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Abstract: This paper proposes a novel method for action recognition in still images using a combination of poselet and scene informa—
tion. First multiscale dense sampling and SIFT descriptor are applied in feature extraction and description. Then non-parametric proba—
bility density estimation is employed to estimate the spatial distribution of feature space. To obtain discriminative scene feature the gradi—
ent of probability density function is calculated and the vectors aggregation on visual words of action codebook is described for scene
based action classification. While for pose classification action-specific appearance and configuration patterns of human body part are ex—
tracted from training images then a set of pose classifiers are trained to evaluate the class label confidence which test samples belongs to.

Finally the outputs of scene classifier and pose classifier are combined to decide the final class label. We validate our approach on Wil—-
low-action dataset and experimental results show that it achieves superior performance in comparison to several baseline methods.
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Table 1 Comparison of our method with other research works
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Fig.2 Framework of our proposed approach
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Fig.3 Framework of scene feature extraction and description
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Table 2 Scene classification performance for the

four methods on Willow -actions

/ a) b) (Ci). 5) Y

Interacting with

Computers 82.05%  56.41%  94.87%  61.54%
Photographing 24.68%  19.48% 7.79% 27.27%
Playing Music 63.56%  71.19%  52.54%  77.97%
Riding Bike 78.42%  83.45%  84.17%  82.73%
Riding Horse 73.68%  71.93%  73.68%  84.21%
Running 38.27%  60.49%  55.56%  55.56%
Walking 48.76%  50.41%  53.72%  54.55%

58.49%  59.05%  60.33%  63.40%

photographing playing music riding horse ~ walking

Willow -actions

58.49% 59.05% 60.33%  63.4%.
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Fig. 6 Confusion matrixes of scence classification

for the four different methods
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Table 3 Comparison of our scece classification

performance with 5

/ Delaitre et. al 5
a) 53.97% 58.49%
b) — 59.05%
c) (1.5 rescale) 55.9% 60. 33%
d) + 58. 86% 63. 4%
5.3
SVM
4
Willow -actions
4 Willow-actions
Table 4 Overall classification performance combined
pose with scence on Willow-action
+ (1.5 +
/ ) +
Interacting with 79. 05% 69.23% 82.05%
Computers
Photographing 39.87% 25.56% 31.69%
Playing Music 65.25% 67.97% 59.32%
Riding Bike 74. 82% 85.61% 85.27%
Riding Horse 77.19% 82.46% 77.86%
Running 44, 44% 45. 68 % 64.20%
Walking 48. 80% 58. 68% 58.55%
61.06% 62.17% 65.56%
4 52 acd
161.06% 62.17%
65.56% photographing riding bi-

king running walking

photographing running walking

~

57

5 Willow -actions



1103

5.4
K 32 64
128 256 512 7
5
Table 5 Comparison of our method with other works
/ Delaitre Zheng
et.al 5 et.al 7
— — 61. 06%
— — 62.17%
+ 62.15% 65.40% 65.56%
7
256 abec
58.49% 59.05%  60.33% d
63. 4% K 128 ;
512 d
0. 64
0.62 ——c) 1. 5= A%
0. 60 —=—a) E{R
0.58 —h—b) AR
0. 56 e
. ——d) AR
0. 52
0.50
08— @ 1 256 512
7
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