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Research on Travel Mode Identification of University Students Based on IPOS-SVM

WU Linlin, YANG Biao,JING Peng
(School of Automotive and Traffic Engineering, Jiangsu University,Zhenjiang,Jiangsu 212013, China)

[ Abstract] The specific practices of this model are that: firstly, seven feature variables are selected for travel mode
detection based on the travel characteristics of university students; afterwards, six travel modes ( walk, bicycle, electric
bicycle,campus bus, bus and taxi) university students selected commonly are selected; finally, IPSO-SVM is used to
identify six selected travel modes. This model is using IPSO to optimize SVM parameters, and a travel mode identification
method of university students is proposed. Experimental result shows that the average detection accuracy of the proposed
method is 94.22% ,higher than that of BP neural networks, the decision trees, support vector machine and particle swarm
optimization-support vector machine.
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