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Power load forecasting based on SMD-Informer-BiLSTM
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Abstract: To address the limitations of traditional methods—such as inadequate feature extraction and insufficient
nonlinear processing capability in single deep learning models—this paper proposes a novel power load forecasting
model integrating secondary modal decomposition (SMD) with Informer-BiLSTM. First, complete ensemble empiri-
cal mode decomposition with adaptive noise (CEEMDAN) combined with wavelet thresholding is applied to denoise
the raw data. Next, variational mode decomposition (VMD) decomposes the raw data into a set of highly stable
modal components. These components are then processed through a parallel network architecture comprising In-
former and BiLSTM to capture long-term trends and short-term fluctuations in the load data set, respectively. Fi-
nally, the outputs of both networks are fused to achieve more accurate forecasting. The proposed model is validated
under multiple scenarios using two distinct load datasets. Results demonstrate that the model significantly improves
forecasting accuracy and generalization capability, providing reliable data support for optimized power system sched-
uling.
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Fig.4 Structure of the power load forecasting model based on secondary modal decomposition and Informer-BiLSTM
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Fig.8 CEEMDAN decomposition results of the second dataset
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Table 7 Central frequencies of the first dataset

k)2 IMF1 IMEF2 IMF3 IMF4 IMF5 IMF6

1 5.52E-05

2 6.22E-05  0.278

3 6.22E-05  0.144 0.289

4 6.21E-05  0.140 0.280 0.416

5 4.01E-05  0.028 0.143 0.285 0.428

6 3.86E-05  0.024 0.141 0.284 0.186 0.428
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Table 8 Central frequencies of the second dataset

k)2 IMF1 IMEF2 IMF3 IMF4 IMF5 IMF6

1 5.65E-05

2 6.65E-05  0.296

3 6.63E-05  0.264 0.326

4 6.35E-05  0.250 0.320 0.473

5 4.05E-05  0.038 0.184 0.285 0.542

6 4.15E-05  0.028 0.172 0.276 0.342 0.542
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Fig.9 Secondary modal decomposition results of the first da-

taset
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Fig.10 Secondary modal decomposition results of the second
dataset

34 SRS

AR S S 3 TR P Ry 7840 B AR TR A A v
KGR R, BT T 4 4B ISR, il
R SRR W RSB | RO RRAE S0 B X BE S
B RS SO RS IG D R AR TR B A X B S
B, 38 AN ] S 58 SRS IR S SR P B

Xof HE A2 56— 1 H B A e A AR 1 Bt S 8K
o SLRHE T HSEORILR N, a4 AR
TR A S BT B RIME BE A S R . i AR
Y AT AR KOS K, MERESRTHA R, (H
B RS B RN SR S H R R E B
LS E, B Z R R PR B ) fe 4k
SRS BN & S B PLE . BRSNS RIE
gk R, RAFAMERSEECE, sl
YRAE | B USRI SR AR 1 RE I 15 21 B S AR T
S—ABREETENL S, M4 RMSE (7 iR
2L 12.8%; BB IREEENE, MilE
RMSE FEAI% 15.3%0, FBIAR SCSCI0 T ik B 1 S 5L
B 5 v 0 A B R () 3 P B R T

X HRSIZ0 5 H 1) Sk 55 IF d e R X
G far PO (R 0B, BT XL B4, 4 AT
R I e SRR A 0 IR S 8G . 5 — B4 7S



64 iz k2

Moz tE s, A% RMSE FFH9.7%, Hi114.82
F 2 125.97, MAPE (CCF2#148 %0 A 7 ik 2 ) H
4.143% F+ 2 4.589%; 5 A BAREFRL BRIZFRE
Ja, M4 RMSE E I 10.3%, w4214 J+ &
46.59, MAPE 1 5.620% F+ % 6.217% . %45 FIE
A B e TR B e R A T 1) S B PR 2R

x99 RASBARWIELER
Table 9 Validation results of the optimal parameter combi-
nation

M SR Ygde  GursgE MhgE i{ll%ﬁq‘
RMSE/AW RMSE/KW RMSE/AW [ill/min
B4 WIRRE 95.53 113.42 131.76 342
Bl WtERE 8342 105.64 114.82 245
W WIRICE 32.71 45.63 49.74 456
BoEE  JRURRE 2157 32.99 42.14 372
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Fig.11 Comparison of forecasting results from three modal
decomposition methods for the first dataset
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Fig.12 Comparison of forecasting results from three modal
decomposition methods for the second dataset
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Fig.13 Comparison of forecasting results from different
models for the first dataset
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Table 10 Comparison of forecasting accuracy of three
modal decomposition models for the first dataset
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Table 11 Comparison of forecasting accuracy of three
modal decomposition models for the second dataset

MAPE  RMSE MAE

£ PR R
1% kW kW
1 Informer-BiL.STM 32451 115.63 176.84 0.794

2 VMD-Informer—BiLSTM ~ 23.425 96.65 143.62 0.823
CEEMDAN-VMD-
Informer—BiLLSTM

5.620 42.14  31.11  0.957

MAPE  RMSE MAE

s TR R
1% AW kW
1 Informer-BiL.STM 27342 775.64 57698 0.827

2 VMD-Informer-BiLSTM  16.713  726.65 543.72 0.853
CEEMDAN-VMD-
Informer—BiLLSTM

4.143 11482 8237 0.952
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Table 12 Comparison of forecasting accuracy of different
models for the first dataset

MAPE RMSE MAE

Fr5 T AR R’
1% kW kW
1 BiLSTM 57.852 978.66 872.97 0.764
2 Informer 55.113  926.61 842.71 0.782
3 VMD-BiLSTM 39.264 921.52 712.84 0.791
4  CEEMDAN-VMD-BILSTM 35.147 913.47 69433 0.796
5 Informer—BiLSTM 27.342 775.64 576.98 0.827
6 VMD-Informer 26.812 764.34 563.45 0.839
7  CEEMDAN-VMD-Informer 25.337 746.79 527.61 0.859

CEEMDAN-VMD-
Informer—Bil.STM

4.143 11482 82.37 0.952
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Table 13 Comparison of forecasting accuracy of different
models for the second dataset

MAPE MSE MAE
FB H b HMs ®
1% kW kW

1 BiLSTM 55.862 24578 257.53 0.708
2 Informer 48.224 235.18 232.15 0.713
3 VMD-BIiLSTM 42752 198.33 189.92 0.742
4  CEEMDAN-VMD-BIiLSTM 40.365 195.34 184.33 0.768
5  CEEMDAN-VMD-Informer 39.875 190.75 180.42 0.734
6 VMD-Informer 38.544 183.02 178.53 0.782
7 Informer-BiLSTM 32451 115.63 176.84 0.794

CEEMDAN-VMD-

Informer-BiLSTM

5.620 42.14 31.11 0.957
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