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Accurate segmentation of entity categories is the key step
for 3D scene understanding. In this paper, we present a fast
deep neural network model with Dense Conditional Random
Field(DCRF) as a post-processing method, which can perform
accurate semantic segmentation for 3Dpoint cloud scene. On this
basis, a compact but flexible framework is introduced for
performing segmentation to the semantics of point clouds
concurrently, contribute to more precise segmentation. Moreover,
based on the labels of semantics, a novel DCRF model is
elaborated to refine the result of segmentation. Besides, without
any sacrifice to accuracy, we apply optimization to the original
data of point cloud, allowing the network to handle fewer data. In
the experiment, our proposed method is conducted
comprehensively through four evaluation indicators, proving the
superiority of our method.
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Given a 3D point cloud, we first map the point cloud into
critical points through voxelization, and then extract more
interdependent effective feature preparing for importing it into
network for further feature extraction, after which the mapped
point cloud scene is imported to network to perform semantic
segmentation. To finish this task, and predict the semantic label
of each point cloud of the scene, we design our network structure
based on PointNet. In the end, those labels will be merged into
the CRF model to optimize semantic segmentation.

BE1. The overview of our overall framework

2. U
A. Point cloud mapping and feature extension
In the Inciplent natwaork, it utilizes anly the infarmation of

dinate, lgnoring the ining detalls. Other from that basic
infe ion we extend a brand saries of attribute for
dsscrlbdng an pnlm clnud hasad anit ganmalm: characteristic,
Li), Pl) an
varticality(Ve).
- AM—dp
Linearity = _11
Ap—ds

Planarity = m——
M
Scattering = %

Linearity reflects the extent of neighborhood growth while
planarity represents if the nelghborhood can be fitted by a plane,
and best for loose categories like indoor plants, scattering
carresponds to the disorder degree of the point clouds within its
spherical nelghbarhood. A new attribute called verticality is
introduced here, which Is ctlljcal for dls‘tlng.llsling between planes
and al jon. And Is It asin balow.
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B. New neural network for semantics segmentation

The network design of 30 point cloud Is determined by its twe
diverse features: 1) It is not sensitive to the order of points which
does not affect the collection, since 3D peint cloud iself is
collection of disordered peoints; 2) The rotation of 3D point cloud
should not change the result of classification, which makes it
necessary 1o transform the 30 point cloud data.

As shown In figure below, based on PointNet structure, we

a natwork for lon of 30 point cloud.
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[&#2. Neural network for semantics segmentation
In our work, the loss function is calculated by summing
the lost value of two parts.
Lm bped + Lot
The Ly function is a regular cross entropy function that
is used directly from the PointNet network. The L. function is
a conventional cross antropy function, which is inspired by the
ASIS network. The loss function Ly, ks formulated as follows:
Loty = Logr + Lygie + @lpeg
And a is set to 0.001 In our experiment. In detall, the specific
formulation of each item is as follows:
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C. Improving uglmmmlon with DenseCRF

In this paper, we directly change the neighbaring pixel to
a point cloud, and the segmentation resull obtained from the
deep network is used as the input of the DCAF model. At the
same lime, a model can be eslablished based on the
relationship between point clouds in the space to fully grasp
the context of the entire space, and its energy function is
defined as:

Fast 3D Point Cloud Segmentation Using Deep Neural Network
® ‘unbo Rao, Menghan Zhang, Zhanglin Cheng, Junmin Xue, Jiansu _— %%

Joerus— 0]
- 1| -
o, M_wum,(_lfﬂ*_ J.H‘*_

[&3. This figure shows the different scenarios in the
Area5 area of the S3DIS data set
The results of our method are shown in figure right. The
first column represents the original 3D point cloud scene; the
second column represents the ground truth of the scene
appeared in the first column; the third column represents the
results processing the original scene without optimizing
through CRF; the fourth column represents the segmentation
result with CRF optimization.

Method mloU mAcc mRecall
PointNet 47.6 52.1 -
PointNet++ 50.8 58.3 -
AsIS 5587 59.3 -

Ours. 5387 65.6 0.338

Ours(+CRF) 56.2 67.5 0.372

#1. Semantic segmentation mloU, oAcc and mRecall on
&

This paper proposes a novel network structure that
improves semantic segmentation results. By applying
semantic segmentation to produce a segmentation model, our
network achieves high accuracy on semantic segmentation
taking CRF as a post-processing step. At the same time,
performing mapping and feature extension to point cloud data
in the stage of preprocessing, the number of network
arguments are sharply cut off without decreasing the overall
performance. Compared to other methods, we evaluate our
proposed methods on S3DIS indoor dataset, which shows
that the proposed method has good segmentation
performance and can be easily generalize into other
segmentation tasks within various point cloud scenes.
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