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Research on Insulator Self-Explosion Detection with Small
Sample Based on Deep Learning
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Abstract: Aiming at the low efficiency of using traditional image recognition methods to diagnose self—explosion
faults in aerial images of insulators, and the current image detection method based on deep learning is mostly
carried out through the cascade network, which is difficult to directly locate the Self—explosive defect block, a
method for directly detecting the self-explosive defect block is proposed. The number of defective samples is ex-
panded through Generative Adversarial Networks to solve the problem of insufficient defective samples. In addi-
tion, the Faster R—CNN detector is improved to enhance its ability to locate small-scale targets through feature
fusion strategy. Experiments show that when using this strategy to directly detect insulator Self—explosion defects,
it can also achieve good results close to the cascade network, and greatly reduce the workload, save the training

time, so it is feasible.
Key words: deep learning;object detection; Faster R—-CNN; GAN; insulator

Citation format:YANG F P,PENG Y F,LI Y Z. Research on insulator self—explosion detection with small
sample based on deep learning[J]. Journal of East China Jiaotong University,2022,39(2):110-117.

TERTR AT, S5 T RIMBTEAARRE 5%k AT ECR X0 At b Wy i il 5 i
RIREE R, By 2 G RN R AR B R RN 4 G IR A e B, FHATAIH R

W5 B #1:2021-04-13
BE&WA JLNH HHF TR H (G11190295)



5 230

W0 A5 TR A o] BN AR 5 T AR A I 5T 111

HLAL A AR IBOEAS AR, 1) ] R TR 5 AR AT
R 8 B IR © R 3 A AR gy =
SR, BT JC A HLAR BRI 80 b e, A% 48 1 K
AR 8 1A MG, 78 S8 B o b xfE DLk &)
PRAR Y ORI AR SR TR BE A 2] 7 1 B A iR TR
Z A TR R B G IR E R 2 A B
222 BUE R ZRRAE , ARG T IR HE N TR
TEPR T AR, T HFT £ B i TR J2 R M
U9 T AER Rl 2 A ANWFIER TR 27 2] J7 UK
D HL A, s SCR SRR R T FI ] Faster R-
CNN X 3845 B 7 i ) 246 2% E A7 e o) ) 55 3
ok ) R B 2 > BRL x v, AR TR S A A e A 1
BRI SF R i VGG 43 2548 F1 Faster R—-CNN £
] 25 20 15 7 G B 0 &% TR0 48 2 - 1) [ R R B $
e RS

SR, TR EE 2% 2] 7 AR 4 2%+ [ 4 1T
e 79 A4 ) A . — 2 3 R A 3 1 BTl s 4 v Bk
FAREAS B it b, G 00 4 AR XE 27 > 31 i AR A 1Y
FRAE 5 IR Bk fa B B AR ROT 2k /0N | 42 %8 H e A HE
FERER , DL B TR EE A ) W 4 2k F 1 RS
W3 K 2 A5 75 38 o G0 ) 4 647, B S i TR
TR TEEMR T e Al 4 %, FE R R
i — 20 R A% 58 T W A 46 2% BRI A R
gy X VAR TR AT BB AR TR, HRE RS
FHIE AR .

SRy AR TR B 2 ] (R /N R AR 4 2% 1
R Ao T SR 3 Ok A O BT 4% (generative ad-
versarial networks, GAN)Y" 7t [ MR FE AR B | ff Do i
REE AN R R, FF %) Faster R—CNN £ ) #%
FHRHIE Rl S5 W 3G 5 8 24 5 B2 45 31 1 1R )2
FRAE 5 R ARG 3858 X5/ RS H AR 19 58 2
AE 7, 1 HCBE B BB S R B As . G IS
FE (0 1 5 RS DN 1Y) 2% B HE A TRl A Y 4% ik
Ptk o 38 SC50 B iE T 2R m A RO

