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Abstract

Accurate estimation of wind speed at hub height plays a critical role in power forecasting. Due to
the high cost of direct measurements, this study evaluated the performance of several vertical wind
speed extrapolation methods. Observations from the Tianjin 02001 wind measurement tower were
used to extrapolate wind speed time series at 10 m to 70 m and 100 m using power-law, machine
learning, and deep learning models applied to data with different temporal resolutions. The detrended
fluctuation analysis (DFA) scaling exponent was introduced as an additional feature to assess its
influence on machine learning extrapolation. The results show that: (1) compared with the power-
law model, machine learning methods significantly reduce extrapolation errors, with the root mean
square error (RMSE) reduced by 12.0%~27.5%; (2) model performance depends on data resolution.
For low-resolution data, the k-nearest neighbors (KNN) model with DFA achieves high accuracy and
low computational cost. For high-resolution data, deep learning provides the best performance but
requires more computational resources; (3) the effect of the DFA scaling exponent depends on both
data resolution and extrapolation height. It improves model performance for high-frequency data,
especially at higher extrapolation heights, but shows limited benefit for deep learning under low-
frequency conditions. These results reveal the applicability and limitations of different extrapolation
methods and provide guidance for hub-height wind speed estimation under various scenarios.
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BE £ A BRBRIRAR R IAMKIRAGIE B, R R RIS E . Tz R AR PR S AT B e IR
M AT BRI RGH A[ 1] TEREE I, AR VAl IRATLE 8% v 55 A RT DX 4k 71 [ P 1 X 90 Ay A XU
Wig s b 7 RN 28 TR 2O B 2L [2]-[4]. SRTM, KNLEC %% BEE & BRI 70 22 100 m, TG us
A FE R 10 m [5][6]. i 2 4 B ORISR RE SR AT A A 75 5K, HEASRRFT 2008 45t E 3
SLEH 400 J 70~120 m P XU AL R R b XURE B8 L MR [ 7] 5 A% G RS R XS0 O B Ak 1)
PP A i, AE DA SR AR SN [8] . FESG SRR HIZIE B, RIS R B B X BE (1 )7 VA 1
FLAMIE, RV FH A0 e M R Ay B85 v v o5 Ak XUT [ 9]

Hor, ALGAMETT DR 17 FAERI10], 2R v 7E — @ FEE I8 5 i A 1 G AFAE . 4R
i, CAMRIEE, ZEIGEM TR RSRZS . P IE B AR BN B AR 2, 35 B %
R [ 52 1) 1/7 RO Fe B AT AN ] BE P2 A IR ZE [ 1] AMARRIX — AR, [ Py AN AS [F) AT 1) 2 3 o
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VA, TR AR TR R R ) AR i SR AN ) DX 3 A (7] P ) S0 XU B AT 3E - Gualtieri 2T faf =R
fif] 80 m ARG 3 M FEBMNATIRL, BEFL T WU S RAFE R G R, 45 R REET RATEfE
I3 P35 AU A8 Fa BORE B AR XU AN E (1R Z2[12]. Werapun 551 FH 2 [ B 30 (0000 52 2 00 IR 00 0
P, 02 AR H AR A AR RFEREAT 7 40 4T[13]. Pearre S5HH 150 m DA_E sl KU 4 A1 10
m PSR, WA T PR R X R AR R A, A5 SRR B X R = A AR T AR
[14]. LR AW 27 BRI RIETEFT T B0 5 DR L b X (0 RIS RRAE 22 5, 45 SRR L X
R A i H O A TP A X [15]0 Mgsa R FH B PRT 7 il X P S I 540 23 i 17 = PR L i Py XU )2
FRAE, 48 AN R L ot DX XD AR BTG AR [16]. VSRR AL 11 2 0 XU R0 25 6
BT T AR O T B R AE 2 5 (176

