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Abstract

Transmission lines are an important part of the power system and play a vital role in the normal
operation of the power system. The traditional manual inspection has been unable to meet the
requirements of the power system for the safe and reliable operation of transmission lines. With
the continuous development of science and technology, the target detection algorithm based on
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deep learning has been applied in more and more fields by virtue of its good detection perfor-
mance, and the target detection algorithm relying on deep learning has greatly improved the de-
tection speed and accuracy of transmission line defect detection. Firstly, the development process
of deep learning object detection algorithm for transmission line defects is introduced; secondly,
the research difficulties of transmission line defect detection are analyzed; finally, the improve-
ment ideas of transmission line defect detection are organized, mainly in three parts: algorithm
optimization from small target detection, algorithm optimization in complex context, and algo-
rithm optimization for edge network lightweighting; and the transmission line defect detection is
summarized and prospected.
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1. 5|8

R TE L R A RIE R EEER], T B R R RS WS . UKE. K
UL R RS A R (12, X R A . ARG B R G A TR IGE AT R T B KR
(1] G AR I 715 75 T A S HEAT S B R B O B, (ELA T Rt e 6 77, 96 LA
i PR R B SV YE IR R S L, A TR e . B TR B R R T S G B R K, AR A TR
7730 B o A FL ) R G 1 7 SR (2]

VAR, TR FE S ST 10 AR I S0 S A 2 ST R B R SR S B2 . T IR 2
ST AR B AR I8 FE 50 o 2 0 ) B R e, B ZEAR TR B 5 e e b R L S FEE R RS B2, g
VLT Ao 54 B DX SRR AL T DI S AT AT (OB AR S

2R SC e PR B R R PR 2 ST B S 0 R PR DA 8, Rk L 4 R A
ST 5307 = A7 T 6T e 2 B R A (R S AT S 509 . B X T 6 Pl B e
AT AL R,

2. MR BEERIERE S X BRI B

VRS 22 ST B A 23 N Bt (Two  Stage) H A5 Aa AT HLEY Bt (One  Stage) H ARKE I 2, o
FH T H, 22 B B B R 00 ) S 7 B H RS I 459%: 32 B2 L R-CNN Fast R-CNN 3=, PR B H A il &g
FLLYOLO. SSD AF. WM B LT BB X I, SRJEHAT B bR R AT 2 Ar; B H bk
TSk B8 B AR 2 W SRR E ,  BEAT B AR BRI A A7
2.1. BT AR B AOsaER £ B ERPEI

2014 4 Girshick 5 A\[3]#2H 7 R-CNN Bk, ZEyk4 K 7L 50 B AR i BARK B bRAs il i) /5
A Ay 2R AT AL EE,  BESE T IR 2R SIAE H AR I AT Y B Al . HE 25 A [4]7F R-CNN [3EAt B3 T
SPPNet, %M %&7E R-CNN FZERL L4 T 32— B AR T+, ¥ R-CNN 2 IRER B R T — k6
B, RKBRR T 58, (HHERT:E BT . 2015 4F, Girshick [5]7E R-CNN f3E 4t 3 H T Fast R-CNN,
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ARG I e R-CNN HAH S Etdb TIRZ . BiJS Ren S 28 A[6]3EH! T Faster R-CNN, 1%/ 4% % H
RPN (Region Proposal Network) ] X 4% 25t K AT IR EHE P A B, HATITE A T KIREEKIEE T, Faster
R-CNN FyEAZ B 1 s .

classifier

E Rol pooling

 d—

Region Proposal Network feature maps

) =
Figure 1. Flow chart of Faster R-CNN algorithm
[&] 1. Faster R-CNN E AR ZE

PRI B BRI s I B3 A i P 2 B R P RS TN Y L 3 R S N[ 7 1 i L B A R 5 R R A
RAF [, $et T —Ah%E T Faster R-CNN HIRit %, lid M5 CNN BRI E AR K/NFE Y 78 ik
AR e T 40 R 2 B TR ) 5 R B A TN (R 152 5 i R [8]4E BT 1Y) Faster R-CNN JEfiti E5IN T —Ffifk
ONKUTE 5 WU T HEAT i P 2 BR AR AR SR AR I RAESE A [912E T Cascade R-CNN SEiLf ) 1 — itk
B T3 e LR B0 T /0 s B A I R S E

