2020/3/5

ZMrT

XTAMEN UNIVERSITY

PTG ER IR = HERRA

4

EITAY (EE ‘ r.
EEaSENMRANSITEERSIRE SCSC

GAMES 2020-03-05

534 1D-2D-3D

® 1-D EDGNEE (FoRETHERR)
B 2-D i GRS é5‘2)

m 3-D Bt (GRIE=45RE -<

Sick LMS281-S05

Leica TPS800

Leica ScanStation2




2020/3/5

BaliEyeim (MLS)

Prof. Cheng Wang CWwang@ximid.edi.cn

Position
and Orientation
Estimator

Cameras

Laser
- Scanner

R
e

Data Synchronization,
Geo-referencing,
Collection and Fusion




2020/3/5

BIIXFERIMHERS
Z @r:

SCSC-XMU

Velodyne VLP-16

Intel i7 Process System Muti Line LIDAR

XSENS9-Dof
AHRS System

XBeibao

B
- BfRat, ERIM—IBLERIERED
- 6NEHE

- MBLRFKHEE
- SCRHESE
. imiEhiE




2020/3/5

o

m

AR B

SRR AFREF RIS LR

Prof. Cheno Wang Cwang@xmu.edu.cn

AR IR ZE (R

Quality
Enhancement

3D Deep Feature
Learning Extraction

Point
Cloud

Representation

Object Sematic
Detection Labelling

Matching /

Registration

Prof. Cheno Wang cwang@xmu.edu.cn




2020/3/5

AR IR =

Data Size
5GB/KM

Acquisition
30~100km/h

I =p s
fapkik

o AER o3 A1

- HE K

I HRRIRE R
o« BE AR

ilﬂﬁﬁm,mz:
Z{@F4rE?

c ERRE
o HE AR/
o TSR BT




2020/3/5

RETTRIX

Prof. Cheno Wang Cwang@xmu.edu.cn

o

RaETRIE

TR EEF

BIAR HF A

Toward better boundary preserved supervoxel segmentation for 3D point clouds,
Yangbin Lin, Cheng Wang, Dawei Zhai, Wei Li, Jonathan Li, ISPRS Journal of Photogrammetry and Remote

Sensing, 2018,

Yanyang Xiao, Zhonggui Chen, Juan Cao, Yongjie Jessica Zhang, Cheng Wang. Optimal Power Diagrams
via Function Approximation. Computer-Aided Design (SPM£:i3U it 16 —%2£), 2018

Prof. Cheno Wang cwang@xmu.edu.cn




2020/3/5

=

i"‘ﬂ‘?g_!ll 1

e

2D image superpixel

3D point cloud supervoxel

ISPRS JPRS, 2018
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Given a point set P = {p, ...,

EX

pn } with NV points, the partitioning of 7 into

K supervoxels S = {5}, ..., Sk} can be regarded as a mapping from each point
to a label of a supervoxel, i.e.,

s:{py, vt 2 {1,..., K},

()

where s(p) represents the label of the supervoxel to which the point p belongs. In
addition, the supervoxel S;, is defined as a set of points whose label is equal to £:

Sk ={p| s(p) = k}.

(2)

FHEIEFE 0] B Subset Selection Problem
Selecting K representative points from N original points

Prof. Cheng Wang ewang@xma.edin.cin

ISPRS JPRS, 2018
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Problem Formulation

To ensure that each point p; is represented by exactly one supervoxel, we set

i

zi; = 1. Our aim is to determine K representative points to minimize the
sum of the dissimilarity distances between each point and its representative point,
which can be formalized as follows:

min E E 2i; D(pi, p;)
{zi3} .
i=1 j=1
N

stz ={0,1},V4,5; Y 2; =1,Y5;C(Z) = K
To avoid seed initialiZation

3

i§

N N

min E(Z) = ZZ,.”D(% pj) +A|C(Z) — K|

i=1 j=1

N
sk 2z =10,1},¥i,7; Z Y=l
i=1

“F points, and

(6)

ISPRS JPRS, 2018
16
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(a) Before exchange (b) After exchange

Figure 3: An example of the merging operation for two adjscent representative points,

Figure 4: Result of exchange based minimization.

