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Research on wind power forecasting methods under small-sample conditions

ZHANG Zhiyan', LAN Long', BAI Jingsheng', YANG Tangyige?, KONG Han', LIU Hua®
(1. College of Electrical and Information Engineering, Zhengzhou Light Industry University, Zhengzhou 450002, China;
2. Chaohu Guanhu Wind Farm, China General Nuclear New Energy, Chaohu 238007, China;
3. Construction Department of Henan Electric Power Company, Zhengzhou 450007, China)

Abstract: To address the issue that wind power forecasting typically requires substantial historical data and support from
complex models, a wind power forecasting model under small-sample conditions is proposed. First, aiming at the problem
of insufficient samples, a data augmentation method based on time-Markov chain Monte Carlo (Time-MCMC) is
developed. Statistical analysis, interpolation, fitting, and adaptive recognition methods are employed for data cleaning to
improve the diversity and quality of the samples. Second, by integrating multiple optimization strategies, a wind power
forecasting model is constructed, where the backpropagation (BP) neural network is optimized using the improved hybrid
aquila optimization and African vulture optimization algorithm (IHAOAVOA). Finally, the effectiveness of the data
augmentation method is verified using actual case studies. Meanwhile, power forecasting is conducted on the augmented
sample set using four models: the BP neural network, the BP neural network optimized by the aquila optimizer (AO), the
BP neural network optimized by the African vulture optimization algorithm (AVOA), and the IHAOAVOA-BP neural
network. The forecasting results show that, compared with the AVOA-BP model, the mean absolute error (MAE) and
mean squared error (MSE) of the proposed model are reduced by at least 0.45 MW and 21.48% respectively.
This work is supported by the Science and Technology Key Project of Henan Province (No. 242102241030).

Key words: power forecasting; small sample; BP neural network; Markov chain Monte Carlo; hybrid optimization
strategy
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Bl MCMC 4.03 5.23 0.95
Time-MCMC 3.83 492 0.96

b 8.28 10.10 0.93
SAg) 2 MCMC 5.96 7.05 0.95
Time-MCMC 5.47 6.79 0.96

M 2 LA S, XFHEREPRE, 5EiG
INFEARLENZR TR S AL, 5B 1 MCMC
TTVEA REEAS I 5 TR0 45 5 MAE F11 MSE 43 51| B4
KT 1.32 MW F1 242 MW?, R* 327 T 3%, & 2
' MCMC i AN G T 45 5 MAE F
MSE 73 BIBEAL T 2.32 MW F13.05 MW?, R* 427 T
2%; 5 MCMC J7 15 R A I SR ) T 45 AR L
E) 1 Time-MCMC J734 BREAS I 25 10 T 45
B MAE FIMSE 23 BIF#% T 0.20 MW #10.31 MW?, R?
BET 1%, HF 2 & Time-MCMC 7354 iiikE A
YR TINS5 5 MAE #1 MSE 23 5 [&{% T 0.49 MW
026 MW?, R*IEE T 1%.

TS BELW, 5 MCMC JiEM L, Time-
MCMC J7¥EAbE/INFEARSE I RO 4T, RS BE 7 3
BEGRFEAR R AL FECTINRE BRI 98, RERLLT
H 2 S R REARFAE,  AE i 2 R I A8
4.2.2 BEIHE s R

NGB E ORI H R R 5% R
B S IR Z A, B 13785 R
DR B AETE Ve nl Ja WG 5 Th & 2 (Al AH e i )
Kk 4 Fros. B, v, —V,  KIRER 4 DMFEAR
I RGEAFIE, V. Ron TR, HH 1 fMEH 2
TEVERT IS 4 NMRHIE S ThaR Z R AE S M3 3 Fom

M 4 T LA S, S0 1 BPE0ERT KE 5 R
H IR 2 AR, SBORETE, & X
fE S Th& 2 [AIAR 73 2] 7 1h58 . ik 3 LA
B, B BIEESRE, S XGERHESThE (A
FIAE S PE > IR S T 0.1383. 0.0520. 0.0241 Al
0.0297; Hf5| 2 Hmisdi ), SRERHESDIFZ (6]
ARSIt E] 358, 233 1 0.1466+ 0.0988
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Fig. 4 Correlation heatmap before and after cleaning in case 1

=3 WMEGBIREAER
Table 3 Data cleaning results of two cases

41l MR FHME 1 RE2  REE3 BT 4
JEVERT 07971 0.8729  0.8920  0.8901

5l 1
HYEE 09354 09249 09161 09198
2 THYERT 07768 0.8273  0.8617  0.8658

JEBEE 09234 09261 09199  0.9116
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Fig. 5 Power prediction results of the cases under four models
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Table 4 Prediction indicators of the cases under four models
) TR eyar/MW Enre/% eyse/MW? erneMW T 1A/
BP 3.81 26.57 22.87 4.78 393.60
N AO-BP 3.36 22.10 18.63 4.32 557.16
B AVOA-BP 3.35 2293 18.47 4.30 563.74
IHAOAVOA-BP 2.90 18.31 13.01 3.61 652.32
BP 5.29 15.42 44.15 6.64 382.35
1 2 AO-BP 4.53 12.75 29.41 542 543.62
AVOA-BP 4.41 12.47 26.02 5.10 560.53
IHAOAVOA-BP 3.85 11.13 20.43 4.52 641.59

29.56%#1 0.69 MW, 541 2 473K T 0.56 MW
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5 £
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