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Abstract

Wind energy is one of the rapidly developing renewable energies which is being developed and invested in
response to climate change. As renewable energy policies and power plant installations are promoted, the supply
of wind power in Korea is gradually expanding and attempts to accurately predict demand are expanding. In
this paper, the ARIMA and ARIMAX models which are Time series techniques and the SVR, Random Forest
and XGBoost models which are machine learning models were compared and analyzed to predict wind power
generation in the Jeonnam and Gyeongbuk regions. Mean absolute error (MAE) and mean absolute percentage
error (MAPE) were used as indicators to compare the predicted results of the model. After subtracting the hourly
raw data from January 1, 2018 to October 24, 2020, the model was trained to predict wind power generation
for 168 hours from October 25, 2020 to October 31, 2020. As a result of comparing the predictive power of
the models, the Random Forest and XGBoost models showed the best performance in the order of Jeonnam and
Gyeongbuk. In future research, we will try not only machine learning models but also forecasting wind power
generation based on data mining techniques that have been actively researched recently.
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2.1. Auto-regressive integrated moving average (ARIMA) 23

ARIMA 232 B2l AAE £4 Hgo=, 273 fRF(AR)H ol FFH LI MA) 2¢H 2=
A Ao AL B]Zé AFA (non-stationary) 2 A 85}7] 98] AFE(difference) A2 E3H5 mao|ct.
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¢p(B)(1 = B)'Y, = 6,(B)e:,
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2.3. Support vector regression (SVR) 2

Support vector machine (SVR)-2 7| A|8t5 HoF 5 stUt= ZH=oh5el o3t e <14, At #A412 913
A& ot Holn, 2 Rt 2l9] 24, Sold WS ol AFgH= R olth (Halil 5, 2019). SVM
< A He A7 Aa, ARG EA AR5 ] fths Aol sl o]2]’t SVM2 A support vector
classification (SVC)3} support vector regression (SVR) T 7}A]| 2 }oj Xt B =Rol B0 2= 3l=
= F iRt BEs] o So17] fiete]BE SVMS AHEelet SVRE o] 83ttt SVRE 95 4 A Eo
gt 222} ko] pg o] A3 219, KNN % Elastic Net?}t Z-2 thg dare]Zo] vl o U2 4% <
< HQIth SVR &5 27] 943t 23} £A4= v-8&-oF 1A obp, Alkxde ol g &
AUtk

SVR 232 A& AL-g-oh=1], & =] A]+= radial basis function (RBF) E = 7}--A]QF 7 g o]t
=2 7185 ARt RBF 712 9] w72l & 53l 715215 285t "ot

2.4. Random Forest 2

Random Forest (RF) 22 257, Ti= 3| B4 5o o] &&= FAE Sh5(ensemble learning) ' o] UF
o=, &9 B oA FEAEF] (bootstrap) 212 o]-§off TAJeF JAF A% E2|(decision tree) 2F-E 5
TE=7Hs B2 o] 85 FAET RF 232 oAt A Egf 7[ghe] duE|E o= Ha 7o) azg 9
H A& b2 7] golstal o] =)l 733l 37 BAlNA 3 151 AFH8-E] 2 21tk (Dorronsoro -5, 2015).
RFo] @ ntetu|el = 274 Erjo] A4e Egfo] Xof Zlo] 522 A7} x4 dof 6f= glott. 2% E
2| o] A& 52 H A4atsFo] F7tel £rt x| A et glof el of gt 2k ghS m] & 4= Qi) ¥, E 9]
2o Zolg =W yrAFho] WAt 32 e-S sidst] $lo AA4F2 ot & A4sH ot 2
= e ot el 25k S AA d 58 o] 45t g B3-S Aetstrt

2.5. XGBoost 2&

XGBoost 2 -2 JAPA AR 7|49te] 18| &0 2 4 T8t A E B A (Gradient Boosting)-2 7 &FsF & 11
&0 2 A thRt Ao A AHEE| AL @It (Huan Zheng -5, 2019). ©] 2§ 9] 7]§FQl B AE 79 (boosting
method = ¥] 174 o5t R Y5 ofel ] THE F Aghote] 4 B YL WOl W oA 2yte] Theie
2RolA Sk 5 AT 0A1E & ohe U S5 QAE FA Eol Uit o] 2le B e A4 B
S AR T ANEAE Holo) o N JRET L RS 25402 Tofyich o] 28 XGBoost
23E WY AAE Aslel sttt BRoL w2, Aol 2 doju) eie el k. sAw 1t
el e 9] A7t mrol Bshehs who] Qirk. B =Rl 1 % 5749 metulelg 2Aske] o= ol