ISPRS JPRS, 2018
17
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(a) Ground-truth (b) VCCS (c) VCCS_KNN (d) Proposed

ISPRS JPRS, 2018
18
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* Source code release:
o 2018: Supervoxel for 3D point clouds source code:
Webpage: https://github.com/yblin/Supervoxel-for-3D-point-clouds

& G qihiicrm, &

Supervoxel for 3D point clouds

Introduwction
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Citing our work
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Yanyang Xiao, Zhonggui Chen, Juan Cao, Yongjie Jessica Zhang, Cheng Wang. Optimal Power
Diagrams via Function Approximation. Computer-Aided Design (SPM<: iU £ 0 —%532), 2018
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Computer-Aided Design (SPMZ:Ug {16 3C —4542), 2018
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Computer-Aided Design (SPM£: il {143 —4532), 2018
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Lin'Y, Wang C*, Cheng J, Chen B, Jia F, Chen Z, Li J, 2015. Line segment extraction
for large scale unorganized point clouds, ISPRS Journal of Photogrammetry and
Remote Sensing, 102: 172-183

27
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« Laser Scanning Point Clouds Artist
Line

Drawing

~ 3D Line
Vectors

Lin & Wang IEEE TGRS 2017
28

Prof. Cheno Wang Cwang@xmu.edu.cn




2020/3/5

AR R EZARRTZ@XMU
- BTSRRI GAIIRNEA
- BTN RNSEIRINE R

BT SMARTAISEERNE X




2020/3/5

B RN =H R =i = EAESR

Characters

* 500KB / km on urban street

* Whole City in a SD card

* Global Georeferenced @
5cm accuracy

» Fast to establish

Urban 3D Minimal Description

Lin and Wang, ISPRS JPRS 2015 31

Prof. Cheng Wang CWwang@ximid.edi.cn
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Lin and Wang, ISPRS JPRS 2015
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Lin and Wang, ISPRS JPRS 2015
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Super Voxel based 3D Line Extraction

(d) [Borges et al] (Z000)'s (e} Lin et ol {2015)'s method (1) our method (749 5) Lin & Wang JISPRS 2017
method (1702 5) (580,15} = .
« IT. « n. Lin & Wang IEEE TGRS 2017
Prof. Cheng Wang cwang@xmu.edu.cin
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Fast regularity-constrained plane fitting. ISPRS Journal of Photogrammetry
and Remote Sensing, 2020.

https://github.com/yblin/global_10

38
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Lin and Wang, ISPRS JPRS 2020
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Lin and Wang, ISPRS JPRS 2020
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Lin and Wang, ISPRS JPRS 2020
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Efficient RANSAC Pearl

Global-Lg (1.38)

Gilobal-/.e
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* ENPOCREMELER

Efficient RANSAC

Input point cloud

Prof. Cheno Wang

Pearl Global-Lo

Lin and Wang, ISPRS JPRS 2020
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. Pairwise registration of TLS point clouds using covariance descriptors and
a non-cooperative game. ISPRS Journal of Photogrammetry and

Remote Sensing, 2017, 134:15-29.
. RFNet: Learning Keypoint Extraction and Description, CVPR 2019
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Shen & Wang, RF-Net: CVPR2019
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Prof. Cheno Wang
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Shen & Wang, RF-Net: CVPR2019

CWOANG@XVAUL. AU CIA
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Doria et al. 2012 Ul mscsc .20

before after

Cai and Wang. IEEE GRSL, 2015

Prof. Cheno Wang cwang@xmu.edu.cn
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» Training Stages
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Luo and Wang, IEEE TITS 2015
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Rectified Label Label Transfer 3D Patch correspondence

