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NGO-CNN-LSTM Power Load Short-term Combination Forecasting
Model Based on ALIF-VMD Quadratic Decomposition

ZHANG Lin', GAO Sheng-giang'* , SONG Yu’, BU Shuai-yu', YU Wei'
(1. State Grid Beijing Electric Power Company, Beijing 100031, China; 2. The College of Environmental
Science and Engineering, North China Electric Power University, Beijing 102206, China)

[ Abstract] Aiming at obvious load fluctuation trend, strong randomness and low accuracy caused by unreasonable parameter values
of the prediction model involved into the power load forecasting process, a combined prediction model composing of ALIF (adaptive lo-
cal iterative filtering) , VMD ( variational mode decomposition) , NGO ( northern goshawk optimization) and CNN-LSTM ( convolution-
al neural networks - long short-term memory) was established. Firstly, CCM (convergent cross-mapping) method was used to identify
the key factors affecting the power load. Secondly, an innovative combination of ALIF, NGO-based VMD and FE (fuzzy entropy) was
employed for combinatorial decomposition and necessary recombination of original load sequence. Next, based on the modal compo-
nents generated after decomposition and recombination, combined with optimal hyperparameter combination of CNN-LSTM determined
by NGO method, an NGO-CNN-LSTM day-ahead power load combination prediction model with the high prediction accuracy, short
training time and fast convergence speed was formulated. Compared with other benchmark models, the obtained results demonstrated
that the proposed model has the better adaptability and prediction accuracy, and can provide important technical support for the safe,
reliable and economical operation of power system.

[ Keywords ] load forecasting; sequence decomposition and recombination; northern goshawk optimization; convolutional neural net-

work-long short-term memory neural network model
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Table 2 The calculated fuzzy entropy values for each
IMF component in five regions

X3~ IMF1 IMF2 IMF3 IMF4 IMF5 IMF6  IMF7
WX 1.0 1.1 09 06 0.6 0.4 0.6
WX 4.9 1.4 1.2 09 0.7 0.6 0.8
FHEX 1.7 1.0 09 0.8 0.7 0.6 0.8
WREKX 1.9 1.3 0.9 0.8 0.5 0.4 0.6
AW 1.7 09 0.8 0.7 0.6 0.5 0.7

M 2 ATLLE 45 X 0 IR 67 g 7 91 80—
WA ke HE LR 45 B O BERI (A F AE IR 22 5%
E A 5L B 3o Uil B, B A3 1 A A R B 92 T U
Mo TN A X a3t 0 52 2% A e RIVASCAS s {0 K
O N i R S N SR S N 1 = [T £
IMF1 34 BRIX A IMF1-3 435 FEE 3E XA IMF1-2
S E AT (B fl v T At 3 i, 3 B LA B B
BB S AR AR, 45 T SR A0 R B i TR
PSR RE Sy SR AR M | A XS HHE AT — R ot
2.4 ET NGO-VMD WfasEFEy ZixaHE

nETErR, T A X — R o e A5 2 8 A 51 4
T E R AR A Bm B AR B 5B E] VMD 1Y

I RASCR J2 B2 FIRAS B K B ARSI o« 932
], K A{ELAE R AT RE 7 A A5 2 TR B R 4 5 A ) M

AR, K EI N Gy il O AR . & TAES)
BT a, T H R B S i 0 58, 47 % (X
BN, R W R AE AR B R B, S BORS IR & M
2, BSR AT LA R e B SR &, A 5 i R
EEFEL i, 759 5 A4 DI I 11 0 e B &5 2%
PR 1 o ' A I AT EAUE AL 5 S —4r
wAYFEARL L, A NGO #iE VMD [ P4~ 5 58 2 44
AR A, %F 5 A X 4318 P S0 64 T IR 531t
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Table 1 The identified key factors for five target areas

