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Research on short-term photovoltaic power forecasting based on a physical feature
expansion ASReLU-CNN-LSTM model

LIU Wei"? LI Yangyang'
(1. School of Electrical and Information Engineering, Northeast Petroleum University, Daqing 163000, China;
2. NEPU Sanya Oftshore Oil & Gas Research Institute, Sanya 572000, China)

Abstract: To enhance the accuracy and stability of photovoltaic (PV) power output forecasting under complex and highly
variable meteorological conditions, a physics-data fusion-driven strategy is adopted, and a physical feature expansion
ASReLU-CNN-LSTM method for short-term PV power forecasting is proposed. First, an improved solar trajectory model
is used to dynamically correct the tilted surface irradiance so that it accurately reflects the actual irradiance received by
PV modules. Subsequently, a PV conversion model and a lightweight feedforward network are employed to expand the
dataset with relative power features. An adaptively smooth rectifier linear unit (ASReLU) is then designed, in which
parameterized adaptive smoothing is introduced to enhance the negative-feature extraction capability of the convolutional
neural network (CNN). Finally, the dataset augmented with physical features is fed into the ASReLU-CNN-LSTM model
for PV power prediction. Experimental results on datasets from two distinct climatic regions demonstrate that the
proposed method achieves high prediction accuracy and strong generalization capability.
This work is supported by the National Natural Science Foundation of China (No. 62473096).
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Fig. 1 Calculation chain of the inclined irradiance correction

method based on solar trajectory
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Fig. 2 Schematic diagram of the variation of the angle of

incidence of light with solar altitude
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Fig. 16 Prediction results of different models on a sunny day
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Table 3 Error comparison of different models in

different weather conditions
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