Luo and Wang, IEEE TITS 2015

Luo and Wang, IEEE TITS 2015
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Wang H, Wang C, IEEE GRSL 2014 Wang H, Wang C, IEEE JSTAR, 2015 56
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Wang H, Wang C, IEEE GRSL 2014

Wang H, Wang C, IEEE JSTAR, 2015

Prof. Cheno Wang

CWANO @XM Edu.Cn
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LO-Net: Deep Real-time LiDAR Odometry,
CVPR2019

59

End2End LO: LO-Net

* Motivation
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Q. Li, C. Wang. LO-Net: Deep Real-time LiDAR Odometry, CVPR2019
61

Prof. Cheng Wang ewang@xma.edin.cin

End2End LO: LO-Net

Mask
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=3 map flow —» 6-DOF pose flow

Odometry  Scan
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| Conv Block _
R R L
LO-Net Mapping Module

Q. Li, C. Wang. LO-Net: Deep Real-time LiDAR Odometry, CVPR2019
62
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LO-Net : 0dometry Evaluation Results

s 1CP-po2po ICP-po2pl GICP | 2¥] CLS [37] LOAM [43]! Velas et al. [ 1] LO-Net LO-Net+Mapping
= Lret Tret Lret Trel tret Trel Lret Tret Lret Tret Lret Trel | trel Trel ret Tret
not 6,88 299 3.80 173 1.29 064 211 095 1.10(0.78) 053 3.02 NA 147 072 078 0.42
ot 11.21 258 1353 258 439 091 422 105  2.79(1.43) 055 4.4 NA L36 047 142 0.40
02t 821 3.39 9.00 274 253 077 229 086  1.54(092) 055 342 NA 152 0.71 1.01 0.45
03t 11.07  5.05 272 163 168 108 1.63 1.09  LI13(086) 065 494 NA LO3 066 073 0.59

04t 664 402 296 238 376 1.07 159 071  145(0.71) 050 177 NA 051 065 056 0.54
ost 397 1.93 229 1os 102 054 198 092 075(0.57) 038 235 NA 104 069 062 0.35
o' 1.95 1.59 1.77 LoD 092 046 092 046 072(0.65) 039 1.88 NA 071 0350 055 0.33
07 517 335 1.55 142 064 045 1.4 073 069063 050 177 NA 170 0.89  0.56 0.45
08" 10.04 493 442 214 I58 075 214 1.05 LIB(L.12) 044 289 NA 212 077 LO8 0.43
09" 693 2.89 395 L7119 077 195 092 L2000.77) 048 494 NA 137 058 077 0.38

107 891 474 613 260 131 062 346 1.28 151 (0,79 057 327 NA 1.80 093 092 0.41
mean’ 7.13 308 5.5 191 223 078 2.11 0.86 1.35(0.85) 051 312 NA 1.09 063 081 0.44
mean” 796 398 401 197 138 065 215 1.00  1.15(0.83) 050 322 NA 175 079 0.83 0.42
Ford-1 820 264 335 1Les 307 L17 10354 390 1.68 0.54 NA NA 227 062 110 0.50
Ford-2 1623 284 5.68 196 511 147 1478 460 L.78 0.49  NA NA 218 059 129 0.44

1 The results on KITTI dataset outside the brackets are obtained by running the code, and those in the brackets are taken from [ 1],
2: The results on KITTI dataset are taken from | 7], and the results on Ford dataset are not available.

1: The sequences of KITTI dataset that are used to train LO-Net.

*: The sequences of KITTI dataset that are not used to train LO-Net.

trert Average translational RMSE (%) on length of 100m-800m.

rret Average rotational RMSE (° /100m} on length of 100m-800m.

