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Insulator Defect Detection in Foggy Condition Based on Improved YOLOX Network

TANG Lu', WANG Shuqing', WANG Niantao', YAO Ruotian’, WANG Yibo'

(1. School of Electrical and Electronic Engineering, Hubei University of Technology, Wuhan 430068, China; 2. School of electrical
and automation, Wuhan University, Wuhan 430072, China)

Abstract: As an important component of transmission line, the identification and location of insulator defects is of
great significance in patrol inspection of power grid. For accurately locating and identifying the insulator state in fog-
gy condition, the YOLOX target detection network is improved. Firstly, in order to speed up the network training,
the activation function is improved; Secondly, for solving the problem that the small target samples are less than the
whole samples and the samples are unbalanced, the image enhancement method and loss function are improved; Fi-
nally, the improved YOLOX network is compared with four target detection networks on the data set. The experimen-
tal results show that on the foggy data set, the accuracy, average precision and the number of frames per second of
the improved YOLOX are improved to a certain extent, which meets the requirements of UAV patrol inspection.

Key words: insulator defects; target detection; patrol inspection in foggy condition; improved YOLOX

N N 0 28 3 FH AR 48 2 - S B A i ™), SC[6]4 Faster
0 5IF R-CINN R P94 2 FE 7 4 14 2 B 6 AW 1) 3G R
LR R A ) RS ae e R A e 7] K 44 B 4 (fully convolutional
Bk B F L, X R e TS network, FCN) 5 YOLOV3 FHARKM M 4625 45 . (8]
R M R I (P ) R e e Ve AT Sk g U YOLOvA il 1 25 0F 455 5 A 1 73 K U 55
PO T4 T R R R B Sy sl IR T A TR AR B R e . SC91 T
i 22 (T AT B0 46 2% 1 Sl B RN B4 A 52 —FPIE T ME YOLOVS B B 28 X 45 1 266 2% 1B
PR To AL H2 AR TE S L 2 B R iz H L, B e 7
T G U0 D) 6% 7 T ff TR 310 406 2% 1 o 21 RN I b 218 1) T FE S T (A IF 52 Y, 0 il R WS 128 1 21 10 HH o
[ sp, SORT DR i e 2, R 2B I8 HARKE SC10)R FH Bk o A9 4 34 AR — o BE H AR G T 28 (fully

Wi EHEA:2023-10-17; 1&EIHHE§:2023-12-18



<224 2024 4E3 J

Eudz

Ho0ts i3

convolutional one-stage object detection , FCOS)X} =58k
UG AR A TR L. SC[11){E A CenterNet
0 265 3 FH At s i, 442 0 08RG, g R 92 G 00 o
SC[12]f8 1] RetinaNet #4746 2% H H: A0 , 2 M 4%
Ja kG| AR RS, DL $E 05 38 I HRAE , 325
K pgPERE . SC13]00E CornerNet 5092, ffpi T 4 2%
TRRAEARUEE i T 5 2% P T AR R B
PRIER IR, SO 14 R A Sk oA s L Kb s
Sy PCAE FARKS N AT A L 55 E ) 5 YOLO 4T 1735
IR A SR T IHRAY YOLOX.

E2 H AR 22 80 T H ARSI 0 468 1) 24 25 1
a5 B A 77 V5 ) IO P 3 57 AU BR T 1 R B R <
AT R AR AR R AL ST R B A T
AT AT IR, SO BT ST AR TP RS KX
— BRGNS T AN, R YOLOX
W 25 3 T 25 R 48 2 sk B A DN wb , O X S2 PR
T OLHEAT Tk . SEIREE AR, M YOLOX fig
TE55 R IEOL T HERR N 48 2 1S RUFBR A 2 B
FEFEAT WA TR A E 7, £ TS AL SE I AG I 1)
Ko

1 EXRMBLETFRERAIETLE

55 KA WLEEAI , ZEHEATIC AN L iRt , B4
HEAT 26 21 R B A 00 2 5 S0 o P s N 8 ARG
Th B R AN ) £ 7E I 2 B T 22 i 4 i 55 R R
246 2% 1SR 5, T LALE H BRI 9 28 ) 55 KA
OLT (0 266 2% 1 BB FON S ABURR . DU T AE S5 R
THEOLT , TAEN G e F I AALIEAT 26 2% 1 B
izl
L1 BEXRHFEENHE

