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Ultra-short-term PV power prediction based on MBI-PBI-ResNet
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Abstract: To enhance the stability of photovoltaic (PV) grid connection and improve the accuracy of PV power prediction,
an ultra-short-term prediction method of PV power based on similar day clustering, swarm decomposition (SWD) and
MBI-PBI-ResNet network deep learning network model is proposed. First, the expected frequency of solar irradiance is
extracted using a fast Fourier transform (FFT). This is used as a clustering eigenvector, and similar day clustering is
achieved using adaptive affinity propagation clustering (AdAP) based on this clustering eigenvector. Second, each class of
similar days is decomposed separately using swarm decomposition algorithms to extract the multi-scale fluctuation
pattern features of the original data. Finally, MBI-PBI-ResNet is used to realize the mining of temporal features under the
influence of multivariate correlation of weather environment. Also it is used for the mining of spatial features of local
waveforms and long time-dependent temporal features of multiscale components at the same time, as well as the
combined integration of different types of features to realize ultra-short-term prediction of PV power generation. The
results show that this method improves the prediction accuracy by more than 3% compared with other deep learning
methods in the field of ultra-short-term prediction of photovoltaic power. This indicates that this method has higher
prediction accuracy and stronger generalizability in the field of ultra-short-term prediction of photovoltaic power.
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Fig. 1 Adaptive affinity propagation clustering results
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Fig. 2 Results of PV power data swarm decomposition under cloudy weather type
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Table 3 Experimental error comparison of different model parameters

—— BRI [ EZTIn ) (BEAEELA
K L M, M, EMAE EMAPE CRMSE
16 16 128 256 2.4664 0.0706 3.4038
i e BRI 16 32 128 256 2.055 0.0588 2.9835
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Table 4 Experimental error comparison of different decomposition algorithms
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ICEEMDAN 4.3355 9.257 11.7769 0.124 0.2648 0.3369 6.0182 11.5731 15.9892

SVMD 4.6764 6.7671 7.4929 0.1338 0.1936 0.2144 6.7584 8.7073 9.3292

SSD 0.9677 1.5736 2.1638 0.0277 0.045 0.0619 1.1371 2.0107 3.8344

SWD 0.621 1.2633 2.055 0.0178 0.0361 0.0588 0.7967 1.6658 2.9835
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Table 5 Experimental error comparison of different prediction models

RAKM ] P
15 3k 6 16 35 1 34 6 16
CNN-LSTM 0.0116 0.0156 0.0231 0.1204 0.9994 0.9991 0.9979 0.9676
T P-BiLSTM-DCNN 0.0103 0.0136 0.0165 0.0367 0.9987 0.9982 0.9943 0.9947
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AR 0.0086 0.0097 0.0127 0.0203 0.9997 0.9994 0.9993 0.9981
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Fig. 7 Experimental results of different prediction models
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