X5 R TAEH R b — I 220 67 i 2 PRIRIR B i — K
IRIX 0.915 -0.013 0.579 4 0.995 1 0.601 3 0.857 3 0.465 0
X 0.928 -0.012 0.640 3 0.995 2 0.626 8 0.889 7 0.502 3
FHK 0.943 -0.005 0.601 0 0.995 4 0.590 5 0.886 1 0.487 1
HFEIX 0.922 0.012 7 0.598 9 0.9953 0.620 6 0.869 4 0.449 2
Asilx 0.922 0.014 1 0.6159 0.995 3 0.6159 0.880 5 0.5149
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Fig. 3 Schematic diagram of ALIF decomposition results in five urban areas

¥ FE Mk . www. stae. com. cn

900 1200 1500 1800 2100



2025,25(11)

TRk 45 5L T ALIF-VMD R4 NGO-CNN-LSTM i, Jj 7 7 4 151 25 & Pt s 74 4591

NGO RIS B B GO IR R R = R 5
B RIEAIREL R 20 W BB K (RS F o
1 ER S  h[4,10] F1[800,2 0007, 18 4 Fias
5 AN XK EFEETF NGO i VMD S5 St 12,
2 X B R R R 3 B AT R A RN 5 Fs, K 3
JER T RS AAS B ) 4y i A (T

W3 3 Fn , AHEST AL — RS 30 0 43
AR R T 4h 5 Zeat — R4t LA S A5 310 1 43
o OBE X ) R o e e e 850k 8 A4, Hik 4 A
DA e A A e BCh 10 A4S M (i S B AIG, e A
NGO-VMD H A5 i — 25 B A 49 £ 1 3B - Fa vk 1 £
B T A R o3 O AR Y A A R
ARSI 0 FRUIN A B2, 326 A BRI (ELVE R D I F8 A, B
— RGN IR Sy 0 o i A T A (A A R
W 4) e Zepy st 5 A BAR X0 25> FEA 43 21
NGO-CNN-LSTM T Ay

= 428
g 0.424} \
sy 0.420¢ : . . .
0 10 15 20
IERIREL
()3 X
@ 0322F
0321}
E 0320t k
gy 0319t . ; :
0 5 10 15 20
AR
QLIRS
m 0.026¢
B 0.025¢
2 0.024F
s 0.023F : : : ,
0 5 10 15 20
IEARIREL
(OES=1FY
0204
& 0.200F
20196}
010 £ ' r '

0 10 15 20
BRI
()X
@i 0.047 2
40.047 1
20.047 0
0.046 9 : : : S
0 5 10 15 20
FEIRIREL
(ALK

K4 JLrEEEAE VMD B340 S0 R E K
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Table 4 The recombination results of final

components of five districts
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Table 3 The calculated fuzzy entropy values for second decomposition components in each region

[X 1, IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IME8 IMF9 IMF10
WX 1.02 0.82 1.05 1.19 1.15 0.97 0.59 0.92 0.90 0.72
HFHIX 1.13 0.76 1.06 1.29 1.10 1.07 0.94 1.09 0.86 0.83
BIX 0.37 0.90 1.12 0.65 0.50 0.37 0.31 0.30 0.32 0.22
HFTE X 1.12 0.70 1.26 1.58 1.30 1.00 1.02 0.94
AEIX 0.38 0.46 0.39 0.40 0.27 0.27 0.24 0.24 0.39 0.45
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Fig.5 Quadratic decomposition results of complex components in five urban areas based on NGO-VMD
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Table 5 The optimal hyperparameters combination of

prediction models corresponding to five targeted regions

8 ENE R 5 EES SRR
B IX 0.008 3 0.000 896 49
WIFH X 0.000 000 000 1 0.000 1 249
FHX 0.003 8 0.000 588 117
T IE X 0.002 4 0.001 565 114
AstIX 0.009 7 0.001 574 400

