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Deep Learning Model for Solar Power Generation Prediction
using Feature Extension
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Abstract

Solar power generation, which relies on an infinite energy source, is intermittent due to its dependence on weather
conditions. Therefore, accurate power generation prediction technology is essential to reduce the uncertainty of power
generation and enhance economic efficiency for effective energy management. This paper expands input features using
feature engineering and predicts solar power generation through various deep learning models. The proposed deep
learning models are parallel models that connect basic deep learning models in parallel, including the DCNN and
DMCNN models, which merge 1D-CNN and Multi-kernel 1D-CNN based on the DNN model, and the DLSTM and
DBILSTM models, which merge LSTM and BiLSTM. The experimental results showed that the models applying
feature engineering had lower errors in the basic models, and the parallel models had even lower errors than the
basic models. In particular, among the parallel models, the DBILSTM model demonstrated the best performance of all
the models proposed in this paper, with an RMSE of 0.0326 for the Yeong-am Power Plant and an RMSE of
0.0231 for the Yeon-seong Power Plant.
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Table 1. Correlation of power generation and weather
forecasting factors.

Yeong-am | Yeon-sung Avg
Temp. 0.17818 0.16999 0.17409
Wind 0.17218 0.30827 0.24023
Humidity 043737 -0.29221 -0.36479
Pressure -0.00753 -0.05642 -0.03198
Cloud -0.20849 -0.00461 -0.10655
Sunshine 0.67557 0.47500 0.57529
Radiation 0.77523 0.63215 0.70369
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2 44 0.89699 | 0.89276
Veona-am 3 164 0.90906 | 0.90368
g 4 494 091546 | 0.90127
5 1286 0.92478 | 0.85861
2 44 0.85518 | 0.84370
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table 6. Hyper parameter

Hyper parameter Value
Learning algorithm Adam
Leamning rate 0.001
Batch size 10
Epoch 100
Hidden activation function Relu
Output activation function Linear
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Table 7. Basic experiment results

Region MAE MSE RMSE
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Degree=4 | 0.04410 | 0.00628 | 0.07925
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Table 9. Basic model experimental results using
characteristic engineering
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