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Abstract: To address the insufficient pose estimation accuracy in degenerate regions, a stereo pose estimation algorithm
based on multi-scale feature fusion is proposed. An end-to-end joint optimization framework for stereo vision and pose estima-
tion is established, overcoming the information transmission bottleneck in traditional cascaded architectures. Firstly, a multi-
scale cost volume module is designed to enhance stereo matching accuracy in weakly-textured and occluded regions through
context feature fusion across varying receptive fields. Additionally, a pyramid screening-feature fusion module is proposed.
This module dynamically aggregates low-level geometric details and high-level semantic information. It uses a cross-layer at-
tention mechanism to achieve this aggregation to significantly improve the geometric consistency of pose estimation. Finally,
anew binocular vision-based Linemod-Stereo dataset is constructed to validate the algorithm's effectiveness. Experimental re-
sults demonstrate that the proposed method outperforms conventional RGB-D-based approaches.
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