2.2. BT B ERAVHER 2R B ERPEAE T

2.2.1. SSD 3%

2016 4 Liu W 22 A[10]#2H T SSD (Single Shot Multibox Detector) k¥ 285781, 12 #| £& F Y [t 1% 1 2 5 P
87 FH T HREAIE P ) /) 2 R 2 S T 2 A PR R A5 70 FIRE RS o EAN IR RUBE (RRRAIE I bk AT AN R RUEE
(TR CASE A A 52 o SSD 7E44 e A U ok 255 1 [V Al m LAY A ARG B2 A oK, AR~ = N 4] 2 B

SSD HLiEE iy L 2R B SR A AT I S A, 2B S8 N[ 1158t 7 —Fhelodt SSD B, T 5E/E SSD 4%
SER R 5N ZE WX 25 [ B R E AR AT il G, LGRS R 2 BOBUE S Ak 1 7 VR D MR L Y S 4
T AET R /N FH T2 1 i L2 B AT R A A 0 P A 0 o

2.2.2. YOLO R&5E %

YOLOVI [12]&A7T 2016 4F, 2= AR R H FrAs I 1n) 8 A0 A (31 1a) 8, I X 26 S5 K 7E GoogLeNet
(3R () it gk AT 2eide, 1 x 1 BAURD 3 x 3 B A EBACE AT [ Inception £5 4, %M 451 1L 24
ANBERE. 2 NEHERE. YOLOvV] W] LLSZB st ot it (s ik B AR, {H il T8 — AR H fest— 4N
PRIEATAGIN, DR /I RG0SR AN B AR
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Figure 2. Schematic of SSD algorithm detection
2. SSD EEM N R EE

YOLOV2 [14]#E£ YOLOvl M5l b 1 3F— P M A ocdt, YOLOvV2 51N T 37 i I 4% 25 1)
Darknet-19, ZM &M S 19 NEFZ. 54 Max pooling |2, FERA 3 x 3 HFM 1 x 1 B, 1x1
B SRR B E R A PR S 4 E . YOLOV2 454 Dimention Clusters, X321 S AE () f7 B 247
L)W, I 2R Gy Fa i W Zk. IS SCHR[14) 15 4518, 7EAHFEHESE VOC2012 5 5t F, YOLOV2
LA PR 10 38 5 DA R B v PR RS A

YOLOV3 [15]°%F Darknet-53 #5454, Darknet-53 15| N T KREMFRZGE, HEBZ KN A 3x3
HBRZ Conv2D AL JE Maxpooling2D . i 7 ImageNet 153K, it )5 1) Darknet-53 7E£RAE
TR 26 1) [RI W 245 (T8 AT IR A T & 38Tt .

YOLOV4 [16]HIZFRMN 45| N T SPP #ibk B 17 Bt 8 B bR SCHRRAE, PANet BEEH TR A A
K2 S50, YOLOvV4 M4 E5KI7E YOLOV3 [I3EAt 5] X7 CSP [17] (Cross Stage Partial) %25 4244,
YL T T 25 28546 CSPDarknet53, M8 45 M58 | CNN %3] 68 ), MM B Ei, RS
T A AR 14D TR] BT CRAIE T ARG ) oA

YOLOVS5 [18]:27E YOLOv4 (1Al it — 2B 15 2, HAG S i RS WA AR o R F e ek i
H.454#)43 4 Input. Backbone. Neck. Prediction PU4>. A K 7 Mosaic B35 1 7 3, it fl
MUBT  BEALAGE T B HLHEAT 77 2k DY 5K B EAT B RN, SKA it /N B b il (1 -4 74 Backbone
KH Focus 4544, ¥ NEiES 7 25K 4 £ BA5 B A S E K Neck KA FPN + PAN 4544, #2857 4F
FEFEERAE J7. YOLOVS 2 /8 H %8 B AR FE /3 4 YOLOvVSn. YOLOvSs. YOLOvSm. YOLOv5l, YOLOvSx
FAMRA o

