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Abstract As increasing global interest in renewable energy due to the ongoing climate crisis,
there is a growing need for efficient technologies to manage such resources. This study focuses
on the predictive skill of daily solar power generation using weather observation and forecast
data. Meteorological data from the Korea Meteorological Administration and solar power gener-
ation data from the Korea Power Exchange were utilized for the period from January 2017 to
May 2023, considering both inland (Daejeon) and coastal (Busan) regions. Temperature, wind
speed, relative humidity, and precipitation were selected as relevant meteorological variables for
solar power prediction. All data was preprocessed by removing their systematic components to
use only their residuals and the residual of solar data were further processed with weighted
adjustments for homoscedasticity. Four models, MLR (Multiple Linear Regression), RF (Ran-
dom Forest), DNN (Deep Neural Network), and RNN (Recurrent Neural Network), were
employed for solar power prediction and their performances were evaluated based on predicted
values utilizing observed meteorological data (used as a reference), 1-day-ahead forecast data
(referred to as forel), and 2-day-ahead forecast data (fore2). DNN-based prediction model
exhibits superior performance in both regions, with RNN performing the least effectively. How-
ever, MLR and RF demonstrate competitive performance comparable to DNN. The disparities
in the performance of the four different models are less pronounced than anticipated, underscor-
ing the pivotal role of fitting models using residuals. This emphasizes that the utilized prepro-
cessing approach, specifically leveraging residuals, is poised to play a crucial role in the future
of solar power generation forecasting.
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Table 1. Weather observation and forecast data in Daejeon and Busan from KMA (Korea Meteorological Administration).
. Data Type . . Period
Region (Number of Stations) Stations Variables (Interval)
ASOS (1) =l
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A, A o hourl
Daeieon AWS (3) S ’%CL’ Temperature [°C] (hourly)
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=
(79) A F 2 (every 3 or 6 hour)
ASOS (1) HAY
AT, 7173,
1= M =1
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AWS (12) HEH =, AH, Temperature [°C] (hourly)
Busan AR, B2, ipitati
EPEEIN lfrec1p1tat1f)n [mm]1
—'—OéLL:‘_j, b b Wind Velocity [m s™']
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Al
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Fig. 1. Comparison between observations and forecasts of four meteorological variables. The first row for each variable
represents the comparison of observation with forecast at a 1-day lead time. The second row of each region represents the
comparison between observation and forecast values at a 2-day lead time. The y = x line is depicted in black dashes, indicating

the similarity between observed and forecasted values.
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st gk R F AY mEeIA 19 A R} 2
A A dunc #23 o FAP) derkou, o
Aol =A gksleh. webd 1gws Aw ey
WA o3 mdls] A4l LRt 297k
IRARARR WAF lZ0] 5T 5 US Ao
= B,

5 Al AAE Aze] AAZ S ALl
Bt 2Rt gl o] &8kt Ank. St
S 25 A9 A AAT ErRAdET
HRAL ATHeR Addd 7VHreEs SHETE
dAgste] 39 EAIE siAdstal Ak 71 AT
M 2ALY HLS T AR Ak oo
U 2 AFolxe FA AR S AT Bd T
AFE dFsto ded =ol2A ek FA9 Al
AL ARIFAE o8l Ak WS A
o AR AAE 2Hsh] S8 4EE HolHE Y
Tz g 39S AT dulolH e it 3
Aoz T ghel zelE Az FAlek AL
ol AAHE F= shFel ol &I

7S] M RS o)) golstar, &
919l ztolz AFH shEe WA Sl Sy
o A1) 2ol Ha-FHh 2ALFS IFFTHKim,
2019). =3 FHAFTE 37 2AE 27 97 7MY
A TEAE B Fske e g s
S Sl s S5 Ay Hekst] 7k

o
18] 3 tH(Voyant et al., 2020).

pud

¢

,_ X —min(X)
X= max(X) — min(X) M

37141813 thy] A347 23 (2024)

1. but in Busan.
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Fig. 3. Comparison of prediction performance by model in Daejeon. All of the r-values are statistically significant at a 95%

confidence level, and the unit for RMSE is [MW h™'].
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Fig. 4. Same as Fig. 3. but in Busan.
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Fig. 5. Scatter and time series plots comparing observed and predicted solar power generation using DNN in Daejeon. In the
scatter plot, the x-axis represents actual solar power generation, and the y-axis represents predicted solar power generation. The
black dotted line signifies the y = x line, indicating similarity between observed and predicted values. The time series plot
displays time on the x-axis solar power generation [MW h™'] on the y-axis. The blue line is observed solar power generation,

while the orange line shows predicted solar power generation.
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Table 2. Performance of the DNN model on different levels of preprocessing in Daejeon.
. (No pre) (Partial Pre) (Full Pre)
Daejeon
r-value RMSE r-value RMSE r-value RMSE
reference 0.8662 1.2857 0.8823 1.0226 0.9320 0.7908
DNN forel 0.8305 1.2727 0.8385 1.1082 0.9130 0.8734
fore2 0.7840 1.3527 0.8051 1.1993 0.9025 0.9127
Table 3. Performance of the DNN model on different levels of preprocessing in Busan.
(No Pre) (Partial Pre) (Full Pre)
Busan
r-value RMSE r-value RMSE r-value RMSE
reference 0.7115 16.0775 0.8244 8.6700 0.8943 7.3350
DNN forel 0.5788 15.2030 0.7529 9.6221 0.8536 7.8529
fore2 0.5378 15.3606 0.7221 9.8811 0.8445 8.0305
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