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Application progress of machine learning in agricultural product integrity
monitoring and risk prediction

LIU Ze-Bin'*?, GAO Yu-Feng'?, CHEN Xiao-Chu'?*, HUANG Min-Xing'*?, QIN Wei®"

(1. Institute of Biological and Medical Engineering, Guangdong Academy of Sciences, Guangzhou 510316, China;
2. Research Center for Sugarcane Industry Engineering Technology of Light Industry of China, Guangzhou 510316, China;
3. Management College, Zhongkai University of Agriculture and Engineering, Guangzhou 510225, China)

ABSTRACT: In the face of global population growth and agricultural production pressure, as well as the serious
challenges of agricultural product quality and safety issues, the traditional methods of agricultural product integrity
monitoring and risk prediction have become insufficient. The rapid development of machine learning technology
provides new solution ideas for agricultural product integrity monitoring and risk prediction. This paper
systematically summarized the applications of machine learning technology in agricultural product safety risk

monitoring (including physical, chemical and biological risks), agricultural product authenticity and traceability
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assurance, and agricultural product risk assessment prediction based on historical data. Machine learning technology

undoubtedly improves the efficiency of agricultural product integrity monitoring effectively, realizes early detection

and prevention of risks, and provides new solution for constructing a safer and more reliable food supply chain

provides new solutions. Although these applications show great promise, there are still challenges to artificial

intelligence in the field of agricultural produce integrity monitoring and risk prediction. Based on summarizing the

literature, this paper further explored the prospects and directions of this trend, and presented the importance of

machine learning model interpretability and trust issues, as well as problems in data acquisition and use, to improve

the application of machine learning in agricultural product integrity monitoring and risk prediction.

KEY WORDS: agricultural product integrity; risk prediction; artificial intelligence; machine learning
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Fig.2 Learning methods and algorithms diagram of machine learning
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