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K. Lai et al., Sparse Distance Learning
for Object Recognition Combining RGB
and Depth Information. ICRA, 2011.
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C. Qi et al., PointNet: Deep Learning on

Point Sets for 3D Classification and
Segmentation. CVPR, 2017.

VoxelRN—X

N EXY PPl XIS 1Tl ™
WO | I1P8eNHIEZwm ¥,
SIIBORSEPUEBEYINE .

fn3nrgneehesscese
PIATO niRoCywEwdl,
S.00sve=E=8 s npe.
wvaiXx Bl )7THB 2y
- (LR T 1L
e «
| eew

v A P (AW
T €1 EAY DA ¥ B Viss N

"8 Thaetery
Z. Wu et al., 3D ShapeNets: A Deep
Representation for Volumetric Shape
Modeling. CVPR, 2015.
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H. Su et al., Multi-view Convolutional
Neural Networks for 3D Shape
Recognition. ICCV, 2015.
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RGBDA—X

K. Lai et al., Sparse Distance Learning
for Object Recognition Combining RGB
and Depth Information. ICRA, 2011.
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Sparse Distance Learning for Object Recognition Combining RGB

and Depth Information

Kevin Lai, Liefeng Bo, Xiaofeng Ren, and Dieter Fox. IEEE ICRA, 2011.
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spin images, bounding box dimensions
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A Large-Scale Hierarchical Multi-View
RGB-D Object Dataset

Kevin Lai, Liefeng Bo, Xiaofeng Ren, and
Dieter Fox. I[EEE ICRA, 2011.
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MMSS: Multi-modal Sharable and Specific Feature Learning for
RGB-D Object Recognition
Anran Wang, Jianfei Cai, Jiwen Lu, and Tat-Jen Cham. IEEE ICCV, 2015.
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Depth CNNs for RGB-D scene recognition: learning from scratch
better than transferring from RGB-CNNs
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Xinhang Song, Luis Herranz, Shugiang Jiang. AAA/, 2017.
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Figure 5: Two-step learning of depth CNNs combining
weakly supervised pretraining and fine tuning.
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Table 1: Ablation study for different models (accuracy %).
Arch. Alex-CNN D-CNN
Weights | Places-CNN Scratch Scratch
Layer - FT | Train WSP WSP
pooll 172 203 | 223 235 25.3
pool2 | 253 275 | 268 304 339
cemvd |27.6 293 | 298 351 34.6
convd | 29.5 32.1 - - 38.3
pool5 | 30.5 359 - - -
fc6 30.8 36.5 | 30.7 36.1 -
fc7 309 372 | 320 368 40.5
fc8 - 378 | 328 375 41.2

HHA: horizontal disparity, height above ground, and angle with gravity®3F+¥> 1 JL

S. Gupta+, Learning Rich Features from RGB-D Images for Object Detection and Segmentation, ECCV, 2014.
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Depth CNNs for RGB-D scene recognition: learning from scratch

better than transferring from RGB-CNNs
Xinhang Song, Luis Herranz, Shugiang Jiang. AAA/, 2017.
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Figure 5: Two-step learning of depth CNNs combining fc7 : .
weakly supervised pretraining and fine tuning. fc8 Disparity Height Angle
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HHA: horizontal disparity, height above ground, and angle with gravity®3F+¥> 1 JL

S. Gupta+, Learning Rich Features from RGB-D Images for Object Detection and Segmentation, ECCV, 2014.
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C. Qi et al., PointNet: Deep Learning on

Point Sets for 3D Classification and
Segmentation. CVPR, 2017.
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Spin Image

Johnson, Andrew E., and Martial Hebert. "Using spin
images for efficient object recognition in cluttered 3D
scenes." Pattern Analysis and Machine Intelligence,
IEEE Transactions on 21.5 (1999): 433-449.
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Unique signatures of histograms for local surface description
[Tombari et al., ECCV2010]
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PointNet: Deep Learning on Point Sets for 3D Classification and
Segmentation
Charles R. Qi*, Hao Su*, Kaichun Mo, and Leonidas J. Guibas. /EEE CVPR, 2017.
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shank (4/4)

SO-Net: Self-Organizing Network for Point Cloud Analysis

Jiaxin Li, Ben M. Chen, and Gim Hee Lee. IEEE CVPR, 2018.
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SO-Net: Self-Organizing Network for Point Cloud Analysis
Jiaxin Li, Ben M. Chen, and Gim Hee Lee. IEEE CVPR, 2018.

