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Parameter Estimation in Debris Flow Deposition Model

Using Pseudo Sample Neural Network
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Abstract

Debris flow deposition model is a model to predict affected areas by debris flow and random walk model
(RWM) was used to build the model. Although the model was proved to be effective in the prediction of affected
areas, the model has several free parameters decided experimentally. There are several well-known methods to
estimate parameters, however, they cannot be applied directly to the debris flow problem due to the small size

of training data. In this paper, a modified neural network, called pseudo sample neural network (PSNN), was
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proposed to overcome the sample size problem. In the training phase, PSNN uses pseudo samples, which are

generated using the existing samples. The pseudo samples smooth the solution space and reduce the probability
of falling into a local optimum. As a result, PSNN can estimate parameter more robustly than traditional neural
networks do. All of these can be proved through the experiments using artificial and real data sets.
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Fig. 1. A quadratic equation and its noisy samples
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