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AW-CNN-LSTM photovoltaic power prediction method based on clustering
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Abstract: Due to the volatility and randomness of photovoltaic power generation, it is difficult for traditional models to
accurately predict it. To solve this problem, a prediction model of AW-CNN-LSTM is established based on clustering.
First, the photovoltaic power plant historical data set is pre-processed and clustered using the K-means clustering
algorithm based on the elbow method; secondly, an adaptive weight is established based on the distance between the
training samples and the feature center of test samples of the same clustering category; then, an AW-CNN-LSTM
network model suitable for different clustering categories is established based on the clustering results and adaptive
weights. CNN are used to capture the relationships between different features. while LSTM are used to capture
temporal features. Finally, the forecast results of each model are integrated to get the final forecast results.
Experiments on the data set of photovoltaic power stations in the Australian Desert Solar Energy Research Center

demonstrate the effectiveness of the proposed method.
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Table 1 CNN-LSTM network parameters
) 4 )2 i 1 /N E2iCi6
Conv (None,13,32) 128
Conv (None,11,64) 6 280
Conv (None,9,128) 24 704
Lstm (None,9,100) 91 600
Lstm (None,100) 80 400
Dense (None,64) 6 464
Dense (None,32) 2 080
Output (None, 1) 33
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Table 2 Pearson correlation coefficient between

photovoltaic power and meteorological factors

A5 i 1 Kdl 2
PR IR 1. 000 1. 000
TR 0. 202 0.129
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A BT FR 0.921 0. 806
18 55§ 7K T 5 0.107 0. 086
A1) 0.011 0. 060
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2 R AT AR 4 55T 0. 899 0. 787
18 554400 A o 0.123 0. 094
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Table 3 Comparison of photovoltaic power prediction
methods(data 1)

WRiA MAE  RMSE cC
LSTM 0. 245 0.420  0.968
CNN-LSTM 0.216 0.413 0. 969
GRU 0. 255 0. 429 0.967
CNN-BiLSTM-Attention 0. 222 0. 405 0.971
AW-CNN-LSTM 0. 145 0.213  0.992

x4 RRTHETNFEX L (HE 2)
Table 4 Comparison of photovoltaic power prediction
methods(data 2)

WIRE MAE  RMSE CC
LSTM 0. 235 0.414  0.962
CNN-LSTM 0. 209 0.407  0.963
GRU 0. 244 0.421 0. 961
CNN-BiLSTM-Attention 0. 224 0.400  0.964
AW-CNN-LSTM 0.140  0.208  0.991
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Fig. 7 Comparison of photovoltaic power prediction methods(data 1)
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Fig. 8 Comparison of photovoltaic power prediction methods(data 2)
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