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[Abstract]

Solar photovoltaic can provide electrical energy with only radiation, and its use is expanding rapidly as a new energy source. This
study predicts the short and long-term PV power generation using actual converter output data of photovoltaic system. The prediction
algorithm uses multiple linear regression, support vector machine (SVM), and deep learning such as deep neural network (DNN) and
long short-term memory (LSTM). In addition, three models are used according to the input and output structure of the weather
element. Long-term forecasts are made monthly, seasonally and annually, and short-term forecasts are made for 7 days. As a result,
the deep learning network is better in prediction accuracy than multiple linear regression and SVM. In addition, LSTM, which is a
better model for time series prediction than DNN, is somewhat superior in terms of prediction accuracy. The experiment results
according to the input and output structure appear Model 2 has less error than Model 1, and Model 3 has less error than Model 2.
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Table 1. Correlation between meteorological factors and
converter output.

Jeather 2015 2016 2017 2018
Surface temp. 0.661 0.611 0.612 0.612
Ambient temp. 0.3889 0.351 0.325 0.329
Precipitation -0.059 -0.057 -0.045 -0.069
Wind speed 0.072 0.081 0.132 0.118
Wind direction 0.146 0.1467 0.1388 0.150
Humidity -0.358 -0.284 -0.389 -0.394
Cloud -0.041 -0.014 -0.011 -0.068
Radiation 0.958 0.919 0.928 0.936
Sunshine 0.768 0.744 0.767 0.752
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Table 2. Yearly average of meteorological factors and
converter output.

Z2do| ofrH HAZ:

Weather elements 2015 2016 2017
Surface temp. 18.584 18.433 17.679
Ambient temp. 16.359 16.222 15.622
Humidity 78.720 75.559 65.514
Cloud 3.8463 4.1205 3.6654
Radiation 96.330 60.406 57.183
Sunshine 0.3050 0.2962 0.3154
Power generation 231.47 213.02 237.08
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Table 3. Long term training and test data.

Learning data Test data
Monthly 2015/1~2018/9 2018/10
Seasonal 2015/1~2018/5 2018/6~2018/8
Annually 2015/1~2017/12 2018/1~2018/10
# 4. ©| &% 9 HAE HolH

Table 4. Short term training and test data.

Test data
2018/5/1~2018/5/7
2018/5/11~2018/5/17
2018/5/21~2018/5/27
2018/5/25~2018/5/31

Learning data
2015/1/1~2018/4/30
2015/1/1~2018/4/30
2015/1/1~2018/4/30
2015/1/1~2018/4/30

# 5. 85 ool 7= 1
Table 5. Training data structure 1.
input data Y
A-F| G2 Gl GO H2| Hl| HO| I2| I1| IO J
Ml| 0 0 0 0 0
M2| 0 -1 0 -1 0 -1 0 0
M3| 0 2 -1 0 -2 -1 0| -2 -1| O 0
# 6. 25 HlolH 7£x 2
Table 6. Training data structure 2.
input data Y
A-F| G2 Gl GO H2| HI| HO| I2| I1| I0| J
Ml| O -1 -1 -1 0
M2l O 20 -1 20 -1 20 -1 0
M3| 0 302 -1 -3 -2 -1 -3 -2 -1 0




E 7. 5 dole = 3
Table 7. Training data structure 3.

input data label
A-F G2 Gl GO H,1
Mll 0 -3 -2 -1 0

¥ 8. B|AE Hogf = 4
Table 8. Testing data structure 4.

input data Y
AF Gl Gl QA m m m R| 0| D J
Ml 0 -1 0 0| 0
M2 0 20 -1 -1 0 -1 0] O
M3| 0 30 -2 -1 2] -1 0| -2 -1 0 0
E 9. stoly zm2imH
Table 9. Hyper parameters.
N Configuration
DNN LST™M
Number of input nodes Number of Hslfrl;tc \t/leltrr;ables in data
Number of hidden layer nodes 32 32
Number of hidden layer 2 1
Learning rate 0.008 0.01
Number of iterations 15000 1000
Time stamp 24
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Table 10. Data structure 1 result.

