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Abstract

Aiming at the complexity of offshore wind power prediction, an offshore wind power prediction
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model is established with the power generation prediction accuracy as the main optimization ob-
jective, and multi-dimensional meteorological data input methods such as wind speed, wind direc-
tion, air density, etc. At the same time, on the basis of constructing the XG-Boost algorithm, a param-
eter-seeking optimization mechanism that introduces the simulated annealing algorithm is pro-
posed to avoid the algorithm from falling into the local optimal solution. The algorithm is applied
to enterprise data and compared with the other three algorithms, and the results show that the im-
proved SA-XG-Boost algorithm can effectively improve the prediction accuracy and provide reliable
support for the stable operation of offshore wind power enterprises.
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Table 1. Computational parameters of XG-Boost model
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Flgure 1. Flowchart of SA-XG-Boost algorithm
1. SA-XG-Boost EERIZE

3. &ETF SA-XG-Boost B;E_E X B Dh 3= FMAER 4932
3.1. BIEERSE

KT VAL G JE ) SA-XGBoost i i b XUHL T2 TR, B i) f, A SC DATE 5 e b XU 37 ), 4k
PEAEME AR 2022 45 1 A 10 H 0 5 2022 5 12 A 20 H 23 55 50 20 FI R K B EHE4E, 14t 7 Kin—
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3.2. REFHERXMES 4T
TEIEVER AR KIS, B EP R EEE &, R 5K DR B R A R
BR. AWFRIZH 7 RREMAE R iR VAR L 25 5 b X3 Py e B i &, Il AR R x
Ny 2 (8] 5 52 2R A 2 R B3 i L An=R(10)) R &g AT 22 18] i AR AUURE & -
Z(xi —)_c)(yi _3_’)

R (10)

®ixXbx . ¥R X y FOURMFHME.

AR, Pearson MHICRHL v, MIMUETEHIAE[-1, 1AL 2 r, > 0 W, FRORMANAZ &2 A /775 IEAH
KKFR, MR, NMFRRFARKR, B, W x Ay 2 (8] A PR .

SIMTEE R 20 AR B TR (T KAE(WS). KR(WD). HJE(AT). KAEE(AD). K
DhZ(WP). 1BERH)TUEPA)SE 8 LIS A7 51 2 A A G R & 2 WTRLE H, ZR K )%
5 XGEAE S E 5, A 0.997; 5 RUAL MR KA L T s EE AR G IR ., #HOR RECHN 0.868. 0.818.
0.814 1 0.781; tAk, WHLDyZE IR B R SRAHRYERUR, FHRFRES M8 0.244, 0.082.

Ty

Table 2. Correlation between wind power and meteorological factors

2. RBRIRESKEZIBEXME

65 TI WS WD AD RH AT PA WP
TI 1 0.812 0.640 0.800 0.818 0.455 0.095 0.781
WS 0.812 1 0.849 0.819 0.826 0.262 0.095 0.997
WD 0.640 0.849 1 0.726 0.827 —0.049 —0.275 0.868
AD 0.800 0.819 0.726 1 0.706 0.275 0.024 0.814
RH 0818 0.826 0.827 0706 1 0.060 —0.176 0.818
AT 0.455 —-0.262 —0.049 0.275 0.060 1 0.860 0.244
PA 0.095 0.095 —-0.275 0.024 -0.176 0.860 1 0.082
WP 0.781 0.997 0.868 0.814 0.818 0.244 0.082 1

FEAF AR R B, O 1 ST JRE s A5 R ALE 1] XA O 22 1) 17 3K BT 1) Py XU RS2 ) A 3 5 XU R B
FZ A HPHICAER ST E LI 2 frose Bl DCEDWUL LR, KOs, WUl 3R U3 it o
JEE PRI 3R 5 X R T 3 2 VA 6 25 AR SR AP, T o S M 0 2 B2 A 34 0 18] o AR AL X0 2, AE 1] 2 o,
JRGH 5 R L Z R A R R R

