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Study on Electric Vehicle Price Prediction Based on PSO-SVM Multi-classification Method
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Abstract With the promotion of new energy vehicles,electric vehicles have gradually entered thousands of households. There are
many factors that affect the price of electric vehicles. Twenty attributes that affect the price of electric vehicles are studied by
principle component analysis. First of all,the data are preprocessed by Pearson correlation coefficient method and PCA algorithm
to obtain more essential sample attributes. Then, the new data are studied by multi-classification supervised learning. Based on the
SVM model, the particle swarm optimization algorithm is used to optimize the parameters of the support vector machine model,
and the multi-classification research of electric vehicle is realized successfully. The experimental results show that the multi-clas-
sification SVM model has significant effect.
Keywords Electric vehicle, Multi-classification problem,Support vector machine,Particle swarm optimization algorithm
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Table 3 Binary classification accuracy, precision and recall rate
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Table 4 Comparison of other classification algorithm
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PSO-MSVM 98. 34 97.70 98. 80
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