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Improved tongue tooth mark and fissure detection model of RetinaNet
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Abstract: Tongue diagnosis in traditional Chinese medicine (TCM) judges the deficiency and strength of internal organs as well as the
vitality of functions by observing tongue features. It has the advantages of being non-invasive and convenient. Accompanied by the rapid
development and wide application of computer vision technology, it is crucial to develop a model that can perform automatic detection,
extraction and recognition of tongue features. Toward demands for digital tongue diagnosis in traditional Chinese medicine clinic and
health monitoring, an automatic detection model for tongue tooth mark and fissure features was proposed based on improved RetinaNet.
The SimPSA-ResNet and SimSPPF module were introduced into the backbone of RetinaNet to enhance the feature extraction capability
and robustness of the network. Meanwhile, the multi-level feature pyramid network structure was improved to ensure that the model can
better integrate information from different scales, thereby focusing more accurately on the key information pertinent to tongue features.
Finally, to further streamline the model’ s output, redundant output feature layers were eliminated and integrated with the Attention-
guided Spatial Feature Fusion structure. This step helps retain important features while improving the utilization of information within the
network. The improved RetinaNet model was trained and predicted by using the self-built tongue image dataset, and the mean average
precision( mAP ) reaches 94.37%, which is 2.77% higher than that of the original algorithm. Experimental results conclusively
demonstrate that the improved RetinaNet model can effectively elevate the detection accuracy of tongue tooth mark and fissure features.
This advancement holds tremendous potential for facilitating daily self-examination, health management and assisting doctors in
diagnosis.
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Table 5 Comparison with other algorithms ( %)

oL 25 AP Precision Recall mAP

#HIE  61.37 81.52 45.83

Faster RCNN R 71.92
28 82.95 83. 64 57.90
I 68.75 86.24 30.91

SSD it 72.37
2Ly 75.93 86. 85 64.26
HIE  47.69 75. 42 14. 84

Yooy DR 55.28
2y 62.73 89. 14 33.46
HIE 7175 77.78 57.73

YoLovs LR 74.75
2y 77,75 82.90 65.31
PR 85.65 88. 00 79.38

YOLO-X L'EE 88. 48
e 91.31 90. 73 91.84
6IE  81.24 78. 11 80. 93

YoLoyy DO 84.97
2y 88.69 85. 84 81.63
P 88.39 93.25 78.35

CenterNet o JE 90. 02
Har 91.66 94. 62 86. 12
HIE 9152 86. 49 82.47

EfficientDet % 92.48
2L 93.44 87. 64 92.65
WK 88.51 89. 44 82.99

RetinaNet . 91.6
e ZE 94.68 89. 80 93.47
HIE  92.55 90. 06 81.02

AL B 94.37

2L 96.18 90. 70 95.51
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(a) Tongue tooth mark features
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(b) Tongue fissure features
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Fig. 11

Prediction results and heat map visualization

of the improved model
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