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Evaluation method of used truck value based on GA-BP neural network model
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Abstract: To accurately evaluate the value of the used trucks, a GA-BP ( genetic algorithm-backpropagation) neural network
evaluation method is proposed, based on the historical transaction data of e-commerce platform. Considering the use features of the
used trucks, 11 key indicators affecting the transaction value are selected and the quantitative standards of the indicators are put
forward. The consistency of each index is tested by Pearson correlation coefficient method to verify the rationality of index selection.
By compromising Genetic Algorithm and BP neural network, the evaluation model of the used trucks value by GA-BP neural
network is proposed, and the model is trained and verified by using 9 016 transaction data. Compared with the unoptimized BP
neural network model, the mean square error (MSE) of the model is reduced by 74.85%. Through the analysis of the average
impact value, it is found that the cumulative mileage, cumulative driving time, emission standard, specific power and loading
situation show the greatest influence on the value evaluation of used trucks, and the emission standard has gradually become an
important indicator affecting used trucks.
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Fig.3 BP neural network topology structure of used truck evaluation value
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Table 2 Comparison of the accuracy of the GA-BP model and the other three models
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