1 ETERMTINENHET T

11 Ro#ET AR

TERUAR 2 5 1 R KR S P 48 R Z RO AR
NIEFREA & AR A S B R T
SR PR AP i R B T T T A BB AR LU R B
VAT, ARG B e T SO0 BEALE R
BRIV S04 B B BIL A2 ) — 5 1) /D RO REAR | el A
W R R R AT HERE AR R | s R A AR A ] AR

b, AEXRP 7 P T8 AR AR R S R AR B S PR
PEARAH I, U R & B R AR L 2 R TR
HEME R, Z R A R W 5 i il UG TRl
1.2 AR XM 4%

GAN J& 20144E 1 Goodfellow %% i1 Hi iy — Fif
HEZR | U E Uk AL T — i 1k G W B 2 ) 15 21 s
WIZWHRE 2, A AR TR R T 8 i SRk,
2 GANMBLRLZE R G 1] 1 s . GAN k2R s
(generator, G ) F1 H) 51| %% (discriminator, D) i 1~ I’ £%
HARXTPUHEAT 24 2] .G BEHL NS 43 A R AR
LTI T e 10 = o N = 8 3 WA= 91 R 2 S
O ESCREARIE R AL, A E AN THA ;D
B i AR ELSEREAR B G AR B A B A i —
AT O~1 W H IR A0, B X Y N AR
HESHA, X5 DO B 0 7 XN B
ErPERE Y R 2R B G AT B RS BD DY 0 A8
FE—HN 05, XRY GCERMWHEACTES
D XELL S BSEHEAR X 43 YRG0,

Ture
sam- | e e,

ple :
x Y
Ture

D || or || Loss

} false

Sampling

NOZiSB /

Bl 1 GANEELH
Fig.1 GAN model structure

2015 4F, Radford 25 f£ 28 it GAN HE 22 (1 K filf -
e et B TR A AR AR BRI R 2% (deep
convolution  generative adversarial networks,DC-
GAN), L T T A4 LB AT, DCGAN fili 451
MrZe g 2 (CNN) U T 228 GAN v i 22 )2 L
KAE T FEAR B R IE SR AR P G 5 D AR AT T
& LY Ak (batch normalization ) &b B HUyH 1 jth £k
JE AN A F RO e T S I A O R BT T
IR 0 8% E P DA SR SRR AR 18 o o
1.3 HFEY RLR
1.3.1 B P

MECE ERTIER] GAN 72 D Y22 R i G 1A
I IR B G, BV ik B 0 A 4 PR 20, (R S Bl it



112 LB I N

¥ 2022 4¢

g, KRIELE M DCGAN 76 Il ZRmf 28 3
JRETF K )L, (A8 A0 AN RE A5 B RS I 2, AR IURE A
P AR 22 o X JE N2 8 GAN B 2% R BOR 4 T
TE D O BRAEL S f5 /N A 05 A A2 7l A 22 [R]
(4 JS BIREAE ,JS B (R2 KL B A9 — Rl FRIE X
MATE . X T A B B 2 f(0) 5 g(x) , BUE
E LA

KL(f(x) | g<x>>=2f<x>1ogé%>) ()

IS() || 8= [KL(G) || g())+

KL(g(x) || f(x))] (2)
WEILII N Pu(x) A B3R Po(x) , F
LN Py(x). GAN B Hbr ek E
V(G,D)=E, p [logPy(x)]+E, _, [log(1-Py(x))] (3)
G Ab T R IR A X bR pR R S RIAS
B e it e F A DT

o Po(0)f(x)
V=P Pu) )

¥ D" A B xR %, 15 3
V(G,D")==2log2+2]S(P; || Pu) (5)
MAHES TR, G 1 B 28 2 o A 5 5S4y
AT A IS HRE Je /b, T D A H R0 S AR By
A 5 BS54 Z [ 1 TS B, GAN 19 T A it F2 7]
PR O S i D SR AR i A 5 LSO AT Z A Y
JS BURE BRI 4 G AR JUHT 18 23 A L) AR T % 1) 174
JSBUE
B2, W T JS MUEAE W 4 A 0 & 5 &
53] 20 A Ry 2 BT DL O A A B B AN A A
L1175 i 7% i L1 B 0 S s Vs = R o o (S R o
A LT A AT BEA AN W] Z Mg &, B LLE T Z (A
1 JS WO A R 192, e T3 G MBREEJLT- M 0,
D PEREARSRIN G 58 2 JCREAH B AR B o BT X
BTk, IS EM BB (earth mover's
distance )fCE: JS HU% . EM HEE M5 T K44 P, #%
BT P, B TS % 3l 00 7 4 8E 2 04 B /MA, IR
FORPI AT I RALRE B . AR A Py 5 Py BT Al
RE MVER A 23 A1 b SR AE (w,y) T8 — AT BB 20 A1
v, TR R AR B PR B A B N A A S T
G3AE Py B3R Py T R/ NS EM R B B
FE S
EM(Pl,Pz)z%ri[f(l[{q[’z)E(x.y)[ [ o=yl ] (6)