modell | model2 | model3
Regression 0.074 0.072 0.072
SVM 0.068 0.064 0.062
Monthly
DNN 0.059 0.055 0.053
LST™M 0.057 0.061 0.057
Regression 0.079 0.080 0.080
SVM 0.078 0.074 0.073
Seasonal
DNN 0.069 0.066 0.064
LST™M 0.060 0.065 0.058
Regression 0.080 0.079 0.079
SVM 0.075 0.072 0.070
Annually
DNN 0.065 0.063 0.059
LSTM 0.061 0.061 0.058

E 11. dlojef 7= 2 Z3}
Table 11. Data structure 2 result.

modell | model2 | model3
Regression 0.132 0.117 0.109
SVM 0.125 0.109 0.103
Monthly
DNN 0.114 0.101 0.099
LST™M 0.086 0.088 0.086
Regression 0.138 0.127 0.116
SVM 0.131 0.120 0.108
Seasonal
DNN 0.117 0.103 0.093
LSTM 0.086 0.081 0.085
Regression 0.141 0.127 0.116
SVM 0.136 0.119 0.107
Annually
DNN 0.120 0.099 0.094
LST™M 0.086 0.082 0.081
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E 12. dlojl{ 7= 3 At
Table 12. Data structure 3 result.

A | Y=
Regression 0.085 0.273
SVM 0.082 0.273
Monthly
DNN 0.074 0.150
LST™M 0.058 0.129
Regression 0.087 0.284
SVM 0.082 0.270
Seasonal
DNN 0.075 0.179
LSTM 0.061 0.157
Regression 0.082 0.280
SVM 0.078 0.268
Annually
DNN 0.074 0.166
LST™M 0.063 0.149
¥ 13. Hlo|ef #x 4 Z1}
Table 13. Data structure 4 result.
modell | model2 | model3
Regression 0.115 0.109 0.105
SVM 0.115 0.112 0.106
Monthly
DNN 0.108 0.105 0.102
LST™M 0.106 0.103 0.100
Regression 0.115 0.114 0.108
SVM 0.118 0.121 0.111
Seasonal
DNN 0.113 0.105 0.101
LSTM 0.104 0.103 0.096
Regression 0.115 0.112 0.107
SVM 0.119 0.114 0.109
Annually
DNN 0.106 0.102 0.097
LSTM 0.101 0.094 0.093
¥ 14. dlo|l5f = 5 &t
Table 14. Data structure 5 result.
modell | model2 | model3
Regression 0.132 0.117 0.109
SVM 0.125 0.110 0.104
Monthly
DNN 0.115 0.101 0.100
LST™M 0.087 0.086 0.084
Regression 0.138 0.127 0.116
SVM 0.132 0.120 0.108
Seasonal
DNN 0.117 0.102 0.094
LSTM 0.089 0.087 0.080
Regression 0.141 0.127 0.116
SVM 0.136 0.118 0.107
Annually
DNN 0.118 0.100 0.094
LST™M 0.086 0.081 0.077
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Table 15. Short term radiation and sunshine forecast.

N UxE
Regression 0.083 0.264
2018/5/1 SVM 0.077 0.268
2018/5/7 DNN 0.073 0.176
LSTM 0.062 0.164
Regression 0.072 0.200
2018/5/11 SVM 0.066 0.186
2018/5/17 DNN 0.060 0.142
LSTM 0.057 0.134
Regression 0.075 0.319
2018/5/21 SVM 0.069 0.283
2018/5/27 DNN 0.064 0.193
LSTM 0.066 0.156
Regression 0.077 0.322
2018/5/25 SVM 0.071 0.295
2018/5/31 DNN 0.070 0.182
LSTM 0.061 0.166
H 16. t| ofF &t
Table 16. Short term forecast result.
modell model2 model3
Regression 0.107 0.107 0.105
2018/5/1 SVM 0.113 | 0.103 | 0.099
2018/5/7 DNN 0.112 | 009 | 0.092
LSTM 0.090 0.083 0.079
Regression 0.084 0.083 0.079
2018/5/11 SVM 0094 | 0093 | 0.086
2018/5/17 DNN 0.078 | 0073 | 0.070
LSTM 0.068 0.067 0.061
Regression 0.109 0.100 0.100
2018/5/21 SVM 0.106 | 0.095 | 0.093
2018/5/27 DNN 0.090 | 008 | 0.079
LSTM 0.113 0.112 0.111
Regression 0.099 0.100 0.099
2018/5/25 SVM 0.105 | 0.104 | 0.101
2018/5/31 DNN 0.099 | 0095 | 0.093
LSTM 0.094 0.092 0.087
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