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Short-term power load prediction based on DBO-VMD and an IWOA-BILSTM
neural network combination model

LIU Jie', CONG Lanmei', XIA Yuanyang®, PAN Guangyuan', ZHAO Hanchao', HAN Ziyue'
(1. School of Automation and Electrical Engineering, Linyi University, Linyi 276002, China;
2.Yalong River Basin Hydropower Development Co., Ltd., Chengdu 610000, China)

Abstract: The share of renewable energy in modern power systems is increasing, causing its load to fluctuate more
erratically than in conventional power systems. This volatility leads to lower accuracy of load prediction. To address this issue
this paper introduces a short-term load prediction model combining the dung beetle optimization algorithm (DBO) with
optimized variational mode decomposition (VMD) and an improved whale optimization algorithm to optimize bidirectional
long short-term memory (IWOA-BILSTM) neural networks. The DBO is used to optimize the VMD, the time series data is
decomposed, and various feature data are classified according to the minimum envelope entropy. This enhances the
decomposition effect. The fluctuation of the data is reduced by effectively decomposing the original data. Then the whale

5

optimization algorithm is improved using a nonlinear convergence factor, adaptive weight strategy and random difference
variation strategy to enhance the local and global search ability of the whale optimization algorithm. Thus an improved whale
optimization algorithm (IWOA) is obtained, and it is then used to optimize bidirectional long short-term memory (BILSTM)
neural networks, increasing the accuracy of model predictions. Finally, this method is tested on real load data from a location,
yielding favorable results. The resulting metrics for relative root mean square, mean absolute and mean absolute percentage
errors are recorded at 0.0084, 48.09, and 0.66%, respectively. These outcomes verify the effectiveness of the proposed model
in short-term load prediction.
This work is supported by the National Natural Science Foundation of China (No. 62103177).
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R PRAEA SO I PERE, B 3 XTI
A,

=

1) % P A —

B /N 3 A & #l(least squares vector machine,
LSSVM). LSTM . BILSTM . WOA-BILSTM .
GWO-BILSTM. IWOA-BILSTM.

2) % E AR A

DBO-VMD-WOA-BILSTM. DBO-VMD-GWO-
BILSTM. DBO-VMD-IWOA-BILSTM.

3) Mo LA A =

B 1 & A1 M 4% (time-domain  convolutional
networks, TCN). TRANSFOMER .GRU.CNN-LSTM,
GA-BILSTM. DBO-VMD-DBO-BILSTM. IWOA-
VMD-IWOA-BILSTM.

AR E SRR 4 s
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Table 4 Other parameter settings

ER S
WEIE KA 16
A FHEHH F=4
Pop =30

Max_iteration = 30

Optimizer = Adam
Loss function = MSE

WSS learning rate(Ir) = 0.01
Min Ir = 0.00001
miniBatchSize = 32
CNN-LSTM numFilters = 64
filterSize =3
TCN ' numBlocfks =3
skipConnections = true
numHeads = 8
Transfomer numEncoderLayers = 3
numDecoderLayers = 3
GRU numLayers = 2

B R I8N FIO 11 25 S AT bR EAL, Fi—
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e, K 3 A0 LAY 1 TS DA S S g R
Sy EHT R 12—K 14, B, 87 Eh R R
SRR TERE, B VPN TR R TR S AL (A DG 1R
ZE B, SR RN fe bR AR S E Wk S R,

H3 5 Bl ETURE B 7T, TWOA-BILSTM
T WOA-BILSTM 5 GWO-BILSTM #:7Y,
Eppuse TBEIR T 42.12%5 41.84%,  E,,,. 73 5IF&
KT 34.17%5 48.41%, E, o D HIEIET 32.77%
55 48.72%; F M T DBO-VMD 45 & i Tl s 7Y
LLJS, DBO-VMD-IWOA-BILSTM it F A5 75 4 %ot
+ DBO-VMD-WOA-BILSTM L) & DBO-VMD-GWO-
BILSTM (TR, Ep e 77 HIBFIK T 21.96%5
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Table 5 Comparison of prediction results of various models

fE Errmse/MW  Enia/MW Eviare/%
DBO-VMD-DBO-BILSTM 0.0839 515.63 7.02
GA-BILSTM 0.0680 358.10 4.32
IWOA-VMD-IWOA-BILSTM 0.0518 315.29 421
LSTM 0.0408 181.25 2.38
CNN-LSTM 0.0313 155.65 2.11
Transformer 0.0313 148.63 1.96
BILSTM 0.0309 154.25 1.98
LSSVM 0.0288 132.15 1.75
TCN 0.0267 155.38 2.10
GRU 0.0230 130.32 1.60
GA-LSTM 0.0224 116.69 1.46
GWO-BILSTM 0.0190 113.25 1.56
WOA-BILSTM 0.0191 88.76 1.19
IWOA-BILSTM 0.0111 58.43 0.80
DBO-VMD-WOA-BILSTM 0.0109 61.10 0.79
DBO-VMD-GWO-BILSTM 0.0097 53.67 0.72
DBO-VMD-IWOA-BILSTM 0.0084 48.09 0.66

BILSTM. GA-BILSTM #l GA-LSTM %!, E v
PR T 23.32%. 87.51%- 62.09%, E,,,; 55l
BEIK T 23.32%-. 87.51%- 62.09%, E,,.. 7 5K
T 17.70%. 86.57%- 58.79%, Eyp WML T
17.50% « 84.72% , 54.79% ; DBO-VMD-IWOA-
BILSTM #4AH%fF GRU. TCN. Transformer.
CNN-LSTM #ERY,  Eppse 70 AR T 63.12%.
68.25%-72.85%-72.91%, Ey 73 AP T 63.10%-
69.05% + 67.64%  59.91%, Ey.p 7 0BT
58.75%+ 68.57%. 66.33%. 68.72%; DBO-VMD-
IWOA-BILSTM # # A %f 7= DBO-VMD-DBO-
BILSTM. IWOA-VMD-IWOA-BILSTM #58Y, Egqice
RNBEALT 89.88% 83.63%, E,.. 7 AWK T
90.67%  80.21%, Eypp 73 3l FEAK T 90.60% «
84.32%.

Al I, DBO-VMD-IWOA-BILSTM i i 74 &%
R INAER, XTREE R AL B REHE— D ER T TR (1)K
#EE . & WS R K, DBO-VMD-IWOA-
BILSTM AR T Hoft ) LA X LAY, HA
ITRIIRERE,  FRISOR B 4F

5 &hE

ARSI E S NI Ly N B = Y GRAR A €
T BTN X S wfE AR AT 6 A PO 5 ) R
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B B A 7 e TR AR R . S5 DBO-VMD 5
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