—METEEIRA R AR X TE N ERERRLT
IR A
I 1, 72, W oK

LA G R A A S R S B s B0 %, JB BT 100024 2.7 4@ A A FR A 71 B 5UF & hoty, B9 RE 210004)

WE, AKRATZHRIZAIFEEH, EHIM ARG EHKRESTEE, EFREEAZAA
WIBHAIRIZAIA X F Ko BT IRENTAN 5 23R Pk TIEH B AL X4, MARA R
BAMRE AL E R AT REBREHIT AT ENAARZOIEZAEZ —,
AXRE —FETFARZHE X IRAN G X TEARIZETIREBSEN, EFEHEXNT XA
EF AL, AR RQH)D MkstiTEsh A £ARA . B, ARIER A PIFE 6923
AR R, pBAEAB A BTN T AT HIT R T EHRSG R R
BRI H. BETFTREZHGHK, £RFACAT BT EETFESZ, £xETRE
HATERBE R AG A S EZ ARG ET RS, Ak 2] T A TR TIEL S AKE
N XRA G RERIZKASFIAM B, FALEREN, ALRLEOHFTRLETRABEMAE
X RIZEHE LT R THERETIERSE 7 E, 5EATRESF SO B EAKRX T EFHRIZ
kLB — R T bk,

KEEF: A BT TR, EFHRE

FESRE: 0422 CERARIRAD: A

A particle filter estimation method for human joint motion

tracking based on dyneme recognition
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Abstract: Human joint motion tracking is a non-linear, non-Gaussian system motion state
estimation problem, so particle filters have become an effective means to achieve human motion
tracking. The prediction and update of the particle state is the key to affecting the performance of
the particle filter. The degree to which the prediction model reflects the law of human motion is
one of the main factors that determines whether the particle filter can be used to accurately track
the joint motion. This paper proposes a joint motion tracking particle filter architecture based on
human motion pattern recognition. On the basis of defining the motion pattern as a dyneme, the
R(2+1)D network is used for dyneme type recognition. At the same time, according to the
probability density distribution of the dynemes obtained by the recognition, the number of
particles of the prediction model corresponding to each dyneme is allocated and the prior
probability density distribution calculation of the joint motion state is performed. In the particle
state update stage, the color histogram feature is selected to calculate the particle fitness, and the
probability density distribution of the motion basis is corrected on the basis of re-sampling and
updating the particle state, so as to achieve the human body motion pattern recognition and state
tracking based on the particle filter The purpose of the joint realization. The implementation



results show that the new particle filter architecture proposed in this paper is far superior to the

traditional particle filter scheme in joint tracking accuracy, and it is also comparable to the

point-to-point human joint motion tracking method based on deep learning.

Key words: dyneme; particle filter; prediction model; motion tracking
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