#6005 FE 24 /2023 F 12 B/HHERBFEHRE

It Bl St FFIHE

2t YOLOvVS 1942 Ak 2t 2% 1~ 3¢ it il Fea £
G, LE%, Bk

R T RSEHUR TR, L 200093

TE X IC AL I B 46 2% T 1 77 A8 H PR ERAE A W /N bR TR 22 T 3k () Bt il A A ) s B RORG E B i) AT
PEH — B 3L F gk YOLOVS 19 4 2% 7 i B £ 0 57k o 1 08, BF 6 B AR R AE AS B 8 104 1] 352, K ConvNeXt W 45 1 F 1
YOLOVS 21 W 45 b, LU R 19 45 43 AF 52 BUAE A1 5 FLv, &1 R b (6 /s B AR AR AE 28 321 45 51 A8 b 3 3 T3 BLA
P 6 /I B AR (A RS B 5 98 S5, X et AR A 1 AT B R B , B Jo A AN of U4 (0 1 L DA T R 2 A R 2 B i ol A AR T i
AL, SCEGAE SR FEI . BT B A 4 T BB A A IDID b B SRS B A 35 5 93, 84 %6 BB IR B R T T 3. 44
B a5 R I R A 5 166 frame/s, B R 0L SR A4 TE T 69. 496, T AT & X6 4 i 2k 6 S R ARG 1) 20K

EER AT EBKI; YOLOVS; #%&84k; ConvNeXt; v Ji#Lib

FESES TP391.4 XEkRERL A DOI: 10.3788/LOP231032

Detection of Surface Defects in Lightweight Insulators Using
Improved YOLOVS

Guo Yu, Ma Meiling, Li Dalin
College of Mechanical Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China

Abstract YOLOvVS,

shortcomings, including inconspicuous target features and poor detection of small targets when detecting trapped insulators

Herein, an improved insulator defect-detection algorithm, i1s proposed to overcome the
using unmanned aerial vehicles, which cannot satisfy both detection speed and accuracy. First, ConvNeXt is applied to the
YOLOVS reference network to improve its ability to extract the features of obscure targets. Moreover, a coordinate
attention mechanism is introduced into the reference network to improve its detection accuracy with respect to small targets
in an image. Then, the improved model is pruned to eliminate its redundant channels, thus reducing the number of model
parameters and making the model more lightweight. The experimental results show that the improved model achieves an
average detection accuracy of 93.84% with respect to the insulator-defect dataset IDID, which is 3.4 percentage points
higher than the accuracy achieved by the original algorithm. Moreover, the highest detection rate achieved by the proposed
algorithm is 166 frame/s, which is 69. 4% higher than that achieved by the original algorithm. These results prove that the

improved algorithm meets the requirements of real-time transmission-line detection.
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Table 1  Software and hardware platform configuration parameters

Environment Configure
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Table 2 Comparison of different backbone networks

Model R,.»@0.5 /% Model size /MB  FPS
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Table 3 Comparison of different attention mechanisms

Method R,.+@0.5/% Model size /MB FPS
Baseline 90.43 14.1 98
+SE 90. 31 15.3 98
+CBAM 92.26 13.8 103
+ECA 91.75 13.8 99
+CA 93.48 13.2 106
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Fig. 5 Comparison diagrams before and after CA. (a) Original image; (b) before joining; (¢) after joining
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Table 4 Comparison of pruning rates

Prunin R, @ Model
rate /Vi P R/ O.HF;A;% size /MB
40 93.71 90. 19 94.33 6.8
50 92.56 91.71 93. 84 5.4
60 89.82 85.94 89.71 4.5
70 82.59 79. 24 81.37 3.3
5 BREAMEI L
Table 5 Lightweight network comparison
Model Row@ o Model FPS
0.5/% size /MB
YOLOV3-tiny 84.37 36.2 69
YOLOv4-tiny 86.93 23.7 75
YOLOX-nano 89.71 24.8 71
Improved YOLO v5 93. 84 5.4 166
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Fig. 7 Comparison of different target detection algorithms. (a) Original image; (b) Faster R-CNN; (¢) YOLOV3; (d) YOLOVS5;
(e) improved YOLOV5
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Table 6 Comparison of experimental results of different algorithms
Model P/% R/% R, ,+,@0.5/% R, ,+,@0.5:0.95 /% Model size /MB FPS
SSD 80.97  76.41 81.45 58.39 176.4 55
Faster R-CNN 88.12  84.69 88. 06 67.59 230. 8 18
YOLOvV3 85.68  83.58 87.67 65. 82 67.9 62
YOLOV5 89.53  89.18 90.43 90.43 14.1 98
Improved YOLOV5 92.56  91.71 93. 84 73.61 5.4 166
T OWHMLR
Table 7 Ablation experiment
YOLOV5 ConvNeXt block CA Prune P/% R/% R,,+@0.5/% FPS
N 89.53 89. 18 90. 43 98
N/ N 90. 65 90. 42 93. 27 105
N, N, 89. 79 90. 23 93.48 101
N N NG 94.12 92. 86 95.25 118
N N N N, 92. 56 91.71 93. 84 166
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