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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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https://github.com/kanezaki/pytorch-unsupervised-segmentation
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Asako Kanezaki. “Unsupervised Image Segmentation by Backpropagation.” IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP), pp.1543-1547, 2018.
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Asako Kanezaki. “Unsupervised Image Segmentation by Backpropagation.” IEEE International
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A. Kanezaki+, "GOSELO: Goal-Directed Obstacle and Self-Location Map for Robot Navigation using Reactive Neural
Networks.” IEEE Robotics and Automation Letters (RA-L), Vol.3, Issue 2, pp.696-703, 2018. (presented in ICRA’18)
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Yoko Sasaki, Syusuke Matsuo, Asako Kanezaki, and Hiroshi Takemura. “A3C Based
Motion Learning for an Autonomous Mobile Robot in Crowds.” IEEE International
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. “Efficient
Exploration in Constrained Environments with Goal-Oriented Reference Path”, arXiv, 2020.
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Yoko Sasaki, Syusuke Matsuo, Asako Kanezaki, and Hiroshi Takemura. “A3C Based Motion Learning for an
Autonomous Mobile Robot in Crowds.” IEEE International Conference on System Man and Cybernetics
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