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Abstract

In order to apply machine learning method to wind resource assessment and
economic viability analysis, an investigation was carried out in terms of wind
data quality check, met tower shadow correction, Measure-Correlate-Predict
(MCP) method and system marginal price (SMP). K-Nearest Neighbor (KNN),
Light Gradient Boosting Machine (LGBM) and Support Vector Machine
(SVM) were used as algorithm for supervised learning. The accuracy was
evaluated using root mean square error (RMSE) and the coefficient of
determination (R?) for numerical data, while using the accuracy ratio of the
number of data points classified correctly to the total number of data points
for categorical data.

As for wind data quality check, machine learning was performed using
Sangmyeong onshore met mast data and LGBM was found to be the best
among the three algorithms for data quality check. The LGBM was applied to
Daejeong offshore met mast wind data for the quality check, which led to the
accuracy ratio of 93.51%.

The wind flow distortion due to tower shadow effect was detected using
statistical method for the offshore wind data. Then the normal data points
within an azimuth angle of no—shadow effect were used as train data points,
which resulted that the best algorithm was SVM among the three algorithms.
The SVM algorithm was applied to the data points distorted by tower shadow
at 825 m heightt When the data points without shadow effect were a
reference, the RMSE decreased from 1.009 m/s to 0.2611 m/s and R® increased
from 0.8910 to 0.9926. That is, the tower shadow effect could be corrected
using machine learning technique.

For long-term wind data correction, MCP method has been utilized, which

was adopted in WindPRO software. The reanalysis wind data at four positions

_VI_



around the offshore met mast were collected to use them as reference data
for MCP application. The above three algorithms at Machine learning method
were applied to predict the long-term wind data from Oct. 1% 2013 to Jan. 31%
2015, after being applied to train using the wind data from Jul. 1% 2015 to
Jun. 30" 2016. It was found that the LGBM had the highest accuracy among
the three algorithms, while the neural network did the highest accuracy
among the three algorithms of WindPRO software. The predictions from the
LGBM were compared with those from the other three algorithms of
WindPRO that were the regression, the matrix and the neural network. The
result was that the LGBM had the RMSE of 0.12 m/s and the R? of 0.99,
while the RMSE and the R? were 020 m/s and 0.98, respectively, at the
neural network algorithm. In other words, the machine learning could improve
MCP prediction accuracy more than the traditional MCP algorithms at
WindPRO.

For the purpose of estimating long-term SMP from 2020 to 2030 in the
mainland of South Korea, the machine learning technique were also applied in
this study. Liquefied Natural Gas (LNG), West Texas Intermediate Crude Oil
(WTI) and FOB Kalimantan price data were collected from public data portal
sites since those were considered main factors deciding the mainland SMP. As
a result of correlation analysis, LNG and WTI were determined as the factors
being used for the machine learning. The most accurate algorithm was LGBM,
which was employed for forecasting the long-term SMPs. Using Japanese
LNG price estimates and world crude oil price estimates, the long-term SMPs
were estimated, which had a decreasing trend from 2020 to 2022 and then

maintain 72 KRW/kWh until 2030.
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Table 1 Met sensor and measurement period of Sangmyeong onshore met

mast
Heights [ m 1] Met sensor Measurement periods
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Table 2 Information on ERA-5 data
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Number of data classified correctly (3)
Number of data
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3.3.1 K-nearest neighbor(KNN)

Fig. 5= KNNo| dolH 5o W& &7 WS =4 stste] HojFrh. KNN

e RRAE dolgE NFoE MY e A KAe dolHE B o
A FEE EH UolHE BRd: dmFelth 1¥mE KNNE AYE 3
A ool ek Astsl A ek gameFolt (18]

4

Fig. 5 Classification method of KNN

Az dolgHe AYE A= e FF9= 78 (Euclidean distance),

M 3tek A 2] (Manhattan distance), WX 7] A

Olr

_Ui

(Minkwski distance) 5] A}
S5 NIz A7] Age FEEE Age WetE ARE dnksid zio= 2
@Dt 2ok ADE F9&l p7t 1€ wf &

ol t}.

g= Agola, p7t 2¢ W WeE A

(4)

£33 KNN2 HEgES 7|er gl s3Hez s3d M2 deolHd
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oe g0l &olahul shelulE (Parameten)®l 47} BA oo} P 4Irhs
7ol ek,

3.3.2 Light gradient boosting machine(LGBM)

ok Fig. 62 GBM9| st W& =4 3tsto] yehdlth GBM2 HE4 oz Ed
(Tree)$t 2] Z(Leaf)e] 7E d&ets @ Efl 8 (Leaf wise tree)¥4 =

Aestel o215 Zotzidt [19].

