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Research on infrared image missing insulator detection method based on deep learning

HE Ninghui!, WANG Shijie?, LIU Junfu®, ZHANG Hao*, WU Liangfang?, ZHOU Xiu?
(1. State Grid Ningxia Electric Power Research Institute, Yinchuan 750011, China; 2. State Grid Ningxia Electric Power Co., Ltd.,
Yinchuan 750011, China; 3. Zhongwei Power Supply Company, State Grid Ningxia Electric Power Co., Ltd., Zhongwei
751700, China; 4. Yinchuan Power Supply Company, State Grid Ningxia Electric Power Co., Ltd., Yinchuan 750011, China)

Abstract: There is a problem of low efficiency of manual processing and analysis of UAV inspection images, coupled
with the large influence of human factors on detection results. Thus a missing insulator recognition method based on
image recognition is proposed. First, the image samples taken by the UAV are processed to expand the sample set.
Secondly, an insulator detection model is built to complete the selection and design of the network structure at each layer,
and a CNN algorithm is used to detect the missing insulators. Subsequently, an insulator detection network is constructed,
and parameters of each layer of the detection network are configured. Images actually taken are selected as training
samples for network training. The test results have confirmed that several indices are above 0.95, indicating that the
algorithm could accurately identify insulators. Finally, the CNN algorithm is used to perform missing insulator detection
on aerial insulators. The correct identification rate of missing defects in the insulation sheet is 86%. The algorithm could
automatically display whether the insulators have missing defects according to the detection results.\
This work is supported by the Ningxia Natural Science Foundation (No. 2018 AAC03222).
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Fig. 1 Distribution of insulator images
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Fig. 2 Distribution of insulator images after expansion
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Fig. 6 Insulator detection network structure

=1 FHEHERMNEZSHEE
Table 1 Parameter configuration of feature
extraction network
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Table 2 Parameter configuration of candidate area
generation network
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Table 3 Classification regression network parameter configuration
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Fig. 7 Candidate area generation subnet and classification
regression subnet
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Fig. 9 Insulator defect classification and recognition network
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network on the test set

RN B ER TR AR TE RS IR R IR AR

Faster R-CNN 86% 4.5%

B3R 7 AT AE H, @SR 2 1 KR
SRR W 25 s IR ) L 86%, 45 AW,
AT SR R A B 1 B R kB R RE . 9R



-138 -

CEEE R R

I E M AFAEIN AN 5 AT I AT 00, e TE AR
TR G5 IR 14 1 5 1) 3 S50k s DX A -

RN G T Sp 5T Fr R, B AR
BT eI B R AP IO AT e, ok
PO A8 2% 5 R TCEREE I, ARSI 48 2% 1 IR
HE BRI O IR IR s “IE% 7 =55
RAAELBLZ o Rk, W2 T TR &
BN OIFRIRZ RN “AIEH 7 =7 .

K11 BoR 7 BRI ACR, K12 B
ZNNECE (- SRS N e SRRy & T e = givn
AL HIEE T CNN 2 51 B R B U 0K
MIRCR BN AR

(a) BEHLEL T IR 5

(b) MRS TSR
B 11 FTERPaLLFHYMIK R
Fig. 11 Test results of defect-free insulators

() 5T AHREL—

(b) 4T i RIE L —
& 12 45T R ERKRpENIA SR

Fig. 12 Test results for missing defects of insulators

5 4518

Li LPnA, ASCHE R 427 RS EE IR
ARIBEFS, SEIL T 421 EUR IR, IR EHRIR
TGS RAT GBI, RAT T USSR

1) i@ id Faster R-CNNAEE T & 2 7 A il A5
B, ME T AR 22 H . AR 2R 6600
SRAIALES AT TR, ST BT A BRI A
A, A [l AN HERG 227351 790.96, 0.95710.96, 1iE
ST ARSI A8 2RI I 4% B RY BLAT R R S
bR AR B .

2) FIFHCNNSE LI | 4% 1 R AT AE 4 %%
TR ERR BRI . LA 5% 1R AR R
SRR R RE ST HEAT VR, 3B I IR0 3RAS H £
Gy BIRHEAT R, PIANTRBR 27 086%. 4.5%,
i SR A 21 Hp TP A8 21 P SRR R B Rl
A RIFIIBER. b, X TEBRIRAEER, KRR
A8 IS ATIRBL (5 BE AN IEH) .
230k
(1] B&ET. Fd g s akks o i 58m i8R [J)

HEhik 51 884 2%, 2020(1): 161-164, 168.

