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Abstract

With the widespread application of drone technology in remote sensing, efficient and accurate extraction of single tree crown
width targets from drone remote sensing images has become a research hotspot. This study introduces the U 2 - Net semantic
segmentation model to explore in depth the extraction of single tree crown width in unmanned aerial vehicle remote sensing images.
The experimental results show that the U 2 - Net model performs well in the study of single tree crown extraction from unmanned
aerial vehicle remote sensing images, with an accuracy of 100% and a recall rate of 95.4%. Compared with other deep learning
segmentation models, the U 2 - Net model has better detail capture ability and robustness, and can better cope with complex scenes
and lighting changes in drone images. This study provides reliable technical methods and reference basis for the use of unmanned
aerial vehicle remote sensing images in forest resource investigation, monitoring, and management.
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