() : Expandable .: Not Expandable

L
’l’ “'\
’ ! ' A.
2 'y o '
SN I * ¥ e ¥ *
b Pty Vil
v v ‘P' [ & . ® 3

A i
L T

W ¥ u |
® o0 00 40 @

Fig. 6 Level wise tree method

ol dolEel £t WA We A WME S SRSt Ee JFEE nolA

s

—

w3 (Leaf wise tree)S T2]3}slo] Bt} g2 T4 &2 HolE e A7}
2o Aedx gy v wmEvtsE el Ay =

% 29 ¥ B4 9 AZKagelodl A B3l $5 A=l 3 we mdoln
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() : Expandable @: Not Expandable

(|

® ¢ e

e o :
.l,:i"rI 3 * j!"\. *

LY
o
Finct
‘ 4 P
W i L9
- i

Fig. 7 Leaf wise tree method

3.3.3 Support vector machine(SVM)

SVM(Support vector machine) ¥4 SVM¥} B[P SVMOE vt
Fig. 82 SVMe| Ad &7FE =43teto] HojeEr AE4 SVMS Add4e=
S Ade dolgo tisiA mkxl(Margin)S # dl 8}t 2] 7 Al (Separat

ing hyperplane)< 2(4)E &-8&3slo] dlo|HE ZFeHtt [20].

Hyperplane

v

Fig. 8 Linear Classification of SVM

y=wWX+Dh (4)

r
)

A7 xv 949 ##, we 7sA, yvE 1Y -19 #Ee 7%

& fholth.

rr

=9 @&, b
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olwj Fe]FAAAA 7 7H7hE HlelHE Support vectorgbil b=t whxlE
_}l\d

Support vector®} 2] AA7LA ] AYE YulstEz A(5)e} o] e

0]
2PN

(5)

Margin = Wi

=485l welErh SVME AFHo

Fig. 9= SVMY] ®H|AE BEHF #HS
2 del8E 72 5 fle Z5ol AP (Mapping) F5 95 F83te] nAd ¥
7oz WEFT
T
e, x
Q :-@ .vn:
.y - o
ﬁ. e 'I‘.'
. = - ¥ .
: 0 Xy
U. .'I.'I.
Fig. 9 Nonlinear classification of SVM [21]
s =Fsta A

(6)
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— Data collection

1 Sangmyeong Met Mast

Data error check and marking

|

Using data error check result for
machine learning algorithm

l

Create of quality check model

-

Result of error period

Daeleong Met mast

Fig. 10 Work flow of machine learning for data quality check

L1 24 & A%

Table 32 14 AbEHE A 7137 M#D I B 5327 713 = (M#2)
tolg ] RS HolErh A EGAT 70" 20061 1€ 1458 20061 1
29 31d7b#] oF 193 SAHHML SV T dHolE &4 Data loss) A
H 2 ekekth A 71 e 20139 8Y 129 H-E 20161 109 28¥7kA] of
3d 271 SA4sewn 2013 89 215-H 2013 9€ 20¥7bA]9] 7k 2015

9 2¢9 14945 F 20159 6¥ 16247kA 73toll A dHoly &4do] whAs it

Table 3 Heights of wind sensors and measurement periods at M#1

and M#2
Items Heights [ m | Components Measurement periods
82.5A, 82.5B, )
M#1 Anemometer, Wind vane 2013.08.12. ~ 2016.10.28.
1005, 111.5
M#2 20, 30, 38, 40 Anemometer, Wind vane 2006.01.01. ~ 2006.12.31.
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Table 4% 492427 7145 14 £47 dolge dolg £4 144 A%
S8l el A Aeg voly FA AA JF w

