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Introduction

Rice adulteration is a common food fraud problem in the rice industry
since the adulterants are similar in visual aspects to the authentic rice.
Commonly, the lower price/quality adulterant is mixed with the authentic
rice to gain more profit (FAO, 2021). However, this has become a serious

Table 1. Machine learning regression models of artificial neural network (ANN)
developed to predict quantitative levels of rice adulteration (target) using the low-cost
electronic nose readings as inputs. Abbreviations: R: correlation coefficient; MSE: mean
squared error.
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proposed method may potentially be adopted as an artificial intelligence
(Al) tool for rapid adulteration detection during rice inspection to obtain
results in real time. These Al tools could secure provenance and rice
quality to consumers and reduce adulteration at different stages of the
production chain.
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