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A load forecasting method for industrial customers based on the ICEEMDAN algorithm
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Abstract: The load of industrial customers usually contains various types. This leads to a complicated load structure and
an inevitable composition of large impact loads. Traditional load forecasting methods find it difficult to accurately
forecast these sudden changes in load patterns, resulting in low forecast accuracy. To improve load forecasting, an
improved complete ensemble empirical mode decomposition with adaptive noise (ICEEMDAN) based method is
proposed for industrial customers. It decomposes the load of industrial customers into different components in terms of
frequencies and forecasts them separately. First, the ICEEMDAN algorithm decomposes the load into high and
low-frequency modal components. The local mean is introduced to replace the modal estimation. This avoids the
influence of Gaussian noise on modal decomposition, and improves on mode mixing in the traditional modal
decomposition method. Secondly, long short-term memory (LSTM) and least squares support vector regression (LSSVR)
algorithms are adopted to establish the forecasting models of high and low-frequency modes. Finally, the forecasting
results of each component are superimposed and reconstructed to obtain the final load forecasting. Compared with
multiple traditional methods such as the single forecasting and other combined forecasting methods, the mean absolute
percentage error (MAPE) of the proposed method is decreased by 26.35% and 12.75% respectively, thus it has the highest
forecast accuracy among them.
This work is supported by the Science and Technology Project of State Grid Corporation of China (No. 522730191002).
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Fig. 1 Decomposition results of ICEEMDAN
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Fig. 3 Flow chart of this paper

2 BHIoHh

2.1 HHEKIR

AT PG A X HE 2 T A e B A T S
ST, SREERTE DN 2019 4 12 A 27 H—2020 4 1
H 19 H, XFEEFE A 15 min, 3E 2 270 MG %
Bl fERATOIERT, AXCEZHEIEET T
ARBR,  FeBR T ZE ORI B R AR AT T
Ao ) g 2R W 4 BR .

50 100 150 200 250 300 350 400 450 500 550
B[]/

4 KTl FrY S farihsk
Fig. 4 Load curve of an industrial customer



.40 - SRR R

HE 4 FTAE Y, ZTAmsdE S aEE
o e s, JF Hies ZR00. BEhBONRIRY,
USRI Z A AT HEAT LA TN, 2 S EHIARCRAEE
JIT AR P 70— 000N — FE A P 5 2 Ox 2% Tl 47
AT T o

2.2 AN

A 24 ICEEMDAN BE40 R 5 &
S E(MP) A E(Res) WK 5 s, Hd g
NTRALTR J5 A7 E 2R, IMFL—IMF9 Ry 7 fift i A
BoraE, Res NiZMATHMRR &,

fi

5 At A e A M A M M AL A M AL A M Mot

20
0 WMMWWWW‘H
-20

10
oMWWMMMWMWHwwwwWMWWHMM¢4WWWmWMNW4MWWWM%Mmmww
-10

10
OWWWWWWMWWMWWWWMW
-10

10
OWN\WMWNW\WJWMWWWWWW\MM\MWN
=10

20
0 WNV\/\/V\/\,\/\AWW\/\/\WV\/\/VVV\/\‘/\/\/\/W
-20

K N AVaAVAVAVAVAVAVAVAVaYaVaVaVaVaVAVAVA VAV AVAY:

Res IMF9 IMF8 IMF7 IMF6 IMF5 IMF4 IMF3 IMF2 IMFI

1
50 100 150 200 250

E 5 @RS MRERINTE
Fig. 5 Decomposition results of industrial load using ICEEMDAN
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Table 2 Forecasting results of different methods
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