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B Introduction

With the rapid expansion of high-voltage power grids, obstacle detection has become critical to prevent safety hazards from birds, balloons, and debris. Traditional methods based
on hand-crafted features struggle in complex environments, while deep learning models demand heavy computation, limiting real-time deployment. The key challenge lies in
achieving accurate detection under dynamic scenes and resource constraints. This calls for a solution that balances robustness, efficiency, and lightweight design to ensure reliable
obstacle identification in real-world high-voltage scenarios.

B Method
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: B The architecture of HVLO-YOLO follows a classic three-stage object detection pipeline: Backbone, Neck, and Head.
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L Eoe The Backbone extracts multi-level features using the proposed CP4 and PDown modules, enhancing feature diversity
T e and preserving semantic information while reducing computational cost.
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o M ol T The Head uses the lightweight PDetect module to focus computation on informative regions, enabling accurate, real-
o T = time predictions with minimal resources.
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Final output is fused by a 1x1 convolution:
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— Identity This design greatly reduces parameters while maintaining strong localization accuracy. Y = Concat(Y pan1, Ypat2)
This design ensures both global context and local structure are retained, boosting
L— Conv - Conv robustness for small-object detection under complex backgrounds.

B Results

YOLOV9-t As shown in the left figure, HVLO-YOLO achieves more precise and
complete detections than YOLOV9-t and YOLOv10-n in complex scenes.
YOLOv10-n The improvement comes from CP4, PDown, and PDetect, which
enhance representation, retain semantics, and selectively allocate 0.05
HVLO-YOLO computation to key regions.
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Table 1: Detailed comparative results of the contrast experiments. Red font represents base- ‘Table 2: Detailed rewe use the number of model param universal object detection. s 0.06 BBTH02E 0.12 } o003 IR 012 ; o.0s SN o.05
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Bl Conclusion

This paper proposes HVLO-YOLO, an ultra-lightweight object detection framework for high-voltage line obstacles. It incorporates three modules: CP4 for efficient multi-scale
feature extraction using partial convolution and FourGroup design; PDown for preserving semantics via dual-branch downsampling; and PDetect for focusing computation on key
regions. HVLO-YOLO achieves strong detection accuracy with significantly reduced parameters and FLOPs, outperforming existing models on both high-voltage and COCO
datasets. While effective, the model shows limitations in handling extremely small or highly textured objects. Future work will explore adaptive partial convolutions and dcynamic
feature selection to further improve robustness and fine-grained detection performance.



