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ABSTRACT: Flower and fruit tea has become a popular new beverage due to its unique flavor and rich nutritional
content. However, in the production and processing of flower and fruit tea, there are issues such as insufficient
traceability and quality control for raw materials, low standardization of quality and safety control, and inadequate
intelligent processing technology. Traditional analytical methods also have low efficiency in nonlinear information
mining related to flower and fruit tea data and traditional grading methods for raw materials and finished products.
Currently, China’s flower and fruit tea industry is in an important stage of transformation from traditional processing

to intelligent processing, in which machine learning plays an irreplaceable role. Due to its ability to autonomously
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learn features, strong nonlinear fitting capability, end-to-end modeling, and fast computation, machine learning

algorithms have become a research hotspot in flower and fruit tea processing. This article reviewed the applications

of machine learning algorithms in flower and fruit tea raw material inspection, raw material processing, and quality

grading, summarizes the focus, advantages, and limitations of machine learning algorithms in different stages of

flower and fruit tea production and processing, so as to provide a reference for the intelligent development of flower

and fruit tea processing.
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Fig.1 Processing method of fruit tea
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Table 1 Advantages and disadvantages of different machine learning algorithms
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Table 2 Comparison of the application of machine learning algorithms in different raw material processing methods
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Table 3 Application of machine learning in tea grade classification
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