LU Zhining. A survey of common faults analysis and

detection methods for transmission line[J]. Automation &

Instrumentation, 2020(1): 161-164, 168.

(2] &, XERH, SB55R. o AN 2R ae ik
BORERRQ]. MR AR HIRBHERR, 2020, 48(2):
198-209.

MIAO Xiren, LIU Zhiying, YAN Qichen. Review on

UAV intelligent technology for transmission line

inspection[J]. Journal of Fuzhou University: Natural

Science Edition, 2020, 48(2): 198-209.

[3] MR, BtEAR, PR, & ETMREMA%E T EMS
BRI, T S AR 4, 2017, 31(6):
844-849.



i,

BT IR SR MR 202 1 SR JAS N T 10 9T

- 139 -

(4]

(5]

(6]

(7]

(8]

(9]

SHANG Junping, LI Chuxin, CHEN Liang, et al.
Location and detection for self-explode insulator based
on vision[J]. Journal of Electronic Measurement and
Instrumentation, 2017, 31(6): 844-849.

WHIR, W%, BAR, 5. HT YOLOV2 W4 ) 4%

T HB SEREE S R]. T [E ), 2019, 52(7):

31-39.

LAI Qiupin, YANG Jun, TAN Bendong, et al. Automatic
identification and defect diagnosis model of insulators
based on YOLOvV2 network[J]. Electric Power, 2019,
52(7): 31-39.

W77, KRBT, XA, S BETEUEORIRE RS 145 T
BRI AT I 7 VA (3] BORITHL ), 2020, 42(2):
100-103.

SHANG Fang, ZHU Mingze, LIU Sheng, et al. Fault
detection method of insulator aerial image based on color

and distance[J]. Heilongjiang Electric Power, 2020, 42(2):

100-103.

PR, MR, IRk, & FETIREITR E HBEL
ST BRIRAEE BN FITVERT L[] P E HL TR
&, 2020, 40(11): 3710-3721.

LI Weitao, JIAO Dian, ZHANG Qian, et al. Research on
intelligent cognition method of self-exploding state of
glass insulator based on deep migration learning[J].
Proceedings of the CSEE, 2020, 40(11): 3710-3721.
ZHAO Z, XU G, QI Y. Representation of binary feature
pooling for detection of insulator strings in infrared
images[J]. IEEE Transactions on Dielectrics and
Electrical Insulation, 2016, 23(5): 2858-2866.

BvEE, B, A, 55 2 B AR
1AL TTIE]. R, 2019, 45(11): 3504-3511.
BAI Jieyin, ZHAO Rui, GU Fenggiang, et al.
Multi-target detection and fault recognition image
processing method[J]. High Voltage Engineering, 2019,
45(11): 3504-3511.

Z=bh, MEE, E#ER, 55 T Retinex BIRHI{KIE
FEE R i B R s O VE BT[], ) RS R
i, 2021, 49(3): 150-157.

QIN Zhong, YANG Jianguo, WANG Haimo, et al. Low
illumination transmission line image enhancement
method and application based on the Retinex theory[J].
Power System Protection and Control, 2021, 49(3):
150-157.

[10] LI B, HE Y. An improved resnet based on the adjustable

shortcut connections[J].
18967-18974.

IEEE Access, 2018, 99(6):

[11] FANG T, JIN X, HU X L, et al. A fast insulator-contour-

detection-algorithm on power transmission lines images[J].

Applied Mechanics & Materials,
337-343.

2012, 201-202:

[12] REDDY M J B, CHANDRA B K, MOHANTA D K. A

DOST based approach for the condition monitoring of 11
kV distribution line insulators[J]. IEEE Transactions on
Dielectrics & Electrical Insulation, 2011, 18(2): 588-595.

[13] PRASAD P S, RAO B P. LBP-HF features and machine

learning applied for automated monitoring of insulators
for overhead power distribution lines[C] // 2016
International Conference on Wireless Communications,
Signal Processing and Networking (WiSPNET), March
23-25, 2016, Chennai, India.

[14] HU Zhuangli, HE Tong, ZENG Yihui, et al. Fast image

[15]

[16]

[17]

[18]

[19]

[20]

recognition of transmission tower based on big data[J].
Protection and Control of Modern Power Systems, 2018,
3(2): 149-158. DOI: 10.1186/541601-018-0088-y.
JAFFERY Z A, DUBEY A K. Design of early fault
detection technique for electrical assets using infrared
thermograms[J]. International Journal of Electrical Power
& Energy Systems, 2014, 63: 753-759.

