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Fig.1 Insulators in aerial images captured by UAV
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FEB — RN LR BRI S T, Dl s 2%
B TE ANHLALIA BB B T 5, T IR B 22 ) B AL
o o I 7 V2 AE F g A R ) Bk B 12 T AT A o A F
TR e SCHER[8TAN H A G A0 1 400 R P g T
REE T e AL G A r 7 38 A4 A o A T T 72 5
R ER, R T T AT O R A F e AR
BHACE BRI R RS, WA TIRE ¥ I BARLE
F, g a8 AU F) N FH A S5 o SCBR[9] 4R 3R 1 i B
MG B IR ER ) AR R U,
7R STAEREAR AP /N BAR Al ik i
o 45 7 THI Y BORME R, 8 BT Ry a8 AR A
Tor I B AR SR K e # . STER[10] R 5A 1 J - 1 43 ]
& i A F B A SR AL S AT TN SR, X L 1A%
G PG Ak B 77 V2 AR JBE 2 2] 7 V04 % AU 2
LA T B 1 R A B 6 f r 77 504 i P Ao T 3%
Gto CHR[11MERR 7 GG s . Hirkall. BRES
SUSZINS S 2= IRV i X ) N BT 7% 59 N1 714
RLAT, B 7 — AN TR R HAR GBI A
I BOAR . {2 R RS AR Bl &R
A VEAS AR o SCHR[8- 116 I B 22 S i R fEHL g
A0 A P N FH TR T M ) B e A B L Y T S 3k
177578, AR IR EAT PRIR IR BE 25 2] T AR o AHLT
0 AR rh A I 48 2 1 Bk B 1 2 o

SCHR[12]M0 B 7 1 3200 H b ks I 55005 1 46 ¢
TORBEAIN 7%, R T T A ST SR B AS D Y 2 -
20 - B[R] R A S B A N BV 1) SO R SR AN AL
SCHR (131 A 55 A0 22 AT 55 A6 0 SR g 793 A 7 T AR
TG R BRI TR P A ST R AR .
BR[141Z538 T 51 1% 48 H An i I 7 vE AN IR 1% 5 21 Uy
RIS SRR, X LE A8 TR T IR R A %
F R B A I T R L R . SCHR[12- 141438 1 2
R = RN oRlUK - RFAIELCE" SN V<R oIl K (B4 S N o TP
BB IHHE (Anchor-free) 51 . YOLOvV7 (you
only look once v7). Transformer % H #5 6 I 5 7% LA
RN ARSI .

gk BRTIR, B STERATY SR Gk Z 0] 48 251 Gk P Ao
W EHE R aER . BT, ARSCREA I Hr
TREMNLG 7RIS RINTTE, Rghsgid 7
7o N LR 40 IR rb 28 25 1 G Bea don I ) VR B 2 >0 T
2, B AERE AR E 48 1wk B 18 A T A TN
. N N R R T R I TN AR AR
EHZ%.

1 ETREZFINBETEHERENGE
R 2 SIE AL 22 2T — /N4 3, B 2006 4

LK AE AR AL B 5 11 3 0 o 55 403 1) 2 A T
HARM . EERIEERN T, RS W
78 4> K A 4G B 4 W 4% ( Convolutional Neural
Network, CNN) H 3% )2 2% 3] FUE IR ZHRFE, K
FUAL I ZRA0A 28 1R 2 8, H A B0 R R AIE 2 R
RE S ANz AR T, FLAS U B AN T N LB THRHIE
(4% 48 B Al 77 A 1 Riede Tt BT IRE %2
(0 A s D R g A0 s o U S ) A AT AR, A
W 7 & FF 4 8 /1 F Caffe. TensorFlow. Keras.
PaddlePaddle. PyTorch 5 ¥4 & 5% =) FF Ui T B 1 87 H
WEFL, X EETF YR T H R B2 S HOR Bk — B e
VAR N DN E S % NS R
1.1 BT BFrE R R A 4 2 F 5RBa S N 75 7%
BEE DG B & FIMAW IR, SR
BEFrEy K, BT RELGHMAE ML (Deep
Convolutional Neural Network, DCNN) F] H #7546 il
FeRAF B 7R R, B 5T G =R AR A X 2%
BT & T VGG-Net. GoogLeNet. ResNet.
DenseNet 558 T P45 . BT VR B2 2% 2 19 B b AT
5 e AE B B B 2 iR O B br, R AT
HE (Bounding box) & Az Fllll H 47 I & 7= K A5 & o
IR, BEEREE S S A IR A W e 3, — 2
T ) B Ak W SEVE AWV EE, £ B AR A A
BRI E IR 2 FroR .
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Fig.2 The mainstream object detection algorithms and
the development history

2 1, e Y0 Bk g A R P B B A
A 7] DAKI 43 i 2 T HE ) (Anchor-based) 5732 (XU
BBk BRI D A Anchor-free VAP .
M B (two-stage) H AR E % 73 A B br g 7 F1
HAR 7 RPN, S A il fige ide X 3, P 0 3 [X 45
HEAT 43 IR o MR AR XU B e N ARV A PR T X
LRI 4% (Faster Region-CNN, Faster R-CNN),
7] 4 B 2 4k W 4% (Spatial Pyramid Pooling
Network, SPPNet). Cascade R-CNN. Z T [X 1 [#) 4=
H B M 4% ( Region-based Fully Convolutional
Networks, R-FCN). Mask R-CNN %5, HEfi B (one-
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stage) H FrAa M 5775 TG0 75 A8 B 3 X 38, R DCNN
A RCH bR MR AL B AR bR, AR B
BRI 5055 SSD - (single shot multibox detector)
RetinaNet.YOLO % %] EfficientDet %f . 3£ T Anchor-
free M) H FRA I VLA T Z IS0 B e S HE,  DUAH AT
Ao I 8 O B s I 1% 7 AR B b 1 A B A S )
%, CornerNet. CenterNet s& H A FE MEH %,
1.1.1 5T Anchor-based 5 i 1) 482 s feafar il 77 %

1) BT BB B 552 1) 4 2 - S B ar ) 7 v

U B I 453k SR Dy B T ik ag X s 1y A
Ji . 2014 4F R. Girshick %4t R-CNN 5%, JF
B TR I AE H AR S A 1 %63 . B R-CNN
$ th LK, 75 B HE Al AT 42 Y T Fast R-CNN. Faster
R-CNN. Cascade R-CNN. Mask R-CNN 2§ ix £ 5
%o o, Faster R-CNN ¥ H [X 3842 15 /Y 2% (Region
Proposal Network, RPN HUAC 1% 5 14 48 & 515 2F A
i X 38, FIFH DCNN 58 s fi ik X 3 AR il R AE
M. BhRrRERIE, HE— B4 7 D B
K.

