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Recurrent Neural Network for Streamflow Estimation
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ABSTRACT

Based on network connection, two types of neural networks architecture are defined:

feedforward and recurrent. For feedforward, the Back-propagation Neural Network (BPN)

proposed by Rumelhart is probably the most famous algorithm with many satisfied
applications. However, the BPN is based on the batch learning process that update action

takes place only after the whole training data set has been presented. Apparently, it could

not grasp the time variate acharacterists of hydrological time series.
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techniques in the streamflow estimation.

Rainfall-runoff processes.
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This research presents an alternative approach of the Artificial Neural Network
(ANN) model to estimate streamflow. The architecture of Recurrent Neural Network
(RNN) that we used provides a representation of dynamic internal feedback loops in the
system to store information for later use. The Real-Time Recurrent Learning (RTRL)
algorithm is implemented to enhance the learning efficiency. The main feature of the
{ RTRL is that it doesn’t need a lot of historical examples for training. Combining the RNN
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and RTRL to model watershed rainfall-runoff processes will complement traditional g
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