J__—T._
2t AP EZAT 7H delHE fde® doly #d HAE skt

hins
L
o
r >
o
tlo

N

-

Table 4 data quality check result for wind speeds at Sangmyeong

met mast
Anemometer

Start End Height Description
2006.08.03. 01:00 2006.08.03. 21:50 40m Sensing Error
2006.08.07. 07:00 2006.08.07. 13:00 40m Sensing Error
2006.08.08. 18:20  2006.08.09. 03:20 40m Sensing Error
2006.08.12. 21:50  2006.08.14. 12:20 40m Sensing Error
2006.08.14. 08:00  2006.12.31. 21.50 40m Sensing Error
Number of error data 20,484 Recovery rate 61.02%

TE5A dolg e doly #2 AA 23 40me] TEHEAE F 525607 T 20,48
4719 "Holg7t 4 QFE EFIEIJAL HolH B1E&L 61.02%= A

_’|8_



0 A= S L7 2AEA dsken] BE FEA9] dHolE &4

AT Fig. 112 542 7139 deolg el dolg & AA - 30met 40

W [0.4:4.8) i . [0.4:5.1)
- (45:92) X . [5.1:9.8)
== [9.2:13.7) \ = [98:40) |

3 [13.7:18.1) = 3 [14.6:19.3)
B [18.1:22.6) B [19.3:24.0)
22,6 inf) - [24.0:inf)

(a) Wind rose at 30m height (b) Wind rose at 40m height
Fig. 11 Wind roses at Sangmyeong met mast

0mst 40m EFAe ol Fol7k 10me Heraithy vhgrgule Fejsb o
27 vhE

(Automatic weather system), A4 dolg] 5& Hu Aumz &8I 5 9t}
whpa] A EAx G 7)A et o ® BE] oF 3km A7 Y 714 dHolEel A% AW
SE F=x3AT Fig. 12& AW 5G] T2 7|48 A A& A3 AWSS 9

_19_



B [8.9:11.1)
N [11.1:inf)

S

A AWSS] Hhegvlsh S Te] vy el v A3, 30me

<
A7 4A0m FZFARTG AMFAWSSE Hl=etdlon s 30m A 7F Blard A4

o] I Ao FAdHEY wtA 30mo] AAH FTIAZ 7|Fo 2 folE EH
AAS 95 dolg BE 7)o wal 359 Table 5= AFW EAx] 3 7] AF
o] FEAel dig doly Fd HAF 2#E YEhdh

Table 5 data quality check result for wind directions at Sangmyeong

met mast
Wind vane

Start End Height Description
2006.01.10. 17:10 2006.01.13. 14.10 40m Sensing Error
2006.01.28. 18:20 2006.01.31. 21:40 40m Sensing Error
2006.02.06. 17:30 2006.02.07. 14:50 40m Sensing Error
2006.02.10. 12:40 2006.02.11. 10:40 40m Sensing Error
2006.02.12. 18:50 2006.02.14. 13:20 40m Sensing Error
2006.02.19. 15:30 2006.02.22. 03:50 40m Sensing Error
2006.03.04. 08:00 2006.03.06. 07:40 40m Sensing Error
2006.03.06. 21:30 2006.03.11. 18:30 40m Sensing Error
2006.03.13. 13:20 2006.10.24. 10:50 40m Sensing Error
Number of error data 35,269 Recovery rate 32.9%
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1.3 71Asts A && A% dHolg A
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s AF doleE Uehith AREEAT A gde] doly FA duE 343
of NANEE FAGL, 1 AR AA

A& A8 A 718 HEe] delHE &8st

o

Table 6 Train and test data set for machine learning

Ttem Train data Test data
(Sangmyeong met mast) (Daejeong met mast)
Collected period 2015.1.1. ~ 2019.12.31. 2013.08.12. ~ 2016.10.28.

