$£51%5 F28/2025 2 B/HENTRE ARILX

ETUHTZOESOMBEREFZINSHEZHE AR TN

BN ARG SRR AR R XS, R, A5 47
Chfg s Ty R 2 00 5 4 Bl Be » 13 201306)

O BRGS0 i A TR B AR 7 A A i R P KA R A i ) — T e A A S 0 i
(VMD) | 5 R 25 W 48 (CNND FE 725 K- 4 13042 (Mogrifier LSTM) W45 1) 2 K £ Jp fa fap W 07 5. & 5%, 1a
FHIRRAE A R L (SSA) X A8 L8 3 AT DAk 45 BB RO 10 43 1 7 91) o AT R85 071 ey 5000 M 7 X 10000 K
£ B SR 5 LUK, 434125 DR 2R 0T 7 A S0 149 5% e AT 3L o A1) P R 2R b A G 22 0 45 5 i R 22 5 97 A 22 () A AR DG
SR TCARFRAE » KR FEARB AR R AE A A A3 s B R A L\TN%Eﬂ%ﬁﬁi’fh/\ﬁ@:ﬂ’]ﬁﬁ”ﬁﬁﬁ( B R
%':,F SR EE 5 A F) CNN-Mogrifier LSTM W& W 28 A5 R b, 38 17 CNN-Mogrifier LSTM 5 B W 255455 Y BN 2035
T4 B, B e J W A fr ORGSR R %%ﬁﬁﬁﬁ%.?%ﬁﬁﬁ?ﬁ@'*%ﬂﬂﬁiﬁaﬁ?ﬁﬁﬁﬁﬂ
féﬂl?ﬁ{ﬂ" R 5 AL VMD-CNN-Mogrifier LSTM #ERIAH L , 78 B8 073 T FH B S50 4 0 RS 40 51 32 71 0. 5
A 2.4 A 53 A S JEIBTH g 0 AT T A — AR A T 0 A e
SRR B far RO 5 JRRAE 8 R B s AR AR A 5 1 I 101 HQ% FHE AT
hE 4SS . TP399 XERARERRD: A DOI: 10. 19678/]. issn. 1000-3428. 0069241

Multi-factor Power Load Forecasting Based on Improved*Variational Mode
Decomposition and Deep Learning

LAI Xiaoling, HE Manman”® , HU Wei, ZHANG Yi, DU Puliang, LIU Rui, SONG Xiaotong, ZHENG Tingting
(School of Economics and Management, Shanghai University“of Electric Power, Shanghai 201306, China)

[Abstract] To address the problems of low accuracy and. latge noise of load data in traditional power load
forecasting methods, this study proposes a multi-factor power load forecasting method based on improved
Variational Modal Decomposition( VMD) , Convolutional Neural Network (CNN), and deformed length short-
term memory network(Mogrifier LSTM). First,\the Sparrow Search Algorithm (SSA) is used to optimize the
VMD and obtain the decomposition subsequénce with"the best effect, which effectively reduces the influence of
load data noise on the prediction accuracyi®Second, the influence mechanism of each factor on load prediction is
analyzed, the correlation between eachyinfluencing factor and load is derived using the Pearson’ s correlation
coefficient, and redundant features are removed, which greatly reduces the probability of model inaccuracy.
Finally, a CNN is employed to extraet feature vectors. The decomposed load data and feature data such as
temperature and humidity are fed%into the CNN-Mogrifier LSTM deep network model. The feature data are
analyzed in multiple dimensions. in this model to improve the short-term load prediction accuracy. The results show
that the multi-factor power load prediction model proposed in this study has good adaptability and prediction
effects. Compared with the suboptimal VMD-CNN-Mogrifier LSTM model, the prediction accuracy of the
proposed model on two real datasets is improved by 0. 5 and 2. 4 percentage points, respectively, which provides a
feasible solution for short-term power load forecasting.

