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An Overview of State-of-the-Art Al Technologies for Flood Forecasting and Anomaly
Detection of Water Level Time Series Data

Osamu OKADA, Kazuhiro KAKIZAWA,
Masaaki NAKAYASU, Tadashi TADOKORO

In this paper, we introduce the state-of-the-art Al technologies for flood forecasting, using the deep feed
forward neural network. This is the model in which the hidden layers of the shallow feed forward neural
network are multilayered, for example, layers > 100 model was reported. As a result, the deep feed forward
neural network can expect to acquire the ability to learn complicated flood waveforms and improve flood
forecasting accuracy. And, the technology for detecting anomalies in water level time series data by the
neural network called the deep denoising auto encoder (DAE) is introduced.

In addition to the above introduction, we propose the following three ideas to improve the ability of the
neural network. The first idea is a method of adding constraint condition to the neural network that the
rainfall does not occurred to violate the order of time of occurrence. Why ? Simple feed forward neural
network does not handle time, easily violates the order of time of occurrence and this is problem to us. The
second idea is to reduce the error between forecasted flood peak and observed flood peak by removing the
factor due to the flood arrival time from the neural network, that is, the influence of fluctuation in flow
velocity. The third idea is to improve the ability of the neural network to learn about the features of time
series data by transforming the time series data of the water level to wavelet, so-called, feature extraction
before input to the neural network. At FRICS, we are developing flood forecasting software and anomaly
detection software, using GPU, CUDA, Python, Tensor Flow, and Keras. We also introduce future research
plan of Al.
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