36k HoM HL T 5 AR 2 4R Vol.36  No.2
2022 42 A JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION .57 -

DOLI: 10. 13382/j. jemi. B2104557

8 RTEY B TSI E RRA T

x4 wm % KA £ & &R
(1. ERAFE R ER TR RS SO ARG ESSLEE  HIK 400065;2. B R KFEMECHEE & L RF L E5HHEAR
ERELAIEE FIK 400021;3. EEEMEIERTE DA RZEMGRBE FEK 400000,
4. FRIPE K2 A 3fb¥#BE  FEIK  400065)

T OE AR TR AR AT 5R R ) A G LS4 S R 1 G A A RS AR G D) RS 1 1 SBR[ A T
— A EHE YOLOvV4 (you only look once v4) 383 1) HL 7 46 2 T R LA B AT A I IO 408 2% TR 0 A8 ik 3l iV vl 1 46 2% 7 L
Rt 2% FAAAE IR BB 5, (8T K-2{H 2R3 (K-means ) 532X H1 ) 208 5 7 MG AR A TEA T B8 ARIG AN [R) K/ e 0 HE 2
SR 18 3 PRSP 22 XU (balanced cross entropy, BCE) 5 A—ANFUEE R4, SR 36 451 2 e 80 A0 SRk B2 B ; B, A o 394 m 25 1)
I MAL S5 1 (spatial pyramid pooling, SPP) HilJ& (1 FRZ AN TR P 45 1 TR B, 2 5 SR e W | STk A5 8 114 B B A 00 i [1) 4y
3.27 s, X T T BB ARG LEIE AR 1Y YOLOvA SRR T T 24.36% W)l s J5 11 YOLOv4 S 7E I 4R 1Y
SEHHE B 418 ( mean average precision, mAP) BY{H K 84. 05% , [LJR IR AT YOLOv4 ST T 17. 83% , 7o 40 W T BES AR IF-ni 2
RLAR ) 4 25 1 MR AFTE R B

SRRl BT T 3 UM 5 101 RRIEIC 5 SR e U

HESES: THSI MEERIRAD: A E RKirEZREKE . 470. 4017

Research on image detection method of insulator defects in complex background

Liu Xingmou' Tian Hao' Yang Yongmin® Wang Yan® Zhao Xiaoxiang
(1. Chongging Key Laboratory of Complex Systems and Bionic Control, Chongqing University of Posts and Telecommunications,
Chongging 400065, China ;2. State Key Laboratory of Transmission and Distribution Equipment and System Safety and New
Technology Chongging University, Chongging 400021, China; 3. State Grid Chongqing Electric Power Company Economics
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Abstract: Aiming at the actual problems of low detection accuracy and low detection speed in the detection of power insulators and
insulator defects in a complex environment background, an improved you only Look once v4( YOLOv4) algorithm for power insulator
images and existence Method of detecting defective insulators is proposed. By making a dataset of power insulators and insulators with
defects, using K-means clustering ( K-means) algorithm to cluster the power insulator image samples to obtain different sizes of a priori
box parameters; then by improving the balance cross entropy ( Balanced Cross Entropy, BCE), it introduces a weight coefficient to
increase the contribution of the loss function. Finally, the depth of the network is deepened by adding convolutional layers before and
after the spatial pyramid pooling ( SPP) structure. The experimental results show that the single sheet detection time of the improved
model is 3.27 s, and the average detection accuracy of insulator defects is improved by 24.36% compared with the original YOLOv4
algorithm. At the same time, through the improved YOLOv4 algorithm, the value of mean average precision( mAP) on the test set is
84.05% , which is 17. 83% higher than the original YOLOv4 algorithm, which fully demonstrates the ability to locate and identify of the
defect in power insulator images well.
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Fig. 1 The framework of YOLOv4
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Fig.2  Improved YOLOv4 network structure
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Table 3 Comparison of detection performance

of different algorithms

XX 28 25 4 mAP/% Insulator/% Defect/%  Time/s
Original YOLOv4 66. 22 70. 19 62.26 3.16
Faster RCNN+resnet50  30. 38 60. 75 0 3.11
ImprovedYOLOv4 84. 05 81.47 86. 62 3.27
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