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Motion Prediction of Object in Image by Deep Learning for Robot Manipulation

=[] RS

Masaki Murooka

IR I —

Shunichi Nozawa

A P

—HaH Bih

Yusuke Niitani

Yohei Kakiuchi

FIH BEARER

Kentaro Wada

Masayuki Inaba

E=1]

M H =

Kei Okada

FECRZER P i T Rutset

Graduate School of Information Science and Technology, The University of Tokyo

Predicting the motion of the manipulated object is useful for planning robot manipulation autonomously. In
this paper, we propose the deep learning based approach to predict the 3D object motion from depth image and
manipulation force. By generating the object motion dataset automatically with dynamics simulator and learning
the deep learning model, which has Convolutional Neural Network (CNN) and Recurrent Neural Network (RNN),
the complex object motion is predicted. We integrate the proposed object motion prediction with the robot
manipulation system and show the effectiveness through the experiment with a real humanoid robot.
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CNN : Convolutional Neural Network
Cat : Concatenate

FC : Fully Connected Layer

MSE : Mean Squared Error
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