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[Abstract]

This study predicts solar radiation, solar radiation, and solar power generation using hourly weather data such as temperature,
precipitation, wind direction, wind speed, humidity, cloudiness, sunshine and solar radiation. I/O pattern in supervised learning is the
most important factor in prediction, but it must be determined by repeated experiments because humans have to decide. This study
proposed four input and output patterns for solar and sunrise prediction. In addition, we predicted solar power generation using the
predicted solar and solar radiation data and power generation data of Youngam solar power plant in Jeollanamdo . As a experiment
result, the model 4 showed the best prediction results in the sunshine and solar radiation prediction, and the RMSE of sunshine was 1.5
times and the sunshine RMSE was 3 times less than that of model 1. As a experiment result of solar power generation prediction, the best
prediction result was obtained for model 4 as well as sunshine and solar radiation, and the RMSE was reduced by 2.7 times less than that
of model 1.
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Z-2 SVM (support vectors machine), °]
B Z(wavelet), ARIMA, ELM (extreme learning machine), SVR
(support vector regression), neuro- fuzzy, <1517 (artificial
neural network) -l tgt A7} A TH3]-[8].
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Table 1. A correlation between major meteorological
factors and power generation.

zgtoa ur 12 hour data | 7 hour data

Temp. 0.243 0.259 0.182
Precip. -0.071 -0.118 -0.178
Wind direct. 0.23 0.216 0.191
Wind speed 0.231 0.169 0.111
Humidity -0.607 -0.595 -0.624
Cloudiness —0.251 -0.441 -0.73
Sunshine 0.957 0.935 0.877
Solar Rad. 0.851 0.766 0.804
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Table 2. Data structure for sunshine and solar radiation
forecasting.

model data structure
model 1 A,B,C,D,E,F
model 2 A,B,C,D,E, F, GO, HO

model 3 A,B,C,D,E, F, G0-G1,H0-H1
model 4 A,B,C,D, E, F, G0-G2, HO-H2
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Table 3. Data structure for solar power generation.

model data structure
model 1 A,B,C,D,E,F
model 2 A,B,C,D, E,F,G0-G2
model 3 A,B,C,D, E,F,H0-H2
model 4 A,B,C,D, E, F,G0-G’2, H'0-H2
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Table 4. Input output structure for sunshine and solar
radiation forecasting.

Input variable label
model
A-F| G2| G1| GO | H2| H1| HO| GH
model 1 0 1
model2 | 0 0 0 1
model 3 0 -1 0 -1 0 1
model4 | 0 2-110 20-110 1
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Table 5. Input output structure for solar power generation.

model Input variable label
A-F | G2| G1| G0 | H2| H'1| HO 1
model 1 0 1
model2 | 0 2 ] -1 0 1
model 3 0 2 1-1 10 1
model4 | 0 2 /-1 |0 2 -1 |0 1

E 6. 2142 mzimE
Table 6. Neural network parameters.

arameters algorism
P ANN DNN
Number of input Number of input Number of input
layer nodes variables in model variables in model
Nurlnber of hidden 5 3
ayer nodes
Number of hidden 1 3
layer
Number of output 1 1
1 di
ayer node
Activation . .
function Sigmoid ReLu
Learning rate 0.01 0.01
Number of 15000 15000
iterations
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Table 7. A forecasting result of sunshine and solar radiation.

A forecasting result of sunshine A forecasting result of solar radiation

SVM ANN DNNI1 DNN2 | DNN3 SVM ANN DNNI1 DNN2 | DNN3

RMSE 0.324 0.313 0.303 0.284 0.245 0.178 0.180 0.179 0.193 0.159

MAE 0.251 0.227 0210 0.200 0.159 0.123 0.130 0.134 0.151 0.124

model 1 COR. 0.565 0.613 0.640 0.727 0.790 0.608 0.634 0.635 0.608 0.734
BIAS 0.005 0.007 0.018 -0.005 -0.019 0.016 -0.038 0.039 0.031 0.021

RMSE 0.189 0.182 0.150 0.197 0.233 0.074 0.070 0.071 0.094 0.112

MAE 0.091 0.106 0.080 0.117 0.153 0.045 0.043 0.047 0.068 0.085

model 2 COR. 0.880 0.886 0.928 0.883 0.811 0.942 0.946 0.949 0.925 0.874
BIAS 0.007 0.018 -0.025 -0.030 -0.016 0.013 0.007 0.012 -0.02 -0.011

RMSE 0.182 0.174 0.132 0.179 0.232 0.060 0.058 0.056 0.071 0.106

model 3 MAE 0.092 0.101 0.066 0.105 0.147 0.037 0.032 0.033 0.048 0.077
COR. 0.887 0.897 0.942 0.901 0.814 0.962 0.964 0971 0.954 0.888

BIAS -0.002 0.009 -0.019 -0.008 -0.016 -0.005 0.001 -0.007 0.001 -0.002

RMSE 0.181 0.172 0.129 0.177 0.234 0.057 0.056 0.053 0.071 0.107

MAE 0.092 0.101 0.065 0.106 0.148 0.036 0.031 0.029 0.048 0.079

model 4 COR. 0.888 0.899 0.944 0.903 0.812 0.965 0.967 0.973 0.956 0.887
BIAS -0.002 0.008 -0.015 0.005 -0.019 -0.006 0.002 -0.001 0.004 0.001
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Fig. 1. A forecasting result of sunshine in model 2.
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Fig. 2. A forecasting result of sunshine in model 4.
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Fig. 3. A forecasting result of solar radiation in model 2.
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Table 8. A result forecast of solar power generation.

SVM DNNI1 DNN2 DNN3
RMSE 0.199 0.204 0.237 0.221
MAE 0.131 0.150 0.189 0.176
model 1
COR. 0.589 0.557 0.587 0.725
BIAS -0.059 0.008 0.116 0.134
RMSE 0.121 0.117 0.154 0.216
MAE 0.067 0.066 0.113 0.176
model 2
COR. 0.841 0.862 0.823 0.739
BIAS -0.025 0.002 0.060 0.129
RMSE 0.085 0.083 0.118 0.207
MAE 0.055 0.046 0.086 0.161
model 3
COR. 0915 0.929 0.898 0.771
BIAS -0.007 0.021 0.048 -0.129
RMSE 0.081 0.080 0.112 0.197
MAE 0.050 0.047 0.080 0.153
model 4
COR. 0.924 0.931 0.901 0.776
BIAS -0.012 0.021 0.036 0.114
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Fig. 5. A forecasting result of solar power generation in
model 2.
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Fig. 6. A forecasting result of solar power generation in
model 4.
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