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Short Term Power Forecasting Method of Photovoltaic Based on

Functional Characteristic Data
ZHANG Lin, LIU Jichun, MA Jingyu, ZHOU Shengrui, WEN Jie

(College of Electrical Engineering , Sichuan University , Chengdu 610065, Sichuan , China)

Abstract: The short-term photovoltaic power prediction is of great significance to the safe,economic and stable
operation of power grid. With the advent of the internet plus and big data era, the data collected by photovoltaic
power stations are more intensive and continuous and showing functional characteristics. At present, the prediction
of photovoltaic power generation is limited to sparse, discrete traditional data. The short-term power of photovoltaic
power station based on the minute level data with functional characteristics was predicted. Firstly, the discrete data
with functional features was transformed into functional data by Fourier transform; the data was dimensionally
reduced by functional principal component analysis to obtain a small number of functional principal component
eigenvectors, which were clustered by Gaussian mixture model- maximum expectation algorithm, and the clustering
effect was verified by weather information; then, the improved particle swarm optimization-extreme learning
machine (PSO-ELM) algorithm was used to cluster the data respectively. Finally, the validity of the model was
verified by an example in a region of Sichuan province.
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