
Point cloud registration is aimed at finding an orthogonal transformation to align one-point cloud with another. Such registration is a fundamental task in computer vision and robotics and is widely used in different applications, including 3D reconstruction, simultaneous localization and mapping, and

autonomous driving. The most known approach for point clouds registration is Iterative Closest Points (ICP) algorithm. Recently, registration methods have begun to use deep learning. To exploit different aspects of the problem, various types of deep learning-based point cloud registration algorithms

have been proposed. Particularly, the Deep Closest Points (DCP) network was described. In the proposed paper we apply a modified version of DCP to the incongruent point clouds registration task. We show by computer simulation the performance of the proposed network on ModelNet40 database.
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The network input data are two point clouds, 𝑷 = 𝒑𝟏 , … , 𝒑𝒎 , 𝑸 = 𝒒𝟏 , … , 𝒒𝒏 ,

𝒑𝒊, 𝒒𝒋 ∈ ℝ
𝟑 , 𝒊 = 𝟏,… ,𝒎, 𝒋 = 𝟏,… , 𝒏. Output data is an orthogonal transformation in

homogeneous coordinates.

The resulting network uses the DGCNN. for the initial extraction of the features of the 

point in the clouds, The DGCNN network, which is part of the DCP neural network, has 

four consecutive EdgeConv blocks that calculate a set of features for each point based 

on its neighborhood. The number of features calculated in EdgeConv blocks is 64, 64, 

128, and 256, respectively. Further, the features obtained after each of the four blocks 

are merged into one set of features, to which a common pointwise linear transformation 

is applied. As a result, 512 features are obtained for each point.  For each point. are 

applied the batch normalization and the LeakyReLU activation function. DGCNN is 

applied to each cloud independently. 

Joint consideration of both point clouds gives the
network the ability to compare points between
different clouds, trying for each point of the first cloud
to predict whether this point is in the second cloud or
not. The architecture of the Transformer network
used in this modification of the DCP is identical in all
respects to the architecture of the Transformer from
the original DCP. As a result of the described
operations, a descriptor consisting of 512 numbers is
calculated for each point of each cloud. The first
cloud descriptors are used to compute the weight of a
point (i.e. evaluate whether there is a point in the
second cloud corresponding to a given point in the
first cloud). This is a change from the original DCP
architecture. The weight data is calculated by
applying to each point of the first cloud an
independent linear transformation with a sigmoid
activation function. Also, as in the original DCP, the
point descriptors of both clouds are used to find a
correspondence between points in 𝑃 and 𝑄 . The
cross-covariance matrices for each point are
multiplied by the neural network's predicted weight for
this point. Here there is the difference between the
proposed network and the original DCP.

The number of trainable weights of the resulting
network is 5787265.

The error function is MSE between the estimated
and true transformation matrices.

The Adam algorithm with the learning rate parameter
is 0.001. The batch size is 4. The noise was not used
during training. The network was trained in 50
epochs. During the training process, we gradually
increase the maximum angle of rotation from 30
degrees to 180 degrees.

Here we use the following four-point clouds: Stanford Bunny and Armadillo; airplane
from the ModelNet40 database [19]; human face from the Bosphorus database [20]. The
clouds of the Stanford Bunny, Armadillo, and airplane are composed of 1024 points, the
face clouds are composed of 1724 points. All points lie in the sphere of the central unit.
We apply the proposed neural network to the ModelNet40 database. The database
contains 12311 mesh CAD models belonging to 40 classes. 80 percent of the models
are used for training and 20 percent for testing. For each model, 1024 points are evenly
sampled from the mesh faces. Only database information about the point coordinates is
used.
We apply a rigid geometrical transformation to the point cloud 𝑃 defined by the

orthogonal matrix 𝑅𝑡𝑟𝑢𝑒 and translation vector 𝑇𝑡𝑟𝑢𝑒. The point cloud 𝑄 is obtained from
the point cloud 𝑃 as

𝑄 = 𝑅𝑡𝑟𝑢𝑒𝑃 + 𝑇𝑡𝑟𝑢𝑒.
Information about the matrix 𝑅𝑡𝑟𝑢𝑒 and the translation vector 𝑇𝑡𝑟𝑢𝑒 is contained in the

matrix 𝑀𝑡𝑟𝑢𝑒 of inhomogeneous coordinates.
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