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A new approach to short-term price forecasthg based on mproved D FNN

Abstract:

AO Lel', L U Xu-dond, WU Yao-wu', X ONG Xin-yirt

(1 Huazhong University of Science and Technology, W uhan 430074, Ching

2 Yichang Power Supply Campany, Yichang 443003, China)

An goproach of mproved dynanic fuzzy neural netvork for power systen short-tem price forecasting isproposed  Firstly,

the fuzzy-rough <t theory is goplied © find relevant factors to the price among varied factors, then the dynamic fuzzy neural netvork
(DANN) model is trained using hisorical daily price and load data selected before perfoming the final forecast The DANN is con-
structed by introducing recursion segnent in the fuzzy neural netork, and the network is trained using the genetic algoritm and BP al-
gorithm to awoid being trgoped in the local convergence W ith the established model, the day-ahead M arket Clearing Prices (MCPs) of
California Electricity M arket are succesdully forecasted The analysisof the obtained forecasting results show that the presented method
possesses better convergence and more accuracy.
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