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Abstract: Insulators are an important part of transmission lines, and their discharge problem is one of the main causes of transmission
line faults, so there is a need for algorithms that can accurately and quickly assess the severity of insulator discharge and can be
monitored in real time at the edge. In this paper, in order to address the above problems, the YOLOVS target detection algorithm is firstly
lightweighted and improved. Firstly, Mosaic-9 data enhancement method is introduced to improve the input, which improves the
robustness and generalization ability of the algorithm; then GhostNet network is introduced to replace the backbone network, which
realizes the lightweighting of the model; then the GeLU activation function is introduced to replace the ReL.U activation function, which
improves the convergence speed and detection accuracy of the algorithm; then the GELU activation function is introduced to replace the
ReLU activation function. The GeLU activation function is introduced to replace the RELU activation function to improve the convergence
speed and detection accuracy of the algorithm; finally, the SloU loss function is introduced to optimize the network, and the UDD-YOLO
edge-end insulator discharge severity assessment algorithm is finally formed. Experimentally verified, it achieves 87.6% mAP and
58 frames/s inference speed in the edge-end device, which meets the requirement of evaluating the severity of insulator discharge in the
edge-end, and the effectiveness and superiority of the algorithm proposed in this paper is proved by ablation and comparison tests.
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Fig. 1 UDD-YOLO network model diagram
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Table 1 Insulator discharge UV dataset
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Fig.5 Insulator UV dataset before and after data enhancement
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Table 2 Training and testing platform environment

YILRIRSS 1 NGB
Intel Core 17 9980X
ARM Cortex-A57 MPCore
CPU 18C36T
4C4T
24. 75MB smartCache
GPU GTX1080TIL 128 NVIDIA Maxwell GPU Core
RAM 64 GB DDR4 4GB LPDDR4
Ubantul8. 04 Jetpack 5. 1.1
Pytorch 1. 11 Pytorch 1.9
RGHEE Cuda 11.3 Cuda 11. 4
Cudnn 8.7  —mmm—————
Python 3.9.0 Python 3. 8. 10
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AR R 05 i2 B & (floating point operations,
FLOPs) SF-Y4% % ¥4 {H ( mean average precision, mAP ) &
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mAP N A AN IHE L (average precision, AP)
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(5) AT

1 &
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i=1
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Table 3 Training hyperparameters

HSEB I ELa
YIZRFEK (epoch) 200
LR KN (batch-size ) 32
LR 1x107*
EEE Sk 0.937
AT Adam
PESIEIES 0.000 5
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Table 4 UDD-YOLO recognition effect
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Fig. 7 UDD-YOLO recognition effect
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Table 5 UDD-YOLO ablation experiment

Mosaic-9 GhostNet GeLU SloU mAP@ 0. 5/% mAP@ 0. 95/ % i/ fps GFLOPs
86. 1 50. 1 22 27.1
vV 86.5 50. 6 21 27.8
vV Vv 84.5 48.4 64 10.2
vV VvV VvV 86.9 51.1 62 12.1
2 v Vv 87.6 51.9 58 13.5

2 5 AT, R A Mosaic-9 X JE AR YOLOvS A9 % A
S EA TG IS SR RS AR B T H T i T Mosaic-9
3 Mosaic-4 24 FE# =, X 330 T BB Y GFLOPs FF
i, P T R N 5 SR ) GhostNet B 32 T [ 2%, v] LAAT
AR IR D BB 3 T 455 4 1 S8 UGE i R
VTR R T B 22 fps $2THE T 64 fps fH i TH
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B R8T 2.0%, 451 A GELU ¥ eREUG , ALY
PEREAS B TR @ B B2 T, HE RS il 84. 5% 4 THEI T
86. 9% , HXHHE R FE WA = AR BRI s, e, 5IA
T SloU #1k REUS , 11T SloU 12k R EE SRR YOLOVS

BRI CloU 45155 s Y I 3R O 0™ A T A iy 44
PR E TR, 62 fps TREE] T 58 fps, [HAG IS i $2
FT0.7%,

T il S50 AT AT S8 X IR YOLOVS 1Y 3 A4~ Blcid
fEEABEARY (%) 3L RE K A DU RS BE 43 B T T 36 fps K&
1. 5% Bk 1 AR SCH A Ok i A R
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RS UEASCHRE R T GhostNet X 3 1 M 26 7547 8¢
Y 5 2 0 BB AT 8 e A O Y BRI, AR SO )
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Table 6 Comparative experiments on

backbone network replacement

FT W mAP@0.5 mAP@0.95 Wi%®/fps GFLOPs

YOLOv8 86. 1 50. 1 22 27.1
ShuffleNetv2 64. 1 30.9 74 8.5
MobileNetv2 63. 1 30.5 78 8.1
MobileNetv3 65. 1 315 85 7.1
EfficientNetv2 85.9 49.8 23 24.9

GhostNet 84.5 48.4 64 10.2

H 6 AT, SR P i Ak I 28 A5 70 32+ X 4% kA 7
Bef e, HCHE B B A R YOLOVS Y474 A [A) 72 B8 1l 41
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Tpe /b AF LA B B F) P TS 80 T LAt 4 b I 45 4 2R
JE AL A 23 fps; K I MobileNetv2, MobileNetv3 }
ShuffleNetv2 3=~ 2% 1) 554 U B SR 76 4 3 B 1 3RAS T
BRI TE, B T 70 fps, (EHEHRS B 4K T 65%,
TCI R B AT WD 5 1R FH GhostNet B4 S RY | 7
KB BEORFFTE 80% VA L (R [RIES, SE 1 HE 3 ML 64 fps, 52
TR B B RGN T 1 4 4 | A0 25 WG R A i Gk IR
PEAT T A B S AG I ) 75 R
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Table 7 Comparative test

RS mAP@0. 5 mAP@0.95  MiE/fps  GFLOPs

YOLOvS 77.1 46.0 31 48.2

Faster
67.2 39. 8 5 82.1

-RCNN
DETR 76.2 43.8 8 100. 1
YOLOv6 79.2 47.1 16 85.2
YOLOv7 86. 5 50.3 12 108. 1
YOLOV8 86. 1 50. 1 22 27.1
UDD-YOLO 87.6 51.9 58 13.5
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