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Figure 1. Overview of the definition of positive samples, from left to right: if not available. a set of 2.5D views is generated ly simulating
a sensor in N uniformly distributed views: for each view V', its overlapping views are selected; for each overlapping view, matches are
established by selecting the nearest neighbor in the descriptor space for each point in V'*; matches are removed if they are wrong matches
(point e) or close to a match with more similar descriptors (point c); by using every other overlapping view V*, the positive set is refined
by removing points that do not yield correct matches (point b), because their distinctiveness is not robust enough to changes in viewpoint.
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Figure 2. Example of negative (in red) and positive (in green) train
ing samples obtained with the proposed method on two model
views
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Figure 3. Correct matches obtained from the regions selected by
Harris3D, ISS and the proposed training set creation (KPL).
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Figure 4. Overview of the feature computation. In the example, N, = 4 radial subdivision are used (for case of visualization, a 2D repre-
sentation of the 3D spherical support is portrayed). Each subdivision is associated with a spherical volume and a histogram comprising N
bins, which accumulates the cosine of the angle between the normal of p (central point) and that of each point g falling in the comresponding

spherical volume.
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Figure 5. Random Forest parameters tuning over the Kinect
dataset.
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Figure 6. Results on the Laser Scanner dataset.
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Figure 7. Results on the Random Views dataset.
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Figure 8. Results on the Kinect dataset.
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