Faster R-CNN A ¥ 2% 3L 52 (1) 77 20 A sl i ik [X
S, R I BE AR X T4 48 B bR R BVE AR B TR
MR 42 T, Rl 32 B A T 46 2% 5 s B A DA 55
TR R S AN ST A I A A A 5T KA )
B, SCER[IS]HE H 72 T i #E AP (Sample
Balance method based on Second-Order Moments,
SBSOM ) [¥¥] £ 452 784 [ 28 25 - W e A Wl 77 925, G IR 2%
i 3 Fros o 7 VE RS A RO AR HUAS [R] RE A
(7R BERFAE, A ELF Faster R-CNN. SSD. YOLOV3
LERME AN, SBSOM A5 1) 4 2% 1
Feakar I 14 e A5 3 12— B4R T, (H R FL R A I
PIKEFE ¥ (mean Average Precision, mAP) A&,
A 52.69%.
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Fig.3 The network structure of SBSOM
SCHR[16]42 1 2 TR A FEASIE M 22 ST i 48 4%
ToR BRI T, WK, TR RE

FEA 25 SR WS AL A Faster R-CNN #iAY, % 5 3L 76 /D FE
AP SR A TR BRAR TR R ) A S 1 i B e ) A R 2
(75.1%), [ iF 9 2y figd ke 3 A 2 B AR B b s M ) 7
AT —MNEBWP T SCER17]4EH T —
HF/NFEAR B AR A (Few-Shot Object Detection,
FSOD) 48 % 1 SRt il 7532, TR & T e k%
Faster R-CNN #8547 AE IR B (Earth Mover’s
Distance, EMD) FR B AR #, W] UAE 4 2 1 B Fa i A
FEEL B Z BSOS SR A S T B A IR B, e
(ILRANY = o NN R SR | DG 7SR St ol 7 T T
P& o SCHR[18]4E H 1 fil AL % 2% ) 1 32 4 Jm) 30 Ao
A (Main-Partial Transfer R-CNN, MPT R-CNN)
1) 46 2 1~ S5k B3 23 A W g 3, R R ik 2 AR R
REAE 4 7 35 45 K 2 3t Faster R-CNN HIH T M 4%, 14
AR AR IR A6 2% 1 R B A MRS FE IS 2 T 89.6%, ELJR
f Faster R-CNN 425 1 30 MM E 70 i A b

T ML BR T =2 2% HIEHMR T I 462 117
1EZ2 REEWN @, N7 t— P mds 1 2 R
RIS BE, SCHER[19142 th 1 2 T 2 R U ART #E 22 )
4% 8 B ( Multi-Geometric Reasoning Network,
MGRN) 421 ahEfil gk, HE5WmE 4 pr
/N £ Faster R-CNN 5 4 [ B fitli b 5] N 7 =% 8] JL A
HEF (Spatial Geometric Reasoning, SGR) F Ak,
AW JL AT #E B ( Appearance Geometric Reasoning,
AGR) ¥ 5 H fll JF 47 K¢ fiE 4% #:  ( Parallel Feature
Transformation, PFT) T#3k . SGR T4 3 F T 15 7
L S0 46 25 - B AR Bl B ) 11 25 18] JLAT A7 B 6 &2, AGR
FAREHH T R EUN A48 25 1 R AR i B 1) 2 W )L ART AR
fiE, PFT 45 Bt 52 B 4 W J L 54 C SGR AGRO
Rl G 5 PEfE4h DCNN HEATHEFR %2 5] o % VA 4 2%
FHR AR A A BRI LR W A s T A% TR A
BIAS IKS B, 5 i 4f Faster R-CNN BT AH L, #i4%
TR BRI FE 3R = T IR 5%

n { LR %iﬂﬁwa
D
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Fig.4 The network structure of MGRN
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CNN HERIffFEAl F42 T Exact R-CNN 1 CME-
CNN (cascade the mask extraction and exact region-
based convolutional neural network) P Ff it AR 7Y,
XPHE SR gn S5 LR B, PR AT LR & o B TGN
BLL AT BEAR b Rt ) 4 2 B b, FLR B A
A1 22 B WAL T B 46 Faster R-CNN. YOLOV3 %
ESN/TNE RN Sl #7

BEXETo NHL8A BORAR Y 0] A, 56 N S ik —
A7 B v R R AT WU R0 1 0 Y AT S F M, SCHR[21]
e 73T R-FCN B8 TG AN BE B
FAs il 773k, Gk AR 2R N ERE AR AZHE . FEAR AL
AR AR R AR 1) 55 SR RS A4k R-FCN, S0 B B (1) 4
251 s B ke I HE B AL B T 92.54%, HL R4S R-FCN
BERISE S T 2.4 N E R ZTIEE 12 K8k H Ax
i mAP (HIEH] T 89%, IIE T Sk R ALLE £ 2K
AN 22 ROBE H A AR ) Rl B 12 B 82 A o i A 28

T SN BAR R BRI ES H AR, SCHR[22]
P T 3T 2k Cascade R-CNN f B /33 4F £ H b
o i, J@iL ResNetl01 B T M4 B BIAFAE 4
F M 2% (Feature Pyramid Network, FPN). Focal $#
KR E . AR R E M S5 L4k Cascade R-CNN,
DACIEE S 2R P A 2 1 R B A DA BE IR B 96.3%,  [A]
A BTG, PIIREE. RIMRE. SH%2
H AR mAP HIAE T 94.1%, IS AHLIKKE A4
G b v g A 1R e AR N 5 A BT B A T R R

T R SER SN A A, i 2k
MG MEARZ, NLI LR AL 1 N Fa
M, STER[23]3R H T 3T Cascade R-CNN A5 74 1 44
ST SRR Tk, BT Focal #1K BREL. B
[X 1 ( Region of Interest, RoI)Align /7 ¥ i{{ ik Cascade
R-CNN. b sEail 1 46 % + 2 KA BB 3 3R
MEEA, A% T . IR DL A8 i
S5 TR BB R W 7 THD 1) mAP B T IA B 74.4%, HLIR
f Faster R-CNN. Cascade R-CNN A5 %4 43 i) $2 /=5
15 ANHEZEM I3 AH A

T fEYE Mask R-CNN #5284 75 6 AL B &
rh 2 2% 1 S B /N B AR I BE 70 AN A& I 0] R, STHR[24]
PEH T AT it Mask R-CNN 5 R ) 448 25 1 Sk [
W J7¥E, KB RERE I (Convolutional Block
Attention Module, CBAM) 5| NAFIEHEEU N 2% 7, [H]
K A 4 R 22 9F B ( Generalized Intersection over
Union, GloU) 1 5% eR . HOIF 55 7Y 1 48 25 1 i B A
MK EZILE] 79%, LLJE4E Faster R-CNN (77%)+
YOLOX (66%). CenterNet (68%) 4 HI#EHE T 2.

13 A1 11 ASE S A, IRBRLTE 48 2% 1k BE R AE 2 HL
A v S b 5 B SR P A 7 T B —E
.

XU B A er I 502 BT v A RS 2, 49
f T HAB I DI AR B 4 2 [B] U R A A B AN AE AL
Hil, HAEAIRHEEEZ WY, Mz H bx
o N P AP B AR

2) BT B BRI 4 2 sk B A O v

Faster R-CNN. R-FCN. Cascade R-CNN. Mask
R-CNN & H S50k 5095 75 48 2 7 R Fa A WA T 25 43
BT NA, WS TR R s gE R . H2
REFEN SRR R EROR, (154 % 1 R
or 00 Tk FE 08, A DL S B RS BB E A E A
) ST B ARSI AT 52 Wi 65 25— s o ke 0 S AR A0
b & Jo A BLIRS A Wr ) B Be A . B S ik Tr R R
P DR R 0 B T3z R FH T A i 2 A Rl B
SR BRI, A I R 2 S I M ) SR A T 4
i, ORI 2 B TS M BB TT R R . AR 2 B
Ft# FIH SSD. RetinaNet. YOLO. EfficientDet 2%
BB B H A e I BV a3 AT A0 B A k1 ) B
o, JEEAR TR 2 B B TR .

