FRVE YRR W+ i ¥ K 5 B #F & Vol. 44,No. 1
202543 A Computing Technology and Automation Mar. 2025

T EHS1003—6199(2025)01—0118—07 DOI. 10. 16339/]. cnki. jsjsyzdh. 202501021

2 JefiE T e (K R B B8 P 5 fa 1oy X i8] Fouill) 75 7%

B ERAELEEELE R B E R
(L [ AL v A A L G IE 0500005 2. (6 IT-IE 44 ol 3 47 B 24 o K et 4324 7
WAL Kk 05300053, R VEAR (VR AT RA R T HE 461000)

W OE RGNS AN RARER S MR EGIRE., MEARSZEEFOR SR LA
F A sbey B A ARER S W R QAT IR S A R A I R, WAL T R BT TR R AR R S KR
HEE, P HBEETAEATAHETEFTMNNE R E—FATEEAFITASLBASERGETHER
M Tk, AR BILES;BEESBAEHEFRAGETTRESIMBA—ZI AT FRGBES S . KM
BB Bl R ZEBEA) TAIEATIABUBENREFIRAATEZFTAITAN; RE,
EETRMASM EET —HRAKAER FERMNER SR AREARMNER, FAZBER. TR E
e 45 R ILB AR A 09 % ST K R TR 5 A kA AR M B R AR R T A6 R L%,

KERF R RAFANIKER LA EEFIT ARG EoRES>R

hE S ES:TM715 XRkRIRAD : A

Interval Prediction for Net Load in Low-Voltage
Distribution Areas with Integrated Photovoltaic,
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Abstract: Accurate net load prediction serves as the foundation for optimal scheduling in active low-voltage distribution
networks. With the increasing penetration of photovoltaic (PV) systems and the widespread adoption of energy storage and
electric vehicle charging stations, the volatility and uncertainty of net load in low-voltage distribution networks have signifi-
cantly increased. Traditional deterministic point load forecasting methods are insufficient to meet the scheduling needs of
feeder-level management. To address the issue of net load uncertainty prediction in the context of small datasets, this study
proposes an interval forecasting method for net load in feeder areas with integrated PV, storage, and charging systems,
based on broad learning. First, the variational mode decomposition (VMD) algorithm is employed to decompose the non-sta-
tionary net load data into a series of relatively stationary modal components, thereby reducing data complexity. Subsequent-
ly, these modal components are subjected to point forecasting using the broad learning system (BLS) algorithm, which is
well-suited for small-scale datasets. Finally, an interval optimization model is constructed based on the point forecasting re-
sults, transforming the point forecasting model into an interval forecasting model. Simulation experiments demonstrate that
the proposed method achieves accurate interval forecasting of net load. Compared to other algorithms, the proposed method

produces narrower prediction intervals under the same confidence level requirements.
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