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Identification of the Driver's Active Safety Factors Using
Self-organizing RBF Neural Network

MA Yong'. YANG Yu—pu', XU X iao-ming’. SHI Jian’. ZHUO Bin’
(1.Research Institute of Automation, Shanghai Jiaotong University, shanghai 200030, China;

2. Institute of Diesel and M otor Engineering, Shanghai Jiaotong University, Shanghai 200030, China)

Abstract: A self-organizing RBF neural newtork (SORBFNN) is presented to identify the driver’ s de—
grees of profidency. A novel fuzzy c-means (FCM) algorithm is used to estimate the parameters of
RBFs. The number of RBFs is determined by the clustering rationality function. A supervised learning
scheme based on the class—conditional variance and the mapping error is proposed to tune the parameters
of RBFs fine and the output weight values. T he proposed learning algorithm estim ates the clusters of
the feature vectors rationally as well as increases the mapping ability of the SORBFNN. The
SORBFNN is trained and tested on the experimental data of the drivers proficiency with satisfactory re—
sults.
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