B X T AL I G 48 21 /s B Fn sk e R il
R AR )8, SCHER[25]7F SSD B f F it | 4%
W1 2 RO KRR Bl S R 4 2 sk B R R A
(Multi-Scale Defect Detection Network, MSD?Net),
HEME S Fros. i858 Bl ResNet50 1F RHE 12
HU 28, ) FH s 5 AR RN 22 43 SR 33 AT R e 455 ik i
. JRIEf RS AR SR S BT T
FEscgn . AR T 52 1 SO R B AR AL UK 7 53¢
T R 5 2 VR B it e v N R AT R R S A,
o2 2 7 B R ke IR Gk B 97.3%, 5 SSD
(89.9%). YOLOvV3 (90.9%). RetinaNet (90.7%)+
Faster R-CNN (96.6%) L, 735litaE 1 7.4, 6.4,
6.6+ 0.7 ™NH Mo
Z RG24

i 1R

K 5 MSD2Net 4% 45 1
Fig.5 The network structure of MSD?Net
T SIS [F) R B R B 1) 268 2% - U0 5 08
CHR[26]45 & SSD HEZE A2 R FE R AEfl & 42 H 1 —
b ot 2% 1 G B FE FE A I X 4% ( Multi-Scale Feature
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Fusion  Defect Degree  Detection  Network,
MFFD3Net). %M %% L ResNeSt50 1 N 4F 1T H2 B
#, 5l NJEKZ it (Receptive Field Block, RFB).
Z REE RGBS, Wk T 4827 [F) 72 B 6 B 1)
T R SCRFAE SR EUAE 170 A5 AR W AS [ R B BB
CERTQIN S . P2 E N 45, SR, P B ) 484
T mAP {HiX %] 82.20%, 5 SSD (63.20%).
YOLOvVS (80.95%). MSD?Net (77.45%) #H 435
e T 19 1.250 475 NEF R, AR g T
o 2% 1 Bk B AR AL B AR R A5 B 2D 3 R I RO A
) I 7 o

FRIIVEM GG FREREAGR. ATV A
PR SR FEAE A, SCHER[27]198 T 2 T ok 1 3 — 3%
A B 6 BT 4% ( Cycle-consistent Generative
Adversarial Network, CycleGAN) F £ 2% - 5k [e /N FE
AR Ty, I e R B U U A R R A A
M2 L2 o fare A, AHAL SR EY ®
BLE T Al

YOLO ZRAE A N TFE oy % 1 H A 0 5
%, CUEM T HAE TN A A R, AR 2T
H LLYOLO B H sk i AL oy 3 A I F BT e BN
BLAL 30 G Hh i 4 2 1 Bl B R D BIF 95 SCR[28]17F)
M 53 21 YOLOV3 #7488 v 8 fataill, BT 7
R A I &5 SR R RS B 0K 31 94%, el 1 &2 ]
k45 Wi/s)e JySEBLIE A ML BIE b 4 2 1 i f
) I B ARG 0 R PR T R, SCHR[29148 T — A st
] YOLOV3 M2, Z 8 DL ResNet18 AH T
W, T 4% RIS EFHEIR I, 2 RIEERE
ST BT MSRER A, I 50 NER G
HACAL T AE o X BU S 06 25 AR B, TR RIS 2
T, oS0k BB Y 4 % mh B R WK BE L BT
99.18%, 5 Faster R-CNN (92.8%) AHELIRME T 7%:;
TR 33 5 7 T, SO A R 110 48 5% - Sl o S W3R vy
ik 48 Mi/s, 1M Faster R-CNN HIASIE BEALK 4 Wi/s.

9 T PR A A R ) B2 2% R 1 PR 2k R
B B A4, SCHR[30738 Ik 8 N =& JupLl . 2 RO HRRAE
fill G O3 YOLOV3 28 155 A, e 452 78 ) e o A il
mAP {HIA %] 94.6%, 5 SSD (89.7%). YOLOv3
(91.2%) MHEL A= T 4.9 Fl 3.4 NE S X
BR[3117E Darknet53 ™ 4% o1 5] N &) i 5 B )2 W 4%
(Cross Stage Partial Network, CSPNet) Fl% £ & #
M 2% DenseNet #2 ! T CSPD-YOLO, kA 7Y [l 4
S 1 W B R W OKS FE A F) 98.18%, 5 YOLOWV3
(93.31%)- YOLOV4 (96.38%) fH LL 2 Jill 3 &1 T 4.87

1.8 ANH 4 A5

YOLOv4 7£ YOLOv3 [ :fli Bii4T 7 — &R A
ook, fE A YOLO R4 57k — A B K580 .
1Z L L CSPDarket-53 NE T W&, 1238 2 RFE M
# 5| N T 250 478tk (Spatial Pyramid Pooling,
SPP) Hibe, & Mish BUISHE, FEIEXAT
Mosaic ZUHE 1 58 7 R4 . YOLOv4 K H ofdt Bk 7E
2 25 - R B R RS U g T B A e R e U K R R
LR o ) T

SCHR[321F ] YOLOVA BE4T 46 2% 1 E BB I 16
W, 8 K-means++ 5 R BRI AL TIINAE, 4821
S e 4GRS B ik 92.6%, 5 Faster R-CNN. SSD
A AR T 8.28 ANEH 4 A 13.88 N
g3 R, (A ISE PR AGHE B B Rk B 46 Mil/s. SCHR[33]
FIF K-means++FR S 8yk . P47 38 X 3 2% of 40
SPP #1652 Sk ik YOLOv4, ciadk 57 1
o 25 1 BB ARG FE LR 46 YOLOv4 #2770 24
ANE R SCHR[3413- H T — Bl B TV E AL
(Attention Mechanism, AM) 23t YOLOv4 ¥ %Y,
I8 3 7E R AR 4 B 28 v 5] N 2 () R 8 T8 VE R T L
il A R 5 A8 2% - B SR B R AR B B, FERRAE RS
W 2 rh g I CSP 2 FHR BE T 43 85 4 AR DL Jak /b A 7Y
S8, W B v B AR Sk R, oo A Y (1 4 % T
BREEAS I mAP {83k 3] 92.26%, 5 Faster R-CNN,
SSD.YOLOV3. % M YOLOv4 A tL 2 5= T 3.6-
14, 11 NESEM 7T AES A, H g EAER R
HE I R]{Y N 19.82 ms, Bt Faster R-CNN(159.69 ms)+
YOLOv3 (34.01 ms). YOLOv4 (41.08 ms) R
(CE

