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Analysis of wind farm power prediction sensitivity for wind
speed error using LSTM deep learning model

Minsang Kang, Eunkuk Son’, Jinjae Lee  and Seungjin Kang’

Key Words : LSTM (37] ©7] 7]9)), Recurrent neural network (=8 /5%, Power prediction (£ <),
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ABSTRACT

This research is a comprehensive analysis of wind power prediction sensitivity using a Long Short-Term
Memory (LSTM) deep learning neural network model, accounting for the inherent uncertainties in wind speed
estimation. Utilizing a year's worth of operational data from an operational wind farm, the study forecasts the
power output of both individual wind turbines and the farm collectively. Predictions were made daily at intervals
of 10 minutes and 1 hour over a span of three months. The model's forecast accuracy was evaluated by
comparing the root mean square error (RMSE), normalized RMSE (NRMSE), and correlation coefficients with
actual power output data. Moreover, the research investigated how inaccuracies in wind speed inputs affect the
power prediction sensitivity of the model. By simulating wind speed errors within a normal distribution range
of 1% to 15%, the study analyzed their influence on the accuracy of power predictions. This investigation
provided insights into the required wind speed prediction error rate to achieve an 8% power prediction error
threshold, meeting the incentive standards for forecasting systems in renewable energy generation.

7|§AE-|DQ1 - Ows,t,d

. WS, ..

P oA 29 A5 IMW] WS,
P .y N27| FEERE 29 <53 [MW] o

P gy T8RS A AAL 29 A5 [MW] P,
P . AR A AAL 29 ARk [MW] P,
no o AAD dol % [] b

o, ¢ EFLADA An] g MW] Brry

o

# SeuAEdTd FEATE

wx S| YA 7| & AT FEATFH(IAIAAD)

E-mail : Eunkuk.son@kier.re kr

DOI : https://www.doi.org/10.33519/kwea.2024.15.2.002
Received : February 27, 2024, Revised : April 15, 2024,
Accepted : April 29, 2024

10

=]
]
)
D FEEN AnE [MW]

FTEHEW A AAD F A5 [MW]
CE FEHENRD iMA AAL £9 A [MW]
(8 FEENL 29 5 oA kW]

SN A 48+t T (m/s)
SHEN WA AALD S5 24 [m/s]
SHEW A AAD S5k (m/s]

&

FELATA] 2 S A (kW]

i

SENUXNNE - M15d, M2=, 2024



LSTM Eaid g 2

rro
r

Z12Ag 2 2036744 FEEH AuEEES
34089 MW 7H4] 8 AS HRZ 3t 2022d o
H] oF 1894 7}A] F71st Ao g AwH o] 2036
G A4 Adulg% B8 1441 GW ¢F 237 %=

)
X
offt
Lo,
o
o% rlo
2

2 2 4

d

3t

d Aoz o dEch[2] olefdt Ay
&3t7] et dEAEE

2020 ‘ARl A] A
5 At Abde] A Ayt
b ARG ALl A

of
ol
-

forle

L2 Ho

~

B\
2
PHT 2 T ol of

o
2
=
ol
ox
fot
o,

(

re
l“é
Aul
[z
et
-

o

“

£
Nl
ol
Lot
k1
]
ot
ox
ofr
o,
~
f rir
o,
r
i)
tlo
ol
o,
=
%0,
o
1 oo

o
e

v

2

e

a)

i

re

-4

it

N

%,

4

2

AN 53

B

(o)

WRF(Weather Research and Forecasting)< ©]&3}7]
v, AAIE 7ke] BAA oSEdR ZEHE
ARIMA (Autoregressive Integrated Moving Average)
4 PER(Persistence) 29 5& ©]43 Aq= 3
vl k4] 2 #Aal2)d(Machine learning), Hel4d
(Deep learning)?} 72 7]&E0o] wEZA HswA
H FE oS &85 J3, dEA] Jed W
W % RNN(Recurrent Neural Network) 714k LSTM
(Long Short-Term Memory Network) ®&& o]-&3
| 859 @ Ao wr] FEEA o
FdS 53 vk ksl

H

o

FETAUAe EHS F4ol T54Q WAE 2
S

SENUXNNE: M15A, M2=, 2024

i3
mjo
=l
ofo
_0'l
oftl
Il
19
S

o % 2%l e £ oF 2T 24

LSTM =222 19973 Hochreiter2} Schmidhubeol]
o] Aoty Zdz $£A4%<d  RNN(Recurrent
Neural Network) 228 7jAs whiolr), dubgo=z
RNN 2de #2142l dlolg] AHglo ZHE& ZEATh
Fig. 1.9 o] ¢lgs® BE I go]gSo] oo
dAT JFe Fe FIRE 22 Qo] FV] HolHE

g g = tleolEle] dig HlF
o] AuAoz vtolx= dio|Hel 7] oEHRE <l
AE =5

o,
il
4
)
_O,L
N
do
_0|L
£
Z
=
[l
1,
rlo
=
IS
po
S
ofr ml

of Wrg As 479 P (Forget gate), U3
(Input gate), &%= (Output gate) @ A 2H| o] E(Cell
state) #olol2 FAHETE 7 dloloe Aduagei,
HA dlolge] g EAHE Foln FH: o]
tsle] Ade hEgxE v

olf] oS ZHE Zes NEEHATHT]

