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Abstract: Affecte the unstructured and disordered nature of point clouds, some existing self-attentive
methods cannot fully extract contextual semantic features, based on which a Local Neighborhood Transformer (LNT)
for point cloud feature extraction is proposed. Firstly, neighborhood partitioning of point clouds is achieved through
Farthest Point Sampling (FPS) and K-nearest Neighbor (KNN) algorithm. Secondly, local self-attention is computed
within each neighborhood by combining relative position encoding to achieve linear computational complexity. Finally,
the local features of the point cloud are captured by the join operation as well as the linear layer. In addition, a point
cloud multi-featured fusion method is designed to aggregate the feature information of each layer to improve the
performance of the model. The experimental results show that the overall accuracy of the method can reach 93.3% in the
ModelNet40 dataset for classification, which is 0.1% higher than PCT; the class average accuracy can reach 92.0%, which is
0.6% higher than PointMLP. Meanwhile, the point cloud segmentation results are also valid in the ShapeNet dataset.
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Tab.1 Shape classification results on ModelNet40 dataset

Jitk AR HETHIRE% % SRS %
3DshapeNets!'” voxel 77.3 84.7
VoxNet!”) voxel 83.0 859
Subvolume!'”! voxel 86.0 89.2
MVCNN image ® — 90.1
PointNet!"”! p(Q 86.2 89.2
A-SCN[*! poi 87.6 90.0
Set Transformer[m] point — 90.4
point — 91.7
intNet point 91.9
[ﬁ E[zz] point 88.1 922
DGCNN[23 point 90.2 922
&  PointWeb™! point 89.4 923
PointConv®! point — 9.5
Point2Sequence®” point 90.4 92.6
KPConv?” point — 929
pcT™ point — 932
PointMLP! point 914 94.5
LNT(A30) point 92.0 933
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Tab.2 Part segmentation results on ShapeNetPart dataset

Jitk mloU &Pl & W\ WE BT N Nk )

PointNet!” 837 83.4 787 825 749 896 730 915 859

SO-Net? 849 828 778 88 773 906 735 90.7 839
PointNet++'"l 851 824 790 877 773 90.8 718 910 859
3DContextNet® 843 833 780 842 772 90.1 73.1 91.6 859

M-ConvB! 843 823 811 88.3 762 895 79.5 90.5 863
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3DContextNet™ 814 954 69.1 923 817 608 718 814
M-ConvP! 825 957 708 95.0 81 62.5 80.4 818
84.3 955

LNT(4<30) 688 95.0 82.1 604
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Fig. 5 Example of ShapeNet dataset segmentation visualization
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Tab.3 Comparison of model parameters

Jitk S H/MB
KPConv*"! 15.0
Point Transformer!"™ 7.8
CBLP 18.6
PointNeXt-L*] 7.1
LNT(4<30) 6.0
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Tab.5 Selection of K value

(5373 Q0o AR/ %
(16,16,16,1) 925
(32,32,32,1) 923
(16,16,48,1) 238
(8,16,32,1) 919
(16,16,32,1) 933
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