N T PR AR BT 4 S R AR RS B O
B R A R ) B R, SCHR[3STIRH TR T
YOLOV4 (148 %% B Fa Rl 75 v, Sl ik $0 4 18 o
HEY SEEEARE, H T K-means 5354046 50 HE
JR~F, F3ET TensorFlow #EZE$5 2 31 1)l 2k YOLOv4
W 2 A A, B S I P I 5 R B 2 AT 48 2% T
SEE AT . FE R A AR 744 BB A btk
FTEREG, %A TR I A 2 1 R R RS A 100%,
5 YOLOV3 ML= T 3.5 AN E 7 i, AR
L 59 mi/s, b YOLOV3 #& 7 ii—f%. N T s
Wi B 2 2415 5N 421/ B bs B B AR IR
FE, SCHR[36]4& H T 2 T 2 B RHIE 4 5 35 N 2% 11
H 2% T B AR M AR T ID-YOLOv4 (Insulator Defect
YOLOv4). ID-YOLOv4 #%4 Pl CSP-ResNeSt 4ff4
BT W B R AR R HL, 5] N 2 RUBE XA REAE 42



2902 BT R % i

2025 % 5 H

T M 4% (Bidirectional SimAM FPN, Bi-SimAM-
FPN) SEHLHE A 2R AE R & o 124 2 1) 2 % 7 B
B3 ARG A FE IR 21 99.13%, 5 YOLOV3 (92.54%).
YOLOv4 (95.63%). SSD (89.6%). Faster R-CNN
(90.9%) ML ¢ = T 6.59+ 3.5+ 9.53 1 8.23 4
T . EEERE, ID-YOLOV4 )4 % 1 6k k6
MEFEIEE] T 63 Wii/s, FEWE T AL 482 1 B Hf B L
G 00 25K

YOLOVS A 2415 R E T 32 ( B b ks I 532
2z, MBS K T YOLOVE 5325, e R I
ST AT A  RE FE ARSI RS, i R R BB AT EA
BUATL AT PR v 46 25 R B (R R MU 9 o A T R TR /N
A SR BRI R AN A I R, SCRR[37] T — ik
T YOLOVS M4a %+ B Rk I N 48 (Foggy
Insulator Network, FINet), 2¢XH % & A L1740
GTEERE AT 7, PSR- (Squeeze and
Excitation, SE) 7% & /I WL B i3t YOLOVS, )5
FIH IR 4T H) SE-YOLOVS HEAT 48 2 1 B B ke I« 24
HEASE TR ) 4 2 B B ARG T VEE A SR IA B 91.7%, R
4 YOLOvS #HLb#Em 7 1.7 NE &, HAELSG T
S e AR U 11 A B E AT IR B 62.5 Wii/s. A T SREL 4
ST W B I e R L SRS I, SCHR[38]4E M 1T
EloU i 2k s#. FAEIEMAKAEMH] (Non Maximum
Suppression, NMS) J7 %1 AFK-MC? (assumption-free
K-MC?) 5k Heit YOLOvS, Bk p Al i) 46 4% 1
e B AR RS P A B 96%, 5 R 4f YOLOvS M Ehi =
T 3IAESY A, HAEE O E A 156 Wi/s.

NTREE IR RN L LT b WS
SCHR[39)HR H T 3 T EE J1 /) i5t (Attention Feedback,
AF). W= i) 4 ¥ (Double Spatial Pyramid, DSP).
YOLOVS 4 % BB A I 7 1% o AF B i 7 9%
SRR AR I8 70, AREFEBCH [X 31 1) 38 3E Ry
fIE, AT DA w23 (AR AE 5 2R 1 1) . DSP A id
ik — 2R Ll A7) DR R bt Ak 5 S 2 I R A T
BRBE A [\ X3 ) 4 BN SOfE R, M s 6
FIT7R o B S R ) 246 5 1t o A N 4 A R 0k 3

J’ HoAL Jﬁ
= j]EEI )K '—>

Pt B R
ST gy B o Hi
(DSP)
Kl 6 DSP M4t

Fig.6 The network structure of DSP

98.9%, 5 JF 4 YOLOvS5 A1 3CHR[37]H ) SE-YOLOVS
ML AL R T 64 10 ANE 4r s Seat g R,
Z T VEAE 48 T sk FE AT B IR KBRS, ot
Ji B TR 5% A R A B A 1 B g RS 1 A A R )
T s B o 0 8z FH

N T SIS R LR A I A, SCHR[40]
I E AR AR . FERRAE SR EUM 4 5] N
TRvE B PRI B otk 2 8] & I Ak 25 k. AE
A7 % bR BT 5N A B 43 2R AR SR g YOLOVS . 7
AP T — S RS U B PRI LR R AR A B
WFE E 0.044 s 32 2] T 0.049s), Db R AL ) 48 2%
TR B K BB K I mAP H A F] 95%, 5 E A
YOLOvVS #HLLHE R T 3.6 AN 4 s o 1A B S HL 1 A
EME . WA ) 28 2 T SRR PR E AT, SR BR I
e o ALK H Am Al i HE ) R 558 T il

Ak, BN e HF &K 7 YOLOX. YOLOv7
SR HARKE I 3L . YOLOX K FH Al R 46 I sk
FHE T hR 285 B CHSHENLHI ;. YOLOVT R A w4
JRIEBREM L. ESHN. Ul E TR sE
TS IE ARSI, ST I S B e RS FE 1
AT . ik SSD. YOLOvV3. YOLOv4. YOLOVS
GEAE LG T sk I R BUS T B RCR, A
& T WS T 48 T PR T R BN E M, T
LT LB RS . ALk, SCER[41]7E YOLOX
M ELAL AR T T A% F AR YOLOD M
ZERERY, AL T I R A I Sk 51N e BT O 5 SR AR R
ANHsE W) 8, 5 R YOLOX #itk, YOLOD #&7#Y
(48 2% 1 SR B A IR BE S = T 2.1 N E AL BEX
Z R 2 IR 7 B A RS P8 AS v 1) il R
SCHR[4213% T 2 T B I HLE R 2 R KR AE kA
) AMC-YOLOX M £8 fi A, S 4E YOLOX Ak $2 HL
W &% Fh 5] N AL BRVEE /) (Coordinate Attention, CA)
B AR T 26 2 7 SR B RFAE SR B RE 70, TRl 2 R
Al BRI E] SPP BiHu e 4 R LR SUE
B, 55 R Shuffle unit & AQREAE LA W 48 ) —
o2 B DL D 7 2 B . AMC-YOLOX A5 78 7F 4t
S 1R 0 B s e A W O T A TR R U 4 R
(mAP 4 93.6%, 554 YOLOX MHEL$E s 17 4.7 4
B RE N 26.4 Wi/s).

