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Fig.1 UAV inspection standards and
technologies for overhead lines
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Fig.2 Schematic diagram of UAV overhead
line inspection
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Fig.3 Operation process of human-
machine collaboration
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Table 1 Classical defects during overhead
line inspection
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Fig.4 Images acquired by UAV during
overhead line inspection
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two-stage detector algorithms
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Table 3 Defect detection effect for overhead
line based on deep learning

; " ; Bl
U mAP mAR OBOBSER
AT IEH
DDNet! "/ 0.901  0.926 2 873
Net BT
4 H
RetinaNet! ') 0.670  — Q@;}_ iﬁ%wﬁ 5 847
sspl9] 0.714 0.750 ﬁfﬁ%ﬂﬁj& 2873
AT (IEH .
(63] 0870 — : 56 000
YoLow K vk )
e
YOLOv3[™®  0.790 0.810 T;;Iﬁkl 2 873
EH AT
[16]
YOLOv3 0.940 0.950 A 8178
s
CSPD-YOLO!®)  0.980 0.980 ﬁfﬁfﬁ_ﬁ? 1331
GhostNet- EHH T
- 0.995 0.898 Bl T 5832
NNGCECE SEN
[66] 0.954 — " 1588
YOLOW R T
T A
YOLOv5! ! 0.875 0.894 ?ﬁ%ﬁl 2 873
] itz S SN
(2] 901 0. ; 4
YOLOvVS 0.901 0.866 B O T 5047
e
YOLOvS!'®)  0.875 0.894 %Eﬁgmﬁkl 2 873
YT KT
Fast RCNN'97) 0811  — ﬁgg g& 5 800
A‘L'Q L.
ILN+DDN[3Y 0910 0.958 %&?ﬁ%%;; 1 956
A b 4 IR
Faster RONN'Z  0.894  0.840 'Eﬂ[mg g},}&iﬂ 6 000
] e i
Faster RCNN[') 0.727  0.786 %EH%;; 2873
FHETIEH |
Mask RCNNL"™®)  0.837 0.863 ;. 2873
” T
e
CenterNet! ") 0.481  0.339 T;%Iﬁkl 2873
FHETIEH
~0sl19] 0.812  0.842 2873
FCos ST B
FEETIE® VBHET
DETR* 0.461 0552 Bk EEALLT. 20572
N GEE S
Swin FHETIE® BET )
Transformer @ 0-520 0653 BRREWALT . 20577
ransrormer
Hoiaie S

T OB B I R+ I TEAE + I AR B s @45 R
FFHSCHRL 19T A A ASET SIS (1 209 3K [E15) FScik [ 317 Hp il 4a 2%
TR (848 TR IR I3, YISk IR uEdE Al il 4R #2 8« 1 11
H BRI 23, 5258 R MMdetection HEZRHEAT I ZR AL o

35 REREN
FIAT—2 0 AHLPLEL B 53580 7 R b st
PR, Al LAY Bh R 2 26 s 2 N B3 7 A i 7

R RIE | R a - STW LR R INVAMSEINE Bk S ¢4
JeAR 0 T AR BT 52 BR A B A b 52 0 v R A
TUTRE AHE BT E AT (19— RIEOR T-Be, Ui 2 M
SR EAL ARBR IR P AR R RO 4 BT R R0 45 4
FIEATBE 45, i3k 26 T B ml LA A Y 10 2 B A
TR SR RO R AR R R

4 DEFEHEESRE

4.1 BIFRYERE

RS T TR S5 27 ~) ) 2R 23 2 JC A LBk B A
M7 G P AFAE R [l

(1) BRZ Ll — A A LR BRI e e o 91
WNBREEIEA iy 4 A G — AFAE T bR A S
— A, X B IR 2R 2 3 SRR R R R Bk TGk A A
WIGRez > 25 SRR , 2 10 52 WAL RE

(2) BRBEZSZEATT . KT A A
SRPFE (H AR B A B R A SRR 55
1) AT G — R, [ 15 5 EL R M e A B
T 1R R R RGN P R o

(3) ARSI R BE T i3 i SR B R LA o
Wi IR T4 25 1 i S X it B SR Y A R0
AT 2% TR X — 4R (AR 45 2% 1
SRIHIH IV JG 35 0 ke B R R T I 4 O AR B
TR RSP LB A 6 SR 1) i 7
42 RE
4.2.1 RGO Bk R

FETURIE 27 > 114 ol e A 00 0 3 A6 7 P B e IR
L5 BB RE A 2R 1) SR RO R A . B EER
Guk ol A ke B KR A, G T A R B 25
AJEIRA I R, 9] Q0 266 2% 3 R G Bk s, A ks 288 1)
HIRE EBR TR S O BRI A, iR AR L HH R 2K Y
G RO, LRIE T3 o o BRBEREAE , 2 i ik
B RE LA BT o H U ) A i MU, AR
UEA LR I B R B — Bt i L 5 2
(R E RSN N NN VA R i Y X EH SN
TELLS R 5t B 200, iR T 22 N SR USRI
T AR A A R . A0, X T R i EAR T
i, TR A 8 Bz iyF B s bR i e .

AT

Eﬁ&éiﬁzﬁlﬁ—liﬁ)\iﬁz%ﬁl——l ERRIE

8 BEffHEREFBLRE

Fig.8 Semiautomatic process of image data labeling
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Review of overhead line defect inspection based on deep learning and UAYV images
ZHOU Wenqing, LIU Gang
(School of Electric Power Engineering,South China University of Technology , Guangzhou 510641)

Abstract ; Overhead transmission line inspection is an important task in power grid maintenance ,and the utilization of unmanned
aerial vehicles (UAVs) for line inspection has become a significant approach in power inspection operations. Firstly, the
overview of the architecture of the human-machine collaborative operation system and the UAV intelligent autonomous operation
system in UAV inspection tasks are provided. Next,the current status of datasets for defect inspection in overhead transmission
lines is analyzed and the data augmentation techniques are discussed. Subsequently, this paper reviews typical deep learning-
based methods for UAV image defect detection in detail ,along with evaluation metrics. The advantages and limitations of various
approaches are compared and summarized. Furthermore, the impact of image acquisition specifications, dataset formats, and
specialized defect detection algorithms are discussed on the detection performance for overhead line defects in UAV image visual
inspection methods. The shortcomings of image detection metrics and category definitions in the specialized field of power
inspection are pointed out. Finally,future directions for deep learning-based UAV image defect detection tasks are explored.
Keywords : transmission lines ;unmanned aerial vehicle (UAV) inspection;defect detection;deep learning;convolutional neural

network ; inspection strategy
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