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Point Cloud Coarse Alignment Algorithm Based on Feature Detection and Depth Feature
Description
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Abstract Point cloud alignment is one of the important steps in point cloud data processing,and coarse alignment is the hard
part. In recent years, great progress has been made in point cloud alignment based on deep learning. In particular, the method of
3DMatch can achieve a better alignment effect under the conditions of noise,low resolution and missing data. However, this meth-
od uses random sampling to generate alignment points. When the number of sampling points is small, the matching rate will be
low and the alignment effect is not good. Therefore. ISS feature point detection is used instead of random sampling,and then
3DMatch is used to generate descriptors for feature points. Finally,data alignment is achieved through matching feature descrip-
tors. Since ISS feature point detection has good repeatability and 3DMatch can provide descriptors with high degree of discrimina-
tion, this method greatly improves the robustness and accuracy of matching. Eexperiment shows that, compared with random
sampling, the alignment effect and robustness of feature point sampling are better when the initial point cloud has no noise, weak
noise and strong noise. Moreover, when the coarse alignment effect is similar, the number of feature points only accounts for 10%
of the number of random points, which greatly improves the alignment efficiency.
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Table 1 Comparison of point cloud coarse alignment

Our method

Random sample

Random sample Random sample

Noise level dragon_0 dragon_48 rate/%  dragon_0 dragon_48 rate/% dragon_0 dragon_48 rate/%  dragon_0 dragon_48 rate/%
noiseless 23 19 37.4 20 Unmatch 100 100 31.7 200 200 42.0
Sampling density(9 %) 23 19 35.3 20 Unmatch 100 100 32.7 200 200 41.5
Sampling density(50 %) 19 19 35.2 20 Unmatch 100 100 33.5 200 200 36.2
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Table 3 Feature points

comparison Number Time/s
Model Total ISS  Harris3D  ISS  Harris3D
Horse 71030 110 24 0. 89 1.57
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