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Short-term wind power forecasting based on atomic sparse decomposition theory
CUI Mingjian',SUN Yuanzhang',KE Deping', WANG Shupeng?
(1. School of Electrical Engineering, Wuhan University, Wuhan 430072, China;

2. School of Mathematics and Physics,China University of Geosciences, Wuhan 430074, China)
Abstract: ASD ( Atomic Sparse Decomposition ) , which has excellent ability to track and forecast unstable
signal,is applied as the pre-decomposition of ANN(Artificial Neural Network) to decompose the wind power
series into atomic component and residual component. The former is self-forecasted while the latter is
forecasted by ANN. The latest real-time data of wind power are added to update the result of ASD for
forecasting the wind power of next instant. The model is verified by the practical data of a wind farm,
which shows that,the instability of wind power is effectively dealt with to produce more sparse
decomposition effect, significantly reducing the statistical intervals of absolute mean error and root mean
square error.
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Improved MPPT method under partial shading conditions
SUN Bo,MEI Jun,ZHENG Jianyong
(College of Electrical Engineering,Southeast University ,Nanjing 210096, China)

Abstract: The output characteristics of photovoltaic array under different partial shading conditions are
simulated with MATLAB and the relationship between the voltage of probable local maximum power point
and the open circuit voltage of photovoltaic array is summarized,according to which,an improved
incremental conductance method is proposed. It sets the voltage of probable partial maximum power point as
the reference voltage successively to prevent any peak point missing and compares the local maximum
power points to track the global maximum power point. The reference voltage threshold is set to detect the
local maximum power point for reducing the searching time. Simulative results verify that the proposed
method can accurately find out the global maximum power point under both none and partial shading
conditions.

Key words: photovoltaic cells; partial shading; global MPPT algorithm; incremental conductance; open
circuit voltage
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