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1. Monocular SLAM approaches 5. Probabilistic Semi-Dense Mapping
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eature-Based S ect S Goal: For each pixel with high gradient, compute the probability
Extract features on the images Use directly pixel's intensity distribution of its inverse-depth.
Minimize reprojection error Minimize photometric error 1. Stereo search in N neighbor keyframes
Sparse map Semi-dense/Dense map i
2. Comparison in the TUM RGB-D Benchmark
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f_"éiﬂjj 0.63 >< 31.73 Our ORB-SLAM 3. Intra and Inter KeyFrame Outlier Detection and Smoothing
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4. Solution: ORB-SLAM + Probabilistic Semi-Dense Mapping
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