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Review of Application Research of Deep Learning Object Detection Algorithms in Insulator Defect
Detection of Overhead Transmission Lines

LIU Kaipei!, LI Bogiang?, QIN Liang?, LI Qiang?, ZHAO Feng?, WANG Qiulin3, XU Zhongping*, YU Jinyun!
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Telecommunication Group Co., Ltd., Beijing 102211, China; 3. Fujian Yirong Information Technology Co., Ltd., Fuzhou 350003,
China; 4. Beijing SGITG-Accenture Information Technology Co., Ltd., Beijing 100052, China)

Abstract: Traditional defect detection for overhead transmission line insulator is generally carried out by manual
inspection. The increase in the number of overhead transmission lines has made larger scale and more complex
environment of the inspection, which amplifies the shortcomings of traditional insulator defect detection methods with
high labor costs and low detection efficiency. New line inspection methods such as unmanned aerial vehicle (UAV) rely
on deep learning object detection algorithms to identify insulator defects in overhead transmission lines, which effectively
deals with shortcomings of manual inspection and becomes the development trend of insulator defect detection. Therefore,
focusing on defect detection scenario of overhead transmission line insulator, we firstly sorted out the commonly used
deep learning object detection algorithms, and compared the detection strategies, detection accuracy and detection speed
of different algorithms. Then, combined with the cloud-edge-end collaborative architecture, the improvement
requirements of the algorithms and corresponding improvement methods of the algorithms were explained. Finally, in
response to the shortcomings of existing insulator detection, the identification of multiple types of defects in transmission
line insulators is prospected, and under this research trend, the value of model edge lightweight and algorithm research for
small sample data is further explored.

Key words: overhead transmission line insulator; defect detection; UAV; deep learning object detection algorithms;
cloud-edge-end collaborative architecture
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A 2020 4E7E 500 KV J UL ELERRIT UAV 184678
FARIEE] 92%, Horb 2020 4 UAV 82 R
45.26 JiA M, E N UAV 28R 164 £ B4 T UL
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UAER, VUL 0k VR B 2 21 B A sl
LIS T ARZ R e, MEREEIE TS
25 2% (convolutional neural network, CNN)BIE1 T4
TEFRE, HAEHVERE . AR . R
PREEOLFH, o 4T ek U )& YRR, 193
TR ZWIN A . HR RS E N A
AR — S ) 8. — & UAV REEMEUGEE R
TEAEERRE TR EMRATRE R, —ROGIHE RS
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BAL BRI A 7 SR B RFAE R, 65 H AR
R SR JE T N B I ik AR i H AR A, I
HLES 5 ST AU 7 R A8 24T B AR IR, (H b5k
& FH A 37 S AR R IR PR DS, PR P22 3] H ArAsr il

HIEFET CNN SR ENRRHE, RefA RS L 4t
YRR EIE AR R, AT a RN =
NHIREE A 2] B AR AR AR R 7RO IZ )
TR . IREES: 2] B bR I 51T 43 A i e R A
(anchor-based) 5 ¢ 4 ri 2 fii (anchor-free) , I
anchor-based 2§ H Frfarill 5% EA anchor Jyidi FHE 75t
TR, 7E4 ST BRI R L), anchor-free
& H Al k4161 DL a2 S DG B R O =k
AT H BRI, A6 26 51~ SR e R I 7 T8 ) 82 FH AR G
b HETH T A48t il ) F Ak F25E
R-CNN(region-based convolutional neural network) £
B4 3%k YOLO(you only look once) & 71l & i 5
SSD(single shot multibox detector) £ 51535, R %}
3 RAEFIAT N A H L.
1.1 R-CNN RHE %

