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Deep learning has made remarkable progress in recent years, and has many applications in the field of
river technology. However, it is hard to say that sufficient knowledge has been obtained for each
application target. In this study, Recurrent Neural Network is applied to complement missing values of
river discharge and verified. Stochastic gradient descent (SGD) is generally used as the optimization
algorithm for deep learning. SGD can obtain good learning results quickly, but the results are slightly
different for each learning by its randomized algorithm. The authors performed 1,000 learning and
recognized non-ignorable differences in each learning result. The average hydrograph, which obtained by
more than 20 learning results, indicates 0.904 in 95 percentile of Nash-Sutcliffe efficiency. The method to
reduce the variation of learning results and obtain sufficient accuracy is proposed.
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