F496 F 11
2025 F 11 H

CIN CE 5 NS

Power System Technology

Vol. 49 No. 11
Nov. 2025

XEHS: 1000-3673 (2025) 11-4791-10

RESES: TM 721

XHEMFERD: A FRMEES: 470-40

BT ZXEM D RHEERBRN K FERC 2/ 2% aY
Wim RS T2 EE HA R 0 S far U

!, FE! xX?% ZR: FTE'
(1. HEXRFEA H5EFEEFE, WIE RAT 610039;
2. BRI ER NS RATAE L, WIE AT 610095)

Ultra-short-term Power Load Prediction Under Extreme Weather Based on

Secondary Reconstruction Denoising and BiLSTM
ZHONG Yan', WANG Jun', SONG Ge’, WU Bo’, WANG Tao'

(1. School of Electrical and Electronic Information, Xihua University, Chengdu 610039, Sichuan Province, China;

2. Chengdu Power Supply Bureau, State Grid Sichuan Electric Power Company, Chengdu 610095, Sichuan Province, China)

ABSTRACT: Extreme weather events can cause sudden
increases or drops in electrical loads, posing challenges to
power grids' stability and power supply capacity. However, the
existing ultra-short-term load forecasting methods cannot
predict the load characteristics of nonlinear and dynamic
changes under extreme weather. To cope with the problem of
the reduction of prediction accuracy caused by strong load
abruptness and severe fluctuation under extreme weather, this
paper proposes an ultra-short-term power load prediction
method based on quadratic reconstruction decomposition and
denoising and Bidirectional Long Short-Term Memory
(BiLSTM) which considering extreme weather. Firstly, the
maximum information coefficient was used to select the
climate characteristics strongly correlated with load. Then, the
features of multiple frequency bands are extracted by the
quadratic reconstruction decomposition and denoising method,
which reduces the data complexity and provides a cleaner and
clearer input sequence for the BILSTM model to improve the
model's training effect and prediction ability. Finally, based on
the historical datasets of Belgium, Fujian Province, and
Tétouan, the Mean Absolute Percentage Error in different cases
decreased to 1.024%, 0.875%, 1.270%, and 1.009%,
respectively. Experimental results verify that the proposed
method performs well and has broad application prospects
in ultra-short-term power load prediction during extreme
weather.
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Fig. A1 Entropy of the sample of the quadratic

reconstruction decomposition component
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Fig. B1 VMD decomposition results
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Fig. B2 Load data before and after noise reduction
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Fig. B3 Prediction of results by different decomposition
methods at extreme high temperatures
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Table B1 Comparison of errors of different decomposition
methods at extreme high temperatures

Model R Ermse Emag Emare PA
AT 0.983 119.601 87.868 1.024 0.990

VMD-CEEMDAN-BILSTM 0.977 137.889 102.138 1.171 0.988
CEEMDAN-BIiLSTM 0.980 128.098 97.373 1.138 0.989

VMD-BiLSTM 0.969 161.171 124.486 1.428 0.985
BiLSTM 0981 125.676 94.683 1.099 0.989
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Fig. B4 Predictions by different models at extreme high
temperatures
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Table B2 Comparison of prediction errors of different
models at extreme high temperatures

Model R ErmsE Emae Emare PA

AILTiE 0.983 119.601  87.868 1.024 0.990
CNN-BiGRU  0.979 132.007  104.435 1.231 0.988
TCN-BILSTM  0.981 125.448  94.209 1.107 0.989

VMD-TCN-
0.982 123.128  93.888 1.092 0.989
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Fig. BS Prediction results by different decomposition
methods at extreme low temperatures
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Table B3 Comparison of prediction errors of different
decomposition methods at extreme low temperatures

Model R Ervse Emae Emare PA

N IR 0.985 106.342 83.177 0.875 0.991
VMD-CEEMDAN-BILSTM 0.980 121.403 95.678 1.006  0.990
CEEMDAN-BILSTM 0984 108.146 86.110  0.905  0.991
VMD-BiLSTM 0.982 114910 90.927 0.960  0.990




BILSTM 0.983 113.731 90.113 0953  0.990
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Fig. B6 Prediction results of different models at extreme
low temperatures
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Table B4 Comparison of prediction errors of different
models at extreme low temperatures

Fig. B7 Prediction result in Quanzhou City
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Table BS Comparison of prediction errors in

Quanzhou city

Model R Ermse Emae EniapE PA
ATk 0.992  157.295 106.542 1.270 0.987
CEEMDAN-

0.990 174.241  133.129 1.640 0.983
BiLSTM

CNN-BiGRU 0990 176.844 129.673  1.651  0.983
TCN-BiLSTM  0.990  179.005 139.495  1.866  0.982
VMD-TCN-
Attentian
SRR 0990 17543 131.684  1.673 0.983

0991  171.630  124.440 1.535 0.985

Model R Ermse Emae Emare PA

AT 0.985 106.343  83.177 0.875 0.991
CNN-BiGRU  0.983 110.411 88.959 0.953 0.990
TCN-BILSTM  0.979 123.465  98.410 1.060 0.989

VMD-TCN-
. 0.984 108.986  88.184 0.931 0.991
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Fig. B8 Tétouan city forecast results
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Table B6 Comparison of prediction errors in Tétouan city

Model R Eryvise Ewmac Envapre PA
AR T5 1% 0.996 248.719  184.105  1.009  0.990
CEEMDAN- 0.994 299.443 231988 1304 0987
BiLSTM

CNN-BiGRU 0992 320376  258.693  1.549  0.985
TCN-BiLSTM  0.994 301.529  217.386 1221  0.988
VMD-TCN- 0.992 365977  268.784 1491 0985
Attentian
XTECAEAIE 0993 321.831 244212 1391  0.986