Q. Li, C. Wang. LO-Net: Deep Real-time LiDAR Odometry, CVPR2019

Prof. Cheno Wang cwang@xmu.edu.cin
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LO-Net :Trajectory Results

ICP-po2pl — LO-Met

00 Gice —— LO-Net+Mapping
CLS — GT
LOAM ®  Start Point

300

-400  -300 -200 -100 [
% (m)

KITTI Seq. 08

Q. Li, C. Wang. LO-Net: Deep Real-time LiDAR Odometry, CVPR2019

64
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LO-Net :Mapping Results

CVPR2019 69

Prof. Cheno Wang Cwang@xmu.edu.cn
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Point2Node: Correlation Learning of Dynamic-
Node for Point Cloud Feature Modeling
AAAI2020 (oral)

67

Prof. Cheng Wang ewang@xma.edin.cin

Motivation: fully explore correlation among points

Contributions:

* Dynamically reason different-levels correlation: self, local, and non-local correlation
* Self-adaptively aggregate features from different correlation

* Achieve new state-of-the-art performances on various benchmark
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Stanford Large-Scale 3D Indoor Space (S3DIS) for semantic segmentation

Methods OA  mAcc mloU | ceiling  flooring  wall  beam column window door table chair  sofa  bookcase board clutter
PointNet 78.50  66.20 47.80 | 88.00 88.70 6930 4240 23.10 47.50 5160 54.10 4200 9.60 38.20 2940  35.20
SPGraph 85.50 73.00 62.10 | 89.90 95.10 7640 62.80 47.10 55.30 68.40 6920 7350 4590 63.20 8.70 52.90
RSNet - 66.45 5647 | 9248 92.83 7856 3275 3437 51.62  68.11 5972 6013 1642 50.22 4485 5203
DGCNN 84.10 - 56.10 - - - - - - - - - - - -
PointCNN | 88.14 75.61 65.39 | 94.80 97.30 7580 63.30 5170 5840  57.20 69.10 71.60 61.20 39.10 5220 58.60
PointWeb | 87.31 76.19 66.73 | 93.54 94.21 80.84 5244 4133 6489 68.13 7135 6705 5034 62.68 6220 5849
Pont2Node | 89.01  79.10  70.00 | 94.08 97.28 8342 62.68 5228 72.31 64.30 7577 7078 65.73 49.83 60.26  60.90

Input Ground Truth Ours Input Ground Truth Ours ModelNet40 for Shape classification
— = PointNet (Qi et al. 2017a) B Tk 892
- SCN (Xie et al. 2018) Tyz k900
PointNets-+ (Qi et al. 2017b) zyz ik 907

l‘ ayx Ik 910
PointCNN (Li et al. 2018) ke 922
DGCNN (Wang 015¢) k922
PCNN (Atzmon, Maron, and Lipman 2018) 1k 923
Point2Sequence (Liu et al. 2019) k926
A-CNN (Komarichev, Zhong, and Hua 2019) 1k 926
Point2Node 1k 930
SO-Net (Li, Chen, and Lee 2018) 2 909
PointNet++ (Qi ctal. 201 76) Uz 5 919
PointWeb (Zhao et al. 2019) E Ik 923
PointConv (Wu, Qi, and Li 2019) ryz,normal 1k 925
SpiderCNN (Xu et al. 2018) ryznormal Sk 924
SO-Net (Li, Chen, and Lee 2018) ryz,normal 5k 934

ScanNet for semantic voxel labeling

Mehtods OA
3DCNN (Bruna et al. 2014) 73.0
PointNet (Qi et al. 2017a) 739
TCDP (Tatarchenko et al. 2018) 80.9
PointNet++ (Qi et al. 2017b) 84.5
PointCNN (Li et al. 2018) 85.1
A-CNN (Komarichev, Zhong, and Hua 2019) | 85.4
PointWeb (Zhao et al. 2019) 85.9
Point2Node 86.3

W. Han, C. Wen*, X. Li, C. Wang, Q. Li, Point2Node: Correlation Learning of Dynamic-Node for Point Cloud Feature Modeling, The 34" AAAI Conference on
Artificial Intelligence (AA412020), 2020, Oral presentation.

AAAI2020
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