EM B2 75 P o0 A A7 AR E & 1915 B0 T 598 BE
g i B A AT EE S L3, kS 19 DCGAN B

VD,6)= max (E.p [Po(x) E, [Py)]) (7)

A 1. D e 1-Lipschitz 2 H 444 B D #5587 5 /9
{ELBR 78 7 BUE (= e ) Z 18], i D 1 H b o 07
Ak
132 SLEd

fifi FH A% Bl i R DCGAN H s A2 .5 NI Y
BEU AR, REBEEERER it
— Ak TR A3 AR, G TR BBEREY R
Koy e B FaE R E — R DU S OR s AT L)Z
(AT PRl ] ReLU PR, fe)m— 2 N4 FH tank
ORI B34 ) i 0 PR DA R R AR AR, X D 25 AT
Tl ATMHT EM BEEAE T IS #UE,
D DI RESE AR R LA EM BE S ) JE F AT 55
MASIE AT S5, I LA 2 B 8005 oA 500 1 5%
HIX 245 D % nT LB JEBR K, S T fife o i ]
B, B RAE D S 808 B o H A A T Ak B £
2t X (AN R o A [ B 16 6 B R AR
AL N ORFE, B 2 AR R 0.2 1Y LeakyRe-
LU R 30s sR 2

F= A BE BN < Inter Core (TM) 17— 9700HQ
@3.00 GHz CPU, N {7 32 GB, K& NVIDIA Ge
Force RTX 2060, 18 ] Tensorflow (1.7.0) HE 22 X 454 1=
B PEA T U ZR A, Python WAy 3.7, ib4h, il
JH Matlab2020b >k 4 B #4750 5% B &G 48
5% FEL I T 445 2 - PRI 50 A0 5 0 ) 4% 5 40 B 9
ALY, HeAr 587 sk A4 S T R, & 600 A4k
WAL 817 N4 151 878 SKIE W 4% T K%, &
2 445 Mg T . S HERA S ERE N IERE
A A EH a2 1 1 G E S OREAR T4
FEAS G a5 wlak 5, ) B P ) A o 3 S A
FEASEAT 52 BE A DA2E B ARFRAE , Q& 2 fr o,
B 2(a) A5E BEJRATRT, B 2(b)SE MY )5

B R R & A A8 IX 48 2 1 X B BT S
G5 — B KN 256%256 , 1F R < BT ik A Bk
A DCGAN #4711 25 LA AR B0OBT B SR B R AR S (i
A5 1) 26 T PRIk ) 0 A B AR A R D OBLES ] R
BB W A AR 1 2 ) R 0.000 1, T A
g8 Y 2 2 RBEE K 0.000 441 Adam 1k 2§



55 2 W0 A5 B TR A o] BN AR 5 T AR A I 5T 113

KEHSH, B0k sh B EH K S EI%sh i,
hEE RS SR EIK 0.9 AR 0.5, 4R

14 000 ¥, [ 3 R AU Al R, i LU ik
12 000 Vi A il i R B 28 ZEAS I L 0K

(a) Before adjustment

(b) After adjustment

2 BAEGREETIR

e w

(a) 10 times (b) 3 000 times

Fig.2 Contrast of sample image brightness adjustment

T

Ak

(¢) 10 000 times (d) 12 000 times

3 WMOERBRE

Fig.3 Partial generation effect picture

2 ETFNRTERBRENE X

2.1 Faster R-CNN #& il 3§

Faster R—CNN il #% i FH T H A5 K2 0 (1) Fast
R-CNN F1H] T A Jfige 6 X3 91X dal a8 ™) 2%
(RPN ) A4 ot , 9 19 28 A Bk 57, A e 48 BRURRAIE 19
CNN [ 8 100-1 245 41 18] 4 7 Faster R—-CNN .
VRIS, REAE 4 I 45 3 3ok 4 AR A B A T8 R 1 R
TE I 44 Fr 15 B9 e AE 1B 53 0 A 45 RPN 5 Y%
X383t £k (ROI Pooling) )22 ; RPN 7£ FEAIE ] I+ A A%
X IR Hf A 2] ROT Pooling )25, ROI Pooling

J2 % LD A il RS A AR AR TR O 3% A A
SRR S E H AR oy KA FRE LT LU E
H 5 28 501 5K A

Faster R—CNN 2y B RUEE RRAEAG DU 28 A6z D) Fsf
H B T2 R AR, R FRAE S B . XX TR
NS E R TR il B S U AL R 2/ NS I NS A B = B
IR 5E & & o AR B0 R 2 FRAE 50 2 D) S RS
W5 BN ROSE AR s ) O 6 401 {5 2ok 4T
SEA T A AF BN 2 AR B TR RRIE Z i LA
& 45 CNN A0 g 76 A6 I /N ROSE H AR i A 73 4 LA
SEP R A RCR .

