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Development of Pedestrian Fatality Model using Bayesian-Based Neural Network
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This paper develops pedestrian fatality models capable of producing the probability of pedestrian
fatality in collision between vehicles and pedestrians. Probabilistic neural network (PNN) and binary
logistic regression (BLR) are employed in modeling pedestrian fatality. Pedestrian age, vehicle type,
and collision speed obtained from reconstructing collected accidents are used as independent variables
in fatality models. One of the nice features of this study is that an iterative sampling technique is
used to construct various training and test datasets for the purpose of better performance comparison.
Statistical comparison considering the variation of model performances is conducted. The results show
that the PNN-based fatality model outperforms the BLR-based model. The models developed in this
study that allow us to predict the pedestrian fatality would be useful tools for supporting the

derivation of various safety policies and technologies to enhance pedestrian safety.
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