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Abstract: Point cloud registration is an important issue in
the intelligent processing of point cloud data. It is also the key
to applying point clouds in smart cities, autonomous driving,
and 3D reconstruction. To solve the problem of low efficiency
and poor robustness of existing point cloud registration
methods, an automatic point cloud registration algorithm

based on kernel correlation neural network is proposed. First
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kernel correlation of each point in point cloud is calculated
by using several point kernels. Then the point cloud
information is coded through multi-layer perceptron, and
point correspondence is generated based on the coded
feature vector to calculate the transformation parameters.
Finally, the registration result is optimized through iteration.
Using the Bunny, Dragon, Happy, Elephant, Horse in the 3D
scanning model library of Stanford University, the algorithm
proposed in this paper and other algorithms such as iterative
closest point (ICP) are compared. The experiment shows that
the algorithm proposed can achieve an accurate registration
of different object point clouds, with a better accuracy and
efficiency. It has a good stability even in the presence of noise

and different density in the point cloud data.

Key words: measurement; point cloud registration; kernel
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Tab.4 Registration error and time of each algorithm at different densities of point cloud
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