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Electricity price forecasting based on EEMD, SVM and ARMA combination model
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Abstract: With the continuous deepening of China’s electric
power system reform, as a major participant in the electric power
market, the main way for electric power company to profit is to buy
electricity from the electric power market and sell it to users. There-
fore, accurately predicting the change trend of spot market electrici-
ty price is an important guarantee for electric power companies to
reduce the risk of electricity buying and selling. For this purpose,
based on the characteristics of electricity prices in the spot market,
composite prediction models is proposed based on integrated empir-
ical mode decomposition (EEMD), support vector machine (SVM)
and autoregressive moving average (ARMA). Firstly, EEMD is used
to decompose historical data into a series of relatively stable compo-
nent sequences. Secondly, the SVM optimized by genetic algorithm
(GA) is used to predict the high-frequency components, and the au-
toregressive moving average model is used to predict the low - fre-
quency components. Finally, the final prediction result is the sum
of the predicted results of each subsequence. The prediction is
made using real data from American electric power companies and
compared with other models. The numerical results show that the
forecasting accuracy of the proposed model is higher.

Key words: electricity price forecasting; integrated empiri-
cal modal decomposition; support vector machine; autoregressive

moving average model
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Table 1 Comparison of prediction results of three models

SIL/MW
VN i GA-SVM  ARMA-GARCH
H 1
vape APE yapgp APE yapp  APE
(max) (max) (max)

11 H24H 0.020 4.950 0.063 18.525 0.088 18.122
11H25H 0.039 6.197 0.063 14.691 0.070 15.072
11H26H 0.019 5.869 0.083 28.031 0.128 42.534
11 H27H 0.035 8719 0.114 44.488 0.128 50.876
11 H28H 0.024 8410 0.201 42.431 0.144 56.041
11H29H 0.021 5.731 0.195 30.723 0.272 49.817
11H30H 0.013 3.262 0.070 18.841 0.086 24.903

FH & 1 a] 0, A SO AL ) MAPE T APE BH & /)y
T ARMA-GRACH F1 GA fft fk SVM 2 4~ % LA 71
ASCHY A AR TN AR 1 245 R APE #F4E 10%
PIF (E R e VL APE LY K3 15% ~ 45% 2
(] , 5% 2 I8 Bl AFRE 8 K, T ERF ] 13 371 390000 25 2R APE,
B, HE 51K 56.041%

TSR T iR 2 A TR 2 , 2% 2
FIEI 6 451 24 H 24 B ZI BN A5 SR . iR 2 FIEl 6
AT LAt AR SO R0 B8 v T 0 AR AR, A S
TP T B R B 220 R TR 0 LS LAY, HLAPE
JUAF- 554 I 20 8B 2 e /N B /N R - 16:00,
HA0.163% , e RIAL H A 4.950% . B eSE % 7E
12:00 ~ 15:00 B 00 45 SR 158 22 35 K, APE 23K 15%
ZeA7 (B2 ARMA-GARCH R HI7E 9:00 ~ 16:00 H,
Wi slidse/INsE, 0 S A R TR

£R2 11 24 BEMFANRTEE

Table 2 Comparison of electricity price forecasting on

November 24
FEITMW
B ARSCREA] GA-SVM  ARMA-GARCH
2] : - -
WAy  p' APE/% p' APE/% p'  APE/%

0:00 3271 31.35 4.172 30.92 5.486 28.24 13.680
1:00 31.60 30.47 3.574 3134 0.818 27.78 12.076
2:00 31.06 29.84 3.941 29.02 6.559 27.40 11.791
3:00 30.94 29.41 4950 2825 8.699 25.57 17.372
4:00 30.71 29.28 4.667 28.68 6.612 25.14 18.122
5:00 31.62 30.54 3.412 30.85 2434 27.43 13.239
6:00 33.08 31.71 4.139 30.80 6.898 28.93 12.537
7:00 3432 33.44 2.568 32.53 5.203 29.53 13.954
8:00 36.23 35.85 1.046 36.07 0.444 35.66 1.578
9:00 36.76 36.62 0.385 38.28 4.138 40.04 8.916
10:00 37.28 37.15 0.361 38.43 3.092 39.65 6.364
11:00 35.50 35.36 0.404 3841 8202 37.64 6.018
12:00 33.57 33.38 0.554 38.25 13.948 35.94 7.054
13:00 31.96 31.89 0.230 37.88 18.525 32.27 0.985
14:00 31.40 31.11 0922 36.66 16.738 31.99 1.891
15:00 31.32 30.96 1.160 36.24 15.698 34.07 8.785
16:00 35.79 35.73 0.163 38.18 6.671 39.83 11.284
17:00 45.30 4549 0.414 4449 1.798 4297 5.151
18:00 41.11 41.25 0.351 39.98 2.757 42.02 2.208
19:00 37.18 36.95 0.606 3823 2819 39.67 6.695
20:00 35.26 35.18 0.217 37.93 7.562 39.36 11.621
21:00 33.88 33.34 1.585 35.11 3.629 3245 4.221
22:00 31.26 29.89 4.376 31.89 2.028 28.56 8.622
23:00 30.67 29.57 3.581 30.55 0.408 28.51 7.059
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Fig. 6 Comparison of electricity price forecast

on November 24
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