Method Representation Input ModelNet10 ModelNetd0 MNIST
Class Instance | Class Instance Training Input  Error rate

PointNet, [20] points 1024 x 3 - - 86.2 89.2 3-6h 256 x 2 0.78
PointNet++, [2%]  points + normal || 5000 x 6 - - - 91.9 20h 512 x 2 0.51
DeepSets, [ ] points 5000 x 3 - - - 90.0 - - -
Kd-Net, [ 5] points 215 %3 | 935 94.0 88.5 91.8 120h 1024 x 2 0.90
ECC, [32] points 1000 x 3 | 90.0 90.8 83.2 87.4 - - 0.63
OctNet, [30] octree 1283 90.1 90.9 83.8 86.5 - - -
O-CNN, [236] octree 643 - - - 90.6 - - -
Ours (2-layer)* points + normal || 5000 x 6 | 94.9 95.0 89.4 92.5 3h - -
Ours (2-layer) points + normal || 5000 x 6 | 94.4 94.5 89.3 923 3h - -
Ours (2-layer) points 2048 x 3 | 93.9 94.1 87.3 90.9 3h 512 x 2 0.44
Ours (3-layer) points + normal || 5000 x 6 | 95.5 95.7 90.8 934 3h - -

Table 1. Object classification results for methods using scalable 3D representations like point cloud, kd-tree and octree. Our network
produces the best accuracy with significantly faster training speed. * represents pre-training.
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3D ShapeNets: A Deep Representation for Volumetric Shapes
Z.Wu, S. Song, A. Khosla, F. Yu, L. Zhang, X. Tang, and J. Xiao. IEEE CVPR, 2015.

4000

l£:5

object label 10 1200

512 filters of
stride 1 =dlE

160 filters of

stride 2 1%
‘hunf E

48 filters of
stride 2 b

3D voxel input

13

N RX1 FRI IMJSI1T1 ™
L I BB F TLIY A P4 PR
SIIDORNSEPDRETYINE .
fninrgneoenssecese
PIRTO [ tROCwERI L.,
L. PY R F T T R R P LR
CAVAJISNRSI | 7THd 2y
EITIT ETE LTI LAY
y MENQYPRLEZTP - IR
LA N B R e Bt B FLLE
K1 EAY PO DT Fbs i N

151,128 3D CAD models belonging to 660 unique object categories

r=h >3]

30x30x30DHRY LT —XICEH L T, Deep Learning THFHE,
Light Field descriptor [Chen et al. 2003], Spherical Harmonic descriptor [Kazhdan et al. 2003]

B L TEMERE,



AIST

VoxelXN—ZX D 3DWIREREE; (2/2)

Orientation-boosted Voxel Nets for 3D Object Recognition
N. Sedaghat, M. Zolfaghari, E. Amiri, and T. Brox. BMVC, 2017.
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Recognition. ICCV, 2015.
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Multi-view Convolutional Neural Networks for 3D Shape Recog
H. Su, S. Maji, E. Kalogerakis, and E. Learned-Miller. IEEE ICCV, 2015.
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ModelNet

http://modelnet.cs.princeton.edu/

« 40f2%F0ModelNet40é&
« 10F@EEMDModelNetl0A H 5,
« 2018/05/09IR1E

143 : RotationNet
Multi-view~—X

2431 : PANORAMA-ENN
IN/TIR—R

31iZ: VRN Ensemble

RTBEILAR—R XEEEEIRLL

JttEMulti-viewRX—ZXCNN =>

FTTERIEILR—ZXCNN =>

ModelNet40 | ModelNet40 | ModelNetl0 | ModelNet10
Algorithm Classification | Retrieval | Classification | Refrieval
(Accuracy) (mAP) (Accuracy) (mAP)
SO-Net[34] 93.4% 95.7%
Minto et al [33] 89.3% 93.6%
RotationNet[32] 9737% 98.46%
LonchaNet[31] 04.37
Achlioptas et al. [30] 84.5% 95 4%
PANORAMA-ENN [29] 95.56% 86.34% 96.85% 93.28%
3D-A-Nets [28] 90.5% 80.1%
Soltani et al. [27] §2.10%
Arvind et al. [26] 86.50%
LonchaNet [25] 94 37%
3DmFV-Net [24] 91.6% 95 2%
Zanuttigh and Minto [23] 87.8% 91 5%
Wang et al. [22 93 8%
ECC[21] 83 2% 90.0%
PANORAMA-NN [20] 80 7% 83 5% 91.1% 87 4%
MVCNN-MultiRes [19] 91 4%
FPNN [18] 88.4%
PointNet[17] 89.2%
Klokov and Lempitzky[16] 01.8% 94.0%
LightNet[15] 88.93% 93 94%
Xu and Todorovic[14] 81.26% 88.00%
Geometry Image [13] 23.9% 51.3% 88.4% 74.9%
Set-convolution [11] 90%
PointNet [12] 77.6%
3D-GAN [10] 23.3% 91.0%
VEN Ensemble [9] 95.54% 97.14%
ORION [8] 93.8%
FusionNet [7] 90.8% 93.11%
Pairwise [6] 90.7% 92 8%
MVCNN [3] 90.1% 79.5%
GIFT [5] 83.10% 81.94% 92.35% 91.12%
VoxNet [2] 83% 92%
DeepPano [4] 77.63% 76.81%0 85.45% 84.18%
3DShapeNets [1] 7% 49 2% 83.5% 68.3%
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Ensemble of PANORAMA-based Convolutional Neural Networks for