RS B ZRAEMAR SR Mg, BRSBTS AR 5 A LA R R A R E RN B o IR PR A X
SN N T N W 5= AN A9 N /Y- AN 10T B S 3 )5 A o 0 S R 7R ER R L e o T [ R e S
L, RIS SRR R RO AR SRS R ORI BR DA DR 1 e BRI ) AT AT e . 3R T
HERLTTAEA, REAEEAO N —AS 10 0B TR & D NI GEiHE B i T Eda R, 28R M 4
PER IR 3 PR
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Figure 2. Correlation heat map
2. MEXMHRAIE
Table 3. Historical dataset for the S offshore wind project
3. SELRBImMB RS RS
H i LGS NG TEEE N353 T L5 B hE
2022/4/19 15:00 5.678 210.531 1.237 42.120 0.035 5.523
2022/4/19 15:10 5.778 213.120 1.238 42.901 0.0345 6.163
2022/4/19 15:20 5.977 209.697 1.237 43.857 0.033 8.153
2022/4/19 15:30 6.076 211.328 1.237 43.491 0.049 8.843
2022/4/19 16:00 5.976 212.288 1.236 43.068 0.033 7.686
2022/4/19 16:10 5.776 215.734 1.236 42.598 0.034 6.327
2022/4/19 16:20 5.877 218.556 1.237 42.750 0.034 7.310
3.3. HEGR Azt
Table 4. Comparison of experimental evaluation of each algorithm
4. SEAZTWIFM IS
RS MAE RMSE MSE R?
SA-XG-Boost 0.9405 1.8335 3.4073 0.988
XG-Boost 1.9473 3.0709 9.4606 0.961
Random Forest 4.9246 6.6790 44,6882 0.937
Bayesian Ridge 6.0247 8.5888 73.8473 0.895
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TEARRW T, T F PP AR R PP AL B A K il e g s 20 o2 — 7o 2 T el O R 40L&
R2, “P4a%t iR % (Mean Absolute Error, MAE). #4177 #1% % (Root Mean Square Error, RMSE) 13577 1% %
(Mean-square error, MSE), £5iJU1TF 4% 4 fos.

MELH 4 A1 1F, SA-XG-Boost A1) R2HIEE] 7 0.988, LLHAh LA A MILE RECEAL, (Hp—
PALE RET e B T I A = AR s A, Bk, A T AT VP T R (Y e, RIS Y
77 1R ZE (RMSE) NI 2 2800 42 22 (MAE)IX P AR FR K PPA AR AL I TN 8OUR o« AR R A A ST R A5 A 1) 3
Jiki% 2% RMSE 2K T58 . =AEAL[ 6.6790 F1 8.5888, I Lb Bt A iR 24 3.0709 47 W (¥ 4
fiX, AT MAE XNV R, % b d s [F R T LUK I, SA-XG-Boost Tl A LL ik 573 41 = Fh Pl 45
M EA TN MAE, FAE2 BT 1.0068 3.9841 Fl 5.0842. it B FL M Ecds A1 xS T B SL 80 i 5 28
AR FE B /), RUFROMINASRA R RS PR S, 28 BT, FIrd K] SA-XG-Boost A=A e % 5l 25 52 T+ FINRS 2 .
WERR T ot AR B R DR T o () n] AT M S AR AR

MR SELG 25 SR, MR ERE NGt ot TR S FERZ 0, Wk 3~El 6 frs. WE
HA] DAAS H SA-XG-Boost B2 7E £ B R BE_EARA T HoAth = Fh R N, BdR s oA, U08 SA-XG-
Boost M) AE AT DA R0k e L PN R il s A, SR H S84/ FEe T, e m Bk .
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Figure 3. SA-XG-Boost algorithm error plot
B 3. SA-XG-Boost EiLiIREE
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Figure 4. XG-Boost algorithm error plot
[& 4. XG-Boost EXIREE
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Figure 5. Random forest algorithm error plot
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Figure 6. Bayesian ridge regression algorithm error plot

[ 6. DIM AR EVEESEIREE
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Figure 7. SA-XG-Boost algorithm residual plot
B 7. SA-XG-Boost HiAKZE &
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Figure 8. XG-Boost algorithm residual plot
B 8. XG- Boost B AL E R
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Figure 9. Random forest algorithm residual plot
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Figure 10. Bayesian ridge regression algorithm residual plot
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