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Research on Residual Value Evaluation Method of New

Energy Vehicle Based on Machine Learning
ZHANG Zipeng, HAO Shilin
(School of Com puter Science , Hubei Univ. of Tech., Wuhan 430068, China)

Abstract: Aiming at the problem of less use of information, heavy reliance on manual detection, large er-
ror and inability to solve the problem of residual value evaluation of new energy vehicles in the existing ve-
hicle residual value assessment method, a method for estimating the residual value of new energy vehicles
based on machine learning is proposed. The method, based on the gradient boosting regression tree model,
uses the multi-dimensional feature data such as mileage, time, power, and number of transfers, and the
training model to predict the residual value. The model is optimized from the selection of penalty terms,
the depth of the tree, the type of base learner, and the extraction of feature importance information. Final-
ly, the second-order polynomial, XGBoost, and LightGBM models are integrated using a stacked model
integration algorithm. The experimental results show that the model with stack integration can automati-
cally calculate the residual value according to the current vehicle condition data, without manual detection,
and has real-time performance, which has higher accuracy than other methods.

Keywords: new energy vehicles; machine learning; big data; residual value assessment

[FEHAK: KeF]

(L% 66 W)

Text Feature Selection Based on Multi-strategy Improved Bat Algorithm
HOU Qiao,CHEN Hongwei
(School of Com puter Science, Hubei Univ. of Tech., Wuhan 430068, China)

Abstract: Feature selection is an important processing step of the text classification process. It is difficult
to greatly improve the accuracy of text classification by traditional feature selection methods, when other
classification processing and algorithms are set. Therefore, a new text feature selection method based on
improved bat optimization is introduced. It uses traditional feature selection method to pre-select the origi-
nal features, based on which Gaussian local perturbation and adaptive adjustment weights are used to im-
prove the traditional bat group algorithm. The preference and classification accuracy of pre-selected fea-
tures is used as the fitness of the individual in binary coding. The multi-strategy improved bat algorithm
text feature selection algorithm MS-BA is proposed to realize the efficient solution of text feature selection
optimization model. The results show that the classification accuracy of MS-BA is improved.

Keywords: feature selection; bat algorithm; text classification; multi-strategy improvement
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