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A Study on Solar Power Generation Forecasting using Weighting
Schemes based on Meteorological Data Correlation

Yeung-Hak Lee*

ol
-

o g MEd Ao BEH 453 ABh BAo R AHL
o AT I DY HRVAS 2 S

Ao AHESHE PCC(Pearson Correlatlon Coeff1c1ent)

Stk 6714 71 WS AAY 2aElF LSTM, CNN-LSTM, CNN-LSTM-Attention®] 2|

, %Fﬂ% 23 A% vwE 98 Random Forest Y1e|ES ARSI A8 A3}, 1052 7)Aol ol
£ 0] 83 ISTMQ] AAl o= Aol 7 E&(R%: 988%) A4S Uehilew, 7}

FAE /\}%OW e AET o 3% AFPdE Rt

[o oo rlo rlu

Abstract

Accurate power generation forecasting is essential for enhancing the efficiency of carbon emission markets and
transition to low-carbon energy. This study evaluates the accuracy of solar power forecasting by analyzing correlations
algorithm, subsequently assigning weights. The relationship between power generation and weather variables was
quantified using the Pearson Correlation Coefficient (PCC) algorithm, and six distinct weighting methods were
integrated into time-series models, specifically LSTM, CNN-LSTM, and CNN-LSTM-Attention. Experimental results
demonstrate that the LSTM model utilizing linear weighting achieved a superior predictive performance of 98.8% R>.
This methodology yields an approximate 3% improvement in accuracy compared to unweighted baseline models,
highlighting its efficacy in optimizing power generation forecasts.
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generation and weather data using PPC
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Table 3. Experimental results of LSTM model with
weighting values applied

Weighting Evaluation | Training Performance
method metric result improvement (%)
RMSE 29,1812 -
NO_Weight MAE 15.3187 -
R? 0.8641 -
RMSE 284694 244
Linear MAE 14.3281 6.47
R? 0.8706 0.66
RMSE 31.2498 -7.09
Squared MAE 15.863 -3.55
R? 0.8441 -2.0
RMSE 28.3128 2.98
Rank_Based MAE 14.463 559
R? 0.872 0.8
RMSE 28.2873 3.06
Threshold MAE 14.8767 2.89
R? 0.8723 0.82
RMSE 28.5446 2.18
Exponential MAE 15.3176 0.01
R? 0.8699 0.59
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Table 4. Experimental results of CNN-LSTM model with
weighting values applied

Weighting | Evaluation | Training Performance
method metric result improvement (%)
RMSE 27.1443 -
NO_Weight MAE 13.8828 =
R? 0.8824 -
RMSE 27.7552 225
Linear MAE 142135 -2.38
R? 0.877 054
RMSE 29.9952 -105
Squared MAE 15.6708 -12.88
R? 0.8564 26
RMSE 29.7701 967
Rank_Based MAE 15.1963 -9.46
R? 0.8585 -2.39
RMSE 28.5788 -5.28
Threshold MAE 14.5849 -5.06
R? 0.8696 -1.28
RMSE 28.2333 403
Exponential MAE 14.569 -4.94
R? 0.872 -0.97
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& CNN-LSTM-Attention A& 21}

Table 5. Experimental results of CNN-LSTM-Attention
model with weighting values applied

Weighting Evaluation | Training Performance
method metric result | improvement (%)
RMSE 26.4298 -
NO_Weight MAE 14.4688 -
R? 0.8885 -
RMSE 27.5637 -4.29
Linear MAE 14.4012 047
R? 0.8787 -0.98
RMSE 31.3385 -18.57
Squared MAE 17.8139 -23.12
R? 0.8432 -453
RMSE 29.5675 -11.87
Rank_Based MAE 16.9044 -16.83
R? 0.8604 28
RMSE 28.1599 —-6.55
Threshold MAE 14.9617 -341
R? 0.8734 -1.51
RMSE 27.6215 -4.51
Exponential MAE 151116 -4.44
R? 0.8782 -1.03
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Fig. 3. Comparison of actual power generation data and power generation predictions using linear weight values applied to
the LSTM model
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