Fig. 13= 7|/Asta& 283 dvoly 2 Hibel mE -9 doly R dal

Zo b,

Input data Model Output data
(1) Anemometer #1,2,3,4 » = KNN

= LGBM »
»

@ Wind vane #1,2 ‘ = SUM
Fig. 13 Progress of machine learning for data quality check

(1) Measurement error section

(2 Measurement error section
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Table 8 Comparison of manual and machine learning results for wind sp
eed data quality check

No

Manual analysis result

Machine learning result

Time stamp

Time stamp

Start

End

Start

End

2014-12-16

16:10

2015-02-14 09:00

2014-12-16 16:30

2014-12-30 20:40

2014-12-30 21:20

2015-02-14 09:00

2015-07-18

17:20

2015-07-21 23:10

2015-07-19 18:00

2015-07-21 14:20

2015-07-21 17:00

2015-07-21 23:10

2015-11-07

11:40

2015-11-19 09:20

2015-11-07 11:40

2015-11-17 21:10

2015-11-17 21:30

2015-11-18 07:10

2015-11-18 07:30

2015-11-19 09:10

2015-11-26

06:20

2015-11-27 02:30

2015-11-26 06:20

2015-11-26 15:40

2015-11-26 16:10

2015-11-27 02:30

2016-01-04

15:40

2016-01-07 08:10

2016-01-04 15:40

2016-01-06 18:30

2016-01-18

17:40

2016-01-24 21:00

2016-01-18 17:40

2016-01-24 21:00

N[ O | O] W

2016-02-07

16:10

2016-02-11 18:40

2016-02-07 16:10

2016-02-11 18:40

2016-02-13

11:50

2016-03-16 09:40

2016-02-13 13:30

2016-02-19 13:30

2016-02-19 13:50

2016-02-26 1:40

2016-02-26 2:00

2016-03-15 12:20

2016-03-15 12:40

2016-03-16 07:30

2016-03-16

19:20

2016-03-17 04:20

2016-03-16 19:30

2016-03-17 04:20

10

2016-03-18

17:30

2016-03-18 23:20

2016-03-18 17:30

2016-03-18 23:20

11

2016-03-20

06:00

2016-03-30 06:10

2016-03-20 6:00

2016-03-21 02:10

2016-03-21 4:20

2016-03-21 21:10

2016-03-22 2:00

2016-03-22 08:10

2016-03-22 11:10

2016-03-23 01:00

2016-03-23 13:10

2016-03-23 21:50

2016-03-24 19:10

2016-03-25 01:10

2016-03-25 06:50

2016-03-25 16:30

2016-03-25 18:50

2016-03-26 01:30

2016-03-27 16:10

2016-03-30 06:10

12

2016-04-01

16:50

2016-04-11 18:00

2016-04-01 16:50

2016-04-03 21:20

2016-04-03 21:50

2016-04-04 05:10

2016-04-04 22:10

2016-04-05 05:50

2016-04-06 00:50

2016-04-08 22:20

2016-04-08 23:00

2016-04-09 18:20

2016-04-10 00:20

2016-04-10 08:50

2016-04-10 10:30

2016-04-10 17:40

2016-04-10 18:10

2016-04-11 810

13

2016-04-15

08:00

2016-04-19 18:50

2016-04-16 06:20

2016-04-16 21:30

2016-04-17 03:20

2016-04-17 11:40

2016-04-17 20:30

2016-04-18 2:40

2016-04-18 09:20

2016-04-19 18:40

14

2016-04-21

21:00

2016-04-28 08:20

2016-04-21 21:00

2016-04-23 3:20

2016-04-23 10:00

2016-04-24 18:50

2016-04-25 00:00

2016-04-25 13:10

2016-04-26 15:20

2016-04-26 21:20

2016-04-27 04:10

2016-04-28 8:20

15

2016-04-29

10:40

2016-04-29 19:30

2016-04-29 10:40

2016-04-29 19:30
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No Manual analysis result Machine learning result

Time stamp Time stamp
Start End Start End
2016-05-04 15:20 2016-05-06 11:20
16 2016-05-04 15:20 2016-05-12 22:00 2016-05-06 12:00 2016-05-12 4:20
2016-05-12 04:40 2016-05-12 20:30
17 2016-05-13 22:40 2016-05-14 21:40 2016-05-13 22:40 2016-05-14 21:30
2016-05-17 21:00 2016-05-24 21:50
2016-05-24 22:10 2016-05-27 18:50
18 2016-05-17 21:00 2016-05-31 07:50 20160527 19:10 20160529 950
2016-05-29 10:20 2016-05-30 23:20
19  2016-06-22 02:20 2016-06-23 17:40 2016-06-22 02:20 2016-06-23 17:40
2016-06-28 01:10 2016-07-09 8:30
2016-07-09 10:00 2016-07-09 23:10
20 2016-06-28 01:10 2016-07-15 17:50 2016-07-09 23:30 2016-07-10 9:40
2016-07-10 10:50 2016-07-14 16:00
2016-07-14 17:00 2016-07-15 17:40
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2. 819 A =% 93 HA(Tower shadow calibration)
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(b) Lattice tower
Fig. 14 Effects of tower shadow in accordance with tower types [23]