*6 =ERBHTNBETHER
Table 6 The evaluation results of prediction

accuracy of three types of models

ES TR IS i)
MAE RMSE R*

LSTM 635.34  840.75 0.56
WX CNN-LSTM 467.88 727.12 0.66
NGO-CNN-LSTM 392.45  703.34 0.68
LSTM 1057.32 1268.49 0.61
HFHIX CNN-LSTM 590.49  944.83 0.78
NGO-CNN-LSTM 477.95  819.44 0.84
LSTM 278.78  435.95 0.76
FHKX CNN-LSTM 245.39  377.63 0.82
NGO-CNN-LSTM 209.86  347.84 0.85
LSTM 505.88  745.92 0.73
TFVE X CNN-LSTM 372.96  634.79 0.80
NGO-CNN-LSTM 338.71 624.23 0.81
LSTM 87.49 120.48 0.64
AselX CNN-LSTM 66. 10 101.47 0.74
NGO-CNN-LSTM 55.26 87.98 0.81
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Fig. 7 The comparison situation between predicted value and actual value of three models corresponding to five districts
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Table 7 The prediction accuracy comparison of prediction models based on three types of data preprocessing methods
M e bR
X4 RIS TeTiAb# — RS fif &y
MAE RMSE R? MAE RMSE R? MAE RMSE R?
FEA 1 890.56 1053.12 0.45 863.32 1047.38 0.44 635.34 840.75 0.56
WX R 2 578.65  793.03 0.6l 565.19  798.79 0.6l 467.88  727.12  0.66
iR 3 441.59 722.00 0.67 427.58 736.24 0.65 392.45 703.34 0.68
FRAY 1 1289.34 1548.44 0.42 1102.41 1342.24 0.56 1057.32 1268.49 0.61
HIFH X IR 2 921.24 1174.87 0.66 783.21 1 080.77 0.72 590.49 944.83 0.78
A 3 581.26 930.97 0.79 518.49 938.45 0.79 477.95 819.44 0.84
iR 319.96 463.23 0.73 295.31 441.75 0.76 435.95 0.76 435.95
EHX A 2 274. 66 435.95 0.76 260. 30 379.32 0.82 377.63 0.82 377.63
FEA 3 244.79 394.35 0.81 232.57 389.55 0.81 347.84 0.85 347.84
iR 717.69 998. 69 0.55 506.19 760. 04 0.72 505. 88 745.92 0.73
T JE X 1T 2 445.93 683.02 0.78 397.05 643. 15 0.80 372.96 634.79 0.80
R 3 371.95 637.31 0.80 350.06 618.64 0.81 338.71 624.23 0.81
FEL 1 98.48  129.35  0.59 89.09  124.15  0.62 87.49  120.48  0.64
Al X HiF 2 86. 19 113.38 0.69 78.78 112.80 0.68 66. 10 101.47 0.74
L 3 65.95 101.71 0.74 65.27 99.35 0.75 55.26 87.98 0.81
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Fig. 8 The comparison of evaluation criteria of prediction models under three types of data preprocessing scenarios
#197.31,RMSE J33IFA% 1 65. 91 F171.67 UGIE  ZHEFIEAL, fEiz H] CCM J5 iR RT3 iy ) S e

FEME R* 513 TH T 0.05 F10.03, b nl WL, #&F
TURABEZS A3 it N TN ASE TR A R S B 38 A A A
T A %Emﬂﬁaé%i%if NP . IR RS S SEALES
D7k T HE R DU — 25 45 T e g £ fer 4 A T
DU By B2 AP RN S M

4 #Hig
T 2 4 T e S 4 TR A SR

H T —Fh 3T ALIF _NGO-VMD F1 FE [ — R B2
B FIEE 4119 NGO-CNN-LSTM H i B, 3 7 7 4

By S R DR 2K ARG JE AL b B Mk 4l A ALILF
NGO-VMD FIRCRI AR 25 G 1Y RS2 50 M O 12 %t
D L AT B R AT R R A B R LA R K 4
JR LA R A8 ) AN A ik et 1 b 7 6 8 AL AL A
Pelfi 2 CNN-LSTM # A G5 S RN e R &, e X
FE T 3EF R i B9 NGO-CNN-LSTM Eajjﬁﬁ
A PR FEILETHT 8 A~ FH O X A4 L 7 B fir
e HH I (4 I FH 23 SR e B AR R T At I Y g
R AR SCHRE HH A 2 6 o0 A 5 fr A B O ELRRUE
PR g — e W e e s e, R 2 TR

