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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
. - 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
1) Researcher, Department of Electrical Engineering, Hanbat National
University

2) Researcher, Department of Electrical Engineering, Korea University Subscri pt

3) Senior Researcher, Korea Electric Power Corporation IRENA : international renewable energy agency

4) Professor, Department of Electrical Engineering, Hanbat National . L.
NWP : numerical weather prediction

University
*Corresponding author: seungminj@hanbat.ac.kr AR : autoregressive
Tel: +82-42-821-1096 Fax: +82-42-821-1088

Copyright (¢) 2022 by the New & Renewable Energy
This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http:/creativecommons.org/licenses/by-nc/3.0)
which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.


https://crossmark.crossref.org/dialog/?doi=10.7849/ksnre.2022.0001&domain=http://journalksnre.com/&uri_scheme=http:&cm_version=v1.5

: moving average

: autoregressive moving average

: Autoregressive intergrated moving average
: recurrent neural network

: long short-term memory

: convolutional neural network

: mean squared error

: Toot mean square error

: weighted absolute percentage error

il

HRAA) 7] BP0 2 Q18] Bhof tfat -7}
AR A L] o] 8-S Slat Aol BAHS)
o ek A0 A
on] B3| ejop WA ulas) A
Hl O]Q-a‘— shugt 4 gfeh
9ich. IRENAS] EA] E}
22010 2F 180 GWOHH 2020 oF

730 GW=2 F43 & B3 U% %lH E3F 382 MWO|

e

o] 12 olaleh ¥ 2537
ak2 9la) Feua)o
Qo 20200l 77§H
A2sslo] Hhat qPgEiel ARAUA] HAfo) o)
PAPI7] S5 LA olE BBEES Fol7] 917
=0 XJoliElﬂ 9]

setsto] ool Y A

d

‘ﬂo”dd% =k, 7|4 22 NWPe}

o X

[St CNN-LSTM 7|t SHEH oS A|AE

0
0.
1l
Ho

A oflZ Al2E EF BAH P F ATAEE
7L g Y Folc, Tk olZe] B v
83 7122) AAQ W AR, MA wEo] glom]
A Bd-S A3sE ARMA 2 11831 7[3F Wol A
ARIMA 2do] 9lt} ARIMA RYlL 3|7E 0]83}
A= shs BEEA AIAE dofge 2 2-gER
T 714 B ARAES Uehdis dlolE ] FERt o5
ofge Aow et Feude 4t F3
2 oJEsto] ko] AgEH, ZF AIAIE HlolE = HlAl
B o] FaL Jlar AEAS HAlth 714 g 7Hke R
TF RNN 2ale|5e B Wl tieh 715415 sh5A1Z
T o] AAIE dlolEE the7] Aghsitiar 7=
o} 5}k RNNS tﬂOIEM ol ’oishd 2kA 2] o]
B Fr7E 4o saE Tl 7RIS AR sk 2ol
A FaFElol flolAl= 471 928 AI7F YERE = Sl
LSTM= ©]-83t oS dare] &2 Olﬂif& wAE eetst
7] S8 ARiA YA ZgElo] Qlet. " 7)ol AE AT
= HlolE Y Hao) 4o FFste] oS Alade
ke ol S8 T Al weken, AAE dold=
&I A lolE & o] 8sto] A= F57F Bk
oh ol W a4t ARt $55 SISk dlolEt
= o} ol & Zé SHe S ol7]of ofg)

o] ZAE = U}, whEhA] dlolE o] A Y glojEuto]

L

A
Qo AEA7IE Aol Fastcha B

[e)

1l

©

% ofo

41 o ot
oo 2

ok
i
fr

2

2

J

2z N

e
oL,
B mRolat Feudwe Oﬂ—é tod *VH*“OHHZ] 2

Helo|ElE F715to] Bl AL At Pl

wdlef] A A8 Feshes dAels Aasidc
o) & A|2T OCNNS #8310] Blo|entold #4-S 213
o ¥ LTMS F8510] Sl oSS Hasiart o
2 A|2sglo) mlo] HlofEinto] g o] o] u o2 go]
B8 A4 BlolEloh 03} vlmE 3 Alkel % A

2022, 6 Vol.18, No.2 19



o2 NSRS THT A9 B FEE Fastn
SIS s B4 S0 Re2 B 2 EF
oAt dlolele] AAHSE 5 F50) FHE Fol oE

298 Tgeiston ol ONNE B, A
O|E|= LSTML A}E3le] ¢&2 185} CNN-LSTM
ol A2Ee FEBL

2.1 dlolg =
2,11 Hlolg &2
KA Blolele: AFgato] o A2EE
Blo] xjele $4) welo] Yeialol Zeo] TMOJ o5}
S 0)3%) g sk o] Fastk” dlole HAjzlE
Fou Berda dolehs Heisks 4S A T 4T
o8 545, 48 2 Ashe 35 Basi, 57
S QlEoR AME W 7k A Aolg 24}
e e M
OJu|3lt}, Standard Scaler, Robust Scaler, Min—Ma
Scaler, Nomalizer?} -2 HFHo| Zx|5h E =Fofx
L 71 dutd o 2 AR8-E]= Min—Max ScalerS 2-8-31
o}, S5A71E HlolE W4x(Feature) 7} 42 7H7F EAS
79, 2] 2717} hE 2t o] W% ZES 0~1
L1m1 Aole] gEo R HEslol 21U 2 & o)

£

o

ax

9

o>

Feature Scaling

u
=1

<z FoE > =

HOIE
) ZF xg
"
®
—

Lo ©- =

<14 EHOIE >

Wind Farm Real Data = Pre 5
- System information Q’%j processing

- Internal cable / \

- Power and Data Cleaning

= P?ﬁge e \ - Custom Tra‘nsfurmers

2} g ofgiet, s /\17:"@‘ EﬂOlEiL %—ﬂ%ﬂsﬂ 3 MW+
TC-1II, TC—S RElo] ZeubA /|5 7|Z20 2 5}al Qlo] 3
MWE Z285k= g1k 0 W bRk g1 oA = A ofstaL
s dlolel = zk2k 3 Mwel 0 MW skt Ads)
AR FEHEA7IE B S 109 1945 109 21
U7kx] 2] YA HlolE S Fig. 20 Uehflon, =% o]
Aol digh Faiks gRIg 4= ), y&2 WS 9|
Sto] Tl kWOl x5 ARE QJudit), T3k A5
AAE dlofEl Z 7370<] A7t Elo]E| 7} AekE A =2l
At AIAIE Hiolel= A4 dlolE FHE 714 S5
] AJ7ke] Fudo] ZAYsHH sEo] WolAl 4= 9lom 3
tlofEl= 2129 oFF S84k Hato = A osiich

oft gt St

Tensorl

Convolutional S ZON . Data
2o Train model T
Neural Network S ain mode verification
CNN _ = Simple_RNN
Feature Extraction = LSTM
= GRU
GI0IE 22 | M\ Pred;ctlon

1l

Download predicted =)
datain csv format  Hd

Visualize predicted %
data graphs

Verify Predictive Data « ]
Evaluation Indicators |¥:

Fig. 1. Configuration of wind power prediction system

20 AI-RidofAx|



Wind Turbine Active Power Output

3000 ny n n —— Actual

2500 ’

2000

P(KW)

1500

10001

I
A/‘\ mll Ly! 1 H [ M ‘mJIU‘ H’

L i Ll | R Al . 1)

500

T —

0 500 1000 1500 2000 2500
Time(m)

Fig. 2. Raw data of wind power extraction
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Table 1. Parameters for LSTM model
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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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