(a) Tubular tower
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ozt B} =F JegS W F1ke] HolHE HAS = WHol= CFD(Comp
utational fluid dynamics)E &8st WH[24]7F AFFHJAT o=

of hat A4zt 24 Fo] FH3 4] A5 BAC oYw Ae 5 vk
%

b
[K
[
ﬁ
2

R, 7| AEGE 2o B4 %= ogsko] wAIst 7ke] Hlo]EHE F9lsle] B
A s UA, A" golHE 22 Eolo tE THA HolHE &8

[ Data collection ‘ —Dl Split of not tower shadow sector |
v ¥

[ Data quality check \ Machine learning algorithm
Y v

[ Analysis of tower shadow effect ‘ Paiﬂéi:;i;gﬂﬂﬁi;mn ‘
Y '

| Split of tower shadow effect data | Machine learning model |

\ ¥ \
| Not tower shadow sector l | Tower shadow sector data I— | Calibration of tower shadow |

Fig. 15 Work flow for tower shadow calibration
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Table 9 Height of wind sensors and measurement period of Daejeong

offshore met mast

Wind sensors Heights Measurement periods
[ m ]
Anemometer 111.5, 82.5A, 82.5B 2013.08.12.
Wind vane 106.5 ~ 2016.10.28.

Fig. 16 tiAsY 7149 825m =olo] AX|=o] = A¢ B F5A10 A4

S

Fig. 16 Azimuth angles of anemometers A and B

22 A=Y ¥ 7 A=
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Wind Speed Ratio = Anemometer; ( VZ) / Anemometer, ( VZ) (7)

o] 7] A Anemometerl(Vi)3 FEA 9 1HA 2 %‘é?, Anemometerz(Vi) D FEA 9

imAe B
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Fig. 17 F%4H] 2FEL 9}
/

2(7) & &&3ste] 111.5m

(a) 82.5m (A) (b) 82.5m (B)
Fig. 17 Effects of tower shadow
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Table 10 Number of data points for machine learning

Collected period Train data Test data

2013.08.12. ~ 2016.10.28. 85,487 1,243
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Fig. 218 B4%=¢ BAd weE &9 HFE Bolen. gd=s
S W= 220° ~ 245°Wle] S|PEE 1115me] F27] dolEE JdEweER v

8% wdo FYSE BAAES GFl 9 2 gol FYHES ARG

Input data Model Output data
= KNN = Calibration
= 111.5mAnemometer - 5
in the tower shadow ’ LightGBM ’ value of 82.5m

section = SVM anemometer

Fig. 21 Progress for tower shadow effect calibration

24 BAAES ¥ AL A% NASs 2

HolHE ggdte 49 sty AFEE HolFr 3719 7ATgE »d
RMSE$F R%0] z+z} 0.4753, 0.9817

1
oz st AREsk Y watth webd s AREl Egd SVME 2estol

ofy
=
X
)
<!
=
rlo

Table 11 Train accuracy of every machine leaning algorithm

Item KNN LGBM SVM
RMSE [m/s] 0.4928 0.4883 0.4753
R [] 0.9815 0.9813 0.9817

Fig. 22 SVME 83t 825m A 549 gY94d=F 9gs o= 172
455 HoFEth YAZE BYAES 9SS w79l 2200 ~ 245°4]
TFZkol Z WA Aog MWt}

ke
o
N

I~
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(a) Before (b) After
Fig. 22 Graphical comparison with before and after tower shadow

calibration

B4 =9 93 v Ao ds 825me B 57 dHelHE I gow @
3te] 220° ~ 245°W1 F3rell gk wAH TS FAEATE Table 12+ 220° ~
245°01 F+7ko] il RMSES R*S &g3te] 24 .35 vud Ays HoF
o 894 =S JFS BAE7] A 825me A9 B #4719 RMSEE 1.009m/s

o

R*& 08910 & 2b&Hdch 7IAI8HE 9] SVMS &8skl g% 4

o] a1
T2k giE RAS g3 Ay 825me A9t B F54A19 RMSEE 0.2611m/s
A&l BA A vugyS v 0.7479m/s WA EAT BA T RS 099260 2

AEE A B 3 valsklE w 0.1016 1A H AT
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Table 12 Comparison of before and aftert tower shadow calibration

using RMSE and R?

