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Fine recognition and prediction of resident load pattern based
on BIC criterion and weighted Pearson distance
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(1. College of Automation Engineering, Shanghai University of Electric Power, Shanghai 200090, China;
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Abstract: Aiming at the problem of clustering analysis and prediction of residential daily electricity load, a prediction framework based
on the fine classification of residential power load patterns was proposed. In order to improve the quality of features used for cluster
analysis, feature selection was first implemented based on BIC criteria. Then, the CFSFDP algorithm based on weighted pearson distance
is used to realize the accurate identification of the shape of the residential electricity load curve. Next, the LSTM prediction network is
improved by a fusion activation function method. Finally, the improved LSTM network is used to predict the finely classified residential
power load patterns. The experimental results show that the forecast error index obtained by the method proposed is MAPE=6.6792%,
which improves the quality of load forecasting and has a good effect in the forecast of residential electricity load.
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Fig. 1 Framework of fine-grained identification and

prediction for residential electricity load
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Table 1 BIC value and correlation coefficient calculation results of characteristic indicators
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Fig.2 Eight daily load curves
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Table 2 K-means clustering results based

on Euclidean distance
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Fig.3 K-means clustering curves based

on Euclidean distance
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Table 3 K-means clustering results based
on Pearson distance
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Fig. 4 K-means clustering curves based on Pearson distance
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Table 4 CFSFDP clustering results

based on pearson distance
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Fig.5 CFSFDP clustering curves based on Pearson distance
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Table 5 CFSFDP clustering results based on

weighted Pearson distance

il IR RS PO IR B s
= 1 2 3 4 eS|
1 0.0049  0.0566 0.2420 1.4586 1
2 0.0041  0.0515 0.2405 1.4666 1
3 0.0681  0.0023 0.2871 1.5853 2
4 0.0596  0.0041 0.2799  1.5783 2
5 0.6208  0.5779 0.2136  0.7720 3
6 1.435 1 1.5862  0.9496  0.1017 4
7 0.2275  0.2807  0.0038  0.9567 3
8 1.3717  1.4848  0.8522 0.0737 4
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Fig. 7 Residents load forecast results of one week
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