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Abstract

Short-term power load forecasting is of great significance to the safe and stable operation and reg-
ulation of power systems in smart grids. This paper proposes a short-term power load forecasting
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method based on the “decomposition and optimization” framework. First, Variable Mode Decompo-
sition (VMD) is applied to decompose the load data, so as to extract modal components at different
time scales. Then, the Random Forest (RF) model is employed to predict each modal component
individually, and the Spider Wasp Optimization (SWO) algorithm is integrated to optimize the key
hyperparameters of the model, thereby improving the prediction accuracy and the generalization
ability of the model. Finally, the prediction results of all modal components are integrated to obtain
the final load prediction value. Experimental results show that the VMD-SWO-RF model performs
best in all four evaluation metrics: the MAE is 136.59, RMSE is 190.52, MAPE is 1.55%, and R?
reaches 0.98. Compared with the VMD-SSA-RF, VMD-RF, RF, KNN, LSTM, and SVM models, the VMD-
SWO-RF reduces the MAE by 1.94 kW, 8.75 kW, 12.31 kW, 23.66 kW, 13.53 kW, and 19.19 KW re-
spectively. It exhibits smaller errors and higher prediction accuracy, fully verifying its superiority.
This model can better mine the complex feature relationships in power load data, demonstrates
significant advantages in short-term power load forecasting tasks, and possesses promising appli-
cation prospects.
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Figure 1. Model framework
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Figure 2. Basic flowchart of the VMD algorithm
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Figure 3. Basic flowchart of the SWO algorithm
& 3. SWO BEE A MRIZE

DOI: 10.12677/csa.2026.162071 431 THEAURF 5 R


https://doi.org/10.12677/csa.2026.162071

TG SE

2.3. RF ExR1E

BEHLAR R (RF)RZ — R ey 2 U7 ik, Bl I A 2 BRI A RSB, I LA & R AT 8 15, AT
S AR P VA 2 Dl o UL 5 (0 RS o R 24T R 7 474 SO0 0 e R o A 3t 2 AN ST 1 e SRS SR P A1
REAE UG I 3R m TS 2 - %%, ] Bootstrap i 7572 M3 S H I A7 A it P BE LA B2 ANl 257
&, BADTEM TG RREN . g, R R REYLIE SRR AR R AL, W IR
R 2 REPE AR EE . XA H TR, BENLAR VORI B A R SRR 14 il £ 45 SRR 25 Hh H 28 T
flo AEBIR R, XA TRINE A A T 45 SR e SR R 2 S R SR A TINS5 R, BEHLARAR
REAG A7 R R A E B M A Rk, AT E R S0 T o A A (R B . R ZOP BRI F

(1) RFETHEN R R P AR E A TR, BN TR T IS AREDER, KR

D ={(X, 1), (%, Y5 )+, (% Vi )} (10)
D' MR BA R D o P A B 7 SRR B T, SRR R — AR IROE4E DL, 2

Ja FHEINZRER kAR R
(2) PRHAR AR AR HI 2 JT IR ZE(MSEYE NS i b e, 23T

1 2

it i=1
n FORT R UCPREARSGR, v AR T SRR, VR I TRINME, RO S PR AR A A
(3) ANy, LRSI MSE fi/NRFIERIT 50 o R IRATIERFAE £ B3k TR 5y, A2
THFIA TH G MSE IiACT 3514 -

MSE (t) =

MSE

split

= mse, + & mskg, (12)
n, n,
n, Fng R TR TP OREAS R, MSE | FI MSE, 43 Bl 26 A FIA I3 77 1R 22
(4) EFRRIENA B 0 FIOMAE 119 s RE AR 2

:_Z Yi (13)

nk i=1

¥ TR K BRI TINAE,  n, 258 K BRI 700 P IOREAR SR,y A T I OSE
(5) HAMTMET R § K& A7 A% i HH EL A 22 {E -

(14)

[ A IR
TREAL FREAL TR

LA
KiFIHJl VS ;&4‘% PN

4*de
| f*ﬂil | | ”9:2 |
\—»zﬁw‘/m

Figure 4. Basic flowchart of the RF algorithm
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Figure 5. Flowchart of the VMD-SWO-RF model
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Table 1. Historical measured dataset

F 1 HSEsNEIES

F13 FERILECC)  BAUREECC)  BERREECC)  MIMHEREE(%)  HGTKWH)  SFKW)
2016.1.1 0:00 23.9 21.7 22.4 87.5 19.7 8013
2016.1.1 0:30 23.8 21.7 22.4 88 18.6 7726

2016.12.31 23:30 235 20.6 15.2 17.4 17.1 7319
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Figure 6. Results of correlation analysis
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Figure 7. Original load data
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Figure 8. VMD decomposition results
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Figure 9. Prediction results of the VMD-SWO-RF model
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Table 2. Error comparison of different models

F 2. TEERIRENTEE

RS MAE RMSE MAPE/% R2
VMD-SWO-RF 136.59 190.52 1.55 0.98
VMD-SSA-RF 138.53 195.34 1.63 0.96

VMD-RF 145.34 200.48 1.75 0.96
RF 148.9 205.13 1.85 0.95
KNN 160.25 220.10 2.1 0.93
LSTM 150.12 210.75 1.85 0.95
SVM 155.78 215.9 2.05 0.94
250 G
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Figure 10. Comparison of MAE and RMSE error results among different models
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Figure 11. Comparison of MAPE error results among different models
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