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ABSTRACT 

This study presents the application of hybrid-learning Adaptive-Network-Based 
Fuzzy Inference System (ANFIS) in river flood routing. By using the hybrid-learning 
algorithm in ANFIS model, the rule database and optimal distribution of membership 
functions have been constructed to solve the river flood routing problems. Based on the 
fuzzy rules, the ANFIS model establishes a mapping relationship between input and 
output in the processes of the hybrid-learning algorithm. The algorithm can be applied to 
nonlinear functions or nonlinear components. Four typhoon flood events are simulated to 
predict the water stage of Taipei Bridge using the real-time observed stages of the Hsinhai 
Bridge, Chungcheng Bridge and river mouth. The results show that the ANFIS model has 
good accuracy for real-time and 1-hour stage forecasting in the Tanshui River. 

Keywords: Adaptive-Network-Based fuzzy inference system, Flood routing, Hybrid- 
learning. 
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