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Table 1 Test set RMSE indicator results for
different models on different forecast days

e 1 2 3 4 5 6 7 Yy
NN-V  0.148 0.176 0.172 0.163 0.176 0.203 0.226 0.158

NN  0.162 0.183 0.183 0.178 0.195 0.212 0.234 0.168
NN-T 0.161 0.192 0.185 0.176 0.182 0.218 0.235 0.169
GBDT 0.155 0.186 0.183 0.183 0.194 0.215 0.240 0.170
GBDT-T 0.161 0.176 0.173 0.171 0.178 0.206 0.235 0.162
SVR  0.172 0.221 0.212 0.214 0.214 0.255 0.267 0.194

2 FEBTNAEFRERNIRE CCIBERER
Table 2 Test set CC indicator results for
different models for different forecast days

TR 1 2 3 4 5 6 7
NN-V  0.817 0.737 0.743 0.763 0.711 0.570 0.499 0.605
NN 0.771 0.698 0.687 0.729 0.645 0.517 0.376 0.553
NN-T 0.783 0.723 0.687 0.722 0.689 0.530 0.364 0.562
GBDT 0.795 0.729 0.693 0.708 0.668 0.519 0.350 0.558
GBDT-T 0.766 0.732 0.730 0.734 0.707 0.555 0.380 0.575
SVR  0.743 0.648 0.613 0.567 0.542 0.311 0.221 0.456
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Table 3 The number of networks
adopted by different models
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Table 4 Seven-day square error
results for four indicators
BB RG#E W W R P
NWP  0.1324 0.0602 0.1147 0.2401 0.136 8
NN 0.0892 0.0414 0.1027 0.0119 0.061 3
VNN 0.0910 0.0406 0.1250 0.0151 0.067 9

0.8} — SLbrE ,
---VNN I,
s 061 Nwp
S04l
m O
= 0.2
0 L
0 50 100 1150 200 250 300
PRI
(a) FE1/NTI H R AR IE 45 SN Ll 2
09+t ," . - ilﬁ‘fﬁ
5_0.8
g
ro7
0.6

0 50 100 150 200 250 300
RAER
(b) ZE VAT AR IEGE 0T L it 2k

0 50 100 150 200 250 300
ZN i
(c) B UATRIN H PAGEA I 5 SR5F E i £

6 5.0 160 1:.30 260 230 360
PR
(d) B 1A TR I s B I 488 SRORT L i 25
9 E1AFNE 4 IISKEENHRIES R
Fig.9 Comparison of correction results for four
meteorological features on the first forecast day
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Abstract: Under the 'dual carbon’ goal, the transformation of the power system is accelerating, and wind power prediction
technology is of great significance to the construction of a new power system with a high proportion of new energy. In order to
improve the accuracy and robustness of wind power prediction, an numerical weather predicition ( NWP) implicit correction
algorithm based on multi-objective collaborative training is proposed . Firstly,the necessity of NWP correction and the problems
of the two-step prediction method based on NWP explicit correction are analyzed. Then,aiming at the problems existing in the
two-step prediction method , the optimization method based on multi-objective collaborative training uses the neural network to
perform NWP implicit correction, train the model in an end-to-end manner, and realize the functions of NWP implicit correction
and wind power prediction at the same time. Combined with the measured data of a wind farm, the specific calculation case
analysis proves that the proposed algorithm has an improving effect on short-term, medium- and long-term wind power
prediction. In addition,the algorithm only requires one network and avoids secondary calculation,saving computing and storage
costs.

Keywords : wind power forecasting; numerical weather predicition ( NWP) implicit correction; neural networks ; improvement

algorithm ; multi-objective collaborative training;two-step forecasting method
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