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Research progress of hyperspectral imaging technology in the rapid detection of brewing grains quality
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Abstract: The quality of brewing raw materials directly affects the composition, taste, and flavor of Baijiu, and traditional detection methods for brewing

grains had deficiencies in terms of efficiency, accuracy and real-time performance, which can't meet the demands of modern brewing industry for effi-

cient and accurate quality control. Hyperspectral imaging technology, featuring the integration of spectra and graphs, high resolution and real-time

imaging, has demonstrated great application potential in the online detection of brewing raw materials. The basic principles and characteristics of hy-

perspectral imaging technology was briefly described, the application process of hyperspectral imaging technology in non-destructive detection for

quality of brewing grains, and the problems and development trends were discussed, aiming to provide references and solutions for the study of online

detection methods for brewing grains.
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