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Fig. 2 Ablation test based on DA-LSTPNet
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Table 2 Comparison of simulation results of typical
months in summer and winter with model ablation test

HETH K712 H
LAY RMSE/ MAPE/ ##fi RMSE/ MAPE/ i
MW % /% MW % B/ %

DA-LSTPNet  96.30 3.27  96.01 64.08 2.57  96.97
SA-GRU 104.50 3.64  95.60 79.39 3.20  96.29
SA-CNN 117.94 417  95.03 91.19 3.38  95.52
MZE GRU 138.89  4.59  94.65 83.39 3.29  95.93

R3 HEEEMIBRTTIZERANHESERI
Table 3 Comparison of simulation results from July
to December with model ablation test

i RMSE/MW  MAPE/% e/ %
DA-LSTPNet 92.70 3.44 95.97
SA-GRU 106.88 3.95 95.44
SA-CNN 111.19 4.18 95.01
XJZ GRU 112.86 4.10 95.09
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Fig. 3 Forecast comparison of several consecutive typical
days in summer
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Table 4 Comparison of simulation results of typical
months in summer and winter with different models

CEVE K712 H
F 8 RMSE/ MAPE/ #iffi RMSE/ MAPE/ ##f
MW % o E/Y% MW % o E/%
DA-LSTPNet  96.30  3.27  96.01 64.08 257  96.97
TCN 106.34  3.60  95.70 67.63  2.72  96.80
LSTNet 105.19  3.59 9554 64.71 269  96.86
Lightgbm  137.89  4.80 94.26 73.21 291  96.59
CNN-LSTM 108.96  3.87 95.36 85.86  3.36  96.07
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Table 5 Comparison of simulation results and
training prediction time from July to December
with different models

i RMSE/ MAPE/ WERR IR T e
MW % /% f|/s  IE/s
DA-LSTPNet 92.70 3.44 95.97 724 11
TCN 103.06 3.94 95.33 787 7
LSTNet 100.74 3.76 95.58 871 11
Lightgbm 118.00 3.92 94.77 8 1
CNN-LSTM 108.03 3.95 95.27 625 8
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Short-term Load Forecasting for Regional Power Grid Based on Virtual Similar Days and Dual-stage

Attention-based Long and Short Time Pattern Network

LI Bin, GAO Feng
(Key Laboratory of Guangxi Electric Power System Optimization and Energy-saving Technology

(Guangxi University), Nanning 530004, China)

Abstract: A regional short-term load forecasting method based on virtual similar days and dual-stage attention-based long and short
time pattern network (DA-LSTPNet) is proposed for the demand of the refinement of short-term load forecasting. To obtain the
fine-grained real-time meteorological data matching the load, a meteorological virtual similar day containing fine-grained
meteorological data is firstly obtained using gray correlation and correlation weighting method based on the coarse-grained
meteorological data. Then, the maximum information coefficient (MIC) is used to analyze the nonlinear correlation between
meteorological feature information and load. And the MIC-weighted selection algorithm for the load virtual similar day is
constructed to solve the problem of excessive local similarity or even non-similarity caused by selecting historical days as traditional
load similar days. Finally, in order to address the problem that the relationship between characteristic factors and local load fine-
grained variation, the DA-LSTPNet 1s constructed to effectively explore the characteristics of long-term macroscopic and short-
term local variation of load feature data for the day-ahead short-term load forecasting. Based on the actual load data of the power
grid in a certain area of southern China, the various forms of simulation are used to demonstrate the higher prediction accuracy and
universality of the proposed forecasting method.
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