X 2 T bR A I P A E S 0 5. N HE R
SRBE . ERYSE B, SCHR[43]7E YOLOvT M54
SO P 25 25 fg R R R BB T Flexible YOLOV7
P9 28 A5 R, g B AR ) 24 % 1 BB AR I mAP {1k 3
96.9%, 5 JE 4 YOLOVT (95.8%) ML= T 1.1 4
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B s ZEMAREEE T Zmks EHTH
736 K B 16 bk A B T L Sy S B
Borb s T 2 BEERI, SCER[44152 TR T BE
B N5 ERBIRAHE (a mixed model of self-Attention
and Convolution, ACmix ) FI AL 7] 45 14F 4 7 3
(Concat Bidirectional Feature Pyramid Network, CAT-
BiFPN) {30l YOLOvT7 W4 R4, H W 45 4f kg tn
7R BUBRR YR A2 1 2 R B (H R,
G, BB BRI mAP {HiA B 94.8%, 5EH
YOLOv7 (81.6%) #HEL#& e T 13 AN H 45 5o

IBUsUE
FHIE &7

w
! HEEHUER

****** = ! Feefan!
,,,,,,,,, oo ELAN s
A T T - ‘

Bl an| EBEER

pELAN
IR R ROR AR

BESHAER

K 7 ik YOLOvT P 4% 25 #gl44)
Fig.7 The network structure of improved YOLOv7

Bk 7 LIk SSD. YOLO F %1 5 ffy Bas I 55 LA
bh, EH R E FI A EfficientDet 535k 3E 4T 464 1R
Il B FCR B R M 9T o SCHR[45182 T 2 T X0 H $4
SL AN EfficientNet [ 264 2% 1Bk BRI 7%, 56 FH AL
HE G REM AL T Wi BRI B 4, 72
T B 6 2 () B 95 4 1)1 25 EfficientNet 287, &5
1 I 2547 () EfficientNet #5871 30 47 46 2% Bk by (34
U B VSR R, RIS FEIA BT 90.74%,
5§ Faster R-CNN. YOLOvV3 L4 $2 s T 13 N HE
Iy R 4 AN Ay R, R BB TR0 R A] A
23 ms, HE D4R R T4 ST I R R DN ()R R AN R

BN 47/ HARBRIE IR AR AR K28 H
o G N AR 9 0 A ) S R RTOR B A DA TR B AL )
L, SCHER[4618E T T A 21 R ) B L i B A
Mt EfficientNet £ 81, 75 {51 5% 22 1L HL A % 0 AL A
R B ol T NSRRI IR, 7E BiFPN
W) 2 T G /N — 2 ROBESREAE 2 DA /0 H FR AR I
RE , CACEE A Y 1Y) B 7 A A I mAP {E A E T 90.4%,
5 JF 45 EfficientNet. Faster R-CNN. YOLOv3.
YOLOv4. SSD #HLEL 4l #2811 8+ 5. 10, 10 #1113
MNAE R, K42 ahBE RN IS 2] T 92.8%,
RS I3 5 A 23.4 oi/s .

R LR B E bR RS SRR EL AR R R R

[44]

FE,  BEAE I AL SR I 225K, 7 SN 1 R B R Bk
e YRR A S AR B T2 N .
1.1.2 2T Anchor-free 5% [ 48 1 S B f ll 5 v%

H Faster R-CNN #2tH Anchor #L#l LAR, 2+
B ATE 10 BB BRI B H AR A B9 2 RO IR
H AR A AR Y {2 2 2R B30 7 S T OR B I B AT
H A ) RT3 SR HE 2 R ORBE , T
PR TR R AR T A, HERE ORI AT
s, R 5ELHRES, &5EMRIERN
FEAAY RS, STHEAREIHDESER. N
T v MR T HE R H AR I R R whiE, BT
Anchor-free ] B bk I V58 M M0k, H G 75X &
MG F ST W EHE, B N BR R R S
AT HARE I, AR TR SR,
P VRN 2 2 ) B bn ke I A & A . AR IR AR A
Srlic 7 AN E, 3T Anchor-free B B A A&l 75 vk 3=
POy N R A AL S R AR

BT 8 S A B AR A 75 92 S R AR AE 4
IR0 2 SR IURFAE B, P 22 AN QB IO B B g
AL FIAE o () OB i (A AR M B AR FHE R &=
RO, BE il G O A (R O B RO
M SCHL E bRk, HARRPER VLA CornerNet.
ExtremeNet. RepPoints 5. 1% & 243735 T 1 7
IS R 0 A1 ot g o U B2 EC 0 [R) R, SR [47]
e 7 2T RepPoints-v2 5 A RHE 4 735 W
#% (Scale-Invariant Feature Pyramid Networks, SI-
FPND A 25 & 1 i v 4 6 30 Ak Sl B A U 7 2%, 1% 7
VRSP T H a8k AR R A R B 1 v RS A
HE RN mAP {HIL %] T 95.9%, 5 Faster R-CNN
(93.4%)+ YOLOV3 (92.9%). SSD (90.8%) #H b4
BIPER T 2.5+ 3. SAAEY A

Fo T el mURE R H FRAS I 77 9 5 3 AR AE 4
B0 2% SRASHRFAE B, 700 FH ARG 00 Sk B H TR H R 1
ol G E L TRIAE REE R o S &,
B S A 5 Ak B B 0 0 s A0 TR AEE ,  SEIW H Ardar
WAE S, HARK M S LA CenterNet.FCOS.FoveaBox
S5 o N T SR B s A rR 2 i FRL D A S ) S I
BRI, SCHR[48]4E H T 2 T oleidt CenterNet [ 4%
15 1Y 1Y) i P, e % 0 A R s S B A I O v, Tl VR =
FrIE & W 4% (Deep Layer Aggregation network,
DLAnet). SE B, W] A28 4 BN G IR )= 5 E £ HL
M %% DLA-SE, % T CenterNet i 42 82 HU 46 2 1 H £
A A LI TINAE 58 & . 18 B RS =
SEE, ZITEAG T B R GRERIRS FE ]Ik 3
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82%, 5 SSD. YOLOv3 # tt 737l v 13 20 A1 30
NE G R XTI AN BG4 2 S H kB
o N D R PR ARG L SIS B PR ) i) R, SCHR[49]42 H
TR T E R S A R L L REAE o AR B
(Feature Enhancement Module, FEM). & 2% W%
EfficientNet-B0O (i3t CenterNet fif) S i A6 I A AY . 24
R R A sk PE R DU OKS BE S B 92%, 5
CenterNet. YOLOv3. YOLOv4 #HEL 2 B4 5 1 5.
19 F1 2 AN E 5 s SO ) R /MYH 34 MB, H
P o B 08 B 28.87 Mi/s, @R T CenterNet.
YOLOV3. YOLOv4. Jy J i TR J5 2 2] W 28 5 74 78
FBTHG KA, R[S0t T —FE RSN H vk
MAEAY CenterNet-GhostNet, 1% L GhostNet A
HFMEHT4% 7B R2ZZRERK, JFE
GhostNet I RFB B LUHE A/ B Awfa il 14 e,
Y 2% B R BE R I AS B A 2 86%, 5 Faster R-
CNN. YOLOX HEL7r & 1 9 A 10 4> 1H 73 55
FHE B, B A G BRI B A R T
38.2 Mii/s, W R AL B W AT F E K, N AHLE I I
o i P B B AL T I R B

BT b A Anchor-free 5k 5 2T 56
WA HA R EEML, B> 7O ST R, AR
AU REARPEREAS ) T 32 o CenterNet Az H: pirdh 45 7Y
BB ) bAoA B AR O s, e
73 388 5 A ke B s U T A5 B T R o
1.2 ETREUMERNE LS FRIERNFE

WA, T H R B 5 R ) H g A IR
il KR AR R TR FE A R . BE A B AR AR
JERIINIR, W28 AR K 2 808 St S R FE AN Ik B
Tt EERURNANE R AR R S i, A 1 T
Hh 4 K 22 H0 ) B BRI ) 2 A5 1Y Sk DL E B #2 B %
2 o T SR B bR R £ 455 5 AE o A HLAE
N & b, — SEHE 55 R 5 B 40 ) 45 B 4 1
5 10 A WU K S AR AR S T () o A DO 8% K AR A 2 2
4 J2 AT LA 43 i Y B A R T IS Y e 4

