ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 36,No. 4,Jul. 2021,pp. 812—821 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2021. 04. 019 Tel/Fax: +86-025-84892742
© 2021 by Journal of Data Acquisition and Processing

ETHMEEIENINFINBEHELIRINEE
ZRA, AR

GG R i TR & A 32 B, 51 221116)

i E N RARYPACHZABRTEANELRRE, R AFRILEGRANL AL A8 A R
RGEPRERE, CAKRBRIATEIREAERE CAERE CITZ LN XBERR  EH6RESF
JEBHATCNERRAC ARG ERZREE . AXHREFIZTERTOARRRIES 450
N R B BN 0 BRI N R e 2 A R — AR T B & AR A9 R A R PR B
A (SA-Unet) , A 4% 69 SA-Unet B A % 55 - BOR A M- B N @k & 5wk (Stage input fusion strategy,
SIFS) , A - A A B 2 REFLER Y THILESRLEE %, ﬁ%i%V‘EXkL_ﬁkAw‘fxzi REE
(Stage attention module, SAM)H&ﬁ‘%fJ&ﬁF@E MRXEFRZEFTHRZRFLAEZMNEAFELE, FREREL
N, ET EELRARA ST T A RIFH A,

KEEIW: & H R B ‘?71']? SR F 3 38 4 E & AL

FESEKS: TP391.4 MHEARE A

Power Line Extraction Algorithm Based on Stage Attention Mechanism

JIANG Zhenbang, ZOU Kuansheng
(School of Electrical Engineering & Automation, Jiangsu Normal University, Xuzhou 221116, China)

Abstract: The maintenance of power system is an important guarantee for the stable operation of power
system. The power inspection based on intelligent algorithm provides convenience for the maintenance of
power system. Extracting power line is a key technology for autonomous power inspection and ensures the
safety of aircraft at low altitudes. At the same time, extracting power line using deep learning is an
important breakthrough of power inspection. Based on these, deep learning is applied to extract power line.
Combined with the characteristics of power line, the improved strategy of inputting image and attention
module are embedded. The model of extracting power line based on stage attention mechanism (SA-Unet)
is proposed. In the coding stage, the stage input fusion strategy (SIFS) is adopted to make full use of the
multi-scale information of the image to reduce the loss of spatial information. In the decoding stage, the
features of power line are focused by the embedded stage attention module (SAM) , and high-value
information is screened out from a large amount of information quickly. Experimental results show that the
method has good performance in multiple scenes with complex backgrounds.
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