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Bidirectional recognition between motion context on long-term observation and human motion
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This paper describes a motion recognition method to reduce recognition error, which has two-layered structure;
motion recognition is affected by context estimation in the first layer, and context estimation is affected by motion

recognition in the second layer.

We introduce an algorithm to integrate the motion recognition by conventional

HMM and motion label production by the topic model in the first layer. We also introduce particle filter to estimate
and update the context based on the result of motion recognition in the second layer. A set of particles present a
probabilistic distribution of motion topics, and motion recognition and particle update procedures are performed
on each particle. In an evaluation experiment, we used a sequential motion which is a sequential connection of
33 motion primitives as a long-term observation target. The results showed that the proposed method reduced
recognition errors and tracked motion context by topic probability compared with conventional methods.
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Algorithm 1 Recognition and topic update with particles

1: for 7 = 1 to End of data do
2: for k=1 to K do

3: J =4k

4: C = 2|maxlog L(o+|\;)| > Eq. (6)
5: Calculate a using Eq. (7) > Eq. (7)
6: Calculate S(or,1, k) using Eq. (5) > Eq. (5)
7 P(m;or, k) = 5S(or,i,k)/ 32, S(or,4,k) > Eq. (9)
8: my ~ P(m;or, k) > Eq. (8)
9: P(ry) = 327, P(riglj) > Eq. (12)
10: P(jlimg) = P(rigl5)P(5)/ P (i) > Eq. (11)
11: G, ~ P(j|rmy) > Eq. (10)
12: end for

13: Update Q using {g1,d2, -+ ,4x}
14: iresult = arg I;Il&XTL((ﬁlk = mi); {’ﬁ’ll, ’ﬁlg, e 77?711(})
7

15: end for
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