LAY 2 B A AL T R A X 2 S 2R U T B Bl 8 A
BRef B8, Bl R e (MobileNet. GhostNet.
ShuffleNet %5 IRFEW 73 B & 4 2H 46 FA 55 ik
P2 . SCHR[S113 H T 26T SPP Al MobileNet ff]
FEA YOLOV3 Mz iR, S5H4E YOLOv3 FERdA
b, BN T ahBE iR FE H 91.09% (K2 T
88.69%, (HZEBALK/NMIE] T KMEESE (H1 234 MB
J/NEN 2,78 MB), SR Be ks 2 A3 21 1 ORIRSE T CHH
80 i/s $&= ) 452 Wi/s). SCHR[S2]FIH MobileNet-v2

YA CSPDarknet53+ 786 3k 51 N 52 & 2% 7 25 (8]
VERE JIMEL (Ultra-Lightweight Subspace Attention
Module, ULSAM) (it YOLOv4, ki 2 g K /)N
N JEUE YOLOVA H 1/5, 3o 26 S 7 e k6 RS FE 1A
F1] 85.19%, 5 YOLOV3(87.33%). YOLOV4(91.01%)
FHECFEAR o SCHR[S3]42 T — Fh 5l B & A0 I 2%
ILYTN (improved lightweight YOLOv4-tiny network),
T MobileViT Fib . vEZ S HLHI. EloU 2 2k bR 1
Ut YOLOvVA-tiny, SO AR Y (1 48 25 - B G0 W K
[ ik $1) 94.34%, 5 R 45 YOLOv4-tiny #H L3 & 1 1.64
ANE s, EH A E B (80.61 Mi/s) k5 4R
YOLOvV4-tiny (103.22 Mi/s) & .

Wk [54]7E YOLOv4 [ %4t -, LA ECA-
GhostNet & T M2, & 7 —MEEMH YOLOV4
W2 A, SO K /IMYE 8.7 MB,  HHEF
BT 50 Mi/s, 5 Faster R-CNN (18 fii/s). SSD (34
Wi/s). YOLOv3 (40 Wi/s). YOLOv4 (35 i/s) #H
PLERIG 2 . SCHR[SS1#R T — MR E 1L YOLOVS-
3S-4PH M5 A, DL ShuffleNetv2-Stem-SPP {F
BT W4 LA B SR R A R, i 2 ]
REAE RGO 26 52 /s B AR SR IE BN RE T, A
4 2 1 R BA R RS B2 IS 3] 98.3%, 5 YOLOvS A Lt
Pem T 5.8 ANE A, HAHEBHE (20 Wi/s) ik
YOLOvS5 (11 Mi/s) H) 2 %, A IE & 38 T i %
W AT 4 7 BB SR AR I . SCHR 5615 T Ak
FRyEE SIHLH] . C3GhostNetV2 5 4E $#2 B & . Focal-
CloU iR T — MR EM L L T 2 I
(Insulator Defect Detection-YOLOv7, IDD-YOLOvV7)
WA, 5 YOLOVT FHEL, ooodh s 71 ) 468 2% 7 sk
R kG W RS FE 4 3 7 3.8 AN H 4 a5 SCHR[ST1HE
YOLOvS5 il I, 454 FasterNet-tiny . GhostNetv2
W 2%, $e T4 T BB SRS M A Y FasterNet-
YOLOVS, %M AL RE s Sz B 48 25 1 1 B B 64 (1) Sz
SEALIR Y, 5 YOLOv4-tiny. EfficientDet. YOLOVS.
YOLOv7-tiny 55 H bRl B L AR b, 78 K Wk FE 0
o B B — e .

5 I 2% B 05 1 R UE AR IUDRS B 1A AT 4 R A Rk
Hiy BARAR Y 4T A B o IR A, 3G B 78 R TR 5 T 4y
B A AR 5 G0 A FOR kD R S R SCHR[S 81
PR FE 7] 43 5 26 AUEUAR YOLOV3 B 1 W 48 5% 25 ¥ T
H B SR, fEH T —MEEH MDD-YOLOV3
W A R, % S A f A8 T G R R RS A B
96.1%, A 36 Mi/s, 55T Darknet53 HJ
YOLOvV3 AHEL, il b kar PUAS 252 S Ik 52 53 il £ v
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T 3.7 ANE Y AR 28.6% 0 SCHR[SOVRI IR FE ] 43 55
#H MM 1x1 & . CSPDarknet53 # & T L-
CSPDarknet53 BT M4, #&t T H 4% T B Bk
BRI ) L-YOLOVS W2 1Y, %455 71 A 8 S K
/N9 3.4 MB, {X N YOLOVS () 1/4, 5 YOLOVS #
Bl HG 40 25 1 Bl e R 0 ARG 58 R 30 B2 2 ol i v T
3.3 NED A 49%. SCHR[6018E H T —Fh JE T4
fIE 52 R R AIE H2 22 (1) 4% 516 YOLO-RR W Z5 1571
PL YOLOv3-SPP A2Efit, FIH DenseNet #4% |
dense35 ‘B T M 45 sSE BLRFAE 2 H 5 LA Hourglass 1555k
5 BiFPN #H 45 & SCOURRAE B &, BN S5 s A
5 MB, % FHFARNKEELRT 96.9%, 5
YOLOV3-SPP #H L2 & 1 8.8 AN H 73 Ao

PR TR S 447 2 1 R A D9 4 A5 AR g Stk -, G e A
RUBIRG . FIIRZTE . Rk 2% B0 55 07 A0
PRI o R B 2 51 ) 25 155 70 I 35 02 38 4 e 32 2 A7
TERBITURSH, BRI BIER — e B A &
45 £ R, Wl Dropout F1 Dropconnect, 4 & B i Hi &
MIANE, WA N & neT ke . M= BT
DA E S 28 BB . SCHR[6113E ! 7 T CBAM i
FIHLH] . Bk Transformer 4@ A5 45 #4)[) YOLOvVS W
ZERERY, I BY R AR 2 R AR A ) T AR e E A

LR, SO SHENE 0.5 MB, 4% 6k
B3 K6 UK 2 35 1) T 95.98% o 21 TR 848 10 A% J5t 2 )
GERIE . HESEPERR LRI KB 4 (T8 B
B I 25 F A A 55 g 1 B | A1 T B 22 1 /N B I 4% (2
A 2%, DL I 28 4 H 45 SR R BORR 45 5 2 A I 4%
flo g g R — R G AR R g, SEEILEOT X) 2% 31 2
AW RIRERE . SCER[62]4E H T — R B T &
A5 R R U T i P R AR BB ST, TEAR
I A BB BER A R AE R A AT IR T, KR B PR AR
T MBI SR Rk il A IR S
it IRk 2 510 7 2X0Ks 1m0 4 2 50 ) = B 4k o iR R
GG GE &, DAURA B S8, I B i 4 ) 4 A5
RUM o 245 2 2 408 b B BUIR A 9 3R OR 32
bit 8% 64 bit 77 M S HL, WS AT S N AE S
Rz 18], SEBUEL AL R 46 1 H 1

