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Research on GPU-based parallel ICP point cloud registration algorithm
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Abstract: In response to the problem of low efficiency of traditional serial fine registration algorithms
in calculating massive point cloud data, this paper parallelizes the traditional algorithm by leveraging
the multi-thread computing capability of graphics processing unit(GPU). The parallelized algorithm,
called compute unified device architecture iterative closest point(CUDAICP) algorithm, is implemen-
ted on GPU. Firstly, coarse registration methods are used to perform initial rotation and translation
on the source point cloud, obtaining its initial position. Then, the target point cloud is input into the
CUDAICP algorithm for fine registration. Experiments on room point clouds and room point clouds
with stairs demonstrate that the sample consensus initial alignment(SAC-IA) coarse registration algo-
rithm has good performance in different scenarios. In terms of fine registration, the CUDAICP algo-
rithm achieves up to 8. 2 times faster speed compared to the traditional iterative closest point(ICP) al-
gorithm while maintaining accuracy.
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