R-CNNUM8LE £ FLEET CNN $ZE ER AL 7R
FE 5 5] B ARG 5%, 265 Fast R-CNNISIE i & f
NZ:HL) Faster R-CNNI2, R-CNN 5 Fast R-CNN
75 H BRI R i 38 144 2% (selective search, SS)
SR FER SRR P92 R CHE , PR A ARV R A U
Al FE 55 Aar R FE TSRO 22, A A 0 2 FH AR XS
/b, Faster R-CNN #i 7 | SS 5%, 7R KR &
1% Z YR TR 2 B0 H 1Y anchor, — B BOR AR S
B 25 B N & X 3k 2 i ) 4% (region  proposal
network, RPN), &4 RPN % th 1 J L e 48 4 45 2R 5 Ff
FETTI 25 Foxnt anchor FEAT U4 AT HRAF AL A, i
TR VHEERFIESE NS B Eadb AT XKIHE e, J8 I %
D4R [X 3t 4k (region of interest pooling, Rol Pooling)
VAN R S ASCHE PR A PRI i & SR 1A B Sy [ — R
T BRI FH 43 S 90 I 2% 1) A i 4 U 320 AL 1)
SN FTHE AR R, AL IEW G
il (non-maximum suppression, NMS)% %3R5 F &
0 B FRR N 45 5, Faster R-CNN [ AL tn e 1
B, B 1 k ARERFEISAE R e, 78 SEPRecie
HEEREN9.

7E Faster R-CNN [yt b, XATAE H N FRFAE
&7 M 4% (feature pyramid network, FPN) &SGR
FPN Faster R-CNN(FPN FRCN)[1, Mask R-CNN[22
5 Cascade R-CNNI23, FPN FRCN %1%t Hir R EZ
FEM A BELE Faster R-CNN -5 T £% 35 4 /3 1
FPN, XPRZR HE R AT ERAE, A5 S
RIZFHERL S, JyPR B S 2407915 B & Mgy
TEE 43 Te /N anchor,  NIR 2 FAR 2 95 SR R AE P
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B 1 Faster R-CNN FEA£E#4
Fig.1 Basic structure of Faster R-CNN

B KR anchor, 5 RPN 15 31 () 2 W AE 42 K
INFBLLE A RIRHE R, T SRR Z 347 12 S HE T
M, 7£ Faster R-CNN [l EHE T 1A IAS FE s
Mask R-CNN LA Rol Align(region of interest align)ft;
# Rol Pooling 4 T 2 BSOHE X ICRAE HR U155
3 B A 1) 8 Cascade R-CNIN itk RPN 4% Bt
SERIOT R UEREAT 2 B, SR T RIRE FE

R-CNN F 1535 N AE 48 2%tk feafar il o, 3C
Hk[24]13E T Faster R-CNN #E47 T 412 1R 5 T1E,
Bk 7R B BRI B, (AR BN
R 268 2 -k & SR AT W B ) s SCHR[25]2 T
Faster R-CNN J 7 & & 2452 71K, AP &
HAGTWZAREE; SCHR[26]5 T FPN FRCN X}
M HEAT T SRR ERI ;. STRR[27]15 T
Mask R-CNN X5 & 462k 1 Hf 040 UG AT I FE 5
W, sl 2R E sh ik i ds .

1.2 YOLO RI&E%

YOLOV1P8E YOLO #4515 —RE %, e
ANBAT B B ) H bR R, 3 E ARSI AR
SR BB N2 AW, AN A g — AR &
JG, KH CNN HEATRHIESREL, @it 8 ZE &
DR TR 45 5 25 H A FHE (R0 5 12 A L AR I
H5HVEERZ) AN HARER, fjEid NMS
XF TN A2 FAE R AT 0RO . 3RAS H bR D 45
YOLOV1 {EYIZRH N an R 5 SE H AR FAHERT O
TN R 0, U A I B o AR AR AR N H A
HIA FHETIAESS, AL ST YOLOVL i 45 R 5
FLSEH BRI FAE Z 1A] (45 % e £ . R4 YOL OV 1)
SEPE 77 ARG R, FEARR MRS FE U7 TS Faster

