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Abstract: To ddress the chanllenge to the efficient detection of small objects such as power lines in UAV applications, this study
designs a stereo matching algorithm based on Transformer and geometry encoding, which leverages a cross —image attention
mechanism to integrate information from another image, facilitating the recovery of fine—depth details. Geometry encoding is
employed to transform the conventional cost volume into a geometry encoding volume, encode geometric and contextual
information for precise estimation of power line targets and aid of UAV obstacle avoidance. Experimental results demonstrate that
compared to state—of —the—art stereo matching algorithms, the proposed algorithm exhibits superior performance in power line
depth estimation, capable of accurately estimating the targets. By enhancing the accuracy of small object detection, this study
provides robust support for UAV applications in real —world scenarios such as power line inspection, and contributes to the
advancement of UAV technology in engineering domains.
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