Feature -
. X Characteristic
Image input extraction .
diagram

ROI Pooling |—

| FC |"| Classiﬁcation|
[| FC | BBR |

network
!

f

RPN

Region proposal

4 Faster R-CNN # il 88 454
Fig4 Faster R-CNN detection process



114 K 22 K% %R 2022 4
2.2 S EREREE Gr— RsF, BN A B B S M2 F1 M3
Shy B 2 i A AN ) R AR AIE LA 388 5 X6 /N )RS WATRLA . A S AR PR T — UKk 3%3 1B B PR IR
H b B A I R SR R FH 47 AIE 4 7 35 (FPIN) 3R I 1314 SR AR AR P2 5 P3. # P2 5 P3 B

PEREIN RS, AT 0K Z T 2 R RE L& 8
AN [) J2 1 R AE B A FH B0 2R A T T, P AN
il 5 HR 2 2 FiX — 2K B bR, TEAR G219 FPN 1Y 5L 4tk
AT, ] VGG-16 4 Faster R-CNN A4
R4 K 5 AU IT N ) A RRE B 2 AL M1~
M5, M1 & 240t 2, 8ok s s s M2~M5 S A [a] ]
15 T RO AR R SR TR R Al A Z AT e g
—IEEL, PR T IR 115256 1R R
HIE G — N 256,
M2 5 M3 NEE
FRAE, e R X M2 5 M4 i
A

FAEE M4 5 M5 IR )ZE
TEE M3 5 M5 k47

o Skt M4 5 MS #EAT DUAE R PE(E R AR

By AR 9 RPN 5 ROI Pooling, P U /)N R <t
1) 1 I 7 e 447 A 32 DX I e G 2 3 — P R AR
Wi SRS A TR, SSRE S R,

2.3 EREARTISEIS

i%ﬁﬁﬁ%%ﬁ'ﬁﬁl’é‘lﬁLﬁMﬁ JRE RN R
1 152%864 K & KB AT B D 13 238 4y #0055

PG — P HE K/ 7%1500*750 LSS T ONEI T 1
6 5K, K/ K 256%256, BTG 158 T & A BB
M1l 3k 572 5K S IEREAS K AR S <Rl
A DCGAN A iU 2 G OEREA . HIEA A
[F) S 2 W P A AR B ) 5% o e A 0 S B
—3L 6 AT XL, LI E AR 1 iR,

Feature extraction network

"""""" ¢l e ca s
T T e

£ ! ayer

[ vt | [ M2 | [ M3 | [ M4 ][M500Md 0utput)| (7]

¥ ¥ ] Pooling layer

[ 1x1x256] [1x1x256] [1x1x256]  [1x1x256]

R
é | 4X up sarlnpling | |4X up sampling| Relu

h 3

FC
1 o il

L] Full

| RPN |<—| P2 | | P3 |—>| RPN | connection
1] L] layer
Candidate box Candidate box
Y
ROl |———_FC_ |———— ROI
pooling \ pooling
| Classification| | BBR |
B 5 4F{ER &K Faster R-CNN

Fig.5 Faster R-CNN based on feature fusion

F1 XWRE
Tab.1 Experimental setting

Gr()up Detector Dataset Training <ol
enhancement enhancement

1 - - 472 raw data
2 - Traditional way 472 raw data+945 extended data
3 - E-DCGAN 472 raw data+945 extended data
4 Feature fusion - 472 raw data
5 Feature fusion Traditional way 472 raw data+945 extended data
6 Feature fusion E-DCGAN 472 raw data+945 extended data




