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Abstract: With the advancement of the "dual carbon" goal, the proportion of clean energy has increased significantly, and
distributed photovoltaic power generation has developed rapidly in rural areas of China, but its randomness and intermittent
characteristics have brought great challenges to the consumption of new energy and the stability of the power grid.
Photovoltaic power generation prediction can to improve the new energy consumption and reduce the impact of its
instability on the power grid. Therefore, in order to improve the accuracy of photovoltaic power generation power prediction,

this paper proposes a photovoltaic power generation probability prediction method based on the improved vector weighted
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average algorithm to optimize the CNN-QRGRU network. First, the Reliefl algorithm is used to select the feature variables,
based on which the Gaussian mixture model (GMM) clustering method is used to classify the weather into three types:
sunny, sunny to cloudy and rainy, the processed data are input into the CNN-GRU model, and the INFO optimization
algorithm is used to tune the model hyperparameters, and the quantile regression (QR) model is combined with the INFO-
CNN-GRU model to obtain the PV power conditional distribution, and the kernel density estimation method is combined to
obtain the probability density function from the conditional distribution to complete the probability prediction. Using the
actual PV plant data as the research basis, the optimization effect of the newly proposed INFO optimization algorithm is
compared with several other traditional optimization algorithms, and the results show that the optimization effect of INFO is
better, and the probability prediction results obtained on this basis can provide more effective information compared with
the point prediction, which is more valuable for application.

Key words: photovoltaic power output; Gaussian mixture model clustering; gated recurrent unit; weighted mean of vectors

algorithm; quantile regression; probabilistic forecast
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Table 2 Model accuracy comparison

il i K Sunny weather B RN K Rainy weather %% 2 2 Sunny to cloudy weather
Model R? MAE RMSE MAPE R? MAE RMSE  MAPE R? MAE RMSE  MAPE
CNN-GRU 0.8943 0.1441 0.1488 0.1812 0.7684 0.1991 0.1402 0.1992 0.7993 0.2178 0.2792 0.2987
SSA-CNN-GRU 09521 0.0851 0.1423 0.1711 0.8232 0.1334 0.1374 0.1964 0.8993 0.1404 0.2611 0.2885
GWO-CNN-GRU 09932 0.1431 0.1615 0.2628 09643 0.1256 0.1167 0.1376 09621 0.0983 0.2378 0.2568
WOA-CNN-GRU 0.9940 0.0805 0.1006 0.1685 0.8945 0.0821 0.1026 0.1098 0.8637 0.1301 0.2301 0.2067
INFO-CNN-GRU 0.9977 0.0724 0.1001 0.1497 09901 0.0783 0.0972 0.0928 0.9933 0.0885 0.1276 0.1008
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Figure 4 Comparison of point forecasts under different weather conditions
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Table 3 Comparison of model interval probability prediction accuracy
BEEXE Rk i K Sunny weather BHFR K Rainy weather &% Z 2= Sunny to cloudy weather

Confidence Optimization

wC PICP PINAW CRPS WC PICP  PINAW CRPS WwC PICP  PINAW CRPS

interval algorithms
SSA 0.0707 09867 0.0596 0.0802 0.1344 0.9587 0.1504 0.0830 02163 09509 0.2013 0.1387
WOA 0.0476 1.0000 0.0345 0.0604 0.1245 09634 0.1299 0.1056 0.1685 09674 0.1986 0.1198
GWO 0.0631 09927 0.0508 0.0665 0.1298 0.9673 0.1321 0.1076 0.1997 09584 0.2004 0.1206
INFO 0.0192 1.0000 0.0178 0.0678 0.1167 09721 0.1197 0.0903 0.1509 09775 0.1558 0.1145
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Figure 5 Interval forecast results under sunny weather conditions
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Figure 6 Probability prediction results under sunny weather conditions
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Figure 7 Interval forecast results under sunny to cloudy weather conditions
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Figure 8 Probability prediction results under sunny to cloudy weather conditions
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Figure 9 Interval forecast results under rainy weather conditions
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Figure 10 Probability prediction results under rainy weather conditions
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