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Fig.1. Overview of the proposed method.
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Fig.2. AAE Learning Process.
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Table 1 Comparison of the proposed method and ar_track alvar.

BalEEL mAP ToU
REFIE 0.78 0.69
ar_track alvar 0.35 -
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Fig.3. Comparison of mAP for each method at different

distances.
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Table 2 Comparison of the results for different radius of the

cylinder.
RETIE ar_track_alvar
M o2& [mm] mAP loU mAP loU
20 0.79 0.68 0.00
30 0.83 0.71 0.00
40 0.85 0.73 0.56
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Fig.4. Examples of detection by the proposed method.
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Table 3 MAE of pose estimation by the proposed method.
FIRE 28 [mm] roll pitch yaw Sy
20 4.39 3.06 2.77 3.40
30 2.76 2.88 2.58 2.74
40 2.52 2.65 2.43 2.53
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Table 4 MAE of pose estimation results in the case of including

misalignment.
M- [mm) 0% 10% 20%
20 3.40 4.73 37.36
30 2.74 3.65 28.59
40 2.53 3.41 25.11
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Fig.5. Examples of pose estimation by the proposed method.
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