FTRIZZ A% FRALXHD 2022 36 2

Journal of Chongqing University of Technology( Natural Science) Vol.36 No.2 2022

doi: 10.3969/j. issn. 1674-8425( z) . 2022.02.017

RGB-D

12 1
(1. 130033;
2. 100049)
o AR Core
: PointNet
1/5 73% ; TensorFlow Lite
PointNet tflite 268
kB GPU 0.7 so

: TP391 CA 11674 - 8425(2022) 02 —-0126 - 09

N \ .VR.AR o

2 o
.TOF
Su ! MVCNN( multi-~view convolution—

12021 -05-20
: (11703024)
E-mail: 907040864 @ qq. com;
N N E-mail: 175969722@ qq. com.

RGB-D I ( ) 2022 36(2):126 -134.
Citation format: YU Fangjie WANG Bin. Research on point cloud segmentation method of mobile devices based on RGB-D image J . Journal of
Chongging University of Technology( Natural Science) 2022 36(2) :126 —134.



RGBD 127

al neural network) SqueezeNet ° . MobileNet " . ShuffleNet *
Xception 7
; Feng 2 .
MVCNN GVCNN( group-view con—
volutional neural network) 1)
; Zeng 3 FCN
( fully convolutional networks) * HHA N N N
RGB-D ;Wu
SqueezeNet ° SqueezeSeg o
2) PointNet
SqueezeSeg o 1/5
73% GPU
Maturana ' 0.7 s
1 o
VoxNet ;
Tchapmi ° SegCloud ; |§%]§‘]§]3}E& }—’| REHR
Riegler OctNet st | was s mnnabe] o]
Klokov " Kd-tree Kd-Nets :
Qi ' CVPR2017
PointNet 1
1.1
' 1)
Q " PointNet PointNet ++
MSG ( multi-scale grouping) . MRG ( multi—
resolution grouping) o
o 2)
Valentin ~ "”
depth-from-motion N o
; Yang 14 3)
Mobile3 Drecon
1.2



128 FTRIZLZ A% R AELXHP

1.2.1
FCN * \UNet ” .
Segnet ** \DeepLab *' o
( Voxel)
1.2.2
Qi 12 PointNet o
PointNet
2 X PointNet
o PointNet
PointNet T-Net
: PointNet

( skip connection)

PointNet

R PointNet

2.1
( Depth map)

o RGB
RGB-D

N < TOF

o

2.2 depth-from-motion

depth-from-motion
depth<rom-motion Valentin
" 2018
CPU 30 Hz N
2 depth4rom-motion



RGB-D 129
6 DoF( 4 o
)
( fast bilateral solver)
( bilateralgrid of depth)
. RGB
R 4
N
enf cnC,
f o
f Xy dx~dy
fonS, :
. 0 e
0 1
D s oep (1)
o o 1H
u~v
2 depth-from-motion
X\ Y. Z 4
depth-from-motion :
ARCore iPhone . u=f X +e
iPad. . . "z (2)
: Android Studio 4. 0 v=f e
ARCore SDK nova3
(2)
3
(a) (b)
po @ 0 g
Z8HE= 9 f, %%yﬁ (3)
Y Dy o 1 OZY
(3)
u~v
VA
X.Y.Z.
3
3
2.3



130

FTH 22 &G FRORRP

SqueezeNet °
MobileNet
ShuffleNet(2 x) '

Xception

4
4.1
» S3DIS. Semantic3D.SUN-
RGB-D.KITTI. Apollo &
SUN RGB-D
SUN RGB-D Vision & Robot—
3 ics
10 335 RGB-D
Intel RealSense. Asus Xtion. Kinect
vl . Kinect v2 4 3D
146 617 2D 58 657 3D
float32 23
SUN RGB-D
NYUdata - NYUdata
Kinect vl RGB
1 449
561 R 427 0
(3)
Kinect
f. =525.0 f, =525.0
¢, =319.5 ¢, =239.5
Kinect
factor 5 000 VA
5 000,
XYZ
fire model RGB RGB
MeshLab
5(¢c)
894
A . mat
40 13
894 13 . RGB
(a) (b) 6



