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A multi-granularity electrical load forecasting model based on
kernel extreme learning machine

CUI Jiao', WEN Yuxing', YU Yongsheng', OU Yugiao', CHEN Meng', GU Ziwen*
(1. Kunming Power Supply Bureau, Yunnan Power Grid Co., Ltd., Kunming 650011, P. R. China;
2. College of Electrical Engineering, Hunan University, Changsha 410082, P. R. China)

Abstract; The load data of distribution transformer area not only exhibits autocorrelation as time-series data
but also shows non-stationarity due to the influence of environmental factors. Therefore, the prediction
accuracy is not only related to the structure of the prediction model but also related to the time series
characteristics of the input data. In order to improve the prediction accuracy of the model, this paper
proposes a multi-granularity load forecasting model based on chaotic time series analysis and kernel extreme
learning machine. To deal with the non-stationary characteristics of the load data, the non-stationary
original signal is converted into a series of relatively stable sub-signals through the variational modal
decomposition algorithm. Regarding the autocorrelation characteristics in the load data, the chaotic time
series analysis method is used to solve the size of the time window of each modal when the modal is input
into the prediction model. By constructing a forecasting model based on multi-granular kernel extreme

learning machine, the adverse effects of non-stationarity and autocorrelation in the load data on the load
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prediction are reduced, thus improving the prediction accuracy of the model. The results show that the load
forecast accuracy is affected by the size of the time window of the input data, and the optimal time window
for different modal components is different. The chaotic phase time series analysis method can estimate the
optimal time window size of each modal component, effectively improving the prediction accuracy of the
kernel extreme learning machine.

Keywords: load forecasting; time series analysis; variational modal decomposition; extreme learning

machine; smart grid
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Fig. 1 Relationship between the prediction quality and the size of the input load-time window
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Fig. 2 Relationship between prediction quality and the size of input temperature-time window
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Fig. 6 Prediction results of each model when the prediction step is 1
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T VA 46 B RMSE "y MAE™y R
MG-KELM 103.32 74.57 0.9841
KELM 164.83 114.82 0.9595
MG-LSTM 135.04 92.69 0.9728
LSTM 184.57 133.83 0.9492

LRy 7 W A AR TN 25 R P AR AR SR 4 B W sh U 24 h j9EERANIE 7 Fros . R
4 WAL B T 2 AR 3G O 25 AR A FIUIORS BE XA R WL B2 MG-LELM Al MG-LSTM $# {R £5 545 /Y
T B WS 7 R AR TR ST KA I B i it B 2 ELML A5 IR G A KOs I S 22 Sl ORG LSTM
Ji iy B T A B SRR SRR (B 2% I 2 9 0 £ B AH 22 82K s MG-ELM Al MG-LSTM A X5 st 97 i 2
AL F S B4 B DR/ D BT /NI . 2 WD A 3 S O i B 1 R D R R 03 A O 0 L B X
G RO HEAT 22 KL B2 ) I PP R AR AL B RE 5§ T ISR B Y 22 25 K U0 RS B2
R4 BT KA 7B BREMR BRI EE
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Fig. 7 Prediction results of each model when the prediction step is 7
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