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ABSTRACT

This paper propose a human action recognition method that uses bag-of-features (BoF) based on CS-LBP
(center-symmetric local binary pattern) and a spatial pyramid in addition to the random forest classifier. To
construct the BoF, an image divided into dense regular grids and extract from each patch. A code word which
is a visual vocabulary, is formed by k-means clustering of a random subset of patches. For enhanced action
discrimination, local BoF histogram from three subdivided levels of a spatial pyramid is estimated, and a
weighted BoF histogram is generated by concatenating the local histograms. For action classification, a random
forest, which is an ensemble of decision trees, is built to model the distribution of each action class. The
random forest combined with the weighted BoF histogram is successfully applied to Standford Action 40
including various human action images, and its classification performance is better than that of other methods.

Furthermore, the proposed method allows action recognition to be performed in near real-time.
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Table 1. Performance comparison between LLC,
BoF+MSVM, and proposed method on 40 action classes
) Accuracy per class (%)
Action classes LLC MSVM Aok
applauding 21 28 27
blowing bubble 33 29 25
brushing teeth 37 42 41
cleaning the floor 60 30 36
climbing 62 25 29
cooking 18 25 26
cutting trees 38 65 57
cutting vegetables 37 51 53
drinking 18 29 24
feeding a horse 31 39 39
fishing 41 33 50
fixing a bike 11 47 44
fixing a car 38 23 23
gardening 41 45 47
holding on umbrella 41 23 25
jumping 61 35 42
looking through a 2 37 39
microscope
looking through a 11 29 28
telescope

phoning 17 21 28
playing guitar 50 25 25
playing violin 35 29 27
pouring liquid 10 25 25

pushing car 10 27 25
reading 21 27 21
riding bike 70 48 57
rowing a boat 75 35 38
running 55 65 61
shooting on arrow 56 33 26

smoking 20 25 25
taking photos 10 21 23
texting message 7 23 23
throwing frisby 56 30 38

using a computer 17 29 33
walking the dog 57 27 21
washing dishes 17 25 26
watching TV 31 55 55
waving hands 10 21 21
writing on a board 38 53 51
writing on a book 35 27 30
R e 345 335 34.8

holding on
umbrella
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B

Fig. 5. Examples of correctly classified human action
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(a) (b) (c) (d) (e)

T3 6. FAkR v 9 2R 2= old 2 i <l
7F 359 . (a) throwing frisby (b) gardening (c) cutting
tree (d) watching TV (e) cutting vegetable

Fig. 6. Example of false classification caused by clutter
background and ambiguous pose
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