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Abstract

Tongue diagnosis assesses health status by observing tongue characteristics, and tongue segmenta-
tion, as a key step in intelligent tongue diagnosis, requires accurately separating the tongue body
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from the background to lay a foundation for subsequent feature extraction and health analysis.
However, tongue segmentation currently faces two main challenges: data scarcity and the depend-
ency of existing large segmentation models (such as the segment anything model) on manual prompts.
To address these issues, this paper proposes a zero-shot multimodal segmentation method. This
method combines the SAM model with multimodal prompt techniques and implemented in a two-
stage framework: 1) initial segmentation and similarity clustering, where the SAM model generates
initial segmentation results, followed by a similarity clustering decoder to filter out potentially ef-
fective segmentations; 2) refined segmentation, where a multimodal large language model analyzes
tongue characteristics to generate precise point prompts, which are re-entered into the SAM model
to achieve high-precision segmentation. This method enables intelligent segmentation with the
SAM model in tongue diagnosis without the need for task-specific training or annotated data. Exper-
imental results show that, compared to the original SAM model, this method improves the mloU
metric on three tongue diagnosis datasets by 27.3%, 18.2%, and 29.7%, respectively.
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Figure 1. Structure of the ZMT-SAM
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Figure 2. The structure of the similarity clustering decoder.
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Figure 3. The structure of the Vision Transformer (ViT) encoder model
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Table 1. Zero-shot tongue segmentation experiment results
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ik mloU% mPA% Acc% mloU% mPA% Acc% mloU% mPA % Acc %
Unet 62.9 86.6 79.7 59.0 79.8 74.4 444 86.2 76.2
Unet++ 85.5 934 94.4 73.4 87.4 85.3 54.9 90.7 87.6
PSPNet 414 52.0 79.0 543 67.0 77.4 48.1 50.0 86.1
DeepLabV3 82.1 93.0 92.6 69.3 82.4 83.2 46.8 88.5 79.0
DeepLabV3+ 89.1 94.4 96.0 79.1 87.1 89.7 62.5 90.8 92.8
MAnet 61.0 80.3 79.7 58.5 77.7 743 59.4 90.8 91.0
Linknet 43.0 534 79.6 64.3 75.8 81.6 60.2 65.7 86.1
FPN 833 94.1 93.1 72.5 83.1 85.7 65.5 70.5 86.9
PAN 55.9 64.4 84.1 58.7 70.5 86.8 56.9 58.6 84.1
ZMT-SAM 93.5 96.6 97.0 88.5 93.5 93.2 91.3 95.1 97.4
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Table 2. Ablation experiment results
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SAM 66.2 72.2 81.4 70.3 81.5 84.4 61.6 63.1 75.2
SAM + CLIP 76.7 88.1 83.8 80.9 87.2 88.7 90.5 95.1 96.7
ZMT-SAM 93.5 96.6 97.0 88.5 93.5 93.2 91.3 95.1 97.4
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