R-CNN AH LA AHGEBA S (1) 22 00, R SRR b |
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o Ul RELAE
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W, @it k-means FEEHEE{E anchor FIHILATEIREE
1T ESHARIAFAHE, 25T CNN 4t 45 5% anchor
AL E STAREAT R, FIFH NMS 345 4/ il
45 R, YOLOV2 7£ YOLOVL (fFEnti E i Tt T
ARV ARG U S 82 5 e U S BE . Y OL O30 &y 1+ %4
2% ¥ #1>)y DarkNet-53(dark networok-53), T FPN
MR T SER N 4%, W s s XS B RhG 2 ZRHIE
PR, FEANIE) R BE B R AE SR A A S A 5] s
3, LA HEER R Z R R N RBE B A, BA
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forill 22 RUBE H FR 1 e
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HAr o s 328y e; £ TMgH5 N CSP(cross
stage partial)fHL2], - 2 Nk 22 Has A
LB SOEERA I LR E FEMMEGE R, BE
TS ARTHRE S 2T Re ), BRI SRR S AT
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ReLU BR#/E B 28350 7 (0GR 2 HE T B84
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RN 4, 75 FPN F5EAl_E39in 1 3 T AR
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Rl G R AT DAOR B B 2 R JZ AR s AESM 28 g N
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over union)fEiJ FHES K B H; 7ERLII R LA DloU-
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suppression) f FIIHE . YOLOVS £ 35 & % £% 7] #f
5/ N7 CSP ¥k, DL GloU(generalized intersection
over union) i FHESUR R, HlE I MZEIRE S
i 5 AR BRSO RO AL DA R AN R THARE
#IT K. LA YOLOVA NFIN4 YOLO fHE AL,
¥, Wl 2 fras. HA YOLOv4 = E A F Mish
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XU ILRH AR B YOLOVA [RA% Ok fIE S B B
JG CSPNet(Cross Stage Partial Network) 4 #), 38 i X}
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FRYIIPAS
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Berh T HEER ) FPN, @ B 7 U 78
HIFE TR ERHEE UG B SR BRI BE S,

Tt TR 4SRRI PERE s SCHR[38]5: T
YOLOV4 #EAT 4% 5 HARKLl, 456 70 /KIS Sigox
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1.3 SSD RIIEZE

SSD R4 EIEAE H bkl ik 72 v AN 75 248 i
WHE, 5 YOLO — )& T H.r Be H Anar il 557k
SSDBI ¥ sl VGG-16(visual geometry group-16)
RAGIEAERFAE I, SR 5 76 SLARFAE P Rl b gk alidhAT
TR RURAE, IR UERAIE S R JE R E )
SR E R E TR EEH WP EGAE, FIAH CNN
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1Y B 5% 58 S T ER DA MEEA T 320 S TN, ¢ il
it NMS 753 2| 21 Hhrkall 25 K, SSD A2
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7£ SSD H: At b A4 H DSSD(deconvolutional
single shot detector)[“°l 5 R-SSD(rainbow single shot
multibox detector)# %t 5k, o DSSD 7E M
2 gk Bl NICERRIEE, 78 SSD R RAE B AR M 2%
Ja¥ R RSN, FRR R s A b
KAEGIR M & REERAEE b, B0y B e
TN HAR RIS R-SSD sl il 5 e 4
FRERAE LA AR BERFIE B 2 TR BB R, JE 0 4
G IR RRHIE EEIE, 7 SSD MLl FiEA T
o WA FEE

K2 YOLOV4 J:A Lt
Fig.2 Basic structure of YOLOv4
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K3 SSD EALEH
Fig.3 Basic structure of SSD

SSD R AN HIFAE a2 FEBa Rl g N R, S
Bk[42]35t SSD 4bFE UAV RAEMIZ4a2 T- 1%, *t
ST HEATEAL; SCHR[43]IR T SSD Al 4 2% 1
P B OR, RIS R I 2R 5 B A
YOLOV3,

