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Abstract: Objectives: The accurate identification of hardware components is a crucial foundational task for
the safety inspection of overhead transmission lines. This paper proposes a novel YOLOvV8 model coupling
shuffle attention and deformable convolution (YOLOv8-SADC) to address the issues of variable texture
features and complex shapes of hardware targets, which is used for overhead transmission line hardware ob-
ject detection based on high-resolution visible images by unmanned aerial vehicles. Methods: The shuffle
attention is constructed to capture the dependencies between channels and pixels to enhance spatial channels
feature mining ability of the model. The deformable convolutional network is used to finely mine the com-
plex spatial morphological features of various hardware targets to achieve high—precision positioning of hard-
ware targets. An intersection over union (IoU)-based loss with a dynamic non—-monotonic focusing mecha-

nism based bounding box loss (named Wies—ToU) is adopted for network training to improve sample learning
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ability of the model. Results: The high-resolution visible light images of Shantou overhead transmission
lines were collected by unmanned aerial vehicles (UAVs) as data sources, and a hardware target dataset
was constructed for experiments, and compared with several advanced hardware target detection models
(1) Comparative analysis was carried out on CPLID, 2511 and self-built datasets, and the CPLID dataset
included 600 images of normal insulators taken by UAVs; the 2511 dataset uses a blue mat as the back-
ground, and shoots four types of fittings from multiple angles: insulators, bolt pins, anti-vibration ham-
mers, and tension clamps, with a total of 2 511 images. The self-built dataset includes 6 types of fittings in-
cluding connecting fittings, plate fittings, fan-shaped fittings, triangular fittings, short connecting fittings
and long fittings, with a total of 516 images and 1 745 labels. Experimental results show that YOLOv8-
SADC has excellent performance on CPLID and 2511 datasets, and can fully adapt to scenarios with sim-
ple backgrounds and single object categories. (2) The comparative experimental results show that the target
detection performance of the proposed model is significantly better than that of the existing mainstream algo-
rithms, and the mean average precision (mAP) reached 84.4% when the IoU threshold is 0.5, indicating
that the method demonstrates good robustness to various types of fittings and can effectively detect all kinds
of fittings. Among them, the mAP50 of the connecting category reached 90.52%, and the mAP50 of the
long category reached 93.52%, indicating that the method has good detection ability for all kinds of fit-
tings, especially the rectangular shape of the target fittings. For the sector fittings with small targets and a
large number of occlusions, the detection accuracy is also improved. (3) There were 116 samples with blue
sky background, 646 samples with cloud background, 495 samples with buildings as background, and 488
samples with natural environment as background. There is less interference in the blue sky background, and
the target characteristics of the fittings are prominent, and it is easy to extract key information. The natural
environment background is mostly trees and grasslands, and the detection accuracy decreases slightly. The
cloud texture in the cloudy background may introduce some background interference, resulting in the re-
duced feature extraction efficiency of the model. There is a certain similarity between the structural charac-
teristics of the building (such as straight lines, edges, etc.) and the shape of the fittings, which can easily
lead to false detection. The performance improvement of YOLOv8-SADC varies in different backgrounds,
with the natural environment and building background being relatively complex, and the detection accuracy
is significantly higher in simple backgrounds (such as blue sky and cloudy background). Conclusions: YO-
LLOv8-SADC, based on high-resolution visible light images captured by drones, enhances the extraction
capability of spatial channels features through coupled shuffle attention, and introduces deformable convolu-
tion to delve deeper into the complex morphological features of metal hardware. Additionally, a Wise-IoU
loss function based on a dynamic non—monotonic focusing mechanism is employed to optimize localization
accuracy. Experiments conducted on a drone—acquired dataset along the coastline of Shantou, Guangdong
demonstrate that this method significantly improves the detection performance of various metal fastener tar-
gets in complex scenes, effectively ensuring the integrity and detail of recognition results. This represents
an efficient solution for metal fastener identification.

Key words: hardware object detection; unmanned aerial vehicles; high-resolution visible images; YO-
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Table 1 Sample Distribution of the Hardware Object

Detection Dataset
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Table 2 Experimental Results on Three Datasets/ %
Hamde UlggR p R mAP50 mAP50-95
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Table 3 Quantitative Evaluation of Hardware-Object
Detection Results by Various Models/ %
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il - -
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Fig. 6 Visualization Results of Hardware Target Detection by YOLOv8-SADC
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Table 4 Experimental Results Under Different

Backgrounds/ %
GBS U ER S p R mAP50 mAP50-95
YOLOv8 94.63 91.17  96.17 66.83
B YOLOv8-SADC 94.70 91.23  97.37 69.83
B YOLOVS 86.73 70.40  77.00 41.60
F YOLOv8-SADC 87.33 69.63 78.43 42.10
o YOLOv8 76.07 65.03 71.33 41.90
¥ YOLOvV8-SADC 86.43 67.57 76.63 49.33
ERS YOLOVS 85.20 75.70  80.90 54.40

WHhE YOLOvVS-SADC 85.00 79.36  84.67 53.97
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Table 5 Ablation Experiment Results/ %

ik P R mAP50 mAP50-95
Baseline 86.81  75.98  80.54 51.90
Baseline+SA 87.00  77.30  82.47 56.10
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DCNFE
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