Item Before After Difference
RMSE [m/s] 1.0090 0.2611 - 0.7479
R* [-] 0.8910 0.9926 + 0.1016

1) 825m kolel AFHAC ta Bd 2Ae nHse] 5N 7 48
AT 220° ~ 245°H1 F7ro] B4 = 2

)
o
34 Ee FEokel RS FARAY T3 wA BE NL-PFS A F

2) BFYAES dFS B FE AY 7Y HelHE &8sty TATES

Faskar 3709 71 Asts wd 5 SVMe RMSESF R?e] Z+-2F 04753, 0.98172
2 g AgErt 7bE = wEkA BA RS 93-S vhe ke gis)
SVM<S &3l RS 339

3) 825me A¢t BEEA 220° ~ 245°W1 F3bel thd RMSESF R 1.009m/s,
089102 t&=w vt SVMS &&3te] 825mel A9 BHHHAES IFS
TR iE] RS e A3 825me A¢t B 5419 RMSEE 0.2611m/s
ArEEY] BAS] A waEde W 0.7479m/s MAEATG BAY F RS
0.9926 0. % A& A BAgsty] M3 Hlaskds o 0.1016 784 % Ak

O
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rlr

jus)



3. MCP(Measure-correlate—predict)
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Data collection

+

Data correlation analysis

4

Create model of
machine learning for MCP

1

MCP Result

4

Comparison with machine learning
and WinPRO MCP result

Fig. 23 Work flow for machine learning for MCP application

3.1 MCP 44 XA

Table 13 39| Aol Abgw thgeid 71 8e3 Fx wolE el ERA-59
golE & HoZg. MCP 43S 98 F 714 T7He] dolg s 4359 o
2015 7€ 145§ 20161 649 30L47bA 9] 13 dlolg ek 2013 10 14 4-H

20159 1€ 31¥47b4 oF 1d 4714719 dolH & €&t

Table 13 Information wind data of the offshore met mast and
ERA-5 of collected data set

Items Heights Data Components Data Periods
[m]
M#1 100.5
E#1 100.0 )
Wind Speed, 2013.10.01.~2015.01.31.
E#2 100.0 i ) .
Wind Direction / 2015.07.01.~2016.06.30.
E#3 100.0

E#4 100.0
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MCPHE &8s F59 Agst A4S 98] 191t 7145 diolg 9 57
I =2 Zx dogE &83stefoF gt} Table

g0 grgAel wE Zx delee F49 e VE
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&
=
N

Table 14 Quality of reference data [22]

Correlation Quality
0.90 ~ 1.00 Very good
0.80 ~ 0.90 Good
0.70 ~ 0.80 Moderate
0.60 ~ 0.70 Poor
0.50 ~ 0.60 Very poor

Fig. 24% 7143} 4719 #x dlo]glQl ERA-5 tlol¥ E#l, E#2, E#3, E#d 1t
of F#ABAE HAFEh VIAHI FHE BE Fx dolE 9 AuASFE 089
o7 AEEH AFITAVE =S & F Atk V1A H vlolEd s E#e
AT 0862 BE #FHx Hold & 7MY =2 AAAAE Ze Fom gy
o

Rom E#l, #29 AT E BT 0.82, E#30l gk FdAGE 0812 AEH

n
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Wind Speed M#1 1.00

Wind Direction M#1 0.19

Wind Speed E#1 0.82

wind Direction E&#1 024

Wind Speed E#2 082

Wind Direction E&#2 0.25

Wind Speed E#3 0.81

Wind Direction E#3 024

Wind Speed E#4 0,88

=]
N
o

Wind Direction E&#4

1 paads puin
Ly UoROSNY PUIp
143 pasds puim
L#3 uonang puIm
Z#3 paeds puip
Z43 UoNaNg puip,
£#3 paads puip
£H3 UOROBID PUIA
v#3 paedg puip
i3 UoNoaNQ PUIM

