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JExperiments on the LINEMOD Dataset

* Ablation study on iterative training and testing

Train iter init 1 2 4

Test iter 1 2 4 1 2 4 1 2 4

5cm 5° 19.4|57.4 58.8 54.6 | /6.3 | 86.2 | 86.7| 70.2 | 83.7 | 85.2

6D Pose 62.7 779 79.0 76.1 &83.1 8&8.7 | 89.1 80.9 87.6 88.6

Proj.2D |170.2/92.4 /92.6 89.7 96.1 97.8 97.6 94.6 97.4 97.5

* Ablation study on two different initial poses

Method PoseCNN | PoseCNN+Ours Faster R-CNN | Faster R-
CNN+Ours
5cm 5° 19.4 85.2 11.9 83.4
6D Pose 62.7 88.6 33.1 86.9
Proj. 2D 70.2 97.5 20.9 95.7

* Comparison with state-of-the-art methods

Method [1] [2] [3] [4] [5] Ours
5cm 5° 40.6 69.0 - - 19.4 85.2
6D Pose 50.2 62.7 79.0 55.95 62.7 88.6
Proj. 2D 73.7 89.3 - 90.37 70.2 97.5
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