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Fig.2 Flow chart of photovoltaic power
generation forecasting model
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Fig.3 The result of weather similarity degree
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Table 1 Similarity days and weather similarity degree
(a) EEX
H % H Y
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2017-12-19 0.884 9 2017-12-16 0.849 9
(b) PBAXR
H % H Y
2017-09-20 0.880 1 2017-09-12 0.807 8
2017-09-11 0.844 5 2017-08-11 0.798 3
2017-09-19 0.8219 2017-09-18 0.788 7
2017-09-10 0.816 0 2017-08-04 0.783 1
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H % H Y
2017-09-26 0.779 0 2017-08-28 0.731 6
2017-10-13 0.759 5 2017-10-06 0.723 4
2017-10-18 0.746 4 2017-09-19 0.711 3
2017-09-20 0.732 0 2017-08-24 0.703 3
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Fig.4 The comparison of different models’ results
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Table 2 The error comparison of different models
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Fig.5 ICS-Elman model’s error comparison of
different weather at each time
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Photovoltaic power prediction based on Elman neural network

with improved cuckoo algorithm

ZHAOQO Junhao, WU Jiekang, ZHANG Wenjie, JIN Feng, YE Huiliang, REN Dejiang

(School of Automation, Guangdong University of Technology , Guangzhou 510006, China)
Abstract: Improving the accuracy of photovoltaic power generation prediction has important significance for ensuring the
security and stability of power system and improving the development and utilization of solar energy resources. A short-term
power forecasting model for photovoltaic power generation is proposed in this paper. This model is based on weather similiarty
degree and improved cuckoo search algorithm (ICS) ,which is used to optimize Elman neural network. Firstly,in order to select
the similar days with higher similarity,a similarity calculation method based on distance and angle trend is proposed. Secondly,
the improved cuckoo algorithm is used to optimize the weight and threshold of Elman neural network,and a short-term power
prediction model for photovoltaic power generation is established. Finally, the prediction results of the proposed model is
compared with the results of traditional model. The results show that the prediction accuracy of this method is higher.

Keywords : photovoltaic power prediction ; weather similarity ;similar days ;improved cuckoo algorithm ; Elman neural network
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