0ooo0ooo0ooooooDoo (MIRU2010)0 20100 70

ogoooobbboooooobbooooao
oo oot oo oot oo oof

1000000000 00000000 000000 018288 0000000000 1-5-1

E-mail: {{noguchi-a,shimoda-y,yanai}@mm.cs.uec.ac.jp

ubo0 OoobOoooobOobobooobobOoocobOOobOOoOobOOobOOobOobocOobOOobOO0OobOOobOOoOoOoOobOononono
oooobDOoobOoboO0OOYoutwbe OO OOOOoooooLOOoOoDbOOOODOODOOOODOODDODODODOO
0000000000000 00000 Multiple Kernel LearningMKL) 0000000000000 OOOOO
oooooboooWebOOOOooOoOOooOOODOOOOOOODOOODOOOOODOODODOOOOODOODOODO
goboooOoobooboobooboooboobooobobobooboobOooooobOobooobooobooobOonOon
KTHOOOOOOOODOOO Youtube OOOOODOO 30DO0000DOOO0O0ODOOOODOOOODOOO
OKTHOOOOOOOOOOOOOOOOOOoOO00O0 94.0%0Yowtube 00000000000 O0O0OOOOOOO
0804%0 0000000000

00000 O00D0O0OO00DOO0OKTHO Youtube datall 00 00O O MKL

Action recognition employing a new spatio-temporal feature
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Abstract Since action recognition is one of the key techniques to organize a large number of videos automatically,
action recognition has been studied by many researchers. Although most of the existing works have focused on
videos taken in controlled environment so far, action recognition for uncontrolled videos such as Web videos has
become important recently. In this paper, we propose a novel action recognition method by combining features
based on Multiple Kernel Learning (MKL), which enables robust action recognition for both controlled and un-
controlled videos. In the proposed method, we combine appearance, motion and spatio-temporal features. As a
spatio-temporal feature, we propose a novel feature which consists of local appearance and local motion. In the
experiments, we evaluate our method using KTH dataset, and Youtube dataset. As a result, we obtain 94.0% as
a classification rate for in KTH dataset which is almost equivalent to state-of-art, and 80.4% for Youtube dataset
which outperforms state-of-the-art greatly.

Key words spatio-temporal feature, action recognition, KTH, Youtube data, combining featrues, MKL
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