3D Model Classification and Retrieval
K. Sfikas, I. Pratikakis and T. Theoharis. Computers and Graphics, 2018.
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RotationNet: Joint Object Categorization and Pose Estimation Using

Multiviews from Unsupervised Viewpoints
Asako Kanezaki, Yasuyuki Matsushita, and Yoshifumi Nishida. /EEE CVPR, 2018.
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Multi-view Convolutional Neural Networks for 3D Shape Recognition
H. Su, S. Maji, E. Kalogerakis, and E. Learned-Miller. IEEE ICCV, 2015.
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SHREC2017 - 3D Shape Retrieval Contest 2017

Eurographics 2017 Workshop on 3D Object Retrieval,
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° 1% H% ' Method Precision Recall Fl1 mAP NDCG Tier-1 Tier-2
Kanezaki-Single  0.792 0.792 0.792  0.792  0.792 0.792  0.792
Kanezaki-Thresh  0.793 0.799 0.794 0.794 0.796 0.794  0.794
Kanezaki-1000 0.820 0.820 0.820 0.833 0.805 0.824 0.824
Tang-3DCNN 0.769 0.769 0.769 0.749 0.774 0.769  0.769
Tang-MVCNN 0.727 0.727 0.727 0.710 0.735 0.727 0.727

T Tang-Fuse 0.759 0.759 0.759 0.746 0.763 0.759  0.759
Tang-CDTNN 0.672 0.672 0.672 0.649 0.714 0.672  0.672

?EI ;ﬁ Truong-2D 0.740 0.740 0.740 0.740 0.740 0.740  0.740
Truong-3D 0.487 0.487 0.487 0487 0.487 0.487 0.487

ﬁ EI A Tran-1 0.703 0.703 0.703 0.703 0.703 0.703 0.703
s Tran-2 0.690 0.690 0.690 0.676 0.695 0.690 0.690
Tran-3 0.691 0.691 0.691 0.691 0.691 0.691 0.691

¢ Tran-4 0.689 0.689 0.689 0.675 0.692 0.689  0.689

Li 0.105 0.320 0.145 0.062 0476 0.120  0.100

Tashiro 0.141 0.472 0.198  0.149 0.552 0.188  0.144
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Dataset
test_normal

microALL macroALL
Method P
Kanezaki_RotationNet 0.810 0.801 0.798 0.772 0.865 0.639 0.656
Zhou_Improved_GIFT 0.786 0.773 0.767 0.722 0.827 0.654 0.657
Tatsuma_ReVGG 0.765 0.803 0.772 0.749 0.828
Furuya_DLAN 0.818 0.689 0.712 0.663 0.762 0.618
Thermos_MVFusionNet 0.743 0.677 0.692 0.622 0.732
Deng_CM-VGG5-6DB 0.717 0.654 0.667
Li ZFDR
Mk_DeepVoxNet 0.793
SHREC16-Bai_GIFT 0.706 0.695 0.689 0.640 0.765
SHREC16-Su_MVCNN 0.770 0.770 0.764 0.735 0.815 0.625 0.640
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microALL macroALL
Dataset Method P@N R@N F1@N _mAP NDCG P@N R@N F1@N_mAP NDCG
test_perturbed Furuya_DLAN 0.814 0.683 0.706 0.656 0.754 0.607
Tatsuma_ReVGG 0.705 0.769 0.719 0.696 0.783
Zhou_Improved_GIFT 0.660 0.650 0.643 0.701

Kanezaki_RotationNet 0.655 0.652 0.636 0.606 0.702
Deng_CM-VGG5-6DB 0.706 0.642 0.659
Li ZFDR

Mk_DeepVoxNet 0.690

SHREC16-Bai_GIFT 0.678 0.667 0.661 0.607 0.735
SHREC16-Su_MVCNN 0.632 0.613 0.612 0.653
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Tango ROS Streamer&W\S3T7 1) & ANSTZIT

http://wiki.ros.org/tanqo ros streamer
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