5 230

W0 A5 B TR A o] BN AR 5 T AR A I 5T 115

5 1 IR AR R TNR ;55 2 A FNES 3 4
FIHALGE 1Y) Faster R—CNN A%, {8 %+ 1| 45 48 F
T T8G90 AT 945 5k N T A REA  Hip 2 2 41
FIfE G0 Xt Ar Ak, 5 3 4l ] E-DCGAN
PEATAER 4 H~5 6 HE HFAERL G 1Y Faster
R-CNN Kl %, Horh 28 4 41 R %FBods 4 oF 17 1 5
55 5 AL g AN R AT 1 5, 56 6 41
F E-DCGAN X} #cHla 42 E4 73458 A A RE AR 7]
FER 945 5K T WAL BT O, I DN A 38
100 5K JF UG IEREARN 100 5K JF G AR A Lk, H 435K
FIBALE A —A FER A A% 50 )y Sk BB A Bl
FE AL d 90° 2k 3 Ff Az LB 45 4 173,

i 23 5 Imageage £X45 £ T I 2547 1Y Faster
R-CNN M4, #EM IRl EIEA7 308, i H “end to
end” Y257 20, FE3E 18 100 000 ¥k, 91 4R 2% 2 Rk
B4 0.000 1,348 50 000 K5 %A 0.000 05, 1L
SEBEN 0.9, FLIELERMNE 2 PR,

T A A% G0 9 96 0 2 0 A5 A, JH: i S
HRT S8 75 2T 52 57 H 10 448 % 1 08 £ Bl g A 0, 4%
N BIEL 87, KK 5, IZRAFIRIZ 8 h, 14 6
YN RIZY 3 h,

24 RS

551 ARSI A U E FHE RN L 1 H b

RSP /NGO, FIHAZ SR Faster R-CNN K

(b) Partial 2

F2 TWHR
Tab.2 Experimental results

Group Identiﬁﬁation Misskt)ed False all)larm
number number number
1 42 58 374
2 54 46 102
3 62 38 75
4 67 33 110
5 81 19 35
6 89 11 14

T A% BB B A RO AR A AR, R R B RAS
HEEL ER AR IR, BT R R
B HEBRZ MR LR BT HARE , FR5
SCEEE R E 6 R,

M5 2 AURES 3 20 S0 ud B 344 5 )1 24 45 g B
AR SR IO, U R R RS B R B R R
553 AR AR LA 2 A B e, L OE K £k B 8
T8 HEERH TR T 27 4 AH 2 B AR, 5%
MELLG 20K 55 4 A I 25 AR 6 AR AR
A AW AL AR 1 TN RS B AR BRI BE ), JCHAE
oAV s K 50 T 25 S T ) S (] Bl ) T s o
WA 2F 5 2RISR 6 4152 90 U R e i | e ARG S5 R g
AT B RME T R, Hrh 2 6 L ROR W 4 T 58
54, EREEE T 8 A, Ikt B T 21 14,
HARs 25 R 7 i,

(c¢) Partial 3

6 F1HMMAKNER
Fig.6 Partial test results of the first group

(a) Partial 1 (b) Partial 2

(d) Partial 4

7 B 6 HMESKME R
Fig.7 Partial test results of the sixth group



116 L R ]

2022 4

ST 8 SR B W A A X I 4% ok B a i ot
Ty Hass IR FH R AE @A 58 W 5% Faster R—-CNN
R 8 %sF /N RUSE H B (R 0 i 7 R AR SCHE H 1
PR ) ) 2 L A T R I 5 B i R ) R
DA S 4% G5 9 S 156 190 2 0 25k SR i LA ) ok 5 ) i
Jpe YRkl > T 5 h, BT AR B SRR KK
REA

3 #Fig

s
8y

1) TELA % T 8RR AT, FR AR A
BF 47 78 B R A AR B30 o B0 4 F A7 3 s R R v A
HUEAS ORI Ve SR IR Rl B E IR EEY X 316 PPN
BEAR ok e L EMBE B HOPR IS HICRE Y Blg st Y
DCGAN $#sm Bl 4, &R B W 4r T R AL S KA
Ko Oy UG R B 4R

2) MR 2 FRAE fil 5 5 6 i Faster R-
CNN A5 25 , BB A 8k DR A 0 g ¥ LA ARG 00 1 3 5k s
B[] et

SE
[1] 9. kT TR B2 2 2T B0 A 48 2% 5 Bk g A ) AF
M RGERMTR,2019.

(D] K

WU T. Research on aerial insulator defect detection based
on deep learning|D]. Dalian: Dalian University of Technolo-
gy,2019.
(2] X1 . 066 G B R Ak 14 VR Sl Bl R R 12 TR 5[] AR
ARAS T R 241, 2020,37 (4) - 82-87.
LIU C. Research on joint anti—noise algorithm and its ap-
plication in rolling bearing fault diagnosis[J]. Journal of East
China Jiaotong University,2020,37(4) :82-87.
[3] B SCHY, AR &, 2508, %5, 5T Faster R-CNN [ 46 4% 1
VUM AN H[T]. B 7 R HAR 2018,12(9) :22-27.
HUANG W Q,ZHANG F Z,LI P et al. Exploration and
application on faster R—CNN based insulator recognition[J].
Southern Power System Technology,2018,12(9):22-27.
[4] £ A5, TR A, R BE S (R OB L B iz
NI A% IS 5 R 55 ,2020,39(12) : 157-160.
WANG X,YANG H,MAO H M, et al. Application of deep

learning in fault electrical equipment diagnosis[J]. Transduc-
er and Microsystem Technologies,2018,12(9):22-27.