H1 55 K 406 25 -tk B ARG T ) AH DG 800 4R 0 A
Z 0L, BT [T R AR 1 E SR O T 10 268 2% - $icdia
5 IFHEAT T 002 KA T5 B (filth) 245 (crack) FIE
Bl (breakage) ") £ff 10 A B E (defected insulator)
4 -, T B A R O OE H 48 2% (normal
insulator), H:H A5 B G KA 45 2% T (polymeric grey
insulator, PGI), F & £ £ 4 & T (ceramic pin
insulator, CPI) , B 3 25 4 2% - (glass green insulator,
GGI) Fil B & X2, 2 2 F- (ceramic bicolor insulator,
CBI4 PR %1 AT BB I 28 2% 1 18] 7 4547 120 5K
TCH B4 2% 118 25 400 5K o (HZZ A #R
TEIE R OU N FATR A, o PR UE R RERS 7873 S bk 25
KA I 2 , T80 0 25 R4 2% 150 4, SCh gt
SER SRR Ny

1) =J(@)e ™ + AL - ™) (1)

() 2 1) F () 535 A 55 KSR TE 5 KR
FENL B DR EE A RAO0 W Rl
BARAHI RIS do) KR 5 T W &
(AR AR AL o 4l 1R | 38 5 i R S8 A
HNBA= I 3 FhA [l ok B2 55 SRR, 73wl A e %5 (A=1,
B£=0.04) . "% (A=1,B8=0.06)LL N i % (A=1,8=0.1),

28 B 32 P 2R B R 3 8 320 7k, Hirh
A5 B B (defected) 26 2% 1 1 920 5K , 1E # (normal) %)
Y5 2% 6 400 7K
1.2 BiFReNEERMNTRE

7E B A il 9 £ i i A58 o B2 1, YOLO %
G TAR PR i N | R A R A TR B DL A B
MR A BB TR bR, TEBEE YOLO 541
H s DU AHE SR A AWl e, B9 AT 4 o 7 DR Y
YOLOX, SEHE T #88 LLA: YOLO Z 41 157 24540 5
AP(average precision), YOLOX K:iMIHEZE H 4 AR5
(input) . BT B 4535853 (backbone) , H1[E] 36 43 (neck) Al
TS 7 (prediction)4 #8432 B o Herb B 1 X 28 il
H CSPDarkNet., H [6] 358 43 ¥ FPN(feature pyramid
networks , FEAIF 4 FIE P 26) Fll PANet 250 i1 745 6
FPN R 5 2 158 SURAIEAR 188 T o, XA~ 4 7 1
HEATHER , T PANeCRHICZ 15 SURAIEAZ 18 257,
00 35 4346k FH £ R Sk (decoupled head) . JG 4 7 %
(anchor free) LA S AI 6 HR %5 3 TiL 5 W .

TP AR 55 R A R S A
BB, SCE YOLOX A6 IAE 2853 HIAE 2% K462 1
SR 87 S ARG P T B ) A P I 28 HE SRR
PLHY o 45 YOLOX A INAE 2R 1 315 HAE 55 K 4 5
TR SR RTINS A IR BRI A I RCR
HOSZ A AT 1383 ekt

2 Bt BRI M 4%

2.1 BN

YOLOX iz JH] T Mosaic 5455 F1 Mixup 3 55 P
Fltaas )5 sIFTE RS 15epoch el . FESLK i A& rp
2 PR BE Mosaic 38458 75 20, S 5% Mixup 3458 77 =X, B
45 AP S iy, G 5 e 2 H iz H Mosaic 3958 7
Xo BT HG T TE AR & T/ H AR iR
il I BN HERREA AR T RARREA R g 13
I/ HAREAS B9 B, % Mosaic 3458 77 347 2
HE R JFEACK 4 5K 8 R $EATRE LA Y, FEDFER] 15K
K EAE 2R B B SO 8 5K 81 i #EA T REHLER
B FRORREE 1ok BRI ElE . 2iE Mosaic
HsR AR R 1



HARTHE

7 %, EWGT, TR, A5 SETHOIE Y OLOX IZR Y35 KA 2% T-Bpe Aol 225

HRGHETINHHEALER

'
LESAE AR U B — 2 B A B AL 85k
VR Vv

N RO B AT RO

AR R A
AN B EMosaicE R I HE 5
i P

L:f
-~

I (i e %

[~

vAoE B
e

B 1 i Mosaic g8~ = E

Fig.1 Improved Mosaic enhancement diagram
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Table 1 Comparison table of AP and training time of
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Table 2 Experimental environment
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Table 3 Comparison table before and after improvement
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+IHE Mosaic 0.938 85.58 1351 0.891
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Table 4 Compare results with other networks
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