=
2 AT AFEH HolH = A oA AT A2 A HRA] A 9] T F W dlo|Eo|th
20181 019 0120 1A13%-8] 20204 119 019 24A|742] 2] GHAIZE w9 o] el ALgolo] 242 A5}
otk 20184 019 0125 20204 109 24474219 2L T8 d|o] € (training data)2 23 23|
o]-85+4 1, 2020 109 2505 2020 11€ 12971210 2H2 = H|AE d|o]El(test data) & 23] 4
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Figure 1: Original graph and differencing graph of wind power in Gyeongbuk.
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Figure 2: Original graph and differencing graph of wind power in Jeonnam.
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Figure 3: Wind Rose of Gyeongbuk and Jeonnam.
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Table 1: Parameter estimation of ARIMA(2, 1, 0) in Gyeongbuk

Parameter Estimation S.E
@1 0.2053 0.0063
03 -0.1029 0.0063

Table 2: Parameter estimation of ARIMA(2, 1, 0) in Jeonnam

Parameter Estimation S.E
o 0.1690 0.0063
[0y -0.1002 0.0063

............

YR ARG S T4 S 71T 2 71 HlolH & A o] B¢ Foh 9, o= 718
oA FER AZHE HolH = AT dlolE et 22 7Item 7 RS, BEAIH Y] A
FITH T2 BE FEAL Tl At SRS ol Moz A 2lste] dlo|H = AR-g-S)
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Figure 13} Figure 2+= A2 3 S/442 9 o] Fdd=Fe] doole| et AHES A-§3t dlo]g ot} &
g g2 B Al EA4 0] Jloke o] FE=A] B4 &olstA s17] flaf AHis A8, AS3E
H2t= 2 AYPsto] J5& 7kt

Figure 32 $3gt F3Fd o] Bl & FH =(WINDROSE)= WEhd Z o]
IEE AR 9E el 2 =i2oA= 1609E o]-&sto] &l tig K
& 5 HaThE Hu|#g(dummy variable) & A/dote] shito] FFRia2 Aol AT A5
A= S(E), SSW(EHEA]), NNE(E5E-5)9] 53 AEstda, ddxdol A+ NE(ES), ENE(555),
WSW(A'EA) O] F8F-& A=st it

2 =2ollA T AAE dolH d&E Qe A e 1 o
AAE B A D oS0l = forecast 7| A& AHESHA AL, M4l 2E
RandomForestRegrssor, xgboost T 7] 2] & A&} T}

°

9% R A, 02E
=

R} Python 3.6 0]-8519.0H
23t & ol Sofli= SVR 7 7] 2] ¢}

oft ro,

d

3.2. 2 Mgk A}

ARIMA, ARIMAX R &-& Akaike’s information criterion (AIC)E 7|& 0 2 11 Zko] 4
Th. ARIMA 29 0] 219 A3}, FRA A} A 25 ARIMA(2, 1,0) 23 o] 2|4
87 <7} A7 o) A Sh B e] 4%A 2| Table 1, Table 29} 2T},
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Figure 5: Forecasting of ARIMAX model in Gyeongbuk and Jeonnam.

Table 3: Parameter estimation of ARIMAX(S, 1, 0) in Gyeongbuk

Parameter Estimation S.E

0 0.1796 0.0066

() -0.0869 0.0066

03 -0.0461 0.0069

n -0.0681 0.0069

05 -0.0474 0.0067
YVdir 0.5378 0.3587
Yspeed -0.7475 0.3801
Yhumid 0.0713 0.0577
Yhpa 3.9167 0.7898

Table 4: Parameter estimation of ARIMAX(2,1,0) in Jeonnam

Parameter Estimation S.E

o1 0.1552 0.0064

1033 -0.1027 0.0063

Ydir -0.5718 0.4012

Vspeed 1.5472 0.4034

Yhumid -2.1020 0.3407

Yhpa 0.2031 0.0522
A3 5P S AHgste] B WAL A5} o5 vl wE AT Figure 49} 2ok WA A
& AZZLE depe] A4 e 6|53k etk e dgo] 453ke ¥ Hehe AYE

ol g, Wl gholl A Thef Eie T A o] WAISHE 212 FeI T 5 9l

ZA 72 Table 1, Table 22} 2T},
sl A}, 75]:-1—01]/\’11‘ ARIMAX(0, 1,5) 2§, A dofl A= ARIMAX(2,1,0)°] ]
A nygo g eyt RS EA FEZ YA ko] F T S(F), SSW(HEA]), NNE(E&EF)
£, AdAgel A= NE(ES), ENE(%ET%) WSWAEA)E Hri42 ghEo] shte] fia=s o 58
AL Vair) 2 TE5Vipeed)> T EVnumia)s 719 Vipa) = AFESFH 2™, AICTE 2491 BYS AEstgint. 29be
R ALESIol F2 WHTE| A2 23S LT AT Figure 52} 2k WY S A2ZS
EP] A5 412 ] 23ES ehch ARIMA ol ]3] ol 23to] A57he Hojuhis Aekg malc.
i R o] oSt 4 A ZEE Table 3, Table 42} Tt
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Figure 7: Forecasting of RF model in Gyeongbuk and Jeonnam.

