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Action recognition via restricted dense trajectories
and spatio-temporal co-occurrence feature
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Abstract: To overcome the limitation of improved dense trajectories for using in real environment, a
novel human action recognition algorithm using restricted dense trajectories and spatio-temporal co-
occurrence descriptors was proposed. Firstly, a human detector was applied to get the rectangular and
the traditional dense interest points in the videos were refined via expanded rectangular box, which
greatly reduces the number of trajectories while preserves the discriminative power. Then, the
restricted dense trajectories were obtained by tracking the refined points using optical flow fields. And
a set of new descriptors was built which describe the relative spatial position and the spatio-temporal
context of motion trajectories. Finally, a Bag of Visual Words (BoVW) model with support vector
machine was used to classify human action. On three action recognition datasets;: KTH, YouTube and
HMDB51, the recognition accuracy is 98. 1%, 89. 7% and 66. 9% respectively. Experimental results
show that the proposed algorithm has higher recognition ability for human action in complex real scenes.
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Fig.5 Spatio-temporal co-occurrence descriptor extraction
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Tab.1 Different combinations of descriptors (%)
Method KTH YouTube  HMDB51

Trajectory (Baseline) 90,2 67.2 32.4
HOG+HOF+MBH (Baseline)  93.9 83.4 45.8
RelativeTrajectory 91.9 74.7 41.7
SCoHOG+SCoHOF+SCoMBH 95,1 84.9 54.8
TCoHOG+ TCoHOF+TCoMBH ~ 97.4 86.8 59.6
SCo-+TCo- 97. 8 87.9 62.5
All combined 98.1 89.7 66.9
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Tab. 2 Results comparison of our algorithm and the state-of-the-art %
KTH YouTube HMDB51

Le et al. [15] 93.9 Le et al. [15] 75.8 Park et al. [18] 57.2
Jietal [13] 90. 2 Bhattacharya et al. [11] 76.5 Peng et al. [10] 61.1
Wang et al. [5] 95.3 Wang et al. [5] 85.4 Simonyan et al. [19] 59.4
Wang et al. [16] 95.5 Yang et al. [12] 88.0 Zhu et al. [20] 63.3
Lletal [17] 98.2 Wang et al. [16] 88.2 Varol et al. [14] 64. 8
Our method 98.1 Our method 89.7 Our method 66.9
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