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Tabel 1 Performance of different models on food nondestructive testing datasets
o K F/ Top—1 4 %/%
"7 ImageNetlK  Fruit Quality™  Meat Quality™  Potato Disease””  Banana Disease™

DINO V2™ 304 84.50 30.38 92.89 37.37 30.72
EVAQ2t 305.08 89.65 59.63 97.37 37.37 67.85
ConvNeXt V28! 197.96 88.18 30.38 50.00 37.37 34.55
EfficientNet V2 118.52 85.43 94.12 99.47 100.00 98.93
GLIP® 196.74 — 99.82 99.74 99.42 98.84
RIFormer®! 73.47 83.70 83.33 96.58 37.37 41.67
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Research Progress in the Application of Machine Vision in Food Nondestructive Detection

Tang Yansong, Xu Ruihao, Wang Sujia
(Tsinghua Shenzhen International Graduate School, Shenzhen 518055, Guangdong)

Abstract With the increasing global demand for food consumption, food nondestructive detection technology has become
increasingly important in food quality control and safety assurance. This paper systematically reviews the application and
development trends of machine vision technology in food nondestructive detection. By analyzing current literature, various
imaging technologies including RGB imaging, multispectral imaging, hyperspectral imaging, and Raman spectroscopy
imaging, as well as detection algorithms such as traditional image processing, machine learning, and deep learning, are
discussed in the context of food nondestructive detection. The paper also examines the technical challenges of machine
vision in food nondestructive detection, such as the lack of datasets and the insufficient generalization ability of models
in universal scenarios. Based on the current state of research, the paper envisions future research directions, proposing
possible development paths such as multimodal data fusion, embedded detection systems, and close integration with deep
learning technologies. This paper aims to provide a comprehensive research review for the development of food nonde-
structive detection technology and offer guidance and direction for technological innovation in practical applications.

Keywords food nondestructive detection; food safety; machine vision; machine learning; deep learning



