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Object point cloud classification and segmentation based on semantic

information compensating global features

Lin Sen', Zhao Zhenyu®', Ren Xiaokui’, Tao Zhiyong

(1. School of Automation and Electrical Engineering, Shenyang Ligong University, Shenyang 110159, China;

2. School of Electronic and Information Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: 3D point cloud data processing has played an essential role in object segmentation, medical image
segmentation, and virtual reality. However, the existing 3D point cloud learning network has a small global
feature extraction range and cannot obtain local high-level semantic information, which leads to incomplete point
cloud feature representation. Aiming at these problems, a classification, and segmentation network of object point
cloud based on semantic information compensating global features was proposed. Firstly, align the input point
cloud data to the specification space, and perform the preprocessing of the input conversion of the data. Then, the
expanded edge convolution module was used to extract the features of each layer of the converted data and
superimpose them to generate global features. In the local feature extraction, the extracted low-level semantic
information was used to describe the high-level semantic features and effective geometric information, which was

used to compensate for the missing point cloud features in the global features. Finally, the global feature and local
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high-level semantic information were combined to obtain the overall feature of the point cloud. The experimental

results show that the method in this paper is superior to the current classic and novel algorithms in classification

and segmentation performance.
Key words: semantic information;

learning
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Fig.6 Schematic diagram of edge conv feature extraction
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Tab.1 Experimental platform configuration

Environment configuration

Model parameters

Name Configuration Name Value
CPU Intel i7-10700 F Batch size 32
GPU RTX3090 Number point 1024
RAM 32G Max epoch 250
Operation system Ubuntul8.04 Optimizer Adam
Language Python 3.7 Learning rate 0.001
Learning framework TensorFlow GPU 1.15.0 Momentum 0.9

20210702-7



ISk A2

% 8 www.irla.cn

23 SEXE

R UE W] SC R SRR AR AL B S = 4y R AT 55 B
¥, 1£ ModelNet40™” 4 5 b HE AT SCH A L, o
X} He B9 40 45 « PointNet” | PointNet++°', DGCNN®|
PointCNN!"! | Pointwise!"”!| Structural Relational Reasoning

PointNet (SRN- PointNet)!'Y), Graph Geometric Moments

Net (GGM)!'!|  Multi-scale Dynamic Graph CNN
(MSDGCNN)!®! H1 EllipsoidNet (EIINet)!'”, i@ 1 % kt
PPAL VA B (Eval accuracy) FISF Y 43 545 1 (Avg
class acc), e AT &AL PR PE . & HTE 2R
SRS RV 2 s

R 2 ModelNet40'"! &4y H & %5216 7Lk

Tab.2 Experimental comparison of various classification algorithms of ModelNet40!"*!

Method Representation Input Eval accuracy Avg class acc
PointNet"! Points 1024x3 89.2% 86.2%
PointNet++°! Points(+normal) 1024%(3+3) 90.7% 87.8%
DGCNNE Points 1024x3 92.2% 88.9%
PointCNN!"! Points 1024x3 91.7% 88.5%
Pointwise!'*! Points 1024x3 91.6% 89.1%
SRN-PointNet!' Points 1024x3 91.5% 88.6%
GGM!' Points 1024x3 92.5% 89.0%
MSDGCNN!'#! Points 1024x3 91.8% 88.3%
ElINet!"”) Points 1024x2 92.6% 89.0%
Ours Points 1024x3 92.7% 89.3%
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ARSI b, SO A T LR

3C o BB B K P B PointNet, PointNet++,
DGCNN, GGM M ¢ 1 S X b, 38 2o i X 8 45k 64
128, 256, 512 1024 H i w8 S5, oF — 200 55 1%
O 246 XoF 1 2 B 4 28 B A R R AN 12 B .

I 12 1, PointNet F1 DGCNN X £ i %5 1 45 % &
FIXE N, 4320 0 B2 4 00 i B AR K, 78 A PR i
7 B0 B o S ME R AR AR . PointNet++M 45 7 % Jf
hr 64~128 11 i B 22 (8] 43 2 0 3 AR AL 3K, 7R % 1
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Fig.12 Relationship between points and classification accuracy

Tab.3 Comparison of algorithm test time

T NFE 3 AT LT I A 2 00 46 52 A B AR L
PR AR Al | FEIRCHE, 78 70 JEMER B b B T
bk

&3 BEERMRXA E XL

Method Size/MB Time/s Accuracy
PointNet? 40 78.9 89.2%
PointNet++! 12 163.2 90.7%
DGCNN!! 21 89.7 92.2%
PointCNN!"! 94 117.0 91.7%
Ours 21 86.4 92.7%
I Ci (12)
P Is IoU =
24 HEIXE %+Z%+Z%
7553 #5286 v, R ] ShapeNet part!™ 54 4 5k 1 i ki
A2 L VIR Sy EIRCR, 550200 AR R — 3 BT IR LS R 4 s, i S0 A

