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Table 1 Comparison of prediction accuracy of EPISODE in

different window

st [) 7 11 MAPE/% RMSE/MW
M=7 1.5234 165.7249
M=14 1.3993 112.493 8
M=21 1.0115 81.246 0
M =28 1.3053 115.563 7
M =30 1.1400 100.872 8
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Fig. 5 Prediction results of EPISODE in different windows
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Table 2 The comparison of EPISODE and baselines

methods on prediction accuracy and test time

Tk MAPE/%  RMSE/MW B ] /s

EPISODE 1.0115 81.246 0 0.2953
Attention-LSTM 2.7877 233.0022 0.7178
FOMNN 2.1967 194.704 7 0.3050
GRU-NN 6.2449 472.8429 0.762 4
Dropout-ILSTM 55497 392.077 4 0.9222
Attention-BiLSTM-LSTM 2.198 4 194.7577 1.509 4
CNN-BIiLSTM 41792 4225311 2718 1
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Fig. 6 The load prediction results of EPISODE and baselines
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Table 3 Comparison of prediction accuracy between

EPISODE and derivations

i MAPE/% RMSE/MW
EPISODE 1.0115 81.246 0
EPISODE_ NoSE 1.4542 123.208 9
EPISODE_NoGRU_Skip 1.6223 168.620 0
EPISODE_NoAttention 1.6427 188.648 5
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Fig. 7 The load prediction results of EPISODE and derivations
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Fig. 8 Sensitivity experiment results with different feature

extraction layers
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Periodic pattern-enhanced multi-view short-term load prediction

SU Wei', XIAO Xiaolong, SHI Mingming, FANG Xin, SI Xinyao

(State Grid Jiangsu Electric Power Co., Ltd. Research Institute, Nanjing 210000, China)

Abstract: Short-term load prediction is essential to ensure the proper operation of the power system. The

existing efforts have two limitations: lack of mining the dependencies between features and ignore the periodic pattern

of load changes. To solve the above limitations, we propose periodic Pattern-enhanced Multl-view Short-term power

load prediction nEtworks, dubbed EPISODE. The framework includes two core components: a multi-view feature

learning component and a periodic pattern-enhanced load prediction component. The former aims to effectively

extract static features and time series features to obtain enhanced feature representation; the latter is to perform general

time series mining and periodic time series mining to obtain comprehensive historical feature representation. The

combination of the two aforementioned qualities results in the realization of the short-term load forecast. Extensive

experiments have been conducted on real-world datasets, and the experimental results demonstrate the superiority of

our proposed method.

Keywords: periodic pattern-enhanced; short-term load prediction; feature squeeze and excitation; gated

recurrent unit; attention mechanism
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