. 4k R L G N N %48 s
%“ "’%mw er ELECTRONIC MEASUREMENT TECHNOLOGY 2025 4E 3 A

DOI:10. 19651/j. cnki. emt. 2417418

ETESSHBIREBERNEHE A ARG

Bk E4EW KGR BMHE #HAEAL
CGIH® I RKFEFR M T 341000)

OB PO GO Al A | i i S AR B BIL P AR BTG U FE A 4R IS R R AR 1 A TN 15 2 K Y [
T T Y T MR e A B 2 M RS i AR R 22 16 T A UL 1) I [ 5 AR IR - L1 I A ST SC AZ R % A D e
Ty BT T J5 i o S o B AR S AR RO 1 5 G R AR G A REAE AR L LUHI 58 R A TUAR 5 3 0 R Y T R PR S 2
SO 2 Y TS S0 SO T I Sl B R O3 Al Dby SR A S B AS AR AR 0 RN R 22 L DARRAR IR RS s T AREAC R B S A
JE R AT B4 53k A A SR T 0 AR AR B8 &k 5 SR 5 95 JF AT 00 Ii) I 1) 35 AR 00 24 2 BBOAS [) RUE 9 R AR T XL 1 K
19014 A 46 ok 570 A I 50 00 25 T A58 T JRR 8 0 AL B 06 e ol 22 0 5% 68 2 RO G 5 o5, 18 22 3 97l 3 15 22 18 IE B B X 4
G TMAE AT IE . 20 5290 46 U . 5 oAb UM A B AH H , RMSE IR 2 B AIK 51. 4296, Fe D BEAR 34. 26 %0, 46 0 T A5 40 1)
eV A O

SRR QT GO s S TR 5 3 N R AR A S A 5 AR IR 5 0L 1) I ] 5 BRI 4 5 U] K A AL s IR I R
RESES: TM7I5;TNO  XEARIREE: A EREFEEFHSERB: 470.40

Short-term electric load forecasting based on mode decomposition
and error correction

Yan Huabiao Li Dongli  Huang Lyu'e  Zhang Hangsong  Yao Longlong
(School of Science, Jiangxi University of Science and Technology,Ganzhou 341000, China)

Abstract: In order to solve the problem that the time series features cannot be fully extracted due to the characteristics
of power load, such as nonlinearity, high volatility and strong randomness, a short-term power load prediction method
based on improved complete ensemble empirical mode decomposition with adaptive noise and a deep error correction
multi-scale bidirectional temporal convolution network-bidirectional long short-term memory network is proposed.
First, the maximum information coefficient is used to select a highly relevant feature set to reduce feature redundancy.
Then, improved complete ensemble empirical mode decomposition with adaptive noise is employed to decompose the
highly fluctuating load into intrinsic mode functions with different frequencies and residual, while sample entropy is
introduced to reconstruct new subsequences with similar complexities to reduce computational load. Next, using the
optimal feature set, each subsequence is forecasted with a multi-scale bidirectional temporal convolution network-
bidirectional long short-term memory network model optimized by the sparrow search algorithm to obtain initial load
sequence predictions. Finally, the error sequence is corrected using the error correction module to refine the initial
predictions. Experimental verification shows that compared with other prediction models, RMSE is reduced by
51.42% at most and 34. 26 % at least, which verifies the accuracy and effectiveness of the model.

Keywords: electric load; short-term forecasting; adaptive empirical mode decomposition; sample entropy; bidirectional

temporal convolutional network;bidirectional long short-term memory;sparrow search algorithm
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Fig. 1 Structure of the BITCN model
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Fig. 2 Structure of the BILSTM model