1.4 EHAEXTEE

3 FEEVRAEAT I SR 7 T A ot X AE T2
R EAE . R-CNN R8T XU B H b
R, HAG I SRS & 7E — P BL R e, R
P VCHERE e N PG BRI, 72 B B THE
RS AT FHE TN 5 H ¥Ry 2. Faster R-CNN
Ji, R-CNN RFIHE LB RPN $#2H & UE, 5
T EBHER AR, HEEE 0 RPN JIZ5E T 1 &
VOME 5T 5, PR b B2 — 5 5 3% R 0o 5 v PG U o
YOLO #4525 SSD R A58 T HMr B HAn ks
MEE,  FAT I SR B 2R G AR BE R S5 R K
GG = Bz 1] i B o O¢ R 78 R G R o s U
TG, TEA Rl e ERETIA FAET . YOLOVS J&5
) YOLO &% 5ykiEid FPN 8¢ PANet #H47 AN AR
B B AiER A, SSD MR CNN [E4 &5 M & T
FRIES 3, PREIETEA RIVR B B RHAIE B A 5
2533, H T o HE R R R R B AT/
JOEEE BRI, TR FER IR ERIE B AT AR
FEHFRHI. 5 R-CNN #HLk, YOLO 5 SSD #gid
TIRHEUGERD IR, B 7 EBHET R ITTRTT
., HIt YOLO 5 SSD — B A AH T B S5 i &
.

F Bk 3 SRIREE S ) B AR Bk AT X b,
b gE Bk 1 s, HiA mAPO.5(mean average
precision 0.5)F ~3 H: L (loU), BIE N 0.5 i, Frf

® 13RI HAR ISR L
Table 1 Comparison of three types of deep learning object

detection algorithms

ST R-CNN YOLO SSD
> U B TE BINEEE B
75 E
PRIy b
3%, YOLOV3JF
B SRR S
BB NN
U N E;%N LER R
gz AbEL o U g ke
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RIL B FAVSIEREHEIE T mit S
R, HIAG SRR 58 G 7 s i i A 2
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%o BB TRl VAV RELZ
TEGEE . =l FAMEEGEE T %, #
R L2 mTA - FREZ, Wk 4 Pos.

22 BETERFEENERMSGET R

8 25 R BE A I 503 P et 75 R 1 IR A
Jit: —JrH R UAV REE M G EE B — e by
s RIS 21 H bR AS N SR IEAT 48 25 1 R
R, 75 BT X B R AT SE AL, A5
RE MG L BRI RS BEZ0R, 4 UAV A
b 52 B DU HH PR e R s R 3 s
Fy— 7 2 = A P R R A B K, AT B
X ERE R K/ ST AR A R IR R . 0%
THR B I T S RE 70 5 A7 4 RE 1 A i = v S
Oy BUATREE S 2] H AR IR — RO L B
LG EBE T, [FR UAV A5 BA R ™
SR IR A, HAE 0L S v SRR AR H A S )
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I AP SE B B AR R E AR
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Table 2 Comparison of cloud computing and edge computing
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i
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Kl i b AL
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Fig.4 Cloud-edge-end collaborative architecture for

insulator defect detection
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Table 3 Characteristics of UAV line patrol images
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NIREE 3] BRI S ESE TR R, X
Y21 HIE AL AT N
3.1 IREFFEMEEMRIL

ZHET IR, UAV IR R b 7 E 5 4
1 LA B ORRF A B R e AR PR S, Rt UAV
REEENGEAR T, A2 THEE B bR RE— AR
AN, SRR ARG ME B 2 T

B X4 21 B H bR RN ) @, B — ol
CE 75 1A SR 22 ke U SR 31, 4 24 2 BB A
AL 2 AT 55 1 D% R A B K46 21
HARBEATRE I 5208, 565 2 BIE T4 TAa IS5 R
SHERFEAHEATA I . SCHR[54-55]5% F LRSI 5w, B7
F Faster R-CNN 47482 1AM, KAl 45 5 MR
PG R BY, SR 5 K B 45 S N & SRR A I [0 4%,
73 21w Pe ka0 25 F s SCHR [56] 1R FF SR A Faster
R-CNN #4742 v faill, SAJ5HIH CNN 5 4&$:
JE R 4 21 X S — 2 AT A OB I =5 S8R
tr; SCHR[S7IRH] YOLOVS Sk ir a1 fir,
I FH S 3 A U B AR BRE A X IR RS, 87K
SRRV R AU o A I SR 2 2% 1

