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The LaMAria Dataset Types of Ground Truth Evaluation
Unlike prior SLAM datasets, our dataset LaMAria offers : : '
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» Measurement uncertainty: ~1.5cm x- ~3Cm z . . .
Y Y ) S <] Y More unconstrained motion = VIO/SLAM system performance worsens/fails
rigid trajectory Results on main dataset
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Overall, Aria' SLAM has a nominal drift of ~50 cm per 1 km trajectory and a scale drift of 0.22%.

Usage in evaluation

> Aria’s SLAM is far ahead of current

Errpr between aligned RN academic solutions. =
triangulated CP and — > Aria’s SLAM is far from saturating our : |
| measured CP forms per-LP - ——=—=—="—= benchmark (cm-level accurate CPs).
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Main Dataset

time-varying calibration.
» Loop closures and visual-

73 sequences, 5 challenges 3D error » Joint multi-sensor optimization, initialized with
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inertial bundle

. » Minimize 4 types of costs: feature reprojection = |
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Entry-level testbench with 73 sequences + 4 difficulty levels optlmlze d betwepn .triangulated and measured CP, and CP and tailored strategy for
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> Level IV: egocentric unconstrained motion with controlled initial motion Usage in evaluation: Recall @ 5m is calculated as per-keytrame error between estimated trajectory and pGT. SLAM. Failures are indicated as x and control points as @ machine learning models.




