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Recognition and segmentation of three-dimensional point cloud
based on deep cascade convolutional neural network
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Abstract: Three-dimensional (3D) object recognition and model semantic segmentation are widely
appliedin fields such as automatic driving, robot navigation, 3D printing, and intelligent
transportation. With a focuson the inability of PointNet + + to integrate contextual geometric
structure information, a method for recognition and segmentation of 3D point cloud modes based on a
deep cascade Convolutional Neural Network (CNN) was proposed herein. The deep semantic
geometric features of the point cloud could be captured via construction of a deep dynamic graph CNN.
Subsequently, the deep dynamic graph CNN was applied recursively as a subnetwork of a deep cascade
CNN for nested partition of the input point set for full exploration of the fine-grained geometric
features of the 3D model. Finally, to address the point cloud sampling nonuniformity problem in point

set feature learning. a density adaptive layer was constructed. A recurrent neural network was used to
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encode the multiscale neighborhood features of each sample point to capture the contextual fine-

grained geometric features. The experimental results showed that the recognition accuracy of this
algorithm on ModelNet40 and ModelNetl0 were 91. 9% and 94. 3%, respectively. The mean
intersection-over-union on the ShapeNet Part, S3DIS, and vKITTI datasets was 85. 6% , 58. 3%, and

38.6%, respectively. This algorithm can improve the accuracy of 3D point cloud recognition and

model semantic segmentation, and it shows high robustness.

Key words: three-dimensional ( 3D)

point cloud; object recognition; semantic segmentation;

convolutional neural network;recurrent neural network
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Fig. 1  Network structure of deep dynamic graph

convolutional neural network
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Tab.1 Parameters of each convolution layer
Convolution Convolution Input Convolution Batch Activation
Output channels ] Step o )
layer type channels kernel size normalization function

Layerl EdgeConv 3 64 3X1 1 £ Selu
Layer2 EdgeConv 67 64 1X1 1 = Selu
Layer3 EdgeConv 128 64 1X1 1 I Selu
Layerd EdgeConv 128 64 1X1 1 = Selu
Layer5 EdgeConv 128 128 1X1 1 = Selu
Layer6 EdgeConv 192 128 1X1 1 &£ Selu
Layer? MLP 256 1024 1X1 1 =~ Selu
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Fig. 2 Structure of deep cascade convolutional neural network
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Tab. 2 Comparison of the accuracy of 3D models

recognition among different algorithms (%)

Algorithm Accuracy
DGCNN(BASELINE) 91.2
Ours(DDGCNN) 91.4
Ours(C-DCCNN) 91.9
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T Ay BN (Vase) , T 45 158 19 J5t B 7E T B AT Y
I fm] o ERASH S . FER 4 55 2 A7, AR
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Fig.4 Examples of mispredicted point cloud models
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Tab. 3  Comparison of recognition accuracy rate of 3D
models using different methods (%)
Method Input Model  Model
Net40  Netl0
3D ShapeNets Voxel 84.7 83.5
VoxNetH Voxel 85.9 92.0
MVCNNL- Images 90. 1 —
PointNet-'"] Point cloud 89.2 —
PointNet+ 4% Point cloud  90. 2 —
Kd-Net"'*! Point cloud  90. 6 94.0
DGCNN(BASELINE)™ Point cloud  91. 2 —
Ours Point cloud 91.9 94.3

