0 5l

TR E TR A T 597 10 46 1 55 e A0

¥ B .FHK A X R W,.ZER NEE
(1. EMPAE BT AR ERERS G, W S#E 610045,
2. WNREH AL B, Uil AT 610065)

B E.5unFERANEMNIEENRERRGEANERNITH, EFRLARRSZIELREGETRT, 0T LA
GG BT AN EFRR AT RR 2R EGATREA, A A T R RMA TR % A RARE S AR
RIBGEARRGEE  RBET —AATRAERSEZZANE GG AN FEHEEE N AMHLEZE HAIH A48
54 EOR BB R A s ) S0 B A4S P e B AR B fe B I S B AR A PRI A AR B4R B EE W
BRIG BB E RS B PR EEAN AL EE N RARLHLTIREE FHARNAREFTRRFIEE
N AH KT ICH F A F K A Fa PR oG iE k=, £ REMHEE LR T ERPIEENEREAN, TR
o ik AUC AR F1 Sk 3547 LT T IF a9 20 R

SRR BT HARI s R REHIN IR ATERI W&, BB

FESES TP 391 XEIREM A XEHS :1003-6954(2024) 02-0099-08
DOI:10.16527/j.issn.1003-6954.20240217

Electricity Theft Detection Based on Deep Hybrid Attention Networks
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(1. Marketing Service Center of State Grid Sichuan Electric Power Company, Chengdu 610045, Sichuan,
China; 2. College of Computer Science, Sichuan University, Chengdu 610065, Sichuan, China)

Abstract ; Electricity theft detection aims to identify and detect unauthorized or illegal electricity usage. In the context of rapid
development of smart grid, achieving accurate electricity theft detection has become an important concern in both academia and
industry. Aiming at the limitations of existing methods, which rely on manual feature design and have insufficient capability in
low-level feature extraction, an electricity theft detection method based on deep hybrid attention network is proposed. The
proposed model combines channel attention and self-attention mechanisms to capture complex features such as temporal
dependencies and periodicity across different levels and spatial ranges in the data. Specifically, the model enhances the expression of
low-level features using a channel attention network in the low layers, captures global contextual information using self-attention in
the middle layers, and learns attention parameters through self-supervised learning to extract more expressive and discriminative
feature representations. Experimental results on the national power grid dataset demonstrate that the proposed method can
achieve better performance in terms of AUC and F1 scores.
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