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Category-level 6D object pose estimation based on mixed channel attention

Liu Chongpei Sun Wei Liu Jian Yang Hui Zhang Xing Fan Shimeng

(College of Electrical and Information Engineering, Hunan University, Changsha 410082, China)

Abstract: Aiming at the low accuracy of object six-degree-of-freedom (6D ) pose estimation in scenes with interferences such as
illumination changes, distance changes, background clutter, and occlusions, a mixed channel attention module ( MCA) is proposed,
which combines multi-scale feature fusion and attention mechanisms. Based on MCA, a category-level object 6D pose estimation method
(MCAG6D) is further constructed. The key steps include object instance segmentation, feature extraction and optimization based on
MCA, object model reconstruction based on prior shape, and pose estimation based on point cloud registration. Relevant experiments
show that our method achieves 86.3% (5°2 e¢m), 73.4% (5°5 cm) and 39.2% (5°2 ¢cm), 43.3% (5°5 ¢cm) mean average precision
in the public datasets CAMERA and REAL, respectively, which is ahead of mainstream methods such as NOCS, SPD, and SGPA. At
the same time, the practical experiment shows that the proposed method can accurately estimate the 6D pose of the object in scenes with
interference, such as illumination changes, distance changes, background clutter, and occlusions.
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H . mAP
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sppt2e!] 8.1 543 590 733  8L5
DualPoseNet' 2" 86.4 647  70.7 71.2 84.7
CAMERA25  SGPA!®! 85.6  68.3 723  81.2 86.8
CenterSnapr201 - - 66.2 - 81.3

SAR-Net' ! 79.0  66.7 70.9 75.3  80.3
RICHT: 86.3 69.3 73.4 8.8 8.3

Nocs! ') 0.1 7.2 10,0 13.8  25.2
sppt2e] 53.2 193 2.4 432 54.1
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SGPA%! 64.8 36.2 399 615  70.7
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SAR-Net' 2! 62.4 316 423 50.3  68.3
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Table 2 Ablation study of different modules, local channel
attention ( LCA) and global channel attention

(GCA), in our method on REAL275
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Fig. 4 Performance curves of our method on CAMERA25 and REAL275,

in terms of per-category 3D IoU, rotation, and translation
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