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ABSTRACT

The climate change leads to increase the frequency of the extreme rainfall. How to enhance
effective water use by sustainable development and effective management is a crucial issue.
Taoyuan main canal transportation channel (TMCTC) is important to the agriculture water supply
in Taoyuan and HsinChu County. It is necessary to have accurate hourly forecasting streamflow
for water use in irrigated agriculture.  Therefore, unlike the traditional water resources
management, a novel forecasting model based on neural network regression model (NNR) is
proposed to forecast the water level for 1 to 3 h lead time. The forecasts of the water level are
transformed into the streamflow to allocate water resources. The proposed model is constructed
using NNR from Microsoft Azure Machine Learning (Azure ML). The Azure ML is a kind of
cloud computing, and IoT techniques, and NNR is great flexibility in modeling nonlinear processes.
The results show that root mean square errors, coefficient of correlation and coefficient of efficiency
are less than 0.22 m, greater than 0.9, and greater than 0.8, respectively. On the basis of the
aforementioned performance measures, the proposed model can produce accurate forecasts, and is

expected to be useful to water resources management.

Keywords: Taoyuan main canal transportation channel, water resources management, cloud
computing and IoT techniques, neural network regression Microsoft Azure Machine

Learning.
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