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Recognition of Reference-Point-Dependent Motions Uisng LRCN

R RO E 0 & R ABEAN A FaU by FEE LA
Kaisei Fukai Gosuke Takei Kenta Takabuchi Naoto Iwahashi Ye Kyaw Thu Takeo Kunishima

] L1 UL 37 K

Okayama Prefectural University

This paper evaluates the performance of Long-term Recurrent Convolutional Networks (LRCN) for the recogni-
tion of reference-point-dependent motions. The advantage of LRCN in this task is that the process of detecting
landmark objects is not necessary. By experiments, we show the possibility and the problems of the use of LRCN

for reference-point-dependent motion recognition.
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