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Lightweight Detection Method for Wire Endpoints Based on YOLOvVS
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2. College of Aeronautical Engineering, Cangzhou Aviation Vocational College, Cangzhou 061180, China)
Abstract: It is crucial for artificial intelligence to achieve experimental wiring inspection at wire endpoints. Existing wire
endpoint detection models have the characteristics of large parameters and difficulty in deploying on mobile terminals, this pa-
per proposes a lightweight wire endpoint detection method based on YOLOv5. CSPDarkNet is replaced by PPLCNet as the
backbone network to maintain high detection accuracy while reducing the complexity of the model. ConvNeXt Block is inte-
grated into the feature fusion part to accelerate network extraction and fuse the feature information of complex targets. thus
enhancing the feature extraction capability of the target. The convolutional layer in the neck network is replaced by lighter
convolutional GSConv to reduce computational cost. Experimental results show that compared with the unimproved model,
the improved model reduces the calculation amount, parameter number and model volume by 66.6%, 68.4% and 65.2%
respectively, and the mAP is increased by 0. 9% , which ensures lightweight and improves detection accuracy.
Keywords: deep learning; mobile deployment; lightweight; experimental wire; wire endpoint detection; wiring check;
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P, ZIGZASFENR. mREBHE TFR . Sk R 2%
TEYN RS 80~ 90 epoch X [a] 461 5% pR ¥ A R B 8l K
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ROrE ., R PERUR I A RS M . 28 BRSO iR
PR 5V A A 8 B T s R T R A R R [ I,
R T R A 52 2% B A it 4 . BRI 5 5 o IR
GINAER"75-
®3 X

[ %l Paramaters | GFLOPs &2/ MB|mAP@0. 5/ %

YOLOv3-tiny 8 678 242 12.9 17.5 97.2

YOLOv4s 9149 763 20. 6 18.7 98
YOLOvV7-tiny 6 021 126 13.1 12.3 93.6

YOLOvV5n 2 485 874 6.5 5.2 97
YOLO-Lite 4 379 715 8.6 9.2 97.5
YOLOv5-mobile3s| 3 552 001 6.3 7.5 97.8
YOLOv5-ghost | 3 698 027 8.2 7.8 98.2
A SCH 2340 130 | 5.9 4.7 98.3

3.6 tmMER

A SCR A YOLOvS s Al B A5 i) 0 33008 B kA
M. MARCR AN 12 Prs . WES Rl LIE . &
A b A5 T 5 A 0 o 0 R DR R AE 8000 A b it
Ja B AR R ORI T YOLOVSs SR, RE 5 1fi
B P S e R L EE REER . PO RE 5
A A T 2 n AU B At T 2 P B i R, WD B
W0 265 75 1 51 [T o B — A SR ARG I 1) 1 S 1 S 2 i A
S — g PR A 0 PR S A B S AR I, AT
ol 19 245 8 REASE It oA {ELAO) 0 9 0% A 2 R I T i

P12 RO 1
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2w AR 7 I BT I R I 4% A T HE B R AT 4B
e, W O¥ B T B 4% A PPLCNet, 7E Neck 2 3| A
GSConv #EHL, Ff6E Neck 2 1 343 4 L8 ¥ 4 GSConv
G MR SC IR A5 R I, AR SR Y A TR ST 4 0 i o
PRFF /NI BE R BT O . SEBL TR R S R0 L T
it GFLOPs MR AR FUR IR B REIR . 28 B RPN, fE 58
MR R R, BRI b P TR INORE . RS
Wi e T EPREF LR G 5oh ) TR e AR A R G %
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IR R AT P B s R, R R AR i A SR
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