, contour extraction, convex hull analysis, and convexity defect detection. The
geometric score is then fused with the output of the deep learning model as an auxiliary feature. Ex-
perimental results show that the proposed method can achieve tongue detection, ROI extraction, multi-
label tongue feature recognition, and edge morphology-assisted analysis. It can also be deployed and
verified on a Raspberry Pi 5 edge platform. The proposed method can reduce interference from non-
tongue regions, improve the recognition ability in scenarios where multiple tongue features coexist,
and provide interpretable auxiliary evidence for scalloped tongue-like morphological abnormalities.
It offers a feasible deep learning-based solution for intelligent tongue image analysis in traditional
Chinese medicine.
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Figure 1. Tongue image recognition workflow based on YOLOv26n dual-model collaboration
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Figure 2. Flowchart of geometric morphology-assisted verification
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Table 3. Statistics of positive samples for each category in the tongue image dataset

3. EREEBES LR EERARE ST

ESIET RS F R AR IEFEA SR 5 /%

0 IE#HH EH K 360 15.00
1 JHER AR 238 9.92
2 e TEAE 286 11.92
3 SRS LIE=ES 432 18.00
4 WEE LIE=ES 258 10.75
5 HE& LIE=ES 376 15.67
6 R G LIE=ES 164 6.83
7 AN=wi LSS 214 8.92
8 =iy GRS 302 12.58
9 AN GREES 518 21.58
10 HERE LEZE 226 9.42
11 BE GREES 96 4.00
12 o S 128 5.33
13 HIR T S 344 14.33

4.2. BEEMRBGEROH

oA TR R T ACJEUGE AR g L R X 4. A STR AT Precision Recall. mAP@0.5 Al
mAP@0.5:0.95 1EARIMEREVEANFRAR[6]. Frr, Precision 7= M A& K 1) H A5 o 52 bR & AR 1) HL
B, Recall 7 SERr A4 H AR BIEFA I H I EE B, mAP F T 285 PR AR EAS BEAT ToU BUME T 1S
MYEge, BARERIAE 4,

Table 4. Performance of tongue detection model
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Table 5. Performance comparison of multi-label tongue image recognition models
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Table 6. Examples of geometric morphology-assisted analysis
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Table 7. Edge-side inference performance
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