Blo5 Al 6 ar A g8 T AR SCH Wk TE
ModelNet40 %df £ b 455 74 R 550 o i 5 I 2 i3 2
SR AUBR GETH A5 R Hob B AR AR 2 S I ik
ARUHL T 5 DAL R S R A R L 15T 6 DAL bR
VERPSICALEIN iR LS TOM G 22+ N o
AREE B (0 il 2k R 220 - IS kAR A R
H AT DL A I R 39 B AR U R 38 L AR
HER AT 4R o, I kiR 22 52 R R 5, TR Dy R 2%
W Zrad 7 AN B AL 2 5880 h 8 BUZ 22 ) B0 4
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Fig. 5 Statistical results of iteration times and model recognition accuracy
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Fig. 6 Statistical results of iteration times and training error
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Tab. 4 Comparison of per-class accuracy of object recognition on ModelNet40 dataset (%)
Network Airplane Bathtub Bed Bench  Bookshelf  Bottle Bowl Car Chair Range_hood
PointNet 99.0 86.0 98.0 75.0 89.0 95.0 95.0 98.0 97.0 91.0
Ours 100 92.0 99.0 75.0 98.0 95.0 100 100 98.0 97.0
Network Cup Curtain Desk Door Dresser Flower potGlass_box Guitar Cone Sink
PointNet 55.0 85.0 83.7 85.0 67.4 25.0 98.0 100 100 75.0
Ours 75.0 95.0 84.9 90.0 68. 6 15.0 98.0 99.0 100 90.0
Network Laptop ~ Mantel  Monitor Night_stand Person Piano Plant Radio  Keyboard Wardrobe
PointNet 100 95.0 97.0 72.1 95.0 91.0 75.0 70.0 100 55.0
Ours 100 97.0 100. 0 86.0 95.0 96.0 85.0 90.0 100 60.0
Network Sofa Stairs Stool Table Tent Toilet Tv_stand  Vase Lamp Xbox
PointNet 97.0 85.0 70.0 85.0 95.0 97.0 84.0 79.0 90.0 80. 0
Ours 98.0 95.0 70.0 89.0 95.0 98.0 89.0 83.0 90.0 80. 0
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Fig. 7 Statistical results of recognition accuracy for different networks when point cloud density changes
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Tab.5 Comparison of mloU of different algorithms on
ShapeNet Part dataset GZ9)
Algorithms Accuracy

Kd-NetH 82.3

PointNet "] 83.7

PointNet+ +1% 85. 1

DGCNN % 85.1

Ours 85.6
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Tab. 6 Comparison of IoU of each category of different algorithms on ShapeNet Part dataset (%)

Algorithm Airplane Bag Cap Car Chair Earphone Guitar Knife
Kd-Net!? 80.1 74.6 74.3 70. 3 88.6 73.5 90. 2 87.2
PointNet!'" 83.4 78.7 82.5 74.9 89. 6 73.0 91.5 85.9
PointNet+ -+ 82,4 79.0 87.7 77.3 90. 8 71.8 91.0 85.9
DGCNNH?I 84.2 83.7 84.4 77.1 90. 9 78.5 91.5 87.3
Ours 84.7 86. 7 84.4 78.8 91.6 76. 4 92.0 88. 4
Algorithm Lamp Laptop Motorbike Mug Pistol Rocket Skateboard Table
Kd-Net!? 81.0 94.9 57.4 86.7 78.1 51.8 69.9 80. 3
PointNet!'" 80. 8 95.3 65. 2 93.0 81.2 57.9 72.8 80. 6
PN+ -8 83.7 95.3 71.6 94. 1 81.3 58.7 76. 4 82.6
DGCNNH?I 82.9 96. 0 67.8 93.3 82.6 59.7 75.5 82.0
Ours 83.3 97.1 66. 9 95. 4 82. 4 60. 4 76.9 81.1
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Fig. 8 Visualization of semantic segmentation models on ShapeNet Part dataset
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Tab.7 Comparison of segmentation accuracy of different

algorithms on S3DIS dataset (GZ9)
Algorithm mloU OA
PointNet 7 47.6 78.5
MS+CU & 47.8 79.2
G-+RCU™ 49.7 81.1
PointNet+ -+ 8 54.5 81.0
DGCNN & 56. 1 84. 1
Ours 58.3 86.0

x8 VKITTI#IEE LAREZEN DB EREITLL

Tab. 8 Comparison of segmentation accuracy of different

algorithms on vKITTI dataset (%)
Algorithms OA mAcc mloU
PointNet ') 79.7 47.0 34.4
G+RCU™! 80. 6 49.7 36.2
Ours 82.5 51.8 38.6
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Fig. 9 Visualization of semantic segmentation models on S3DIS dataset
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Fig. 10 Visualization of semantic segmentation models on vKITTI dataset
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