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ABSTRACT In this study, we propose a wind power generation prediction system that applies machine learning and data mining to
predict wind power generation. This system increases the utilization rate of new and renewable energy sources. For time-series data,
the data set was established by measuring wind speed, wind generation, and environmental factors influencing the wind speed. The
data set was pre-processed so that it could be applied appropriately to the model. The prediction system applied the CNN
(Convolutional Neural Network) to the data mining process and then used the LSTM (Long Short-Term Memory) to learn and make
predictions. The preciseness of the proposed system is verified by comparing the prediction data with the actual data, according to the
presence or absence of data mining in the model of the prediction system.
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Nomenclature o, : output gate function
z  :input data o :sigmoid
z,;. : minimum value of input data W : weight
b :bias

z,,. . maximum value of input data
: number of data

=]

f, :forget gate function
: data order

—

i,  :input gate function
t, :actual data

y; : predict data
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MA : moving average

ARMA : autoregressive moving average

ARIMA : Autoregressive intergrated moving average
RNN  :recurrent neural network

LSTM

CNN : convolutional neural network

: long short-term memory

MSE  :mean squared error

RMSE : root mean square error

WAPE : weighted absolute percentage error
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Fig. 1. Configuration of wind power prediction system
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Fig. 2. Raw data of wind power extraction
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Table 1. Parameters for LSTM model

Hidden layer Epoch Batch size Learning rate

5 50 144 0.001

6 Al-XidolHx|

= =wolie SFHlelEE 71t dolEile dge
Z 3lo] 20204 109 145 E 2021 1Y 299714)¢] €]
olE|Z Bh4S WFSIGITE o]2 HiEroE 20219 1Y 30
ARE 29 28U7HA| 9] HolE S EIAE HlolE = s}
of AU HloJe &g st Fig. 7 &4 M-S
L3S Ho]EAlO 2 CNNS 2-83814] 9Fe- Tj3zo]n] o]
E Al 12 Aoslt}. Fig. 82 W47} ¢l glo]EAl
Q& CNNE& 28310 o535t sy m1efzoln o) AL
2% A3ttt Fig. 9% 2 W5 F7I8kaL CNNE&
283 mel R WS o537 Jefjzoln] Al 302

T vF%

=,

Power Predict

\ |
| \' | ‘ »\ ““ |

J {.‘J.Hi TR

v 21 23 27 209 211 243 245 217 238 221 2023 2125 227
Time(d)

Fig. 7. Prediction curve without CNN

2500

PlW)

| |

| |‘r | M

o } | ‘ l ;‘ ! ! ‘
of | ‘J M JJ i ' WLl ~i| ‘J ‘ I(U “‘I |

130 21 273 25 277 2/9 211 213 215 247 219 2021 223 225 2727
Timetd)

Fig. 8. Prediction curve with no environmental factors

il

\‘ ‘ '\J\ i Il
| .“\‘J.._d‘lu,"{'h MH lh‘ I lgh ‘J

y30 21 23 25 277 29 241 213 25 247 219 2021 223 225 2127
Time(d)

)

Fig. 9. Prediction curve with environmental factors



Table 2. Measured errors in case study

Case RMSE WAPE
1 389,9047 10,22961
2 340,2082 4,6354
3 2175,9002 0.33066
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