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CVPR 2018, TPAMI

RotationNet : Joint Object Categorization and
Pose Estimation Using Multiviews from
Unsupervised Viewpoints
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Asako Kanezaki, Yasuyuki Matsushita, and Yoshifumi Nishida.
National Institute of Advanced Industrial Science and Technology (AIST)
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ModelNet40 | ModelNet40 | ModelNetld | ModelNetld
Algorithm Clazzification | Retrieval | Clazsification | Retrieval
(mAP) Accuracy) (mAP)
RS-CNN[63] - . -
LP-3DCHM[62] 54.4%
LDGCHNN[61] -
Primitive-GAN[60] 52.2%
3DCaps 9] - 94.7%
ID25eqV 1 50.76% 4.71% 2.12%
OrthographicNeat [57] - 3.56% 6.85%
Ma et 2l [36] 34.54% 3.29% 3.15%
MLVCNN [55] 52.84% - -
iMHL [34] - -
HGNM [33] - -
SPNet [52] 8521% 54 20%
85.23 90.69
8.0% -
9.3%
3.7% -
94 B0%
39.08% 94 82% 91.43%
93.1%
910
70.1% 93.08% 38.44%
54.4%
] 54.4%
binVoxNetPhus[37] 9132%
DeapSets[36]
3D-Descriptoret[35] 92.4%
S0-Nat[34] 554 93.7%
Minto et al.[33] 89.3% 93.6%
RotationNat[32] 97.37% 98 46%
Tet[3 9437
95.4%
36.34% 96.85% 93.28%
80.1%
i)
Zanuttizh and Minto [23] 87.8%
Wanz etal [27] %
ECC [21] i3 50.0%
PATOFAMA. 20] 83.5% 51.1% 874%
MVCHN-MultiRes [19]
FPNN [18] :
PointNet{17] 2%
Klokov and Lempitsky[16] 91.8% 94.0%%
LightMNeat[15] 83.93% 93 54%
u and Todorovic[14] 81.26% §8.00%
Geometry Imags [15] 83 9% 51.3% B3 4% 745%
Set-comvolution [11] 0%
Poil [12] T1.6%
- 91.0%
97.14%
93.8%
50.8% 93.11%
50.7% 52.8%
90.1% 79.5%
B3.10% 31.54% 91.12%
83%
DieepPano [4] 77.63% 76.81% 34.18%
3DShapelats [1] T% 45.1% 68.3%
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https://kanezaki.qgithub.io/rotationnet/
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https://kanezaki.github.io/rotationnet/
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https://github.com/kanezaki/pytorch-unsupervised-segmentation
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Asako Kanezaki. ~Unsupervised | mage Segment atlEEEnnteimation8lac k pr
Conference on Acoustics, Speech and Signal Processing (ICASSP) , pp.1543 -1547, 2018.
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https://github.com/kanezaki/pytorch-unsupervised-segmentation

https://qithub.com/kanezaki/pytorch-unsupervised-segmentation
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https://github.com/kanezaki/pytorch-unsupervised-segmentation
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https://kanezaki.qgithub.io/goselo/

A. Kanezaki +, © GO S E L O:-Dir@ated Obstacle and Self -Location Map for Robot Navigation using Reactive Neural

Net wo r IEEE.RBbotics and Automation Letters (RA  -L), Vol.3, Issue 2, pp.696 -703,2018.( presented in | C Il?SA


https://kanezaki.github.io/goselo/
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Key Idea: Goal-directed map representation 4= {1 < # 8 -
< k4 N~ — RaDfi< RaDfi — AL % %

Output:
probability

environment map

Input: candidate
sub-regions of the map directions
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Yoko Sasaki, Syusuke Matsuo, Asako Kanezaki, and Hiroshi Takemura. nNA3C Ba
Motion Learning for an Aut onlakkdntematidhalbi | e
Conference on System Man and Cybernetics (SMC2019), pp.1046-1052, 20109.
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Kei Ota, Yoko Sasaki, Devesh K. Jha, Yusuke Yoshiyasu, Asako Kanezaki A Ef f i ci en
Exploration in Constrained Environments with Goal-Or i ent ed Re f arXig 2020e F
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