AR, BEAENE S S HORM PGS R &, MO IE D N T-AMERGE I 5E . 0, Tirkan 45
VRS T 7 A RINLES 5 20 5 B R R A EYE RS, 45 SRR B SCRE A B AL(Support Vector Machines, SVM) £
PR T H AL 18]. Mohandes F1 Rehman 3K F 7R 5 # 22 [ 4% (Deep Neural Network, DNN)Z/MEXUE, 45
SRR AN TR 19]. Shaikhi Z545 6 07 #FL {k(Particle Swarm Optimization, PSO)5 K fi
HHEAZ M 28 45578 (Long Short-Term Memory, LSTM)FA 4, $2H T PSO-LSTM JR A A,  F45 H XGE 4h
HetERE S LSTM. AU AP & M 4% (Feedforward Neural Network, FNN). % Z0EE T 347 % L, 45 SR 3R 87 PSO-
LSTM AP RE e £ [20]. H AT, 6T A T8 B TR S HERT 7t 32 B4 v TR FH Bt & 138 5 ) A
RUPRSEE DB THAMEERS B, T8 A o] il 5 22 OB ZhaS A W) B OB S AR AN 2 o AL, GTA
[7) % 23 R HR A AL 28 27 21 SN 14 Be 5 i R fE e th s b .

KA FERGE BTS2t RN 7 2 R AR E RN R S EH, BRI RS, 95
Falk SRR SRR [21]-[24] B 7T _FOdR RV BE IR N R A X3 51 (1) AR B, oh T RS A
PEFHFRMAS BE A B Lo WK FARFF (KRR IEARR), RS BT DU, RIRGEZ G Hin
FHIKAE, m/NRGEZ JE R T HBME RFIE . 203 LR Peng S53¢ H 16 2 &AW 8 4 dr
% (Detrended Fluctuation Analysis, DFA)THEAR FEFREUEAT EAL[25]. MEERGE T, KRR FRELE W] LA
fE NS TP AR LA SG BRI BA C (s) =577 (s ARTIRIRE, y AZEIRIREDIE N2k, T2 ok £
S(A)=r7" (f IR, BAZERIEBOWREHEIFERERERZW. £ DFA Fikd, bEREhn 58
FHRIZEIRIEE y « DHREFRE IR E f Z BAAE M N EEKRR: h=1-y/2, B=2h—-1. DFA J7ILREA
SEIRF AR L AN AR AR PRI 2, ) 2 T 24 R KRR S AR FERFIE[22] [26] [27]. AHF T
FIFH DFA R, K XUE T 51 vH 505 20 T B BEFR B E LA 5 S B A NARFAE, DA ST ONTE 22 1 XU
A EERE R, SRR KOS MEE Bz 1k Re

ARSCLARAEE 02001 Wl RGBS B SE IR A ZEG], RGEHL TR GURERE AL AL a8 o S A
FI N DFA b BEFREUIAL 38 5 S AR LE R 2 B AMIE PR RE o 3% LUAS [ PE AN [ S 5t R IR
B, B AE A HERA A SR XU HL AL ZH 0 B B A 1) KGR S i 2 2 ik 4
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2.1. KR

S FH 0 G Bt 4 2 i 54 B PO AR 02001 T XU B, %00 JXUES 87 - R de T VS X K
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6 h -1 XUE BT EL(02:00, 08:00, 14:00, 20:00 4 M4 fU XHTET 10 min P21 XGHE) . Ay HERR I 7] Edfa ot
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Figure 1. The full wind speed time series: (a) 10 min; (b) 6 h
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2.3.2. HlARFJER

AT, KH 2 **ﬂ%#ﬂ*ﬁiﬁﬂ@ﬁﬁ%?& —RRAEGHAEF 2], BN (Random
Forest, RF)fll K- 4B(K-Nearest Neighbors, KNN); 57— IREEE 2], W GEHE N 4% (Convolutional
Neural Networks, CNN). 45 #1142 2% (Long Short-Term Memory networks LSTM), LA CNN-LSTM #
G, KA AR SHOE ] W 1.