I R A I % T AE LR IE AR RS B T B R,
A AR B AR S AL, S TR R B o g A A
WETFTEHES FAFHERER L, —SEHHUNT
R H BRAGI0 ) 25 B AT, e RS Y A WU RS
RGEE . BAEEE, DU T8 AL S B S 4
LB R BRI AT, R TETREMR
IO 2% A5 TR (1 448 2% 1 Sl B S 0 75 9k TR A S AT 9 A SR

®1 ETREMWNERBEAEL T REEMAFARER

Tab.1 Research on insulator detect detection based on lightweight network models

SCHR o 2% A5 T e NTES EReSIEITE SR GPU A I RE (%) AS I B /(M /s) B K /IN/MB
[51] YOLOV3 MobileNet 487 — 88.69 452 2.78
[52] YOLOv4 MobileNet-v2 8 608 GTX 3090 85.19 40 48.23
[53] YOLOv4-tiny MobileViT 637 RTX 3090 94.34 80 —
[54] YOLOv4 ECA-GhostNet 848 RTX 2080 99.3 49 8.7
[55] YOLOVS ShuffleNetV2-Stem-SPP 5235 RTX 2050 98.3 20 4.73
[56] IDD-YOLOv7 C3GhostNetV2 640 RTX 2080ti 86 30 —
[57]  FasterNet-YOLOv5 FasterNet-tiny 1354 RTX 3060 90.03 45 8.7
[58] MDD-YOLOv3 D-Darknet53 4 440 RTX 2080ti 96.1 36 13.61
[59] L-YOLOvS L-CSPDarknet53 7 140 Tesla T4 96.7 37 3.4
[60] YOLO-RR dense35 2296 RTX 3080 96.9 82 5.16
[61] YOLOVS Transformer %i i3 f¥] C3TR 4618 RTX 3060 95.98 555 0.5

1.3 E- TR MAR BB 4 2 F BREa S M 75 5%
WL ERE REREE, LG TG
DX Al A /N, I R R R 2 3] BV S I - BRI
DU MEFE R . N T SR 27N B b BB A
T, HFF T2 35 e 248 % 1 SR B o S0 400 g TR R U 1) R
CER[63]3 T T Faster R-CNN HFr#& Il #1 U-
net 1 53 FI 90k 1 48 % 7 SR B A 77 %, Faster R-
CNN 57 e 4% T, U-net %4> ¥ 5 (44 2% 1

AT BRI o 1% 7 V% 1 48 21 i B A I v A R
%% 95.1%, 5% — Faster R-CNN (88.2%). U-net
(56.7%) FHEL o> ml $ v 7 3x 7 A1 38 AN E 73 s, H
JE BRI PR ISP 22 RS W B 8] 75 2 800 ms. SCHR[4]4&
H T3 T o0 SR AR RS I 28 20 B 1) 26 % 1 B AR R R A
W77, LL AlexNet AR 4%, 4% 4 2K IE
RO IEF] 72%, LA Faster R-CNN /E &l [ 4% , 4
T R BRI I A R AL B 59%, R HK I 4% 1R A R
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2025 % 5 H

0 CEE IR R IA 5] 100% ). SCHR[64148 H T 5T
Up-Net 7 #IF1 CNN. ZE42 CNN H A&l 2% Bk 1 44
ZF oA 7%, SESRA Up-Net 40 %I H 4621
#, THEH 10 2 CNN. 222 CNN 43 5 247 4 £ A
BB R e A, 32 A WU B A 3 T e g e R
A MG 28 2% T BB 1 SRS . SCER[6513% H T 2
F 41 2% 7 5 S W 4% (Insulator Localizer Network,
LIN) Fl 48 2+ 6l 3 K 0 M 2% ( Defect Detector
Network, DDN) 1) 2% I har P45 284, 19X 8¢ 45 4 1 1]
8 fiizn. LIN 3+ VGG-16 & A IF 508k H EE i
Y521, DDN %: T ResNet-101 X By 3 /5 (1 48 2% 13t
AT BRBARS I o 225 R (1) 248 2% 1~ S B A I v i 2R 0k 3
T 91%. R FR 1 P 5 1) B e N0 e 1) 75 22 360 ms .
SCHR[66]42 1 5= T B A ko I 199 28 0 73 285 94 24 2% 1k
M) 28 2 1R P R I 77 7%, SR Faster R-CNN 5 5l
BG4+, BAH 6 2 CNN 4 KMk 17
“#2% 1H JCERRE 7095, Faster R-CNN 145 2% 1 1R 5
MR, AR HER R TE 95% L L, {32 CNN K
4 2% ¥ BB 4 R UEA AU 86%.

VGG-16 RPN
y 4

N
B8 J:T LIN. DDN [ £ A i 45 7Y
Fig.8 Cascaded detection model based on LIN and DDN
SCHR[6714 4a 2 1 Bk U 43 AP B, 48
i 744 (Fully Convolutional Networks, FCN)
8 A E5 YOLOv3 W [a] Y 4 25 - e B s il 07 3%
EITER A% T 5B I mAP {HIXE] T 96.88%,
b YOLOV3 42 T 3.65 N 43 #i. SCHR[68]42 ik T
Ji% & X 2% ( Capsule Network, CapsNet) 28 5 YOLOV3
5E o7 S5k B 1) 4 2 - B B ks D 7 3, S R 3 45 2 HR
Sk ) CapsNet P28 1E 4T To i 40 46 2 1 R
3, ARG I 4 2 1 Bl G ST N YOLOV3

W) 2 A5 AR T R AT A 2 B AR XSOE o, 7 VR I 4
GRS BT M E R 221K B T 96.3%, L ERIH
FRAG I 592 Faster R-CNN #2517 8 NE 40 .

SCHR[69]42 T — P TR MBS %
oy B A 1 BB AT I 7 vk, H Jei@ il Faster R-
CNN H 4% 1, HERE ST, B4z
TRERBEE, BEMHREEE B4 T I
or W Bk B X8, 1% 07V BR A U 0 4 2 T ok
Rer, 48 2 1 R Bk DUV A 2R 0L B 98%, S —
Faster R-CNN (91%). P4~ Faster R-CNN 2}k
(96%). TRk IERIN Tk (83%) H EL 77l 52
7y 2R 1S NE . SCER[7018 48 2 11U
Joo it B Ao I A 8 R P % H bk I I R, BRI T —
Bk YOLO A 7Y 48 2 i gkl 7 7%, SR
FH 83t B9 YOLOv3-dense 5 K& i 46 2%+,
U H ) 446 2 U B RO B X3, A A et )
YOLOvV4-tiny AT 48 % 1k Fa kI, %075 f
ORI R A 5 NS TG, % TR
DK BE3A 2 T 98.4%, 5 YOLOv4. Faster R-CNN,
SSD 5 E M H Azt il kAt it e 17 20 5
10 ANEF M. SCHR[714R T —FhE &4k SSD
H ARG 9 2% 5 DeeplabV3+if X 43 1| W 4% 2 Bk 1)
o 1 SR AN U5, B R AL MobileNet {9 SSD
)R AE B2 B 2% Tk BRI 48 &
MobileNetV2-DeeplabV3+H T 4 & 1 &k [ Pt i3 43
#, ZHiERSFH T REAMNERILE, 4% T
it o A WU L A R PROAG AT AR R B, RE 8 T A2
IR B & TR 2K, v 78k R o i g A
(TR ) S B 12 e S ARk 1 o R %

