578 H1H % X @ K F F Ik Vol.57 No. 1
202341 H JOURNAL OF XI” AN JIAOTONG UNIVERSITY Jan. 2023

K A EL] 5FIJ171‘,14', F‘?f *&BE SJHLRY

Fiﬁjgis ,\Ez{l:la 4%]2/\, % 7);#(9 %‘{%, gkg%
(TG FHE R 2 S 5480 TR, 710054, PE4)

WE. xR e sl HELER AETLAELE T EEAEHTAMNGPA, BT —FELATHRER

AR F I HUDHKELM) A 2 3t 47 AL 69 42 80 ), 2 R FRml . A B 4 £ o 9 # (KPCA) 7

VAT AR TR M R R R R AR B A R A AT L, LB R T A AN R A

A F DHKELM B R 655 5] 51 4, Bl oF AR T AR 69 £ & % . 42 DHKELM #2 & 2% % 4 52

84 8 A, A R B 89 B R ARAL B ok (IDOA) #F DHKELM # 8 A# AR AT F 5, TALRE R4 5

FIAFAEAE B A B AR AR A E R B R AFRM(NWPY 5 R A2 ek kX i, LB

SPERB G AFHEAFH EREA . RBEOTAMNBERA R THERE S Z20RE 5 ET A

AL Sk o T 3 %5388 kit £ (MAPE) 4 51 4K T 0. 979 3%.2. 342 1%.,3. 383 2%, A 42 &

TR E b TR A E

KER. EHREHEFRMN;RERSBERRF I B GF REALE  FER L ERS
i

mESES. TM715 XEEED: A

DOI: 10.7652/xjtuxb202301007 XE#HHS . 0253-987X(2023)01-0066-12
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Abstract: Aiming at the problem that wind power output is nonlinear, unstable and difficult to be
accurately predicted by traditional methods, this paper proposes a short-term wind power predic-
tion based on the optimization of parameters of the deep hybrid kernel extreme learning machine
(DHKELM). The kernel principal component analysis (KPCA) method is used to well select the
features to form an optimal feature set, which can not only express the effective information of
wind power, but also avoid the appearance of redundant information, and is thus conducive to fa-
cilitating the learning and training of the DHKELM model and reducing the complexity of the
model. In view of the problem that it is difficult to determine the hyperparameters of DHKELM,
the improved dingo optimization algorithm (IDOA) is used to find the eight optimal hyperparame-

ters of DHKELM and explore the original sequence feature information, so that the model can
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fully grasp the nonlinear relationship between numerical weather prediction (NWP) and wind

power. Taking the real data of a foreign wind farm as an example, the results show that the pro-

posed prediction model effectively improves the accuracy of wind power prediction, with the mean
absolute percentage error (MAPE) 0. 979 3%, 2. 332 1% and 3. 383 2% lower than that of the

dingo optimization algorithm, the differential evolution optimization algorithm and the particle

swarm optimization algorithm respectively.

Keywords: short-term wind power prediction; deep hybrid kernel extreme learning machine; im-

proved dingo optimization algorithm; feature optimization; kernel principal compo-

nent analysis
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Table 4 Prediction errors of different models
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Fig. 5 Test results of generalized Schwefel’s function L exse/ ewae/ ewars /76
BPNN 829.0557 738.011 8 19.6051
SVM 781.165 8 648.226 3 18.5721
S00r —PSO
LSTM 637.739 8 561.5116 14.9059
e ELM 607.7936  482.8155  13.6374
EE}OO SKELM 573.144 3 395.743 6 10.937 8
4'2200 HKELM 387.609 4 339.263 2 8.556 4
DHKELM 290.7555 241.3236 6.3534

0 3

10 10’
BARUH

B 6 X Rastrigin 5% 45 5

Fig. 6 Test results of generalized Rastrigin’s function
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Table 5 Comparison of prediction errors of DHKELM model

optimized by different algorithms
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Fig. 8 Different algorithms optimize the prediction
curve of DHKELM
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Table 6 Multi-step error of each wind power prediction model
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Fig. 9 Multi-step prediction curves of IDOA-DHKELM
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