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Drop strings Detection of Aerial Insulator Based on Improved
Lightweight YOLOv5-GCDNet

QI Xiangming, YE Songfa
(School of Software, Liaoning Technical University, Huludao 125105, China)

Abstract: The real-time detection of insulator string dropping plays an important role in ensuring the stability of high—voltage power transmis-
sion and timely troubleshooting. Therefore, an aerial insulator string dropping detection method was proposed based on lightweight YOLOvS5—
GCDNet. Firstly, a new feature extraction network, GCDNet, was designed using ghost convolution and inverted residual structure to reduce
the computational complexity of YOLOvS target detection network, improve the detection speed, and extract more abundant target features.
Secondly, the inverted residual structure was used to improve the feature extraction network to extract richer target features, and the adaptive
upsampling was combined to optimize the feature fusion network to improve the model detection accuracy. Finally, the a—loU excitation factor
was added to accelerate the convergence of the target frame loss value to improve the detection efficiency. Through the comparison of the experi-
mental results, the average detection accuracy of the lightweight YOLOv5—-GCDNet model proposed in this paper was 93.6%, the detection
speed was 68FPS, and the parameters of the model was 3.7M, which was better than other detection algorithms under the same conditions. The
method in this paper can provide a technical reference for the insulator string dropping detection.
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Fig. 1 Schematic of image augmentation
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Fig.2 Structure of YOLOv5-GCDNet model
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Fig.4 Schematic diagram of GCD residual structure
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Table 4 Specific parameters of software
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Table 5 Results of different lightweight improvements
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YOLOv5s 7.1 16.3 90.3
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Table 6 Results of different improvement methods

®6 ARBHETENER

KAl a-DIoU  GCDNet CARAFE mAP/% FPS
YOLOvSs 90.3 54
YOLOvSa N 91.2 56
YOLOv5b N 92.6 63
YOLOvSe N 91.3 60
YOLOvSd N N 92.6 65
YOLOvS5e N N 93.1 61
YOLOv5-GC N N N 93.6 68

3.3.3  RBEARM F kb ik
T 3K O IR AR AT A AR ARG A Y YOLOVS-GCD-
Net 5 HAt 3= J A6 I 3303 B 2 84K YOLOvS Bt 53 0%
HEATPERE LA, BRSNS 7 iR
Table 7 Results of different detection methods
x7 FEBRNEENER
FRHIE SR 2%

RN Fl-score  mAP/% Volume/M
Network

Faster R—-CNN VGG16-Net 0.778 84.8 564.8

SSD VGG16-Net 0.794 85.7 268.7
YOLOV5s CSPDarkNel53  0.847 90.3 155
k[ 22] CSPDarkNet53  0.862 90.6 8.6
YOLOv5t ! CSPDarkNet53  0.882 92.9 9.1
YOLOv5-GCDNet GCDNet 0.894 93.6 7.1
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mAP {H % 535 93.6, #H L T 4R YOLOvSs #2155 1 3.6%, H.
LM AL R R . AR R A 7AM, kT
Faster R—CNN .SSD, H ot J& (A5 8 Py 7798 #E 3L YOLOVSs
W T 54.2%, [R5 LA Ak YOLOVS 4 2% 7 b B2 A
WS IEAT XS H 76 mAP AH B, 4% SCHY N A7 TH FEAR T L
fh A Ak YOLOVS B3k, R D038 45 5 2807 40 2% 1 Bk i 10 %
R e £s 1o Dh— R T4 v 4k i 46 2 7 EUZ R 3], 1A
ARSI AT R, PO I &5 S W 8 Ir /R o v, Faster
RCNN 5 SSD 4 A BE A ] H1 4 2% 135 SR B [, H 5 YO-
LOvS5 F1 A~ BLAE A 1) 52 3 Ak g ik 307k A8 L, Br 42 YO-
LOv5—GCDNet F5 784G 24 2 i £ G 119 84 188 0 v o

B o AN [) ¢ k1 K6 7 92 B4 25 ) AR 2% 8 5 R A
B, HXT LS R WA 9 fraR . ATLAE H, SBy B bR A
HRETEY 0 RS 2 (P PS ) 36 /35 T B E A A AR 7Y Faster R—
CNN. YOLOv5-GCDNet [ FPS [t it i YOLOvSs #6780 25
1 14FPS, [A] I YOLOvS-GCDNet (924 518 & 1k YO-
LOvSs FEAIR3.8M . 7.7G , PRl i Jet 52 B o7 FH 1) % i Ak 5 S )
PEZR .
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W) Y5 246 25 (R R B 355 246 2 T 3 PR 474G 00 4 B0 L o, 4%
RN 10 s .

K 10(a) . (¢) . (e) 2R YOLOv5—GCDNet #5 B K50 3] 3
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Fig. 8 Detection results of different models
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Fig. 9 Comparison of complexity and detection speed
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Fig. 10 Detection results of YOLOv5-GCDNet model
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Table 8 Average detection accuracy of various types of insulator de-

fects
8 BERAZTFHENTFHRNEE
ik S T - RGNS /%
P A % T 90.3
POBULE T 89.6
BHEHGT 91.5

4 ZiE

ARSCHR Y — i AL YOLOVS—GC RS A5 25 35 1 )
TSI 25 - o B 10 R AR AT | T Sy SEZ B AR 44 2%
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H LR 4598 OF% 4k YOLOvS—GCDNet A5 TR (14 6 0 K
mAP LT HARAG I 5%, H 554G YOLOvSs BEALAH L, 1%
J7 1 mAP 5 Fl-score 73l 4 5 T 3.3%.0.047 , F B fr 4
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