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Abstract

How to take full advantages of point cloud is an urgent task due to the universal application of
point cloud data format. Superb semantic segmentation of point cloud can be the solid basis of
subsequent task of point cloud application. For semantic segmentation task, both the global and
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local feature play significant role. Based on the basic truth that the better the local feature, the
better the segmentation performance, the neighboring feature encoding module is elaborated, this
module aims to make the most of direction feature between center point and its neighboring points
during the local feature extraction process. Original input feature is considered as concatenation
of spatial information and plus feature (e.g.: RGB and depth), the plus feature will be handled by
shared Multi-Layer Perceptron, the spatial information will be sent to proposed neighboring fea-
ture encoding module to capture neighboring feature of every center point, output of two part will
be concatenated as final local feature. From the perspective of result of experiment on public da-
taset S3DIS, the proposed model has excellent performance on feature extraction, its performance
excels SOTA baseline model with 1.8% mloU.
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Figure 1. Chronological overview of point cloud semantic segmentation
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Figure 2. The architecture of neiborhood information encoding module
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Figure 3. The basic architecture of local information encoding module. (N, 3 + d)
represents the dimension of current feature is N*(3 + d), other same representation
forms represent same meaning.
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Figure 4. The schematic diagram of neighboring point search
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Table 1. Model training hyperparameter setting
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Table 2. The result of segmentation on S3DIS dataset
7= 2. S3DIS BURENEILER

T mloU (%) Ceil Floor Wall Beam Col. Wind. Door Table Chair Sofa Book. Board Clut.

PointNet [13] 47.6 88.0 88.7 693 0.0 231 475 516 541 420 96 382 294 352
PointNet++ [14] 53.2 89.6 980 755 00 75 611 187 69.7 785 356 641 49.7 439
RandLA-Net [15] 63.4 916 972 809 00 219 595 479 774 861 736 677 69.6 511

SCF-Net [16] 63.6 90.1 961 795 00 292 616 288 76,6 876 784 725 73.0 503

CGA-Net [17] 63.1 92.1 96.7 807 00 188 628 409 768 876 680 69.7 734 533

Ours 65.2 915 968 808 21 305 611 462 749 872 776 721 751 518
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Figure 5. The architecture of network
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