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Abstract

Vision-based human action recognition is currently one of the most active research fields. Action
recognition is a cross-disciplinary field which contains theories of image processing, computer vi-
sion and artificial intelligence. Firstly, we get contours and pose presentation through background
subtraction algorithm based on algebra theory and then we get the key poses of action through
improved searching-based K-means algorithm. Finally actions are recognized through dynamic
time warping algorithm. Experimental results on the main datasets show suitability for online
recognition and real-time scenarios.
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Table 1. Comparison among features for action recognition
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Figure 1. Basic framework of action recognition
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Figure 2. Flow chart of background subtraction algorithm
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Figure 3. Results of motion detection and contour extraction (row 1 and 4
original image, row 2 and 5 motion object, and row 3 and 6 contour of object)

3. EEIEFMEN RSN ERE— NITREER, £=. &
TEEHBR, B=. NTRERER)

©



T R K-Means shE SCEAFAE 7 51 (147 1R 1) /7 v2:

Figure 4. Position relationship between the formal point and
the candidate points
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Figure 5. Key features of “run” action: (a) Results of original K-means algorithm; (b) Results of im-
proved K-means algorithm
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Figure 6. Confusion matrix of the Weizmann dataset without the
skip action. /=200, K'=120, average accuracy is 91.36%
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Figure 8. Confusion matrix of the KTH dataset.
£=200, K'=120, average accuracy is 94.47%
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Table 2. Comparison of average success rate between some algorithms

2. BEEFEREILR

Weizmann KTH HuHAVi

Singh et al. (2010) 90.4% 90.4% 82.4%
Martinez-Contreras et al. (2009) 89.3% 87.3% 81.8%
Cheema et al. (2011) 91.6% 89.6% 86.0%
Chaaraoui et al. (2013) 92.8% 93.3% 91.4%
Our Method 91.4% 94.5% 92.1%
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