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Research on the Application of Artificial Intelligence
in the Feature and Value Evaluation of Used Cars
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Abstract : With the development of artificial intelligence, the feature and value evaluation of used cars have
emerged with fast speed, large parallel processing capacity, and high accuracy through artificial
intelligence, highlighting its value in the business scenarios of used car transactions, finance, and
insurance. This article first studies the objective existence of traditional calculation methods in
the value evaluation of used cars by individuals, as well as the pain points of limited historical
transaction experience and limited memory capacity. Subsequently, it explores the individua
principles and application prospects of artificial intelligence, and proposes scientific applications
of artificial intelligence—based feature and value evaluation of used cars, including data mining,
feature preprocessing, data encoding, model calculation, etc. At the same time, it analyzes machine
learning methods including linear regression, deep learning, decision trees, neural networks, and other
regression and classification algorithms, along with citation cases. Finally, it looks forward to the
value of artificial intelligence in empowering and solving personal pain points in the feature and value
evaluation of used cars.
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