YOLOV7 [19]PI45 258 B =40 2B,  H A\ (Input).  =E T (Backbone) 13k (Head), Backbone H T4
JESEHL, Head FI-T-T0M o ZEASIN A ey SE XN K/ K 640 x 640 1) RGB EHEHET AL, AN ET
M2, HIR, Head JZ4k2:40FE Backbone M55 K15, 8L SPPCSPC 58 i 73k, UPSample
SERLFRAE, SRJE 18IS ELAN-H X = 2 AN FIR /N FPRRAE B, JLH R R E SR U A, & W 4> CBS i
58 B T F IR B S AE B &, f¢JS7E REP M1 CBM 2 )5, TR EGAG I i = R T 452500, i o
SAeE R, AR RS B L AR A RiRs TR Z .

YOLO F 5158 L2 e R B Rr I 0 2 A S 1 2842 55 N [20 18T X0 1 5 2% N s 2kt 4 1 I K
DUPRS FEAR A In) 8, 32 T —FhBE T YOLOVSs [ esi Bidk, 78 5 I 2% (1 At b xof B5eai B2 3k A7 40 18 5t )
51N GAM JEE IEHUR 5 3E BRFIERL A ASFF ik, SOl E MSEIE IR ER 17— 28Tt H
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SEN[213R M T —F 2T YOLOVS (et 5%, 48 )50 W2 I Atk E 51 N =By & 1AL, [ R A CloU
Loss fE 5k B, Soft-NMS 1y TS5 R A9 A BETT 1%, et o 0 D0 2% A AN R DA U 2 RO 1 00 A
DA BEA BT i o RS N[22]82 1 7 —FhEE T~ Flexible YOLOV7 I St 512 HY 3 o) i v 24 % 460 21 ik
B S b AT U, S0t e OB S H AR R HARBOR I RCR A 1 — e R Tt

3. MRk B ERPEA M BT ME =

BB BRI AEEEL, g N T8y SURCRAG . e K Q2 ol L D RS % & W] RIS AT Y
R Q0145 A FEL R 1 KR SRR S R AS TN K 2 AR FE T AMLEOR AR AT DL S HEAT Bt die g
FARGI, R L (AT SREEAISE O T BRI B, SRSt B b liAs e, R JE ML
A7 % LA R SR B AL I A7 AE 2 LAR HE R 23]

1) REEZS K TE AU LR b 3048 A0 B2 303k BE O AN B 52, Pl dA 48 ) 181 R T e R A7 AE SR B ARFALL
R HAEE5E  EUR AL B SR AT R 2 3 BURFALTH G eI B RS TR OIS R A -

2) MEES . i A K 2 AR IR WX L s L TR 2 b, TE LIS F 550 B 5
r ok, X BRI R SRS B 1 € 1 R A

3) MBI o o R AR B R B AR I SR R A 2 HLAMEARTL, B AN LISAS I RS A e AT B X ox Pl £t
AT, X TR EESR R I AE R T — RN .

4) FEABRZ o e AR PR PRIDOHE BEK, MHe S A PRI M, Jeioxd i P 2 i 10 e B A U412 (1 78 A2 19
YIZRFEAS

4. MR LR B ERIEA M EIE M

Wt A T 5 (4 R AR A AU 55 M L RO B I, R 46 ) A M R0 L 4 I i T A B FEL 2 0 A
R P o T 2SR, O T S v SR ARG 2 R s TN A SIE IR, B0l A e 2 B A R 7 M BT TN
AT TIRN NI TE, ok A2 R SR AS I BRI A Rty 1 EOR DTk A BN =ANT5 A
247 i L2 B R B AS D PO DAL SR

