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Solar Photovoltaic Power Prediction Using Machine Learning:
A Case Study of the Yeongam F1 Solar Power Plant
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Abstract Accurately estimating and predicting solar photovoltaic (PV) power generation is
essential for ensuring a stable renewable energy supply. This study proposes a machine learning-
based approach to estimate and predict solar PV power generation. A linear model and three
machine learning models were trained using hourly datasets from the Yeongam F1 solar power
plant from 2019 to 2022. To ensure model stability, a year-based 4-fold cross-validation was
performed. Of the tested models, XGBoost model performed the best, achieving a normalized
mean absolute error (nNMAE) of 4.16% with a standard deviation of 0.07%. Furthermore, in a
practical forecasting scenario where models were trained on data from 2019 to 2021, XGBoost
model successfully predicted next-day solar PV power generation for 2022 using LDAPS fore-
casts initialized every 2100 KST, achieving a nMAE of 7.89%. These results demonstrate that
combining short-term numerical weather forecasts with machine learning algorithms can enable
reliable prediction of solar PV power generation one day in advance.
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Fig. 1. LDAPS modeling domain (red box) and the study
area (blue box). Locations of the Mokpo weather station
(red) and the Yeongam F1 solar power plant (blue) are
indicated in the bottom panel.
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Table 1. List of the algorithms for estimating solar PV
power generation and their abbreviations used in this study.

Linear model Multiple Linear Regression (MLR)
Random Forest (RF)
LightGBM (LGB)

XGBoost (XGB)

Machine learning
model
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Table 2. Hyperparameters of the machine learning algorithms
used in this study. The number following the model
abbreviation indicates the number of input variables. See the
main text.

Model Hyperparameter Value
n_estimators 534
max_depth 11
RF9 min_samples_split 0.01
min_samples_leaf 4
n_estimators 927
max_depth 6
LGB9 learning_rate 0.02
num_leaves 29
colsample bytree 0.92
subsample 0.96
n_estimators 686
max_depth 6
XGB9 learning_rate 0.02
gamma 5.62
colsample_bytree 0.91
subsample 0.84
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(a) Hourly solar PV power generation (2019 ~ 2022)
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Fig. 2. (a) Time series of solar PV power generation at the
Yeongam F1 solar power plant from 2019 to 2022, (b) its
monthly climatology, and (c) hourly climatology.
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Table 3. Hourly correlation coefficients between solar PV
power generation at the Yeongam F1 solar power plant and
meteorological variables observed at the Mokpo weather
station for the period 2019~2021.

. . Solar radiation 0.97

High correlation
ariables cos_hour -0.74
Humidity -0.56

. Cloud cover -0.27
M"derva;fi:&::la“o“ Windspeed 0.22
Temperature 0.21

Low correlation cos_.dafy . —0.07
variables Precipitation -0.07
Snowfall -0.06
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Table 4. nMAE (%) of solar PV power generation estimated from meteorological measurements at the Mokpo weather station
using 4-fold cross-validation (2019~2022). The number following the model abbreviation indicates the number of input
variables. The values in parenthesis in the last column indicate the standard deviation. Here, each model was trained with three
years by excluding the ‘Fold’ year, and evaluated against the ‘Fold” year. The reference model used in Figs. 4, 5 corresponds to
‘Fold 1”.

Fold 1 (2022)

Model Reference Fold 2 (2021) Fold 3 (2020) Fold 4 (2019) Mean (Std)
MLR3 6.68 6.75 6.06 6.92 6.63 (0.33)
MLR6 6.27 6.22 5.66 6.40 6.14 (0.28)
MLR9 5.96 5.89 5.45 6.06 5.84 (0.23)
RF3 545 5.71 5.24 5.59 5.50 (0.17)
RF6 4.76 4.84 4.66 5.07 4.83 (0.15)
RF9 4.54 4.68 4.50 4.89 4.65 (0.15)
LGB3 545 5.57 5.23 5.51 5.44 (0.13)
LGB6 4.31 4.38 4.32 4.46 4.37 (0.06)
LGB9 4.23 432 428 4.42 4.31 (0.07)
XGB3 5.51 5.69 5.36 5.62 5.54 (0.13)
XGB6 4.27 4.34 431 4.42 4.33 (0.06)
XGB9 4.16 4.26 4.23 4.36 4.25 (0.07)
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Fig. 3. Feature importance analysis using mean absolute SHAP values for MLLR9 (blue), RF9 (orange), LGB9 (green), and
XGB9 (red) models for solar PV power estimation in 2022. The y-axis represents the mean absolute SHAP value in log scale,
indicating the relative contribution of each feature to the solar PV power estimation.
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(a) Clear day solar PV power estimation (2022-05-04)
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(b) Cloudy day solar PV power estimation (2022-05-14)
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(c) Rainy day solar PV power estimation (2022-04-25)
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Fig. 4. Solar PV power estimation from meteorological
measurements at the Mokpo weather station for (a) clear day,
(b) cloudy day, and (c) rainy day. Each line denotes actual
solar PV power generation (black line), MLR9 estimation
(blue dashed line), RF9 estimation (orange dashed line),
LGB9 estimation (green dashed line), and XGB9 estimation
(red dashed line).
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Fig. 5. (a, b) Hourly RMSE and nMAE of MLR9 (blue line), RF9 (orange line), LGB9 (green line), and XGB9 (red line) for
solar PV power estimation in 2022. (c, d) Same as (a, b) but for the monthly average of RMSE and nMAE.
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(a) Clear day solar PV power prediction (2022-05-04)
le7

14

2 .
A=

b

22 9

[e]
49

Table 5. nMAE (%) of solar PV power generation prediction

with LDAPS forecasts initialized every 2100 KST in 2022.
121 _ The number following the model abbreviation indicates the
10 P e number of input variables.
i 0.8 1 p 7 N Model nMAE (%)
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Fig. 6. Same as Fig. 4 but for the prediction using LDAPS
forecasts initialized every 2100 KST in 2022.
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Table 6. Sensitivity of solar PV power generation prediction to model initialization time in nMAE (%). The values in
parentheses for the 2100 KST initialization denote the nMAESs when bias corrections are not applied.

Initialization
Model
0990 KST 1590 KST 2190 KST 0300 KST
Previous Day Previous Day Previous Day
MLR9 9.08 9.03 8.74 (8.83) 8.75
RF9 8.38 8.38 8.10 (8.31) 8.23
LGB9 8.22 8.23 7.91 (8.04) 7.96
XGB9 8.21 8.19 7.89 (7.97) 7.96
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