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Abstract : Considering the limitations of current methods for virtual road load data evaluation, an intelligent subjective
evaluation model of virtual road load data signals based on random forest is proposed. The objective statistical parameters of
time history signals are taken as the inputs and the scores of subjective evaluations from experts as the output. The most
important six objective statistical parameters are selected through feature importance ranking,which takes various features
of the time history signals into a comprehensive consideration. The professional evaluation experiences from many experts
are solidified into the model by training,and the fluctuations caused by human factors is avoided. The intelligent subjective
evaluation model has high accuracy and good generalization, and it is proven a comprehensive, efficient and accurate
intelligent tool for virtual time history signal evaluation for real-world applications.
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Table 2 Principals of subjective evaluation on virtual time history signals
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Fig. 1 Flow chart of subjective evaluation on virtual time history signals
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Fig. 2 Relationship between subjective score and objective features
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