F43E 51
2015451 H1H

R AERBEYF DL EH

Power System Protection and Control

Vol.43 No.1
Jan. 1,2015

EF EEMD-LSSVM BY#B 45 HA ta 17 7

x #, HH%

(FTHEIRFRAIELE AHhFER, TH BAFE 454000)

R AR R R EZF QLSS AR 7 L —FNEAEE R SR, Bl T AT ESZ04E
A4 (BEMD) 5 LSSVM #9284 FmAEAL . &4 F BEMD % 7 & S0 MR s — & FI AT LR P 4889 5B 55, BATET A7)
SR S AE TANARA , #— i8I M ot RSB AEZE AR AL LSSYM 49 Ak, A Mt 3038 0 T ARR R gk, EAALAR A g Afn
A, REWET /7 T4 RitAT Em R RATNME. &, HETNER R FE R a8 iy, 754

RE, FARBBRATT b — A F o e T R

KR REMAFTN; KEZRRENM, RAOZRIFGOEN NP MIER; 855

Ultra-short-term load forecasting based on EEMD-LSSVM

WANG Xin, MENG Lingling
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Abstract: To solve the problem of the uncertain parameters and the low precision of the single forecasting model for the traditional

least squares support vector machine (LSSVM), a combined forecasting model based on ensemble empirical mode decomposition

(EEMD) and the LSSVM is proposed. Firstly, the historical data is decomposed into a series of relatively stable component of the

sequence by the EEMD, and then the appropriate forecasting model is established for each component of the sequence. The

parameters of the LSSVM are optimized through the Bayesian evidence framework. Bayesian inferences are used to determine model

parameters, regularization hyper-parameters and kernel parameters. The results of each component forecasting are superimposed to

obtain the final forecasting result. Finally, a household ultra-short-term load data is used to validate the model, and the simulation

results show that this model has achieved better forecasting result than a single model.

Key words: ultra-short-term load forecasting; ensemble empirical mode decomposition; least squares support vector machine;

Bayesian framework; time series
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Table 1 Each IMF parameter values and errors

s o’ 14 RMSE MAPE
IMF1 5.020 6 99145 0.905 3 0.808 0
IMF2 3.6343 99145 0.158 1 0.199 4
IMF3 B 20.085 5 0.1220 0.050 6
IMF4 B 30.236 3 0.016 4 0.009 6
IMF5 B 30.164 5 0.004 9 0.002 9
IMF6 B 30.126 3 0.002 3 0.0147
7 B 30.133 0 0.062 4 0.008 2
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Table 2 Compared errors of three forecasting models

T 4K RMSE MAPE AE/KW Cmax

LSSVM 1.5382 0.2563 0.7752 1.046 5
EMD-LSSVM 0.969 0 0.1821 -0.0277 1.608 9
EEMD-LSSVM 0.884 7 0.162 0 -0.010 5 0.965 6
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Fig. 4 Forecasting results for three models
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