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ABSTRACT

Solar power generation system is a energy generation technology that produces electricity from solar power,
and it is growing fastest among renewable energy technologies. It is of utmost importance that the solar power
system supply energy to the load stably. However, due to unstable energy production due to weather and
weather conditions, accurate prediction of energy production is needed. In this paper, an Artificial Neural
Network(ANN) that predicts solar energy using 15 kinds of meteorological data such as precipitation, long and
short wave radiation averages and temperature is implemented and its performance is evaluated. The ANN is
constructed by adjusting hidden parameters and parameters such as penalty for preventing overfitting. In order
to verify the accuracy and validity of the prediction model, we use Mean Absolute Percentage Error (MAPE)
and Mean Absolute Error (MAE) as performance indices. The experimental results show that MAPE = 19.54

and MAE = 2155345.10776 when Hidden Layer Sizes = "16 X10".
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Variable

Description

3-Hour accumulated precipitation at the

apep_sfe surface

Downward long-wave radiative flux average

dwrf_sfe |t the surface

Downward short-wave radiative flux average

dswrf_sfe at the surface

pres_msl |Air pressure at mean sea level

Precipitable Water over the entire depth of the

pwat_eatm atmosphere

spth_2m |Specific Humidity at 2 m above ground

Total cloud cover over the entire depth of the

tede_eatm atmosphere

Total column-integrated condensate over the

fcolc_eatm entire atmosphere

Maximum Temperature over the past 3 hours

fmax_2m at 2 m above the ground

Minimum Temperature over the past 3 hours

fmin2m |+ 5 m above the ground

Current temperature at 2 m above the ground
tmp_2m

tmp_sfc

Temperature of the surface

ulwrf _sfc

Upward long-wave radiation at the surface

ulwrf tatm

Upward long-wave radiation at the top of the

atmosphere

uswrf_sfc |Upward short-wave radiation at the surface

total

the total daily incoming solar energy

II. Multi-layer Perceptron
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