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3.3. Robustness analysis
To evaluate the performance of the YOLOv8n-LWA model under challenging conditions, we applied a strong 
exposure enhancement to all test images to simulate sunlight irradiation. Subsequently, we analyzed the model’s 
detection results on this enhanced dataset.

As shown in Table 5, at a resolution of 1280×1280, prolonged exposure of test images led to a decrease in 
model accuracy, with the mAP dropping by 3.2%. Figure 9 illustrates that this degradation may be attributed to 
factors such as overexposure and noise, which impede the model’s ability to accurately detect targets. Nevertheless, 
the overall performance remains satisfactory, with the mAP still reaching 64.5%. These findings indicate that 
the YOLOv8n-LWA model maintains robust detection capabilities under adverse conditions, preserving target 
recognition to a considerable extent in real-world environments.

Table 5. Experimental results of the model

Image condition Metric Mean (%) Abnormal pin (%) Missing pin (%)

Original

Precision 72.1 66.3 77.9

Recall 61.6 56.5 66.8

AP 67.7 61 74.5

Strong exposure

Precision 70.8 64.8 76.8

Recall 59.5 56.5 62.4

AP 64.5 58.5 70.6

Figure 9. Detection results of long-exposure images. (“0” and “1” denote the two defect types: abnormal pin and missing pin.)

4. Conclusion
This paper presents a novel detection method for identifying pin defects in aerial images of transmission lines. Our 
approach involves three key steps: cropping fittings that contain pins, applying super-resolution reconstruction 
to enhance image clarity, and utilizing the YOLOv8-LWA model for defect recognition. This integrated strategy 
significantly improves the detection of pin defects in aerial imagery.
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The method leverages pre-trained weights from large transmission line datasets to precisely crop fittings 
containing pins, retaining 90% of defects and amplifying their representation through duplicate cropping. 
Super-resolution reconstruction enhances image clarity, enabling high-resolution training and improving defect 
discriminability. The YOLOv8-LWA architecture introduces two key innovations: (1) Inner-Shape-IoU, which 
refines bounding box localization by prioritizing target geometry and scale, and (2) Local window attention, 
which captures spatially contextual defect features through position-aware self-attention. Evaluated on cropped 
datasets, the model achieves a precision of 72.1%, a recall of 61.6%, and an mAP of 67.7%. Notably, it maintains 
robust performance (mAP=64.5%) on long-exposure aerial images, demonstrating strong generalization across 
challenging imaging conditions.

While effective, this study has limitations. The training dataset remains constrained in size and defect 
diversity, potentially limiting the model’s adaptability to rare or region-specific pin anomalies. Furthermore, the 
cropping algorithm requires optimization to improve defect retention rates during preprocessing. Future work 
should prioritize expanding the dataset with aerial imagery from diverse geographical regions and environmental 
conditions (e.g., fog, rain, or snow) to enhance generalizability. Integrating adaptive cropping thresholds and 
exploring few-shot learning techniques could further strengthen the framework’s practicality for large-scale 
infrastructure inspections.
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