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Slow feature extraction algorithm of human actions in video

CHEN Tingting'*, RUAN Qiugi', AN Gaoyun'
(1. Institute of Information Science, Beijing Jiaotong University, Beijing 100044, China; 2. Beijing Key Laboratory of Advanced Infor-
mation Science and Network Technology, Beijing Jiaotong University, Beijing 100044, China )

Abstract ; Extracting important and distinguishable features from complex human actions is the key for human ac-
tions analysis. In recent years, classical feature analysis methods are mostly linear feature analysis technologies,
which result in error results for non-linear processing. This paper proposes a method of extracting slow features.
First, the image sequence of frame difference was obtained by the difference between the consecutive frames and
some feature points of selected beginning frame were detected. Next, the feature points were tracked by optical flow
method and the training cuboids were collected. Finally, the slow feature functions were learned with the collected
training cuboids, then the slow features could be extracted and represented. In the experiment, slow features of
each action were extracted and compared with each other. The results show that the extracted slow features vary
slowly with time and action interclass has good discrimination, which suggests that this method can extract slow fea-
tures from human actions effectively.
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Fig. 1 The process of obtaining training cuboids
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Table 1 Statistics of training and test sets
Action  Walk Run Jump Pjump Bend Wavel Wave2 Skip Jack Side
Walk 0.070 900 151.790 0 133.570 0 132.840 0 127.8400 128.4700 124.6200 135.1600 160.230 0 145.480 0
Run 229.140 0 0.062 400 218.820 0 229.860 0 224.930 0 237.400 0 230.600 0 232.590 0 252.640 0 232.000 0
Jump 699.784 5 673.7119 0.012 000 596.557 3 574.3793 594.0445 583.2389 637.6344 657.620 8 605.668 7
Pjump 599.942 5 657.4419 491.7715 0.001 600 541.067 3 553.9552 532.864 2 633.4542 747.7722 6379117
Bend 671.9932 810.7030 716.960 0 680.960 2 0.000 700 936.513 2 640.2150 646.039 7 836.871 7 669.577 6
Wavel 111.1700 103.8800 109.3100 109.600 0 993.861 6 0.002 800 106.190 0 929.660 7 100.890 0 908.275 0
Wave2 671.4227 658.9956 637.1384 596.024 6 512.697 4 710.9155 0.000 784 677.386 6 605.973 7 707.146 2
Skip 154.830 0 152.960 0 135.650 0 154.300 0 144.1200 144.6500 136.3800 0.062 100 159.480 0 169.340 0
Jack  199.040 0 221.760 0 186.610 0 179.800 0 180.100 0 195.600 0 194.540 0 218.020 0 0.011 900 213.670 0
Side 186.260 0 200.920 0 173.890 0 171.580 0 169.1600 165.030 0 172.5100 181.5800 198.180 0 0.035 200
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