2.3 SSA-BiTCN-BiLSTM # & g il 5 iR = & IE

G A RN AT s A SR R MR A E R &5 R
FA 7 07 a7 B9 0 2l A0 R AR S BT B B3 SR B A AT T
BiTCN-BiLSTM 4% g1 F JC 1% 3t 43 09 4l 3K B far 1) 3 81 R
AU 7 5 SSCTUIN RS BT I, R I 48 G AH DG MR AE 3 74 )
G140 25 FF0 11 4 2 1 000 A5 8 (SO T A A ) T (L, 22
IS TN 58 25 A B 1 B A5 L DR Lo o 1R 22 48 JE AR B ke iR
223 5N AT IE R AR T TOMORS B L BARZE R an I 3 BT
BhCf s fustosfosf D) REAN 2o finfusSonfonf 5050
I3 A ARG VA LI ) R 2B TR, AR 22 )T 8 N
iy, MEZ RE BITCN-BILSTM #2218 IE AL (error
correction model, ECM) , I 3& T 4 aif B ZI] i4) 45 11F X 2 S Bsf
Z AR 25 T8 OE L 1R 25 48 1E (8 5 00 46 B0 =2 A0 Dy i ¢
B F e . X R 3 2R A RSB K/ BITCN
FEER B AT A5 4 BU P R AT L B 5 8 5T BILSTM X £ o iff
AFTW . T 98/ T3 IR S 505 52 Nl 458 R L 1Y)
FEM (T SSA Xt bft 28 W 45 8 2 AT M4k SSA &2 —Fh
AR AR R T 225 30k 23 ],
2.4 SHBEAAEHNER SEIESR

FF T AR LR M L v U S A BE AL Y £ s TR0 R 25 R
) ] AL, 58 ) — i B A5 0 ik RN R B 1R 22 18 1E 1 BiTCN-
BiLSTM i faf 7 I 45 4 , 7 pAHE L 40 ] 4 JF 7 671 ef F50000 37

L P P A

X

X3
BNE
X/I
\
orox
BiTCN J=
RoS |
T
BILSTMZ
W
it = 1

3 BiTCN-BILSTM #5 7l i) 2% #4
Fig. 3 Structure of the BITCN-BILSTM model
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Fig. 4 Framework of short-term electricity load forecasting
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Table 2 Optimization parameters of the SSA algorithm
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{HIZ KT B 3 3 X AR AR 2 i SE 22 185 20 H7 6 22 8 B (1%
N 0.17, IMF3 1 IMF4 f§ SE {84825 0. 141, IMF5 A
Res [ SE {E #1122 0. 165 9, H B IMF3 1 IMF4 & 3%,
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Table 4 SE values of the reconstructed components
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Table 5 Model evaluation results based on decomposition

and reconstruction

. MAE MAPE RMSE R
/KW /% /KW
BiTCN 299.880  3.619 362. 678 0. 904
+ICEEMDAN 282.050  3.325 353.238 0.909
+SE 269.923  3.096 324.031 0.923
BiILSTM 133.399  1.613 180. 982 0.976
+ICEEMDAN  87. 230 1. 053 111. 787 0.991
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+SE 63.252 0.751 84. 827 0.995
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Table 6 Comparison of errors in the ablation experiment
) MAE MAPE RMSE R’
/KW /% /KW
BiTCN 184.795  2.131 247.091  0.955
+BIiLSTM 133.371  1.558 175.919  0.977
+SSA 100.893  1.173 138.499  0.986
+ICEEMDAN  76.059 0. 870 91.199  0.99%4
+SE 63.252 0.751 84.827  0.995
ECM 60. 233 0.714 78.778  0.996
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Table 7 Predictions from each model

i MAE  MAPE  RMSE .
- /MW /% /MW

TCN 0.103 1.195 0.132 0.987

LSTM 0.121 1. 465 0.162 0. 981
BiLSTM 0.107 1. 265 0.148 0.984

CNN-

. 0. 086 1.030 0. 120 0. 990
BiLSTM
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0. 095 1.123 0.128 0.988
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AR AR Y 0. 060 0.714 0. 079 0. 996
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Fig. 8 Evaluation metrics of different models for each season

xS BREBMMUER

Table 8 Prediction results of different models

o MAE  MAPE  RMSE 4

gl R?
/MW /% /MW

TCN 604.587  4.773  774.406 0. 829

LSTM 630. 867  4.857
BiLSTM 555.585  4.325

831. 005 0. 803
708. 253 0. 857

CNN- i
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ARSCHEE  175.364  1.408  226.408 0.985
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