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® Rotation error (degree) . Ep = acosd((Tr(RT-R) —1)/2) ,
® Translation error (%) : E¢ = ||t — t]|/]It]| x 100 B Textureless templates dataset

®  Success rate (%): SR indicates the percentage of poses that mmm m  Feature-based method fails to estimate poses.
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The proposed direct pose estimation performs favorably in terms of
accuracy and robustness against state-of-the-art feature-based
approaches on both synthetic and real dataset.

® Compute all candidate poses with 4 corners using OPnP. ASIFT 602 17.9 469 393 12.1 707 957 416 6.14 385 13.1 63.8
® Select the correct pose from all candidates. Direct 29.1 18.7 65.7 27.7 233 77 50.4 6.58 26.7 27.5 22.7 71.7