[S] A, B, BB, 45 i FL 2 B 408 2% 1 R Bk S 1L
TriE]. B R G A dh a4, 2019,31(6) : 1-6.
HOU C P,ZHANG H G,ZHANG W, et al. Selfexplosion
defect identification method for transmission line insulator
[J]. Proceedings of the CSU-EPSA ,2019,31(6) :1-6.

[6] GOODFELLOW I,POUGST-ABADIE J,MIRZA M, et al.
Generative adversarial nets[J]. Advances in Neural Informa-
tion Processing Systems,2014,2(5) :2672-2680.

[7] RADFORD A,METZ L,CHINTALA S. Unsupervised repre-
sentation learning with deep convolutional generative adver-
sarial networks [EB/OL]. Computer Science.(2016-01-07).
[2021-04-13]. https://doi.org/1048550/arxiv.1511.06434.

[8] T, oy &, F 8%, 4. BE T it DCGAN Hudfs 4 19 5 U7
E[EB/OL]. 354U H . (2020-10-23)[2021-04—-13].http://
kns.cnkinetkems/detail/51.1307.TP.20201015.1715.017 html.
GAN L,SHEN H F,WANG Y ,et al. Dataset enhancement
method based on improved deep convolutional generative
adversarial networks[EB/OL]. Journal of Computer Applica-
tions. (2020-10-23)[2021-04-13].http://kns.cnki.net/kems/
detail/51.1307.TP.20201015.1715.017 html.

[9] T 5. TR HE 7 oF 76 fay v B B OC B v 2 Ik I AL 0 v 14 7
JHAFFE[D]. Jb st b B R A K% ,2018.

WANG Z H. Applied research on deep learning in defect
detection of key components on transmission towers[D].
Beijing: Civil Aviation University of China,2018.

[10] REN S,GIRSHICK R,GIRSHICK R, et al. Faster R-CNN:
Towards real—time object detection with region proposal
networks|J]. IEEE Transactions on Pattern Analysis & Ma-
chine Intelligence,2017,39(6) : 1137-1149.

[11] GIRSHICK R. Fast R—-CNN[C]//Santiago:2015 IEEE In-
ternational Conference on Computer Vision(ICCV),2015.

[12] F . 3 T ok JF Faster R-CNN A9 22 4 i #6100 K2 B 3 7
BI[D]. PE% ;75 % R4 R4, 2020.

WANG H. Safety helmet detection and identification based
on improved Faster R-CNN [D]. Xi’an:Xi'an University of
Science and Technology,2020.

[13] LIN T Y,DOLLAR P,GIRSHICK R, et al. Feature pyramid

networks for object detection|C]//Honolulu ;2017 IEEE



5 230

Wt A T IR 2 ) M /NREAS 48 2 T B A I AT 5T 117

Conference on Computer Vision and Pattern Recognition,
2017.

[14] AR 5 B, 40 W, %8, JE T CNN 192 R it
PGOE LT W 985 SBR[ A6 st ZS i R K3 4
2019,45(11):2170-2176.

PAN H X,XU J L,LI J T,et al. Research and implemen-
tation of multi-size aerial image positioning method based
on CNNJJ]. Journal of Beijing University of Aeronautics
and Astronautics,2019,45(11):2170-2176.

[15] #RK AR , 4 42 A 2R, 45 3T YOLOv2 ™ 4% i 4 % +

H 3R 5 BB 2 W B[], b ) ,2019,52(7)
31-39.
LAI Q P,YANG J,TAN B D,et al. An automatic recogni-
tion and defect diagnosis model of transmission line insu-
lator based on YOLOv2 network[J]. Electric Power,2019,52
(7):31-39.

E—EF W FH967T—) , &, BZ Wi I, WF 585 18]
22 AR B AR R i 5 23 4F . Email:
596871@qq.com,

BRI (1995—), 5, BH 05078, 0F 567 1 R
BE2E ] RO 5t . Email: 1207856161 @qq.com .

(FAEgmi . 2% X463



