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differences

The Decisive Feature Extraction and Main Influencing Factors Analysis of

Side Impact Accidents

ZHANG Zhijian JIANG Yubin YAN Lixin
( School of Transportation and Logistics East China Jiaotong University Nanchang Jiangxi 330013 China)

Abstract: Side collisions are the most serious in traffic accidents. Analyzing the characteristics of injuries and deaths

of side collisions and deriving decisive factors can help to reduce the risk of accidents. Firstly the random forest al—

gorithm is used to reduce the dimensionality of the influencing factors of traffic accidents in this paper. Secondly the

dimensionality reduction effect is verified through three models of classification such as random forest neural net—

work and SVM and the importance of the accident influencing factors are obtained. Finally three Logit models are

constructed to explore the relationship between the accident severity and the influencing factors and the specific im—

pacts of each factor on the severity of the accident are obtained. The results show that the accuracy and efficiency of

the model reach a relatively high level when the nine important influencing factors are selected such as airbag vehi—

cle type age and protective measures. The results of the random parameter Logit model show that under the circum—

stances of lighting at night T-shaped intersections the accident rate is lower. The larger the vehicle size is the lower

the accident casualty rate becomes.

Key words: traffic accident; side collision; feature selection; random forests model; random parameter logit model