REN S, HE K, GIRSHICK R, et al. Faster R-CNN:
towards real-time object detection with region proposal
networks[J]. IEEE Transactions on Pattern Analysis &
Machine Intelligence, 2017, 39(6): 1137-1149.

ok, ER%E, RN, 5. LR R XU A
R HTMTT ] B RG R 542, 2020,
48(10): 91-98.

ZENG Yongbin, WANG Xinghua, PENG Xiangang, et al.
Research on risk modeling and forecasting method of
transmission line defects[J]. Power System Protection
and Control, 2020, 48(10): 91-98.

BUER, mld, RH, 5 FETHuE Canny T RIS
TROINE L[], B & 7, 2021, 49(2): 91-98.

LI Haoran, GAO Jian, WU Tian, et al. Crack detection
method of insulators based on improved Canny operator[J].
Smart Power, 2021, 49(2): 91-98.

FGEAR, PR, SRR, T IR A ST A
BB ERpE RN 510 [0]. B RS R S, 2021,
49(5): 91-97.

GU Xiaodong, TANG Danhong, HUANG Xiaohua. Deep
learning-based defect detection and recognition of a
power grid inspection image[J]. Power System Protection
and Control, 2021,49(5): 91-97.

BER, ERAE, FHL GRS IR
WA & ER R B[] R E R R, 2017, 43(11):
3705-3711.

LI Junfeng, WANG Qinruo, LI Min. Electric equipment
image recognition based on deep learning and random



- 140 -

CEEE R R

[21]

[22]

(23]

[24]

forest[J]. High \oltage Engineering, 2017, 43(11):
3705-3711.
e, BADG, KL, & WK AS T AR

WHIITEN]. B RG &I A SR, 2019, 31(6):
1-6.

HOU Chunping, ZHANG Hengguang, ZHANG Wei, et al.
Recognition method for faults of insulators on
transmission lines[J]. Proceedings of the CSU-EPSA,
2019, 31(6): 1-6.

El, RER, kEIW, %. BT GoogLeNet
Inception-V3 #7 (1) E % % MG R A [J]. ek HL 2%,
2020, 56(9): 129-135, 143.

XU Kai, LIANG Zhijian, ZHANG Yiyi, et al. Image
recognition of electric equipment based on GoogLeNet
Inception-V3 model[J]. High Voltage Apparatus, 2020,
56(9): 129-135, 143.

Friipk, LA, GG, & wBgE R RES R
RS B RAE T RIAT FE[I]. B RGOS S5
2020, 48(1): 96-101.

QI Shancheng, SHI Zhihong, MA Linchao, et al. Study of
maintenance schedule for the risk information entropy of
principle component state of transmission line[J]. Power
System Protection and Control, 2020, 48(1): 96-101.
P, X7, ZEum. FT Canny 4SRRI sl
W 4a 2% TR 7k [d]. HRRSIBETR 8%, 2020(1): 142-148.
YAO Xiaotong, LIU Li, LI Zhiyuan. Identification

[25]

[26]

method of catenary insulator based on canny edge feature

point[J]. Insulators and Surge Arresters, 2020(1):
142-148.
rsElE, B M RS 2 8 R S

JIEBE T[] A K24 BEA2 R, 2019, 51(4):
16-22.

GAO linfeng, LU Yihang. Research on recognition and
segmentation of insulator strings in aerial images[J].
Journal of Zhengzhou University: Natural Science Edition,
2019, 51(4): 16-22.

FRfge, BN, WG 2T Faster R-CNN [fidn &
B4z R A AR T HR, 2019, 42(2):
98-102.

CHENG Haiyan, ZHAI Yongjie, CHEN Rui. Faster R-CNN
based recognition of insulators in aerial images[J].
Modern Electronics Technique, 2019, 42(2): 98-102.

IgFs HHA: 2020-08-06;

{&[E H#F: 2021-03-28

EEEN:

“H

ES

7 &

4% (1986—), B, W+, HRITAZNF, FXHTE@A
R &KREBMBEAR; E-mail: 232464433@qg.com
IHARW09740), F, AH, SBRIALT, FLT@E
%R H B st ; E-mail: wangshijie@nx.sgcc.com.cn

X E48(1979—), %, A, TAE, AFESELEHK
#9% %o E-mail: liujunfu@zw.nx.sgcc.com.cn

(m#F Rl &)