RGB-D 131

4.2
4.2.1
PointNet
2 PointNet
5
o MobileNet
PointNet
( depth-wise separable convolution)
( Group Convo-—
lution) 1 x1
PointNet
o PointNet
6 7 o
7 PointNet
4.2.2
PointNet 12
3 o 5  Convl ~ Conv5 13 o
4.3
I x1.1x%x9 4.3.1
2 11 : N o
“valid” ( overall accu—
ReLU racy OA) | ( average accuracy AA) .
; 3 ( mean Intersection-over-Union mloU) .
Kappa o OA AA
Conv5
n X 1 k
256 2 2. pi
OA = —1— (4)

128 ; 4 iz0 j=0



132 FTRIZLZ A% R AELXHP

k+1 ( pb tflite o
) Py L J 9 °

y o OA
Pii freeze_graph TFLiteConverter

checkpoint |—>| pb

k 9
AA:killZ() X (5) |
2 P tflite
AA PiP; j;jq ° Android Studio 4.0
Kotlin
build. gradle tensorflowite
4.3.2 0 TFLite
Windows 10 PyCharm °
NVIDIAH080Ti nova 3 CpPU

TensorFlow . 970 GPU  Mali G72 MP12

batch_size =24 learning _rate = 6 GB 128 GB
0. 001 decay _ GPU
step = 300 000. decay_rate =0. 7 max _ 1.8 s GPU
epoch = 200, softmax CPU

Adam . . 0.7 so

60% ~20% +20% - ( train) . 4.5
( val) 0.77.0.74 10 4

0.69 8 o °
PointNet
73.3%
o PointNet
3 o
8

4.4

TensorFlow Lite Android 108

Ten—
sorFlow . ( IoT)
TensorFlow o
2

checkpoint

pb : TensorFlow Lite 10



RGBD

133

3
/M OA/% AA/% /ms
PointNet 3.52 76.0 71.1 84.6
0.76 73.3 67.6 23.5
80%
2.7%
checkpoint
13.4 MB 2.9 MB
tflite 268 kB;
GPU
5
AR Core SDK Android+ i0S
16
PointNet
1/5 TensorFlow
Lite  checkpoint
tflite o GPU

1 SU H MAJI S KALOGERAKIS E et al. Multi-~view con—

volutional neural networks for 3D shape recognition
C //Proceedings of the IEEE international conference
on computer vision. 2015: 945 —953.

2 FENG Y ZHANG Z ZHAO X et al. GVCNN: Group—
view convolutional neural networks for 3d shape recogni—
tion C //Proceedings of the IEEE Conference on Com-—
puter Vision and Pattern Recognition. 2018:264 —272.

3  ZENG A YU KT SONG S et al. Multi-view self-super—
vised deep learning for 6d pose estimation in the amazon

picking challenge C //2017 IEEE international confer—

11

12

14

15

ence on robotics and automation ( ICRA) . IEEE 2017:
1386 - 1383.

LONG J SHELHAMER E DARRELL T. Fully convolu—
tional networks for semantic segmentation C //Proceed-
ings of the IEEE conference on computer vision and pat—
tern recognition. 2015: 3431 —3440.

WU B WAN A YUE X et al. Squeezeseg: Convolutional
neural nets with recurrent crf for real-time road-ebject
segmentation from 3d lidar point cloud C //2018 IEEE
International Conference on Robotics and Automation
(ICRA) . IEEE 2018: 1887 —1893.

TANDOLA F N HAN S MOSKEWICZ M W et al.
SqueezeNet: AlexNetdevel accuracy with 50x fewer pa-—
rameters and < 0.5 MB model size ]
arXiv: 1602. 07360 2016.

