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Abstract

To address the problem of low prediction accuracy in photovoltaic (PV) power forecasting, this pa-
per proposes a hybrid short-term PV power prediction model based on Informer-LSTM-MLP. First,
the 3o criterion, box plot method, and Isolation Forest algorithm are adopted to detect anomalous
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data, while the adjacent window mean method and cubic spline interpolation are used to impute
missing values. Key meteorological factors are selected via the Pearson correlation coefficient, and
an improved K-means algorithm is employed to categorize historical data into three weather types:
sunny, cloudy, and complex. On this basis, the Informer-LSTM-MLP hybrid model is constructed: the
Long Short-Term Memory (LSTM) network extracts temporal information from environmental fea-
tures to generate hidden state matrices; the Informer model performs deep modeling of long-term
dependencies in power sequences to capture global features; these two types of features are then
fed into a Cross-Attention mechanism for multi-source information fusion, and finally, the Multi-
Layer Perceptron (MLP) realizes end-to-end power prediction. Experimental results demonstrate
that the proposed hybrid model can effectively improve the prediction accuracy of PV power gen-
eration under various weather conditions.
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Figure 1. Flowchart of abnormal data processing
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Table 1. Correlation magnitude classification table
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Figure 2. Flowchart of the informer-LSTM-MLP hybrid prediction model construction
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Figure 3. Architecture diagram of Informer network
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Figure 6. Pearson correlation heatmap of active power and environmental factors
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Figure 8. Prediction results of comparative models for clear-sky conditions
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Figure 9. Prediction results of comparative models for cloud conditions
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Figure 10. Prediction results of comparative models for complex conditions
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Table 4. Ablation experiment evaluation metrics
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Figure 11. Prediction results of ablation models for clear-sky conditions
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Figure 12. Prediction results of ablation models for cloud conditions
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Figure 13. Prediction results of ablation models for complex conditions
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