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Abstract

Recently, human action recognition have been developed for various broadcasting and video process. Since a video can consist of
various scenes, keypoint approaches have been more attracted than template based methods for real application. Keypoint approahces
tried to find regions having motion in video, and made 3-dimensional patches. Then, descriptors using histograms were computed
from the patches, and a classifier based on machine learning method was applied to detect actions in video. However, a single
classifier was difficult to handle various human actions. In order to improve this problem, approaches using multi classifiers were
used to detect and to recognize objects. Thus, we propose a new human action recognition using decision-level fusion with support
vector machine and sparse representation. The proposed method extracted descriptors based on keypoint approach from a video, and
acquired results from each classifier for human action recognition. Then, we applied weights which were acquired by training stage to
fuse each results from two classifiers. The experiment results in this paper show better result than a previous fusion method.
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Table 1. Recognition results using SVM.
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ID 1 2 3 4 5 6 7 8

10

1.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

0.00

0.00

0.00 | 0.72 | 0.11 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

0.00

0.17

0.00| 0.20 [ 0.60 | 0.00 | 0.05| 0.10 | 0.05 | 0.00

0.00

0.00

0.00 | 0.00 | 0.00 | 0.83 | 0.00 | 0.00 | 0.00 | 0.00

0.00

0.17

0.08 | 0.00 | 0.17 | 0.00 | 0.58 | 0.17 | 0.00 | 0.00

0.00

0.00

0.08 | 0.15|0.23 | 0.00 | 0.08 | 0.46 | 0.00 | 0.00

0.00

0.00

0.00 | 0.08 | 0.00 | 0.00 | 0.00 | 0.08 | 0.67 | 0.00

0.00

0.17

0.00 | 0.00 | 0.05 | 0.00 | 0.00 | 0.00 | 0.00 | 0.95

0.00

0.00

|| N || WIN|-~

0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

1.00

0.00

-
o

0.00 | 0.18 | 0.09 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

0.00

0.73

E 2 SRE 0|8st &iE 1Al Z1l (Confusion table)
Table 2. Recognition results using SR.
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1 2 3 4 5 6 7 8

10

1.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

0.00
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0.00 | 0.72 | 0.06 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

0.06
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0.00 {0.20 | 0.30 | 0.05 | 0.05 | 0.30 | 0.05 | 0.00
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0.05

0.00 | 0.00 | 0.00 | 1.00 | 0.00 | 0.00 | 0.00 | 0.00

0.00

0.00

0.08 | 0.00 | 0.08 | 0.00 | 0.58 | 0.25 | 0.00 | 0.00

0.00

0.00

0.08 | 0.23|0.15|0.00 | 0.15| 0.38 | 0.00 | 0.00

0.00

0.00

0.00 | 0.08 | 0.00 | 0.00 | 0.00 | 0.00 | 0.75 | 0.00

0.00

0.17

0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.05 | 0.00 | 0.95

0.00

0.00

Ol | N Ol |dh|W|[N|-=

0.00 | 0.00 | 0.08 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

0.92

0.00

-
o

0.00 | 0.14 | 0.00 | 0.00 | 0.00 | 0.00 | 0.05 | 0.00

0.00

0.82

9) (10)

1%l 6. UCF-sports2| &4 4. (1) diving, (2) golf, (3) kick, (4) lifting, (5) riding-horse, (6) run, (7) skateboarding, (8) swing-bench, (9) swing-side,
(10) walk
Fig. 6. Actions in UCF-sports database. (1) diving, (2) golf, (3) kick, (4) lifting, (5) riding-horse, (6) run, (7) skateboarding, (8) swing-bench, (9)
swing-side, (10) walk
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Table 3. Comparison results of action recognition with the previous
methods

Actions SVM SR Liu [9] Proposed
Diving 1.000 1.000 1.000 1.000
Golf 0.722 0.722 0.667 0.667
Kick 0.600 0.300 0.600 0.550
Lifting 0.833 1.000 0.833 1.000
Horse 0.583 0.583 0.667 0.667
Run 0.462 0.385 0.462 0.462
Skate 0.667 0.750 0.750 0.750
Bench 0.950 0.950 0.950 0.950
Side 1.000 0.923 1.000 1.000
Walk 0.727 0.818 0.727 0.818
Average 0.754 0.743 0.766 0.786
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