4.1. /BRSO EERL

T NALAG L FE A AT SR B B AR R RANA—H 2 A/NE bR, E15 /N B AR iR IR R AT S S0
RORZEM R, E NS R T2 ST &R

B PEFE N 24150 TR AN ER BUR R EEZE 7 R, /N H ARSI B8R AN G 45 ) /i, 4 tH 1 — P ek (9
Faster RCNN #5284 FH T~ AJe A5 FL 28 2 R R B R o 122 77 VA TE J5 AT 1Y) Faster RCNN BLAY (126t 5 N2 R
FHEFZHL RPN, ROIAlign f K-$3{H BERMHE . Horh 2 REERHIESEEL RPN FH Ttk B AR B KA —3,
ZIN ARG I AR5 R 2 ) 1 R, -5 SR SIS AE FH T A 1l A5 335 P i P B S PR A B AEE £, ROIAlign FH T3
PURFAIE WIS o S0 I PR SR AG UGS T 3R BN B ARER A A T — e R I e

X222 5 N [25 10l i Fe 256 2% R S RS RS B A s ) 10 A, B 1 T — P TR R @ 5 2 RS RHE
R 10 77 4 T i L B R R P AT R o S A R A R R I ) IR AT AR B, SRS HE SR
YOLOX [26] /2% b3 i ARy 2=y pLi DASE s /N H AR 0 8 A2 R 70, 38 In/0s H PRkl 2 LASE &/ H AR 1
KRS BE, e J5 51N CloU [2745 5% b B my B Y (RIS SR e 7 o S0t 5 RS ZRY WT DAE (R e A e B2 ) ] s
T JE AT A FEE ) K

H- S92 N [28 161 5xot i P2 PR ARG RS FE ARG, DN Rmed T 25 1), R T —Fh T YOLOV3 ki
B TEJEA WS BT 51N K-means++503%: DA i I 28 060 T/ HARIBURFE, 51\ Focal Loss BRiK
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Mish PR3 1 & AL SENet DA ORFEARANIIMT . KRG BEAS 0 Ao Tt J 0 5095 AT LA A2 S A £
ZOR, HAGIE A — e R M5

AR AR S T R A SR T/ F AR B BRI A AN R AR, St R I RRRTE R R AR A
DSE FE_EAE FEAE RTINS L _E AR A FIRE L A4 o

4.2. ERERTHEEMML

2 P AR R AR IR A S, e AL B R 38 00 MR S O B A, AEREAT S e U B A WA
[ > 2 B e RS SLsgmn,  H TR A BRI R AE IR 28 A I e = L) Sk ot T RS
B HRHIESEELRE 71[29] .

TR S B IE =L AR E DAL IRESER I BIEE NS ARFRERE )
BUHIEE, TR M4 G5k b i B B 7y, EREAT HARRIIy, K2 Rt — i JU2E H bRk AT
R DUAIE G, 3X 5 7 2 9 28 0k N BRI AE S g AT e B, mT DU ) T DGV i 75 R 0 ) B A R B
BUE X S ZBE A AR IR B, DA k25 2%

PRI A N [30VEE X HL 2R 2% b (1M AS AR it /NS DU B AR AAE X DASR ) 1 R, $2H T —Fh & T Faster
R-CNN [k 5%, 75 A P4 25 A B 51 N0 2 3B 3 A AS [R) R AN R 8 ) UG R AE R AT 43
BrRIsGoR, o502k A B0 TR A U A RS B2 T — e FEFE B3R T

AR S N[350 HL 2R % & SO HER AR B2 A EA R 1 I, 48 T —FJE T YOLOVS Bk
BERE, TEJEA M I B 5] CBAM VER U [25], H TN T 2 A RHE S RE /), R 7E
SR A 28 v 5 N 3 N AR S R TN 22 RPERHIERR-& 24OR 184 Mish bR £ E A E0E s 8 LA g
AR 3 FUET R FZAGRE T o DGEE 5 I S0 T3 1 H AR BLA/N H AR BRI e A T AN R AR FE

