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[ Abstract] To tackle the computational cost and registration time challenges in traditional point cloud registration methods like ICP
(iterative closest point) such as LIO-SAM ( tightly-coupled lidar inertial odometry via smoothing and mapping) and newer models utili-
zing deep neural networks such as HRegNet( hierarchical registration network ) , a lightweight and real-time HKRNet (hierarchical kep-
stack registration network ) network model was proposed. The model was developed by thoroughly studying the HRegNet neural network
point cloud registration framework. Initially, a combined filtering approach involving point cloud voxelization and Gaussian threshold
downsampling was used to remove redundant points from ground radar scans, reducing the point count from around 130 000 to about
70 000. Subsequently, the computationally intense KNN ( K-nearest neighbors) point cloud clustering algorithm within the HRegNet
model was enhanced by optimizing it to a KD-Tree ( K-dimensional tree) algorithm, resulting in a 25% improvement in processing
speed while upholding accuracy. Lastly, to address high memory usage and low computational efficiency of the convolutional modules in
the model, a lightweight convolutional module leveraging tensor decomposition and a hierarchical singular value decomposition algorithm
was introduced. This leaded to a compressed model size of 86. 1% of the original and a decrease of 61. 2% in computational cost. The
outcomes indicate that the HKRNet network, in comparison to the HRegNet network , can reduce registration time by 40% with minimal
loss of accuracy, achieving a single registration time not exceeding 84ms, thus meeting real-time registration requirements.

[ Keywords] point cloud registration; deep learning; model lightweighting; point cloud downsampling
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Fig. 1 Comparison of registration results
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Fig. 3 Time consumption of each module in HRegNet
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x5 B/ LHMESRERNEETGIER
Table 5 Registration evaluation indicators with/without

ground point cloud filtering

AL R S5 s S WIRES

TR RFIRZE YA /m 0.074 2 0.069 8

TR R ZE R EZE/m 0.053 7 0.050 4

BEREFE MR 2 I/ (°) 0.268 7 0.2256

e FE PR 22 hRIE R/ (©) 0.175 6 0.147 7
Fe i R 2%/ % 97.63 98.55

S X R HE RS ]/ ms 86.5252 85.167 8

5.3.3 HKRNet 9l %2 %
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AR SR RN 8 S A [R) BT, DR E X MRS 3 1Y
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Table 6 Evaluation indicators for model registration
before and after optimization
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