ML . www. stae. com. cn



4596

B

A 5 T OB

Science Technology and Engineering

2025,25(11)

AP 58k L T G0 Ay 11 O B 52 W TR 28 BE AN [7] B AR
AR, L T R N R R R A A AL H S O
V5 BE— 4R T HR T G0 A SIS R A T 1 RE 5 53

yl\9

TRATT R v, g G A7 4 DX [1) 0 ABE 25 FTI00 , o 1 2

AUk S A TN 235 SR A TR AN R, Sy LR AR )
J RIS B AR G 1 A

(1]

2 % X W

TR, BT, REF, 4. T SVM-STL-LSTM 9 X 3 4 4]
WL A BOAFFE [ T]. KL RRIERLY, 2024(4) : 215-218.
Wang Chen, Li Youxuan, Wu Qiqi, et al. Research on regional
short-term load forecasting based on SVM-STL-LSTM [ J]. Water
Resources and Power, 2024 (4) : 215-218.

AEN, R, HmIE. T RE REEE 5% I Informer
HRLEA S AT ()], HIEIAR , 2024 (6) : 2574-2583.

Shi Zhuojian, Ran Qiwu, Xu Fucong. Short-term load forecasting
based on aggregated secondary decomposition and Informer [ J].
Power System Technology, 2024 (6) : 2574-2583.

BRomik, RIEME, ERIT. SRALKON B 21K BLSTNet-CBAM
Sy S B (0. AL RGN, 2024, 33(5) .
47-56.

Chen Wanzhi, Zhang Siwei, Wang Tianyuan. Enhanced data pre-
processing for BLSTNet-CBAM short-term power load forecasting
[J]. Computer Systems & Applications, 2024, 33(5) ; 47-56.
W, R, WNTE, . 3T K-means IS LSTM A
L REIR R & L ) S B0 [ J/0L]. BUARHL ) 1-8[2024-04-
29]. htips: //doi. org/10.19725/j. cnki. 1007-2322.2023. 0110.
Ge Yaming, Chou Chenguang, Xie Lirong, et al. Research on Multi-
energy coupled power load prediction based on K-means clustering and
LSTM model[ J]. Modern Electric Power, 1-8[2024-04-29]. https: //
doi. org/10.19725/j. enki. 1007-2322. 2023. 0110.

EHPE, BI%, 24, 5. FET GRU-NN BCHL Y B 4] £ 1my i
WIFEL]. IR AL, 2019, 43(5) : 53-58.

Wang Zengping, Zhao Bing, Ji Weijia, et al. Short-term load fore-
casting method based on GRU-NN model[ J]. Automation of Elec-
tric Power Systems, 2019, 43(5) : 53-58.

XU, IRt AT, 4. JET DCT-CNN-GRU Y9I 7 f
TMBIFELJ/OL]. B 5L, 1-11[2024-04-29]. htip: //kns.
cnki. net/kems/detail/23. 1202. th. 20240321. 1323. 002. html.

Liu Wei, Cai Dongsheng, Feng Fuyong, et al. Research on short-term
electric load forecasting based on DCT-CNN-GRU[J]. Electrical Meas-
urement & Instrumentation, 1-11[2024-04-29 ]. http: //kns. cnki.
net/kems/ detail /23. 1202 th. 20240321. 1323. 002. html.

KICHR, XIFBE, B, 4. BT CNN-LSTM LR G REIR R 4
BT IR RL [ J]. B PRME oL R 244 ( HARBR =R , 2023,
35(2): 254-262.