MATURANA D SCHERER S. Voxnet: A 3d convolution—

. arXiv preprint

al neural network for real-time object recognition C //
2015 IEEE/RSJ International Conference on Intelligent
Robots and Systems( IROS) . IEEE 2015:922 —928.
TCHAPMI L. CHOY C ARMENI I et al. Segcloud: Se—
mantic segmentation of 3D point clouds C //2017 Inter—
national Conference on 3D Vision(3DV). IEEE 2017:
537 -547.
RIEGLER G OSMAN ULUSOY A GEIGER A. Octnet:
Learmning deep 3d representations at high resolutions
C //Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. 2017: 3577 —3586.
KLOKOV R LEMPITSKY V. Escape from cells: Deep
kd-networks for the recognition of 3d point cloud models
C //Proceedings of the IEEE International Conference
on Computer Vision. 2017: 863 —872.
QI C R SU H MO K et al. Pointnet: Deep learning on
point sets for 3d classification and segmentation C //
Proceedings of the IEEE conference on computer vision
and pattern recognition. 2017: 652 —660.
QI CR SU H MO K et al. Pointnet ++ : Deep hierarchi—
cal feature learning on point sets in a metric space J .
arXiv preprint arXiv: 1706. 02413 2017.
VALENTIN J KOWDLE A BARRON J T et al. Depth
from motion for smartphone AR J . ACM Transactions on
Graphics( ToG) 2018 37(6):1 -19.
YANG X ZHOU L JIANG H et al. Mobile3DRecon: Re—
al-time monocular 3D reconstruction on a mobile phone
J . IEEE Transactions on Visualization and Computer
Graphics 2020 26( 12) : 3446 —3456.
HOWARD A G ZHU M CHEN B et al. Mobilenets: Effi—



134

FTH 22 &G FRORRP

16

17

18

19

cient convolutional neural networks for mobile vision ap—

Cham 2015:234 -241.

plications J . arXiv Preprint arXiv: 1704. 04861 2017. 20 BADRINARAYANAN V KENDALL A CIPOLLA R.
ZHANG X ZHOU X LIN M et al. Shufflenet: An ex— Segnet: A deep convolutional encoder-decoder architec—
tremely efficient convolutional neural network for mobile ture for image segmentation J . IEEE transactions on
devices C //Proceedings of the IEEE Conference on pattern analysis and machine intelligence 2017 39( 12) :
Computer Vision and Pattern Recognition. 2018: 6848 2481 —2495.

- 6856. 21 CHEN L C PAPANDREOU G KOKKINOS T et al.
CHOLLET F. Xception: Deep learning with depthwise Deep-ab: Semantic image segmentation with deep convo—
separable convolutions C //Proceedings of the IEEE lutional nets atrous convolution and fully connected crfs
Conference on Computer Vision and Pattern Recognition. J . IEEE Transactions on Pattern Analysis and Machine
2017: 1251 - 1258. Intelligence 2017 40(4) : 834 —848.

22 .
J. 2020 15 J. 2021 32(1):68 -92.
(1):1-26. 23 SONG S LICHTENBERG S P XIAO J. Sun RGB-D: A

RONNEBERGER O FISCHER P BROX T. U-net: Conv—-
olutional networks for biomedical image segmentation
C //International Conference on Medical Image Com-—

puting and Computer-Assisted Intervention. Springer

rgb-d scene understanding benchmark suite C //Pro—
ceedings of the IEEE Conference on Computer Vision and

Pattern Recognition. 2015: 567 —576.

Research on point cloud segmentation method of
mobile devices based on RGB-D image
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Abstract: In recent years the popularity of depth sensors and 3D laser scanners has promoted the
rapid development of 3D point cloud processing methods. Aiming at the traditional point cloud
segmentation mode with front-end and back-end separation an integrated technical solution for 3D
data collection and processing using mobile devices is proposed. Based on Google’ s AR Core
the
depth map can be further converted into point cloud data; through the research on the light-weight

method of the model

development platform the depth map acquisition experiment on Android devices is carried out
the PointNet network is improved the model parameters are reduced to 1/5 of
the original while it had a segmentation accuracy of about 73% . Finally using the TensorFlow Lite
mobile terminal deep learning framework the improved PointNet network is successfully deployed on

and the quantized tflite model is only 268 kB in size. After enabled GPU

acceleration the inference speed of single scene point cloud data is about 0.7 s. The experimental

Android smartphone

results show the feasibility of the proposed method.

Key words: point cloud segmentation; the depth map acquisition; deep learning framework