2

Table 1. Parameter settings of different machine learning models

® 1. TENFFIRENSHRE

ot WG/ EES KB E s FE3IE HERS IISRE
RF 200 BRH, HKIREL 10 — — — —
KNN K =40, BEESIRL — — — —
CNN Conv1D x 2 (64/128), Pool =2, Dropout=0.3 Adam 1x1073 32 80
LSTM 1 JZ, hidden =128 Adam 1x1073 32 100

Conv1D x 2 (64/128), Pool=2, Dropout=0.2;

CNN-LSTM LSTM = 128

Adam 1x1073 32 70

2.3.3. KEBREEDEE
DFA J7 52— Pt 70 8] SRR Rt i AR 2R M 0 M 7 VR (251, Refig s A BR AR st a) 2 51
FLShREE . BRI R .

L XL {x} s i=1,2,-- N BATHEPALEE, 338X/ =x, - ; ﬁ*f:%ixi o B J XFFEF 741
x] BEAT RN, 1RRIELL T

J
Y(j)=>x.j=12--N 3)
i=1

2. HEERRIT A Y (/)] RIS K BERN s B EARERN Ny = N/s ASE 11 oh o i 3 41 0980 4% 3
IHMERER, THEMNF IS AT — k& sy, RG22 N AN, HFNERHR ST Y.
3. AT v, IR kB2 I B2 S AT I A A58 PY (RS K BUE Y 2, B 2 Bir DFA).
EF)T%T%TDEP, FIBRE A1 {v ()} U&%Tﬂﬁﬁ@%?&“?ﬂ{ﬁ"}, B LAY, ()} -

Y,(j)=Y(j)=Bfv=12:2N, @
4. THEEAE Db BTN T R F (v) -
() =12 ()= ZYZ[(V s +] 5)

562 NANE DB R B IR TET S, SRR (5)
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F(s)= { 5 ]lv ﬁF (V)T (6)

FE DFA JjEr, Wah B F (s) BB R/ s I RTIG K. # JRAAFP41 {x, ) BAKFRAHSCHE, e
BUF () FE s Z IRDH R AT LK R
F(s)=s" @)
o h NARBEFREG T B A RGE IS 8] 7 S K FE RR MR E . 5 1 < 0.5, FORFAIRKRERM KN ; &
h=05, FoRTAARME, SRABES; Hh>0.5, RFIRKBIEAXK. Hh=1, XN1/f B,
Fih=1.5, XA HARER .

2.3.4. BTN ERR
BVl - SR AN E 1 B, A SR A O R B )~ 377 HR 1% 22 (Root Mean Square Error, RMSE)
57 FER (Time-Consuming, TC) = AN 8] (VAN H7i25
. Yo% -%) (v -¥)
VEL =3 L (- 7)

RMSE = VMSE = |23 (x — 3, )’ ©
n iz

®

o, x, Ay, 70 0l DR S KGR N T P 51 AN SRS 2 XGRS 8] 51, X A0y 20550 32 SAB AN S MR R 32
6. BEAN, P BEEIL 1, RMSE BN 0, RonizIikMAMENEREE 4T .

3. tARGR
3.1. R1ERH

722 O H T TR RN R AR FE R, T 10 min SE3 RGEB A FEF, 10 m 5 70 m 5 EE R AR
SERRYIEFEE o, 4 0.128, 10 m A1 100 m =2 H o, /& 0.142. XFTI% 6 h HdRLE, X RNAE 2 HA
0.130 (o )F1 0.136 (@, ). FILAUEH, RFFANE 5 (1) X 7 FLEAS ] i B J2 ) 1 S A3 21 ) R AR e = =
R, HARMEZERUN. SRR R IR MA A BB T, &S HEE TR R SMEL R
5 B S )G 8 2 [ AR R AR 2

Table 2. Wind shear exponents calculated using the power law

=2 ERAREEETRENRTITEY

] 0 R Y FIME Pz

10 min a, 10 m and 70 m 0.128 0.175
10 min a, 10 m and 100 m 0.142 0.170
6h a, 10 m and 70 m 0.130 0.199
6h a, 10 m and 100 m 0.136 0.176

] 2 g5 T R RS0 22 R B JE S 3 U AT #TZR4UE TS IS MDD AR 48 3. Hodr, & 2(a)
4 10 min PR EGH B PRREL, SAYIEIRE o 2 0.139; E 2(b)~ 6 h 7 HFE BRI G152
IRER L, S RTIRTREL o 72 0.143. PIEIHRE REL R 430108 0.97 F10.98, RUIUAE R RZEGE =T
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Figure 2. Measured values and fitted curves of the vertical wind speed profile: (a) 10 min; (b) 6 h
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Figure 3. Time series of wind speed at 10 m: (a) 10 min; (b) 6 h
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Figure 4. DFA of the wind speed time series at different heights: (a) 10 min; (b) 6 h
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Figure 6. Relative frequency distribution of absolute errors in wind speed extrapolation using 10-minute mean time series: (a)
to 70 m; (b) to 100 m
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7 ERL PR S B0 8 (a3 AT i B -5 07 Q) VR AR R B L K R PR . TE BT RIS 52T, M8 2]
PRI TR, RMSE F#MK 12.0%~27.5%, AHRRE r #27F 0.3%~4.2%, HHTE 10 min S5dE
AER 100 m I B3

