MR EmBE Modern Food Science and Technology 2025, Vol.41, No.12

= jfiﬁﬂ‘zr‘nn ESRERRETLH
BN PHNASRE

RERE", &350, WBE, HKEk', EHR', FEE
1. T T XFALAFE TE2E, AN 5106400Q. Lk FLmAdh T35, A5 528225
G AATRIHRFIHENGA LR GEFR, b7 102488)

WE . MAIRE & Tk o) 8 R Aebifeitf2e)dkit, RBAETE %A ARG MRKIENGESE. REK. A K&
EABRFERREDEMR. ERA. MEKR, EAMNAGR T SEEE 200 E0. Ao Bk AN s T e %R
Fl R ARBGRELA ELOHAFEL. BEOBNFTER S EEELNEREHEE. LRAHK. LR
BRI E PR, Tk ARSI RIKIAEE R, MEA LR At ARG it KR, BABRXFN A F2 3k
AU S ARA € T AR SR AR, A RLIR T 33 RS M AA R A2 P A A LA
ER BRI E ., EINBTAEF I BIREF ) FE AR LT R, 2T AT NBERBENE F I ELE SR &
JREL A A SR, ARRESSERE AT B RART 206 XI55 7 k455,

KRR A SR 50y AW MEF ] REFT

NERS: 1673-9078(2025)12-334-345 DOI: 10.13982/j.mfst.1673-9078.2025.12.1576

Non-destructive Intelligent Testing of the Quality and Safety of Fresh
Agricultural Products Based on Machine Learning:
Principles, Challenges, and Applications

CHENG Junhu", ZENG Hong', GUO Hongzhang', LIN Yuandong', ZENG Xin’an’, YU Chongchong’

(1.School of Food Science and Engineering, South China University of Technology, Guangzhou 510640, China)
(2.College of Food Science and Engineering, Foshan University, Foshan 528225, China)
(3.College of Computer and Artificial Intelligence, Beijing Technology and Business University, Beijing 102488, China)
Abstract: With the development of the modern food industry and the advancement of globalization, food quality and safety
have emerged as major concerns for the public. In the context of expanding global trade and supply chains, fresh agricultural
products, including fruits and vegetables, meat, and aquatic products, encounter considerable challenges related to perishability
and the preservation. It is imperative to develop accurate and rapid quality and safety testing to improve monitoring and provide
consumer protection. Traditional detection methods, such as gas chromatography, high-performance liquid chromatography, and
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polymerase chain reaction, are often limited by stringent detection requirements, long detection cycles, and potential sample damage,

hindering their large-scale application in the food industry. With the rapid development of artificial intelligence and computer

technology, machine learning models with strong predictive abilities and high accuracy have been widely used in quality and safety

inspections of fresh agricultural products, effectively addressing the limitations related to data redundancy and the processing of

large datasets. This article provides a systematic overview of machine learning technology and deep learning algorithms and analyzes

their applications in quality and safety inspections of fresh agricultural products. It also introduces the principles of several emerging

non-destructive testing technologies, and discusses current research progress and potential application prospects for machine learning

and non-destructive testing technologies in the food industry.
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Table3 Comparison of advantages and disadvantages of common
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