AR AR
202241 A

XERS: 2096-5125(2022) 01-0011-12
DOI: 10.19705/j.cnki.issn2096-5125.2022.01.003

EBRAEREEAR

Journal of Global Energy Interconnection

FESES: TM614

Vol. 5 No. 1
Jan. 2022

EFBENEEESHEERMEBIRZEZIER
AV ESS

g

2, BT, SERC, XRAHT

(1. ARz 8 AN B AR RR, s & 211103;
2. FIAKFE, LHE dET 211816)

Wind Power Forecasting Based-on Error Correction Using Adaptive Moving Smoothing and

Time Convolution Network

SUN Rong", LI Qiang', LUO Haifeng’, DOU Xun’, DENG Yehang’

(1.-State Grid Jiangsu Electric Power Co., Ltd. Research Institute, Nanjing 211103, Jiangsu Province, China;

2. Nanjing Tech University, Nanjing 211816, Jiangsu Province, China)

Abstract: To mitigate the impact of wind power prediction
errors on power system dispatching operations, we proposed a
wind power prediction method based on error correction using
adaptive moving smoothing (AMS), and time convolution
network (TCN). First, the spatio-temporal characteristics of wind
power were extracted using variational modal decomposition,
and TCN, to obtain preliminary prediction results. Subsequently,
adaptive smoothing was applied to the prediction error series
using the AMS model, to reduce the volatility of the error.
Lastly, the temporal characteristics of the prediction error were
extracted using the TCN model, to correct the preliminary
prediction results, and improve the accuracy and stability of
the prediction. The experimental comparison analysis was
conducted based on the measured data from two wind farms in
Shuangzitai, Liaoning, and Hexigten Banner, Inner Mongolia.
Compared with other methods, the prediction results obtained at
15 min, 30 min and 1 h time scales, using the proposed method,
improved the mean absolute error by more than 50.0%, and
the mean relative error by more than 10.0%. Therefore, the
superiority of the method proposed in this paper was verified.

Keywords: error correction; wind power forecasting; temporal
convolutional network; adaptive moving smoothing
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Table 1  Predictive performance metrics of each single model
TTFNFEREBEG MR G EEX B
HEE it 8] R S

Tyas/MW Tyre Pyiag Py Tyss/MW Tyre Pyiag Pyre
15 min 16908  2.6210X10°  63% 89.5% 1.720 5 0.709 4X10° * '5.4% 79.8%
L(ZT:;A 30 min 20715 3.0039X10°  1.7% 78.3% 22282 0.666 1X10°  3.4% 63.3%
1h 2.761 1 3.5073X10°  4.3% 43.9% 3.386 4 32608X10°  7.9% 89.2%
15 min 22009 13620X10°  28.0% 79.7% 3.796 0 3.7711X10°  57.1% 96.2%
CNI\(I]'MLSTM 30 min 24818  48153X10°  18.0% 86.4% 22593 0.8602X10°  4.1% 71.6%
1h 33059  3.8353X10°  20.1% 48.7% 3.696 1 0.8589X10°  15.6% 59.0%

15 min 1.584 8 0.276 3% 10° 1.628 0 0.143 4% 107

TCN(M,) 30 min 20356  0.6528%10° 2.152 4 0.244 3X10”

1h 2.642 8 1.966 5% 10 3.118 3 0.353 0% 10

MFEIFATLF T, TCNEEZAEMAENMRERS bR
AR T H A PR, AR 3 R AN TR
A TB] )R FIMAEX(E 43514 1.606 4 MW 2.094 0 MW

F12.880 6 MW, MREXJ{H5341°50.209 9X 107, 0.448 6
X 107°111.159 8 X107, HH#H FLSTMAICNN-LSTMH
PR, MAE$RTFEEL.5%LL F, MREHRTHEY
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H5E U 7 3 AN ] B[] RUBE T T 245 S A MR E 34 {8 43
°70.085 2107, 0.299 1X10°F10.641 6 X107, I
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Fig.5 Prediction curves of the combined VMD model of two wind farms
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Table 2 Predictive performance metrics of combined VMD model
e . TFRF LR AR E IR
T 18] I=
IMAE/MW IMRE PMAE PMRE IMAE/MW IMRE PMAE PMRE
15 min 0.368 3 0.470 7X 107 78.2% 82.0% 04515 0.745 6 X 10 73.8% -5.1%
VMD-LSTM
M, 30 min 0.539 6 0.740 3 10” 74.0% 75.4% 0.481 6 0.2233X10° 78.4% 66.5%
1
1h 1.1332 1.013 8Xx 107 59.0% 71.1% 0.9317 0.8337X10° 72.5% 74.4%
VMD-CNN 15 min 0.817 4 0.445 9% 107 40.0% 67.3% 0.784 8 0.096 3x 107 79.3% 97.4%
LSTM 30 min 1.2312 1.5812X107 74.4% 67.2% 1.1752 0.2378X10° 48.0% 72.4%
M,
(M) 1h 1.8362  32236X10°  52.1% 15.9% 1.369 5 0.9915X10°  62.9% ~15.4%
15 min 0.272 6 0.1118X10? 82.8% 59.5% 0.277 3 0.058 6X10° 83.0% 59.1%
VMD-TCN
M) 30 min 0.456 6 0.5259% 107 77.6% 19.4% 0.3216 0.0723%10° 85.0% 70.4%
1

lh 1.0423 1.161 0% 107 60.6% 41.0% 0.544 1 0.122 1x10° 82.6% 65.4%
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Table 3  Predictive performance metrics of VMD-TCN-AMS-TCN model
) TTWFERE ARG EEXE
REY i 1) R BE
IMAE/MW IMRE PMAE PMRE IMAE/MW IMRE PMAE PMRE
15 min 0.0169 0.073 9%10° 93.8% 33.9% 0.068 9 0.030 5%10° 75.2% 48.0%
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Fig. 6 Prediction curves of VMD-TCN-AMS-TCN model of two wind farms
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Fig. A1 VMD of wind power sequence of wind farm in Hexigten Banner, Inner Mongolia
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Fig. A2 VMD of wind power sequence of wind farm in Shuangzitai, Liaoning





