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Extended pointwise convolution network model for
point cloud classification and segmentation

Zhang Xinliang, Fu Chenlin, Zhao Yunji

School of Electrical Engineering and Automation, Henan Polytechnic Univercity, Jiaozuo 454000, China

Abstract: Objective A pointwise convolution network (PCN) has great potential for the classification and segmentation of
point cloud data. The pointwise convolution operator in each layer directly functions on the point cloud data to generate the

local feature vectors point-by-point. The PCN can solve the problems caused by dimension increase and information loss
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because of the avoidance of point data structuration. However, the structure of PCN is responsible for the consistent mainte-
nance of the point cloud during the implementation of pointwise convolution. Consequently, the PCN has no constituent that
can describe the global features of point cloud. The PCN essentially needs a characteristic expansion considering the global
features in terms of classification and segmentation accuracies for the point cloud data. Method A so-called central point
radiation model is proposed in this paper to pointwisely describe the global geometric properties. With the introduction of
the radiation model into feature concatenation, the resultant extended PCN (EPCN) realizes a complete representation of
local and global features for point cloud classification and segmentation. First, the point cloud in the central point radiation
model is regarded as a set of projection point on the object surface by a radiation line from the central point. The amplitude
of radiation vector determines the owner surface and tightness of each point around the central point, and the direction spec-
ifies the pointwise encircling direction and contributing radiation line. The central point is prescribed by the calculation of
coordinate information in the point cloud, and the pointwise radiation vector is generated. Thus, the central point radiation
model is constructed to describe global features. Second, the local feature description of the point cloud data at each depth
is obtained through a multilayer pointwise convolution. The coordinates of the point cloud data provide an index for retrie-
ving point attributes and determining the neighborhood points involved in the convolution of a concerned point. The point-
wise convolution traverses all points in the point cloud and completely yields the pointwise local features. Finally, an EPCN
is derived through the concatenation of the global features from the central point radiation model and the local features from
the pointwise convolution. The complete feature description vector is adopted as the input of the fully connected layer of
PCN for the category label prediction, and the input of the pointwise convolution layer is used for the label prediction point-
by-point. Result The classification and segmentation performance of the proposed EPCN model are validated on the point
cloud data sets of ModelNet40 and S3DIS (Stanford large-scale 3D indoor dataset) , respectively. The EPCN classification on
ModelNet40 leads to 1. 8% and 3. 5% increases in mean and m-class accuracies compared with the PCN. The EPCN segmen-
tation on S3DIS provides 0. 7% and 2. 2% increases in s-mean and ms-class accuracies compared with the PCN. Conclusion
Experimental results verify the effectiveness of the proposed central point radiation model for the global feature extraction of
the point cloud data. The EPCN model provides an improved performance in terms of classification and segmentation.

Key words: point cloud; pointwise convolution; central point radiation model; classification; segmentation; feature exten-

sion
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Fig. 1 Diagram of pointwise convolution operator
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Fig.3 Central point emission diagram
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Table 1 Classification comparison of PCN and EPCN

Trik m, m,
PCN 0.829 770 0.781 882
EPCN 0.847 039 0.816 771

TE L7 AR 2 2k RE e L (L

Table 2 Comparison of per-class accurancy of PCN and EPCN on ModelNet40

%2 ModelNet40 ##E& E PCN #1 EPCN iR Ko K EME

Ty airplane bathtub bed bench bookshelf bottle bowl car chair cone
PCN 1. 000 0. 800 0.950 0. 684 0. 867 0.979 0. 950 0.919 0. 950 0. 800
EPCN 1. 000 0.780 0. 940 0.737 0. 867 0.980 0.950 0.919 0.950 0. 900

cup curtain desk door dresser  flower pot  glasshox guitar keyboard  lamp
PCN 0. 650 0. 550 0.814 0.750 0.547 0. 150 0. 707 1. 000 1. 000 0.778
EPCN 0. 700 0. 750 0.721 0. 900 0.477 0. 150 0.818 0. 990 1. 000 0.722
laptop mantel monitor  nightstand ~ person piano plant radio rangehood  sink
PCN 1. 000 0. 889 0. 869 0. 690 0. 842 0. 835 0.717 0. 650 0. 859 0. 700
EPCN 1. 000 0. 909 0. 879 0.726 0. 895 0. 835 0.788 0. 800 0. 909 0. 700
sofa stairs stool table tent toilet Tv stand vase wardrobe xbox
PCN 0.939 0.750 0.778 0.838 0.950 0. 949 0.732 0.792 0. 050 0. 600
EPCN 0.970 0. 800 0.778 0. 859 0. 950 0. 949 0. 753 0.771 0. 350 0. 800
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Fig.5 Classification results of PCN and EPCN
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Table 3 Segmentation comparison of PCN and EPCN

ViRiS Pa P.
PCN 0.827 543 0.579 645
EPCN 0.834 322 0.601 984
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