.
EIRE SO RE N, HOE R U T e, ot JE M SRNENS T H AR AR SR IRE I #A T
SERE L 4R o

4.3. BEMEREHHEZRL

B0 B ARSI 57 0 245 5 A6 S B s e R, ARG SR T O 1 AR Ml 7 FH B R 3 i & e e,
WM SR T i B 1 R 2% 25 ] DL SR B AR SR R AE SR U 46 . YR S50, DRz
P A2 SR 0 T SR [32]

AR N [33 ]t i L 2 4 A5 70 R DL A2 T0 AL IS P 2 o I FH 75 SR 46 i R, it 7 — Pk T
YOLOV7 FISuE s, RIS RE A 1 32 26 25 il s Ab v 00 4% 9 5]\ BiFPN [34]3E/ T4
TERRE,  H T R B R FE AT I HE S D 1R T B ST R AR AR Tk KR A . S R,
AT LAY A SEI R AR, IR R A — AR A B T o .

X [ 55 N[350 1A Gk A HEBAH FE MR A5 0 j, $2H 7 —MEE T YOLOVS &%, 51 AN R-D %
PRI 2 44k, SPP (Spatial Pyramid Pooling) FH R IR Y (¥ HEBR S B, AR FIF ResRep BYAE J7 206/ s
BRI 3 F 00 3 A7 25 8] 4 3038 B0 7 6 AT R R Ak . 503k Ja I SRR AR ZY o5 FH 25 (A1 B T B
RRURS FEAE SR B2 A T A FIFEFE 5T, .

B AR N [36EH T B AR AR DA A Sk SR 3 B e A2 % il i, 2 T — T YOLOV4 [y ek 57k,
FLAE 5 A W 2% (1 itk |51\ MobileNet V2 [ 28 B /R R ik 4 R 2% [ B A FH R B R 70 B A AR LAy /D A
BZH, (EH K-means JFRIMAAL T 10 I AN, TEHUHIN A h-swish 2R VR s ok 25 LA /D
RRAESEIOS AR P S BB o oot 5 () SV 7039 A ST DK 52 119 ) B SCRT AR IR AG U0 5ok 5
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Ty 5 545 N [37 1T 55 i r 282 6 78 UK AR S5 A I 7 S A BT 7 S P35 W R, Bt T — PR B 2 O P 3R
RT3 00 i R R A2 UK PR FE (R AT A 2R 7 R A B A I 2% MobileNet V3 $ HiUi L 2% 1 7
UKEBARFIE, SIS B A DU SRR AL SR HXRE /0o S50 ) A B3 mT DAIE N2 B R T A7 DR I
DRI B e ORI RS JEE

AR R At 75 T A 3 oL A R A I % 5 A BB A 1A T O I AT R, R S U R R 20
T EARAS I RS B UL K H ARG (0 SE i PR T A [FIRE EE 4R T

44. BEERE

NS MNIRFEE 27 21 F AN SR L i R R S R B G U (R F M i BV = 20 0 i T IR B 2 ST Y
i FL 2 B SRR FEOT R 3R IR ) AR AR K R 25 2 FB s, (B 7AEE — L8R AR
A BT X i e B A A 00 PO IT A 2 T e

1) EAR FARSTI B A FROAS: A P T LA 2 S T B 755K, B0 /08 F ARG IR AR 37 53¢ T 4%
P EARSLIATS A P R, ROR AT B X 440 (¥ H AR A T AT B 7

2) A H RS IR K 2 80w EERBOR BT S, Toidin A% sl sk A\ 2B & B il ZEL A A7
(], 30 d FL 2 o o A U e B AR O IR AT R 5 4k

3) B ahimaiR A B AER T H AR S AT SO AR T RE T, SGH I TR R 2 B XS RE il
AR B E S AR M SO, b e SR SIERRRE ST WA LN Y SO BERGE AR B R A
I A BANT 6 G 1)l

4) GR A LAR BBR AN K A TR 4R, MRS REARSHGE A, SR IIZRES SRR T AR,
RS FEL 28 SR o A U A0 (B AR e AR AT
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