&2 9B ToU(%) FE A2 E0Ks FF mIoU

AL, 28 SO RE AL B BB SR W R o3 S AR

(%) 1E e BB B . 2P ToU BRI R IA A BE mIoU(%) FI{H 2 85.5%, 1 HLAE 16 2R, 3C
A H: HREA — DL RN BRI T IR AR . B
R 4 BE L7 ShapeNet Part!" #i4&E /o BIMIK &R
Tab.4 Local segmentation test results of each algorithm on the ShapeNet Part"* data set

Shapes IoU

Method mloU
Plane Bag Cap Car Chair Earcup Guitar Knife Lamp Laptop Motor Mug Pistol Rocket Skate Table
PointNet'”  83.7% 834% 78.7% 82.5% 74.9% 89.6% 73.0% 91.5% 85.9% 80.8% 95.3% 652% 93.0% 81.2% 57.9% 72.8% 80.6%
PointNet”  85.1% 82.4% 79.0% 87.7% 77.3% 90.8% 71.8% 91.0% 85.9% 83.7% 95.3% 71.6% 94.1% 81.3% 58.7% 76.4% 82.6%
DGCNN® 8529 84.0% $3.4% 86.7% 77.8% 90.6% 74.7% 91.2% 87.5% 82.8% 95.7% 663% 94.9% 81.1% 63.5% 74.5% 82.6%
PointCNN! 86.1% 84.1% 86.4% 86.0% 80.8% 90.6% 79.7% 92.3% 88.4% 85.3% 96.1% 77.2% 95.3% 84.8% 64.2% 80.0% 83.0%
Pointwise!"” 85.1% 82.9% 80.7% 87.8% 76.6% 90.8% 79.2% 91.0% 86.6% 83.3% 95.3% 71.9% 94.4% 80.9% 62.0% 75.1% 82.5%
SRNPNet'"¥ 8539 82.4% 79.8% 88.1% 77.9% 90.7% 69.6% 90.9% 86.3% 84.0% 95.4% 72.2% 94.9% 81.3% 62.1% 75.9% 83.2%
GMM!"! 8529 83.9% 82.8% 88.0% 79.8% 90.7% 76.8% 91.3% 87.6% 82.6% 95.5% 66.6% 94.8% 81.8% 62.6% 73.8% 82.6%
MSDGCN"! 8549% 83.7% 84.7% 87.5% 77.0% 90.8% 68.2% 91.5% 86.5% 96.0% 95.5% 72.0% 95.1% 83.4% 61.9% 77.4% 82.9%
Ell-Net"™  85.0% 82.8% 81.5% 87.6% 76.8% 90.6% 78.8% 90.8% 86.8% 86.9% 95.1% 71.8% 94.2% 80.8% 61.8% 75.0% 82.2%
Ours 85.5% 84.3% 85.8% 88.1% 80.0% 90.8% 79.5% 91.6% 88.2% 91.6% 95.8% 76.7% 96.1% 82.6% 65.6% 81.2% 82.8%
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Fig.13 Visualization of object segmentation test results
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Fig.14 Object sparse point map segmentation results
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Fig.15 Complex scene segmentation results
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Fig.16 Rrelationship between density and accuracy
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Fig.17 Segmentation viewable under different point set densities
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®5 REMENDN
Tab.5 Analysis of the best x value

KNN point number Avg class acc Eval accuracy
16 89.5% 91.4%
20 89.8% 92.7%
25 89.1% 91.3%
30 88.6% 91.1%
32 88.5% 90.8%

FESC L, Bk i 2 U A KNN-VLAD
BEHIE P& BN 2 2 JRy J LA 55 8RR AE R 38 o8 i L
REE AR, AT LUK B S T % i MR . 35kl
B FUSTHGE R RARIE B UG, F— 25 B $2 H
MR R U BB, B 2 B B4 R RRAE .
KNN-VLAD #4838 4 KNN SR AR B 5 A5 2 6] 7
BXZ, VLAD #Hcf) F B 248 IO ARG0E AR Bk A
W P AR B, A4 R $ URRAE I 35 U 14 48 &L
58

W3R 6 fiin, #5 W 4 AUS 975K 30 246 BB
B, DA RE 4 R A A SR B, Bk = 552 Y R R A
(M, T B PRRRAE S 58 2 5 300 JE PPk i 1B A
A 92%. WML % KNN-VLAD e, i+
ST JR 0 REAE SR AT 240 S0CEE 0T B = 4 R REAE ) 2
RS, H o VAL MEwR B2 R A 90.8%. 1124 2 4
B[R] i T AR B A B4 = W 45 (PR R, 23 S PTAl

R 6 BRZIMA S
Tab.6 Analysis of module impact

Dilated-Edge conv KNN-VLAD Avg class acc
v x 92.0%
X v 90.8%
x J 92.7%
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