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Identification of road friction coefficient based on Elman neural network
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(1. College of Automotive and Mechanical Engineering, Changsha University of Science and Technology .,
Changsha 410114, P. R. China; 2. PONOVO Power Co., Ltd., Beijing 100089, P. R. China)

Abstract: Accurate and efficient identification of road adhesion coefficient provides important input
parameters for active safety system. In this paper, an identification method of road friction coefficient based
on Elman neural network was proposed. Through Carsim/Simulink co-simulation, 63 driving conditions
and 20 important dynamics responses of a vehicle were obtained. The identification model of road friction
coefficient based on Elman neural network was constructed. The road surface with friction coefficient from
0.2 to 0.9 was identified. The average absolute percentage error was 4.92% and the accuracy was
91.22%. Compared with traditional BP neural network method, this method reduced the average absolute
percentage error of road friction coefficient by 2.24% and improved the accuracy by 9.82%. Vehicle
experiments on wet and dry asphalt pavement verified the effectiveness and feasibility of the proposed
method.
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Fig. 1 Tire force coordinate system
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Table 1 Simulation vehicle parameters
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Table 2 Performance comparison of different methods
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