Fig. 24 Result of correlation analysis

WindPRO®I A A &3l= MCPEE2 7|4 deolHe =38 #Fx doly <+
ABAT7E M = 109 dolHE AAste] MCPE 33t aHrs Iz
gole F @A M =99 EuE dx
stk B Ao VA Y 71E9 MCPYE 2 24 dadaA st
709 3z ol 9 thekst M-S H&sty] Y3 e Fx dolHE #4838}

o MCPE Fd3th
3.3 MCPE % 714185 doly Al

Table 15% 7]|A845S &835to] MCPE F8st7] 993t st5 dolg e AE
Holg & HolFErh g5 dolElE 20159 79 193H 20169 69 3097bA 14
o] golHE A 8sgon] MCP 3 A%E dlu- -7 %3}

20139 10€ 14E 20159 1€ 314714 ¢] dlolg 7|zt

N
f
L

AR REE

o
]
oo
ol
ol
R
v
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Table 15 Train and test data set periods for MCP

Collected period Train data Test data

2013.08.12. ~ 2016.06.30. 2015.07.01. ~ 2016.06.30. 2013.10.01. ~ 2015.01.31.

Fig. 256 71Ag s WHS 83 MCP 3 we -2 dolg ¢ =g
S Yerd T WindPRO®C] Regression, Matrix, Neural Network ®H ¥ &L 3sHA
A= W2 ERA-S HlolHE Tt 7 ASs RS &3 MCP 2371 =4

H
Ht

Input data Model Output data
(ERA-5#1,2,3,4) = KNN (Estimate of Met mast)
= Wind speed » = LGBM » * Wind speed
* Wind direction = SUM * Wind direction

Fig. 25 Progress of machine learning for MCP
3.4 71AEES €83 MCP A%

WindPRO9I A #|Fsl= Zdy 7]

L
dat7] 18l 712 ARG A% FA SHvolHe] AVE Yo F
Hs 8

stol WA PFe FASHE Aol okl el mE AF Y

N

Holg HAZS &8I 7] 7 E(Self validation)®H[25]2 st AIEES A=
399 t}h. Table 162 WindPROOI A =] Q3= MCP 593} 7] Ag4 do] g o]
B el wE 7] A5S Fd Aot BE BY F A V4R
T5Y M 2 AolE Holw EdE Matrix BEdolal ¥& zpolE Hole 2

£ LGBM¥ SVM, Regression @& &l% ).
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Table 16 Self prediction result after MCP application

Items Models Wind speed RMSE R?
[m/s] [m/s] [-]

Met mast - 7.61 - -
) KNN 7.65 0.14 0.99
fﬁfﬁfﬁg LGBM 7.60 0.10 0.99
SVM 7.62 0.30 0.95
Neural Network 7.56 0.20 0.98
WindPRO Matrix 753 0.20 0.98
Regression 7.61 0.19 0.98

mdel s gom gele 913 RMSESH %S &&sisith 7ty mds
5 A& J1A8k e LGBMe. 2 RMSEE 0.10m/s, R*& 0.99

2 gosel RE RE Fo| A7) dFel wE sty Jow Anvh gk 717
g 2l F 8ty AFgwrE e wde SVMOZ RMSES R%S 7HzF 0.30m/s,

of 34 AASE Bl Fol A7) AFOl mE A FHEA 7

i
rlo
t

r\

&3to] 2013 10€¥ 1958 20154 1€¥ 31L47bA19] dlelg 7|3tel sl MCP=
TG AAE BoFrh 717 E KNNS 24 71dge] F5 23 g
FAsAL 2 Aol 0.0Im/sAth oSH FHA J1YFRe FH) Ao
Z B2 SVMe®E 007m/s WEE=HE o= gy AgEe =AW o5 49
]_

WS A3E ®ol= HA 3 (Over fitting) &= Qg A= FehEh

N
-
N
-
ol

W

-
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Table 17 Comparison between machine learning and WindPRO wind

speed prediction

Items Models Wind speed RMSE R?
[m/s] [m/s] [-]

Met mast - 3.14 -
. KNN 8.13 0.15 0.98
ll\gjrcr}:ifg LGBM 8.16 0.12 0.99
SVM 8.21 0.34 0.94
Neural Network 8.08 0.20 0.98
WindPRO Matrix 8.18 0.23 0.97
Regression 8.05 0.21 0.97

