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ABSTRACT Accurate photovoltaic (PV) power forecasting has become increasingly critical with the rapid expansion of renewable
energy. In Korea, the Korea Power Exchange has reinforced error thresholds and settlement rules to improve forecasting accuracy,
reducing the average error rate from 8.3% to 5.7%. However, stricter regulations may impose disproportionate burdens on small-scale
producers and exacerbate market polarization, highlighting the need for more precise forecasting approaches. Previous studies have
largely relied on short-term deep learning models using meteorological data from nearby stations, which fail to capture actual
generation characteristics when geographical factors are excluded. This study proposes a deep learning-based forecasting model
integrating geographical attributes of PV plants and meteorological variables such as temperature, precipitation, wind direction, wind
speed, humidity, solar irradiance, sunshine hours and cloud cover. Geostatistical interpolation was applied to estimate these
meteorological variables at unsampled locations, and the results were incorporated into the forecasting dataset. Experimental results
demonstrate that the proposed model consistently outperforms conventional approaches, confirming that the joint consideration of
geographical and meteorological factors substantially improves the accuracy of PV power forecasting.

Key words Spatial statistics(3Zt = 7)), Ordinary kriging( 7+ =& 7)), Al model(21-&X]% = 4), Solar power prediction(E}] &g 2+
A %), Hybrid model(3to] H2j = & H)

Subscript MAPE : mean absolute percentage error
AWS : automatic weather system RMSE : root mean squared error

. . . MAE : mean absolute error
ASOS: automatic synoptic observation system 4

DNN : deep neural network

RNN : recurrent neural network
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Table 3. Hyperparameter settings of the DNN multi—step
forecasting model

Category Hyperparameter Setting
Data split Train/Test 5%/ 25%
Model type DNN(MLP)
hidden layers 3
Architecture Hidden Units 32—-32—-32
Activation ReLU
Output dimension 4
Loss function MSE
Optimizer Adam
Training Learing rate 1x107°
Batch size Full—batch
Epochs 15,000
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Fig. 8. Comparision of DNN—based PV power prediction using
nearby station data and kriging—derived site data
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Fig. 9. Comparision of RNN—based PV power prediction using
nearby station data and kriging—derived site data
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Fig. 10. Comparision of LSTM—based PV power prediction using
nearby station data and kriging—derived site data
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Fig. 11. Comparision of GRU—based PV power prediction using
nearby station data and kriging—derived site data
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Table 5. A forecasting result of power genearation from the
PV Model (Nearby Weather Station Data)

Time DNN RNN LST™M GRU

Current | RMSE | 0.1412 | 0.1223 | 0.1085 | 0.1088
Time MAE | 0.0716 | 0.0683 | 0.0618 | 0.0585

After | RMSE | 0.1888 | 0.1376 | 0.1202 | 0.1210
Thour MAE | 0.1022 | 0.0787 | 0.0637 | 0.0648

After | RMSE | 0.2265 | 0.1489 | 0.1280 | 0.1298
Zhours | MAE | 0.1363 | 0.0842 | 0.0678 | 0.0722

After | RMSE | 0.2083 | 0.2303 | 0.1832 | 0.1849
24hours | MAE | 0.1140 | 0.1273 | 0.1060 | 0.1036

Table 6. A forecasting result of power genearation from the
PV Model (Kriging—Derived PV Plant Site Data)

Time DNN RNN LST™ GRU

Current | RMSE | 0.1312 | 0.1147 | 0,1092 | 0.1120
Time | MAE | 0,0678 | 0.0642 | 0.0597 | 0.0637

After | RMSE | 0.1582 0.1271 0.1157 0.1187
thour MAE | 0.0853 | 0.0695 | 0.0635 | 0.0660

After | RMSE | 01897 | 0.1428 | 0.1285 | 0.1276
2hours | MAE | 0.1136 | 0.0811 | 0.0714 | 0.0721

After | RMSE | 0.1943 | 0.2102 | 0.1844 | 0.1836
24hours | MAE | 0.1071 | 0.1150 | 0.1026 | 0.1026
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