Zhang Wendong, Liu Zikun, Liang Tao, et al. Load prediction
model of integrated energy system based on CNN-LSTM[ J]. Journal
of Chongqing University of Posts and Telecommunications ( Natural
Seience Edition, 2023, 35(2) : 254-262.

Huy T H B, Vo D N, Nguyen K P, et al. Short-term load forecas-
ting in power system using CNN-LSTM neural network [ C ]//2023
Asia Meeting on Environment and Electrical Engineering ( EEE-

AM). Hanoi: IEEE, 2023 1-6.

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

HT, BEBLE, MO0, 4 it GJO fifk CNN-BILSTM 94
g BRI J/OL]. FEWE. 19020240429 ]. hup: //
kns. net/kems/detail/51. 1714.  TB. 20240328. 1617. 002.
html.

Bai Yu, Xue Guijun, Xie Wenju, et al. Improved GJO optimized
CNN-BiLSTM heat load prediction model[ J]. China Measurement
& Test. 1-9[2024-04-29]. http: //kns. cnki. net/kcms/detail/
51.1714. TB. 20240328. 1617. 002. html.

Kiruthiga D, Manikandan V . Levy flight-particle swarm optimiza-

cnki.

tion-assisted BiLSTM plus dropout deep learning model for short-
term load forecasting [ J .
2023, 35 2679-2700.
JA&E, A, FT MA-CNN-LSTM Fil |5 73 7% ) HL i 1 2
A A B (J]. BEEOR 5 TR, 2024, 24(22) .
9408-9416.

Zhou Lei, Zhu Xiaojing.
based on MA-CNN-LSTM-Self attention [ J ].
and Engineering, 2024, 24(22) . 9408-9416.
SRWUN, VLOCHE, BREAE, . LT IRELS MR LSTM 45
MR A [)]. B RS TR, 2024, 24 (7):
2759-2766.

Zhang Shuxian, Jiang Wentao, Chen Yuhua, et al. Short-term

Neural Computing & Applications,

Univariate short-term electrical load

Science Technology

power load forecasting based on quadratic mode decomposition
through LSTM[ J].
24(7) . 2759-2766.
Wang N, Li Z. Short term power load forecasting based on BES-
VMD and CNN-Bi-LSTM method with error correction. Front[ J].
Frontiers in Energy Research, 2023, 10: 1076529.

REAAS. T ALIF + MCKD J7 v SLALRIR IR Sl e 5 5
AREELT]. NPEIR 4, 2023, 46(9) : 7071, 74.

Cheng Youjie. Vibration fault signal processing of bearing for cold
rolling mill based on ALIF + MCKD method[ J]. Shanxi Metallur-
gy, 2023, 46(9): 70-71, 74.

S, W, B T 4LE CNN-LSTM £ 45 1]
AT, S EEHR, 2023(4) : 54-60.

Deng Bowen, Xiao Shenping, Liao Shiying. Short-term load fore-

Science Technology and Engineering, 2024,

casting based on CNN-LSTM with quadratic decomposition com-
bined [ J ]. Control and Information Technology, 2023 (4):
54-60.

B, D78, AR, T VMD-LSTM-IPSO-GRU (1, 71 £ 7o i
WLT]. B ARG TR, 2024, 24(16) ; 67346741,

Xiao Wei, Fang Na, Deng Xin. Short-term load forecasting based
on VMD-LSTM-IPSO-GRU [ J].
neering, 2024, 24(16) : 6734-6741.

BRI, FET IS WS AR 3E REBIRMERT [ D], K
B BBRHER, 2023.

Li Yulian. Causal inference to the 3E system via convergent cross
mapping [ D ].  Wuhan;
Technology, 2023.

PR . B TAE 2 N5 1 RIS S5t Jr 2 (9 AR 43 BT F 52
[D]. L. SEARINHE R, 2020.

Chen Jun. Research on causality analysis based on granger method

Shanghai: East China

Science Technology and Engi-

Wuhan University of Science and

and convergent cross mapping method[ D].
Normal University, 2020.