Figure 8: Forecasting of XGBoost model in Gyeongbuk and Jeonnam.

SVR 2§ 9] 79, ARIMAX®9} 22 M5 M= AMGSto] 59 WS oA Sotalat kgl 2
=" o]| A= SVR Q] Kernel$t<>2 radial basis function (RBF) $+5 A-85} 112} 519t 2 ehs -2 AR
sto] T8 Wdwro] A5k A S3S vl w et A= Figure 63 2ok W7HA .2 AZZH-S Uehyis] A5
4GS 23S vehich. ARIMASEARIMAX 23] u]5] €40 42208 2 el Zehe nel,
RF DY 55 o452 AHgsteon, detulel 3 24sto] a5 e ol nat seich. Ag

A2 A=

=
RS AHgote S8 TAF A5} A Seke vlast A3 Figure 73} gy, E7HA
=

hehe A5 A4S o) Sghe Lehict.
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Table 5: Hyperparameter of models

Method Package Hyper parmeter
ARIMA forecast
ARIMAX forecast
kernel = ‘rbf’
SVR SVR C = 1000
gamma = 0.0001
max _depth = 100
RF RandomForestRegressor -
n_estimators = 150
colsample_bytree =1
gamma = (0.001
XGBoost xgboost learning _rate = 0.08

max _depth =20
n_estimators = 1000

Table 6: Result of forecasting accuracy by MAE and MAPE

Gyeongbuk Jeonnam
Method
MAE MAPE(%) MAE MAPE(%)

ARIMA 28.63 13.21 41.23 32.12
ARIMAX 31.24 21.53 51.67 43.45
SVR 0.45 0.38 3.35 2.54
RF 0.29 0.18 2.02 1.53
XGBoost 0.96 0.71 2.82 1.04

Ahx]8to 2 XGBoost 2.4 E¢ 5UT VWAL EL gt on], shetule ghe 2Aste] o2
ol st A BYE AHgste] o Wero] A2kt o 23k vl ZvH: Figure 87 2}
Wb eSS Yehle] A5A] AL o153k Uehit.

33. 28 4
s RE

H =Rol A2 28 A% BH7IE 95 mean absolute error (MAE)2} mean absolute percentage error (MAPE)
AF4-519lth MAESH MAPE: t}-23} ZHo] A o] Htt,

or

gt

=

il

_ Z?:] |Yr_Ft|

Z:lzl yIF"
MAPE = == %100 3.1
n

o] of, n& e &3k dlo] gl o] A5oln] & 1 Ao A 0] AA| FHE 1 Ao A 9 o] % gh2 o]w]glth. MAE
S} MAPE gto] 2545 13 9] o5 A50] 945ttt A-g oju|gitt

= mwellA = E tlo]E2 o] &4 Hatst B0 & 16847 T71A] 0] FHE-L d|Zsto] B o] AL
Hlwstuzt ghet. Bge] mhE 7w HwATH: th Table 631 2t} 245 AFESH= ARIMAX,
SVR, RF, XGBoost 2 Fof| A= 7+ 2] of 3k 7] ]% 3k, /_\” S5 7|9Me W XA A dl=51%
ot AHE74-2 R 3.6.0 H 9] RStudio$} Python 3.6 H7 9] Zt v Zof| A AL-g-5 Zufj 7 ¥H 4=(hyperparame-
ter)Z-2 A4 51511, o= Table 51} Zt}.
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A= Ak AAE 2Pl ARIMAY ARIMAX g of H|] 7]A o5 7]% <l SVR, RF, XGBoost 7.3
9] d|=do] Hoju Ao 2 Holth E35] RFEF o] MAELF MAPEZ} ZH2t A B2 of| A= 0.292} 0.182 2,

4
2 =2olAe F2 EAsk Qe AAA oA F shuel F=ellv A2 271 Fa sl areh dd @]
A &

AEA Q1 A2 A o] I HlolH, 714 HiolH & &-8oto] AAG 2, 7 At 2 &
5ol o2 AAIBHACE B = Rel AL BE dolelo]q B&H0 2 AL & 9 R Random Forest
4 XGBoost B o] §-2 Aetskct. of W, 71 4Hjol el 4t FFS KA. A el whet 24
Fe U= Fiol 27 2B R o] HaE 2Rote] 3 S EA AFESHITE 7Y 7] AIzHE
A&E F7HsE 23, o5 299 452 Random Forest 23 o] MAE 2| 37} 2}7; 52 9o 4= 0290 =,
A2 ol A= 2.020] 27 MAPE 2|37} 0.18, AR o A= 1.53 0% 714 Zof @45 Y o= et
7 R oz MY

H =To]| A= Random Forest2} XGBoost 231} ZHe 7| Aot o+ B gut
g7k, the dole nholyd ZIHolt e 4 gl o] A, o)
I8 52 BT A7} 2102 BasiT ¢ 4 9g Aol

= °l&3te o= A
et dlolE A2 Wy

N
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