2 TR 0 ASE 2R PRy AR e R WU K FEE A T B 0 U A
A, E R A T O B RN 2 80 R A DU SR B A
WA T, AW RS N B, HOG A i R U )
KRB . R 2 BGE TR T JUIK N 2% A [ 4 2% - ik
Bea o I 77 3 1R AH DG I 9 G AR

®2 ETREMEREE LS T REEEN S EOMRRR

Tab.2 Research on insulator defect detection methods based on the cascaded network models

SCHR 4 £ A58 704 Hd SR MR IR TRIE 22 S HE SR GPU HE B 2 BORS BE (%)
[63] Faster R-CNN+U-net 620 1 024x1 024 TensorFlow 1.2.0 GTX 1080 95.1

[4] AlexNet+Faster R-CNN 475 224x224 Caffe TITAN X 100

[64] Up-Net+CNN 160 720%x576 Keras. PyTorch GTX 1080ti 97

[65] LIN+DDN 1956 1 152x864 MXNet RTX 1080 91

[66] Faster R-CNN+CNN 1091 256x256 — — 86

[67] FCN-YOLOv3 1 400 500x500 Darknet GTX 1080ti 96.88

[68] CapsNet-YOLOv3 3 000 256%256 PyTorch TITAN X 96.3
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€-)
SCHik I 2% A5 7Y K B BB o3 Pk 5 TRFE 2 S RE B GPU 1 1 3 5URS FE (%)
[69] Faster R-CNN+8 2543 | 1 000 TensorFlow-1.13.2 GTX 1080ti 98
[70]  YOLOv3-dense+YOLOv4-tiny 6331 416x416 PyTorch GTX 3080 98.4
[71] % &AL SSD+DeeplabV3+ 5832 416%416 Keras GTX 1050 97.48

14 HfbFE

B 7 BIR R B AR AR A AL R 45 A
R 2R IR WU AR T R AT 4 S T R AR 2 Ah, T
TR B 2 21 10 48 2% - S B RS W0 0 A AR 22 3 A 4G )
o CER[721W0H T — AN 5 N BRI EEER 2
A E R B AR AR, ER R R,
T2 AR PR 48 25 1 1 R S e R WU VEE 1 2R AE 85% LA k.
SCHR[73]%H T 3 T ResNeSt Al RPN [ 4 2% 1 G
FRAEFEHCM 25, DL b 3 R AIE £ B 266 21 I 2% 1)
Faster R-CNN #5854 HU £ 7 450 4 () 5 B Aol &5 1 (48
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Fig.10 The network structure of DETR
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CPLID (China power line insulator dataset) 61, ID
(insulator dataset) 4], OPDL (overhead power distribution
lines) [#1, UPID Cunifying public insulator dataset) 361

SFID (synthetic foggy insulator dataset) P71, IDID

(insulator defect image dataset) 3745, 4% 1 JF
BiEEMKE B NLFE 3. 5 ImageNet. PASCAL
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MR BT 482 1 SRBE R B> — DM REA B E 2
Hg— ML, EARMENZ ST, #FHEAKR
ESTBUNEREEVE/TE il EF iR s

*®3 MESRBETATHES

Tab.3 Transmission line insulators open datasets

SR A 4R FUASE /IR N 3 5t TR

[65] CPLID 848 £ 25 T R R st Gk B e https://github.com/InsulatorData/InsulatorDataSet
[84] 1D 2 630 % %% 1 H An A https://cv.po.opole.pl/dataset]

[85] OPDL 2560 26 T 43 25 T B B G ) http://www.dee.eng.ufba.br/dslab/index.php/opdl_dataset
[86] UPID 6 860 % %% - G B A I https://github.com/heitorcfelix/public-insulatordatasets
[37] SFID 13718 46 2% T B B Ko https://github.com/zhangzhengde0225/FINet

[87] IDID 1 688 EACEe SR I VS I 3 ¢ 1§ 3R https://dx.doi.org/10.21227/vkdw-x769.
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Abstract Insulator is one of the most common and widely used electrical components in transmission lines,

which plays a critical role in electrical insulation and mechanical support, ensuring that the current flows along

the specified path and reducing electromagnetic interference with the surrounding environment. Since insulators
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are installed outdoors, they are exposed to wind, sunlight, rain, ice, frost and other bad weather for a long time,
and their surface defects are inevitable. If the insulator appears self-explosion or drop string, which will cause
leakage due to the loss of insulation, leading to electric shock accidents, thus resulting in huge economic losses.
Relying on computer vision and deep learning technology, insulator defect detection from massive UAV aerial
images has become an urgent problem for power operation and maintenance. However, the backgrounds of aerial
images from overhead transmission line corridors are complex. Under different lighting conditions, shooting
angles, shooting distances, etc., the scale of insulators in aerial images varies greatly, and the insulator strings are
prone to occlusion, the defect area of the insulator is much smaller than the insulator itself. Therefore, there are
numerous difficulties in detecting insulator defects in practical applications.

In recent years, compared with the traditional object detection methods, deep learning methods can quickly
and accurately identify insulators and their defects from power inspection images. There is still a lack of
comprehensive review of the latest progress in insulator defect detection in existing literature, without introducing
object detection algorithms such as anchor free algorithm, YOLOv7, Transformer, and knowledge extraction
techniques. In view of this, this article summarizes and analyzes a large number of visual methods for insulator
defects detection, systematically reviews deep learning methods for insulator defect detection in drone aerial
images, aiming to select appropriate detection methods for specific insulator defects and provide valuable reference
for researchers engaged in transmission lines fault diagnosis.

This paper reviews the research progress of deep learning methods for insulator defect detection in UAV aerial
images. Firstly, the current research status of transmission lines inspection based on deep learning is briefly
reviewed. Then, the insulator defect detection methods based on deep learning are explained, mainly from the
target detection models, lightweight network models, cascade detection models and other methods are summarized,
which is conducive to the comparison between different deep learning methods and more helpful for power
inspection personnel to select appropriate deep vision detection methods for fault diagnosis of specific electrical
component. And the target detection models based on two-stage algorithms, one-stage algorithms and anchor-free
algorithms are elucidated. The lightweight network models based on model pruning, knowledge distillation, low-
rank decomposition, network quantization and the target detection model based on Transformer are summarized.
Next, the self-built and public datasets for insulator defect detection are introduced. Due to the lack of training
samples and unified dataset for insulator defect detection, scholars mostly conduct defect detection research
through self-built datasets in different detection scenarios. Finally, the challenges faced by insulator defect
detection methods based on deep learning are elucidated, including insufficient defect samples, low defect
detection accuracy, difficulty in detecting small target defects, and feature extraction, etc. Based on existing deep
learning techniques and recent research ideas, several important research directions in the future are pointed out,
including expanding insulator defect samples, establishing unified performance evaluation indicators, small and
zero sample learning, new defect detection frameworks, multi-level detection of small defects, deep fusion of
multiple learning technologies, cloud-edge-end collaborative fusion, and improving network model stability and
real-time performance.

Keywords: Defect detection of insulator, UAV based aerial image, deep learning, computer vision
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