ANTR 53 2 1) G I 8] 7 51 43 B M L8 2 STRE B (R S AR i 4%, X4 6 h (IRATEH, KNN + DFA #5 /%
TR BRI, HMEZ 70 m A1 100 m & RMSE 737118 1.124 m/s £ 1.355 m/s, YIRS RN 75
13's; X 10 min E5HE, CNN-LSTM BAUTEAL, (HETFIIZRET K. dE—B K8, DFA #3fE
B HUE A IR AR S FHABE 2R A HE 1 RE A AR E L T B e e 5 AN R B . 5T AAREEFEUPE 10 min 43
PR AARIMES 100 m B, FrANIESE BB PRSI A T 76 6 h ¥R, FrEfRE RF F
KNN A%, Hrf RF () RMSE &M% 5.34%~7.79%, KNN &K 1.17%~2.68%. SFIREE IR TR, Fik
SEOLFRE, SR TE TT A I bR 4R B A KU B B S AR AR .

PRIEFREESME S 70 m = B IR Soh 3 2 A R, X AT AR B TRIRFE B B 5 O 2 2 [
1 AR AR LN, WL SIS BB A e e M 27 ) AN [R] B KU 2 IR [ 6 &, 1X 5 Quicke S5 (A 9 45
R—830]. MHELZ T, ESMER 100 m & B, 51 NAREEAREUE B TIE a1 20BN B R 1
B . BEESME S BN, AN R R AR 2 R R, AR EE A AR £ A JE AT BEME DL 7R 43 AR
e EHARRRE . RN, 3032 [F) 1 RGP B R B BN — BUOAR EEAT N . B 10 m =i 038 Bhbr
Fa B E R MINAFAE, BT DO BB SR (XU 7 A A e 5 B, A Bh T3 s oM %

Table 3. Performance metrics statistics for wind speed extrapolation

3. BRBRURIMER M RETFNEIR ST

6h 10 min
Models to 70 m to 100 m to 70 m to 100 m

r RMSE TC (s) r RMSE TC (s) r RMSE TC (s) r RMSE TC (s)
WSE1 0.886 1.286 0.05 0.847 1.615 0.04 0912 1.448 0.24 0.869  1.856 0.23
WSEIl 0886 1.277 0.06  0.847 1.606 0.06 0912 1.43 0.36 0.869  1.866 0.24
RF 0.873  1.297 0.43 0.856 1.518 0.42 0.92 1.46 7.15 0.884 1.733 7.29

RF

(+DFA) 0.892 1.196 13.19 0.870 1437 13.06 0.927 1.329 190.17 0.892 1.627 210.88

KNN 0.905 1.155 0.14 0.886 1.371 0.13 0.9 1.424 096  0.857 1.782 1.05

KNN

(+DFA) 0909 1.124 12.82 0.888 1.355 13.79 0904 1397 175.07 0.859 1.756 236.57

CNN 0.893 1.172 4552 0873 1.414 80.62 0932 1.145 67.74 0.897 1.445 118.89

CNN

(+DFA) 0.883 1.216 92.16 0.868 1.419 143.12 0.93 1.142  237.01 0909 1.362 259.24

LSTM  0.887 1.194 47429 0.847 1.529 588.65 0.931 1.143 1008.14 0.909 1412 1005.44

LSTM

(+DFA) 0.881 1.235 54143 0.835 1.598 61498 0925 1.192 1159.53 0.909 1.373 1152.11

I?SI\EFTVI 0.891 1.173 407.89 0.880 1373 43531 0931 1.133 369.19 0907 1.378 354.90
CNN-
LSTM 0903 1.123 46991 0.878 1364 476,61 0925 1.197 63827 0911 1346 55821
(+DFA)
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