[Key words]) load forecasting; Sparrow Search Algorithm (SSA); variational mode decomposition; Long Short-
Term Memory(LSTM) network; correlation analysis
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SRAF I [i] HEEIEI RS /min - fRegia)E/C REEE/C FHRE/C MR CEED/%RH R E/mm B/ MW
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Table 3  The results of the evaluation index of the ablation experiment
i) R? MAPE/ % MAE/MW RMSE/MW
SSA-VMD-CNN-Mogrifier LSTM (A SCHE ) 0. 983 0. 87 54. 27 70. 59
VMD-CNN-Mogrifier LSTM 0.978 4. 61 269. 47 344. 34
CNN-Mogrifier LSTM 0. 820 11. 40 739. 21 994. 57
Mogrifier LSTM 0.526 23.77 1 360. 31 1613. 53
LSTM 0. 374 31.19 1 600. 28 1855. 75
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Table 4 Evaluation index results of comparative experiments of composite models
A R* MAPE/ % MAE/MW RMSE/MW
SSA-VMD-CNN-Mogrifier LSTM (A SCARETD 0. 983 0. 87 54. 27 70. 59
EMD-CNN-Mogrifier LSTM 0. 969 4. 66 299. 69 412. 02
SSA-VMD-CNN-LSTM 0. 968 4. 82 279. 10 352. 32
VMD-CNN-LSTM 0. 948 8. 98 411. 36 534. 29
CNN-LSTM 0. 494 25.91 1 428. 20 1 667. 86
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Fig.9 Comparison of prediction curves of combination model comparison experiments
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Table 5 The evaluation index results of the comparison experiment of four models

| R? MAPE/ % MAE/MW RMSE/MW
AR AY 0. 983 0.87 54,27 70. 59
VMD-LSTM-LightGBM 0. 966 5.74 329. 56 432. 86
VMD-CNN-GRU-Attention 0. 958 6.53 389. 82 526. 35
CNN-BAS-GRU 0. 934 10. 21 548. 03 852. 73
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Fig.11 Comparison of prediction curves for robustness verification experiments
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Table 6 Evaluation index results of generalization

ability verification

il R? MAPE/% MAE/MW RMSE/MW
ZRICABE T 0. 984 0. 90 80. 83 102. 17
VMD-CNN-

0. 960 1. 69 156. 47 200. 73
Mogrifier LSTM
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MNASEIRY 8 2 5 ik LA K 0000 P 8] 5 5 T % Py i
BRI R AR AT 0 A7 o BT B R S DA
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XA E AT P R HEAT Al . ¥ 20 1 R 2 i

TR B 1) % He 25 SR 7 FoR . R 7 Al A
P 2 80 &5 o 104, 28 X 10°, 43 [ T SSA-VMD-
CNN-LSTM & #1 , S5m0 /0 T 519. 17 X 10° ; 4
fi 5 CNN-Mogrifier LSTM fl EMD-CNN-
Mogrifier LSTM {92 50 s 88 M. 7 4h, B AR
AR SCBE Y ) 2 8 i i 8 KT Mogrifier LSTM 5
BPNN, {H J& Mogrifier LSTM 5 BPNN %% f4 ] 5,
TCE I 2 S B B oy 00 ) 7 B XS A AR R s AT
1R.2 K4 KU 8 K96 NRFES /T B IT
B[] R AT 48 31, W] 60 AR ST B A5E 78 58 A7 s ]
— a5 (HJR S As AT I () A AR AU 22 RO K TERE AT
ST B ATEER AT LA e AR 8 T 45 R . AR
A SRR T — 2 1Y TR, (H U HLAE B far
TIUIRS BE 7 1 A0 15 2 PR .
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Table 7 Comparison results of model parameter quantity and time overhead

AN RISRAFE 45T B T B 17 /'

| ZH0/10°
1K 25K 4K 8K
AR 104. 28 2.71 5. 46 10. 75 21. 22
CNN-Mogrifier LSTM 103. 92 2488 5. 67 11. 04 21. 87
Mogrifier LSTM 78. 95 5.12 10. 40 20. 65 42.73
EMD-CNN-Mogrifier LSTM 104. 93 2.61 5.03 10. 36 20. 64
SSA-VMD-CNN-LSTM 623. 45 0.76 1.42 2. 84 5.63
VMD-CNN-LSTM 623. 66 0. 62 1. 36 2.73 5.31
CNN-LSTM 623. 09 0.71 1.31 2. 62 5. 30
BPNN 25.70 0.11 0. 20 0. 36 0. 66
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