Z ARG RIS = T A TR A R E
G, R AR T E AR RN A, AR
A P A B2 RGN SR s B S 3R T, (EAT AR A — S
TG, 2RI RS — TR B AR A S M 4
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[591% 1 XF bk [l /U G 3R AT T 3 8Y, BT #8743
B EUEBARTE R VIZREAS, ISR AR B 52 B
TREG 2T BRI AN T RAE, TSRS DURS B
S ik [60] 8% FH A= 1% % Pt X 4% (generative  adversarial
network, GAN)IE I 7 #F 28 1 26 2+ BB A sy
SRR GG TR, Uma#Rasg I IGgRN
YOLOV4 fif N, B0 T+ T 48 2B e ke il
FEFE o
32 BHREMMFENEZEML

HR s iy e 2R R TR 7 i YO TR, UAV SRR AR
I GEHE TS SR, L EZ)BONE 4, ER

REE S 2] B bs kS0 Re g HEBR 2 28 1 St T4
B0 SRR, HRTBO A S B 772 5
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AM &5 RFAE U 2 B ROGTE B AR X,
P2 F+ CNN 1k 48 HURE 77 1) 77 vk B, Horp
SE-Net(squeeze and excitation network)©®2 5 %174
= 77 #% B (convolutional block attention module,
CBAM)ELZH-F CNN ) AM #7fX5E . SE-Net
TSN 3 HERHIE 5K B T 7 W) E S A
JEA L 4w g, AR SUZ BN 5 R fa B —
Y ) AT A TR IR RN REE RS,
A5 RRFE L AL AR . SCHR[64]7E SSD &ALl
SCEEHRIEIN T SE-Net, 35 i 45 52 > B BRHIE(S
B TR IR SR B AR RS B o

CBAM  Hyitlh 18y 55 A bl 5 4% ()R 7 A B
PRI, 20l DCERFE E i B bedp2e 5 Hbrfr
B, HiisiEE s sty SE-Net JEAR—3, X
f£T CBAM [iEIEE S B & 1 b 45
RGP as B, A5 1a0yE = B A 25 (8] 7 [
FRIEEIS Ry 2 4E5E0E, [RIRERLS 1 iR as
5P R, @G, BnST i, &4 s
SRR Bl 4262 AH 3 » SCHR[65-66]43 7l 7E YOLOV3 5
YOLOVS5 ‘H M4 H i\ CBAM, il FF1iF# 711E
FIAl Ak gs AL CBAM A Bh T2 46 2% 1 sk
H A e 7 R P
33 AESHFENEENK

UAV IR 4 B8 AT R G, 2 EAN R85 A B K
AT RGEIE, 4% T HiRAERANE
FE, TREREES 2] BAnR I BV E R R4 2% 1 H
) 1 AR A SR TSR B A UK 22

BTG H AR A FEZREIRE R, SR — i RO%
J7 ¥ 52 DL AT AR 2 3% R (deformable  convolutional
networks, DCN)S7IfCE {5 F & & A% CNN i
ITRHESEEL . DCN [ S2 3 75 30U NI e BB &
M mts s, @ GRREY ) Mg, Wik
PEIRE 7 B S A RHE R, SEIE AL TR L
RO AHECTE I [E E B AR CNN, DCN 34
TR, HURZ S RO E R R YR A
[F LT TR H bR gAT HIE N 5, 527 1 B Ak
WY 25 (PR AE SR ERE /7. SCRR[68]7E Faster R-CNN
[FE T M 2% iz B DCN AL 4 CNN, 7E4i%%
T OR B ASIRS FEE 77 A A AT AR T

55 P ek T vk A DL AT i A T 2 5 HE AR
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IKP IR0 FAE AT B ARA I . f£ 458 B Anfr Il A B
AN FAE, B AR 2RO,
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