Wrifi, %, The, 4. 2T ALIF Fl ISOMAP B HLAR B
FECE PN IT IR MRS (V] MUK SR, 2023, 51(5):

ML . www. stae. com. cn



2025,25(11)

TRk 45 5L T ALIF-VMD R4 NGO-CNN-LSTM i, Jj 7 7 4 151 25 & Pt s 74

4597

[20]

[21]

[22]

196-201.

Chen Xiangjun, Fu Junping, Yu Xiao, et al. Research on fault
recognition method of mechanical equipment based on ALIF and
ISOMAP [ J]. Machine Tool & Hydraulics, 2023, 51 (5):
196-201.

BRPHT, 8, FHHE, 55, 2T ALIF-LSTM 24T 45 % S (43 45
RER A G S I S A T [ )], K PHRE2A 4R, 2022, 43(9):
499-507.

Ouyang Jing, Yang Lii, Yin Kang, et al. Short-term load forecas-
ting method for integrated energy system based on ALIF-LSTM and
MULTI-TASK learing[ J]. Acta Energiae Solaris Sinica, 2022, 43
(9) : 499-507.

RITHF, ARG, XL FET W50 NGO-VMD 5% 2275 5
KAEHCAZ M 2 BRI A R B ()], BEEAR S
THE, 2023, 23(6) : 2428-2437.

Song Jiangtao, Cui Shuangxi, Liu Hongguang. Ultra-short-term
wind power prediction based on the quadratic decomposition NGO-
VMD residual term and long short-term memory( LSTM) [ J]. Sci-
ence Technology and Engineering, 2023, 23(6) : 2428-2437.
Y, ROR, KM, 45 ZEF NGO-VMD-FCBF-Informer A4
AT S B AR )], B RS LS R, 2023, 13
(11) . 135-141.

Pu Wei, Yang Yigiang, Zhang Yuanbo, et al. Powerload forecas-
ting based on NGO-VMD-FCBF-informer[ J|. Intelligent Computer
and Applications, 2023, 13(11) . 135-141.

[23]

[24]

[25]

[26]

XA, M43, HaEPE, %, 2T DBO-VMD Fl INWOA-BILSTM
P22 2 GRS ) R T B D AT LI [0 ] e D R G AR
5, 2024, 52(8) ; 123-133.

Liu Jie, Cong Meilan, Xia Yuanyang, et al. Short-term power
load prediction based on DBO-VMD and an IWOA-BILSTM neural
network combination model[ J]. Power System Protection and Con-
trol, 2024, 52(8) ;: 123-133.

Wifekl, HEIE, SKkIE, 4. T CEEMD-FE Fl AOA-LSSVM
MR A B [T, B RGeS EH, 2022, 50
(13): 126-133.

Yang Haizhu, Tian Fuming, Zhang Peng, et al. Short-term load
forecasting based on CEEMD-FE-AOA-LSSVM[ J]. Power System
Protection and Control, 2022, 50(13) ; 126-133.

L, AT, T IR AR A GRU-attention [ Hsf 1] 3 31 75
MBEFE[J]. EAMETIEEOR, 2023, 42(2) : 80-87.

Gao Kaiyue, Mou Li. Research on time series forecasting based on
quadratic decomposition and GRU-attention[ J]. Foreign Electron-
ic Measurement Technology, 2023, 42(2) . 80-87

XUMBHN , SE6E 5, RYT, 4. 3T DWT-CNN-LSTM Y # i 3f]
AR B HIAR T [ J]. KN R A2 (B2 ) , 2022, 54
(4):86-94.

Liu Xuli, Mo Yuchang, Wu Zhe, et al. Super-short-term photo-
voltaic power forecasting based on DWT-CNN-LSTM[ J]. Journal
of Zhengzhou University ( Natural Science Edition), 2022, 54
(4):86-94.

ML . www. stae. com. cn





