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Study on a simple view-invariant action recognition method

WANG Ce, JI Xiaofei , LI Yibo
(School of Automation, Shenyang Aerospace University, Shenyang 110136, China)

Abstract; It is difficult to recognize the human actions under view changes in daily living. In order to solve this
problem, a novel multi-view space hidden Markov model algorithm for view-invariant action recognition based on
view space partitioning is proposed in this paper. First, the whole view space is partitioned into multiple sub-view
spaces according to the rotation direction of a person relative to camera. Next, a view-robust feature representation
by combination of the bag of interest point words in shot length-based video and amplitude histogram of local optical
flow is utilized for describing the information of human actions. Thereafter, the human action models in each sub-
view space are trained by HMM algorithm. Finally, the unknown view action is recognized via the likelihood proba-
bility weighted fusion of the corresponding action models in multi-view space. The experimental results on multi-
view action recognition dataset IXMAS demonstrated that the proposed approach is easy to implement and has satis-
factory performance for the unknown view action recognition.

Keywords : action recognition; view-invariant; view-space partitioning; interest points; optical flow; mixed fea-

ture ; hidden Markov model; likelihood probability weighted fusion
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Table 2 Comparison of different algorithms forview-inde-

pendent action recognition in IXMAS dataset

pS WIRES WHIH/ %
A3 Mixed feature + mutil-view HMMs 88.4
SCHk[9] Shape context + PMK-NUP 80.6
CHR[17]  SSM descriptor+ SVM 79.6
K[ 18]  HOG descriptor + SVM 83.4
XHk[19] BOBW + LWE 82.8
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