Fig. 1 The structure of RNN

Yt

Forgei Gate A
' LSTM Cell 2\
N o)
Ce-q X ) » C
tanh
, X
fe L g: 0;

ht—l IL

Xt Input Gate Output Gate

Fig. 2 The structure of LSTM

11



2.2 &Y 0|5 At L 2N 4l

Hdejd 71w LSTM %3 dF g o] 43 33
WAHA] & oS dAte} oS Adel] g AF %
HAIH S Fig. 39 2tk WA FEdAEH] ] BE
FHEW diste] 24zt LSTM &8 o3 =ds A
Asta, 7 FEENE 108 2 1A 149 AAL
=9 43S 19 H2 stk 24 FHEWY
=9 d3 495 st FERAEA ] FY oF
e EEsIoith HEA R FHUAEA 9 oS
g A FEHEEA 9 SCADA 5743k} waslo]
dZ Axe did ASE FAsh FHLHAEA
8 43 st g THEEN 47 89S 9%
gk olfE FHEHWE A A FHEN
o3t FRAFgeR tE EAS HolH olE Wis}
7] s E 7 FEEWY FE FF] o 29w
512 A or Sdle] REs AAEE Aol e
37] wj-olct

F7HH o2 29 dF Bdo T4 oxjd] wE dl
AEE B4 fetd &8 dF 2l gEE=
F251% 3% 5%, 10 %, 15 % 77 & 571A]¢]

( Wind farm power prediction process )

1. Build LSTM power prediction model for each wind turbine

'

2. Input data of wind speed & wind direction to LSTM model
— Assumption : Wind speed & wind direction error 0 %

!

3. Power predict time series data (1day period)
=10 minute & 1 hour time stamp resolution

'

4. Summation of power prediction data of each wind turbine

Model validation i

(Hesult 1 : Compare with actual wind farm power from SCADA)

RMSE
(Root Mean Square Eror)

NRMSE Correlation
(Normalized RMSE) (R)

Model analysis

(Hesult 2 - Variation of power prediction for wind speed error)

— Assumption : Wind speed error 1% ~ 15 %
(Normal distribution error)

Fig. 3 The process of wind farm power prediction and model
validation & model analysis method for the results
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Table 1 The values of hyper parameter

Contents Values Remarks
Number of unit 32
Learning rate 0.001

Activation .

function Hyperbolic tangent

Cost function Mean Absolute Error

Optimizer Adam
Epochs 100
Batch size 200
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Table 2 The comparison of predicted and actual power for daily
10-minute averages during 2020.10.01.~2020.12.31.

2021-01-01

2021-01-01

Daily averaged (10-minute)

Results | RMSE | NRMSE | Correlation | Remarks
[MW] [%] [-]
Average 0.24 1.98 RW.73
Minimum 0.06 0.48 89.43
Maximum 0.57 466 99.89

Table 3 The comparison of predicted and actual power for daily
1-hour averages during 2020.10.01. ~2020.12.31.

2021-01-01

Daily averaged (1-hour)
Results | RMSE | NRMSE | Correlation | Remarks
[MW] [%] [-]
Average 0.18 1.50 99.22
Minimum 0.06 047 89.76
Maximum 0.53 4.33 99.96
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Table 4 The results of daily averaged NRMSE of 10 minutely averaged wind speed error for each wind turbines and wind
farm during 2020.10.01.~2020.12.31.

Assumed wind NRMSE of wind speed (10 minutely)
speed error
%) WT1 WT2 WT3 WT4 WT5 WT6
1 1.14 1.14 115 1.13 115 115
3 3.44 3.44 3.44 3.43 3.44 3.43
5 5.67 5.70 5.73 5.70 5.68 5.75
10 11.45 11.30 1141 11.49 11.47 11.43
15 17.25 16.90 1718 17.16 1712 17.26

Table 5 The results of daily averaged NRMSE of 1 hourly averaged wind speed error for each wind turbines and wind farm
during 2020.10.01.~2020.12.31.

Assumed wind NRMSE of wind speed (1 hourly)
speed error
%) WT1 WT2 WT3 WT4 WT5 WT6
1 051 0.50 0.50 0.50 0.50 0.51
3 1.50 151 1.51 148 1.46 1.52
5 247 2.48 2.48 2.55 2.45 2.53
10 5.07 492 491 5.06 497 494
15 753 7.44 751 7.70 7.48 758
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assumed wind speed error in 1 day (2020. 10. 01)
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Table 6 The results of daily averaged NRMSE of 10 minutely averaged power prediction for each wind turbines and wind farm

during 2020.10.01.~2020.12.31.

Assumed wind NRMSE of power prediction (10 minutely)
speed error
(%) Wind farm WT1 WT2 WT3 WT4 WT5 WT6
0 1.98 340 348 3.84 323 3.56 313
1 2.05 3.87 3.86 3.99 3.59 3.80 3.35
3 261 458 492 511 5.14 472 4.38
5 418 7.33 751 6.79 6.50 790 591
10 7.23 11.11 12.46 10.24 11.69 11.75 10.70
15 10.96 15.10 17.26 15.30 1590 1599 1725

Table 7 The results of daily averaged NRMSE of 1 hourly averaged power prediction for each wind turbines and wind farm

during 2020.10.01.~2020.12.31.

Assumed wind NRMSE of power prediction (1 hourly)
speed error
(%) Wind farm WT1 WT2 WT3 WT4 WT5 WT6
0 1.50 2.10 2.21 2.67 2.03 240 1.9
1 153 2.56 262 2.69 2.40 2.63 2.10
3 197 2.54 292 3.46 357 3.02 2.55
5 347 532 5.14 451 357 6.25 362
10 6.10 6.69 832 543 748 850 747
15 9.65 850 11.92 9.99 9.85 11.81 14.63
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