RMSESH R*S #83te] o5 A8m H7tE S48kl e WindPROY A #1&
e mEs J)ASEe] X & LGBMS RMSEE 0.12m/s& AHEE 1 R*e
0.99= gelxo] = B Fo dso] 7 =tk WindPROOIA Al & dh= &
9 F Regression' 2 RMSE$H R%o] z+z}h 0.21
PROCIA Algste B 5 714 Aeol =tk WindPROS Wt 7785+
&85 MCP 38 A¥e ztols Holy olft& 7wy x dolg te] A
ol 71zkel we WEE 4 vl ol WEAS mde] sere] whedshs

2] o] Fo wg} Ayl debd 4= v AzZbEch Table 182 gy 2 AlE 4
A %

olg] 7|t tigk 7] Fx doly e AddAE A ARE RHAE
1=
Table 18 Correlation coefficients of train and test data at every ERA
-5 data positions
Correlation E#1 E#2 E#3 E#4
Met Mast Train data 0.82 0.82 0.81 0.86
L vas Test data 0.79 0.68 0.80 0.71
sh5 dlolgy 717kl 2015 79 19 HH 20169 69 30¥71A19 7|4 d o] H
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7 WindPRO® 4] Al & 3}i= Neural Networke] 74 @3t A4dwgo=
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4.1 SMP #Z7] FA4 4% g3 B4 44

20109 ol del & A= FFo= SMP7F JAEG7E 2010858 A G 74 A
T 9oz s A5 SMP(Jeju SMP)9t $2 SMP(Main land SMP)Z 2]
Hol JAET] At [29] AlFA A ] A AAAY oA HdS A st
st LNG 2o o&s 22 A5 SMP+ $# SMPRU =2 7h2 % i
TS ZteEn (301 wEkA ®MEAde] e &2 SMPE #83te] SMP 7] F

APAFa s FEY Fdo & WesAdS ¥ Y (Data filtering)ste] SMP]
A A E FEAAHT [1516,17]. weba olgt FE e Wygo] A gsirtal
RaE o] 7ASES T Ao FEHH FdE AA= ZHHPE T8
ok Fig. 272 §% SMP9 HA deolget F23 FAdS A7 AAL volH

5 HoFH dHES T3S W ol de] AAH

250 —Before — After
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Main land SMP (KRW/kWh)

Fig. 27 SMP variation with yearly before and after data filtering
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Input data Model Qutput data
= LNG Price B " KNN = RF | @h| « Mainland SMP
= \WTI » |[GBM = SVR

Fig. 30 Progress of machine learning
4.3 SMP¢ 7] FA4 £4& 93 71A %5 deolg Al

Table 20 7]Aks5el 8% s 2 AIE oy 7Its ey, sy H

olH & 2010\ 1¥H-E 2018 12€71%]¢] HlolEl& AAste 7| A%

ATk A B2 AA oS A= gls fla 20199 19 195-H 2019

W 129 3197149 dolEHE Ad HolHE AAsle] o2

=
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oxl
Jot
ki
i
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o
_O‘L
8

oh w3 J)A s 4 9k A X2 RMSESH RPGHS #839ick

Table 20 Train and test periods for forecasting of SMP

Collected Period Train data Test data

2010.1.1. ~ 2019.12.31. 2010.1.1. ~ 2018.12.31. 2019.1.1

.~ 2019.12.31.

4.4 SMPY 7] FA E4& 93 71Ass € FY g5 279

H =

Table 212 St Hlo]HE &

ol

7]
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st Fao] mE mde sy FI=

o

1o
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ol A% wAPF ANE

il

HolZEth 3714 2d F KNNS RMSEE 4.187K
RW/kWh® A&5 3 R*S 09772 <5 AZ=7F =9tk SVMe] RMSES} R?
7+7} 7136KRW/kWh, 09322 7} gk},

rlo
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Table 21 Train result of forecasting SMP model

Items KNN LGBM SVM
RMSE[kW/h] 4.187 5.342 7.136
R? [-] 0.977 0.962 0.932

Fig. 312 g8 3719 71AIess E2S 2838t 201999 4 SMPE <=
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