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Abstract

We present a compact representation for human action
recognition in videos using line and optical flow histograms.
We introduce a new shape descriptor based on the distribu-
tion of lines which are fitted to boundaries of human figures.
By using an entropy-based approach, we apply feature se-
lection to densify our feature representation, thus, minimiz-
ing classification time without degrading accuracy. We also
use a compact representation of optical flow for motion in-
formation. Using line and flow histograms together with
global velocity information, we show that high-accuracy
action recognition is possible, even in challenging record-
ing conditions. 1

1. Introduction

Human action recognition has gained a lot of interest
during the past decade. From visual surveillance to human-
computer interaction systems, understanding what the peo-
ple are doing is a necessary thread. However, making this
thread fast and reliable still remains as an open research
problem for the computer vision community.

In order to achieve fast and reliable human action recog-
nition, we should first search for the answer of the question
“What is the best and minimal representation for actions?”.
While there isn’t a current “best” solution to this problem,
there are many efforts. Recent approaches extract “global”
or “local” features, either on the spatial or on temporal do-
main, or both. Gavrila present an extensive survey over this
subject in [6]. The approaches in genereal, tend to fall into
three categories. First one includes explicit authoring of the
temporal relations, whereas the second one uses explicit dy-
namical models. Such models can be constructed as hidden
markov models ([3]), CRFs [17], or finite state models [7].
These models require a good deal of training data for reli-
able modeling. Ikizler and Forsyth [9] make use of motion
capture data to overcome this data shortage.

1This research is partially supported by TUBITAK Career grant
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Third approach is using the spatio-temporal templates,
as Polana and Nelson [15] and Bobick and Davis [2]. Efros
et al. [5] use a motion descriptor based on optical flow of
a spatio-temporal volume. Blank et al. [1] define actions
as space-time shapes. A recent approach based on a hier-
archical use of spatio-temporal templates tries to model the
ventral system of the brain to identify actions [10].

Recently, the ‘bag-of-words’ approaches, mostly based
on forming codebooks of spatio-temporal features, are be-
ing adapted to action recognition. Laptev et al. first in-
troduced the notion of ‘space-time interest points’ [12]
and used SVMs to recognize actions [16]. Dollár et al.
extracted cuboids via separable linear filters and formed
histograms of these cuboids to perform action recogni-
tion [4]. Niebles et al. applied a pLSA approach over these
patches [14]. Wong et al. proposed using pLSA with an
implicit shape model to infer actions from spatio-temporal
codebooks [18].

In this paper, we show how we can make use of a new
shape descriptor together with a dense representation of op-
tical flow and global temporal information for robust human
action recognition. Our representation involves a very com-
pact form, reducing the amount of classification time to a
great extent. In this study, we use rbf kernel SVMs in the
classification step, and present successful results over the
state-of-art KTH dataset [16].

2. Our approach

2.1. Line-based shape features

Shape is an important cue for recognizing the ongoing
activity. In this study, we propose to use a compact shape
representation based on lines. We extract this representa-
tion as follows: First, given a video sequence, we compute
the probability of boundaries (Pb features [13]) based on
Canny edges in each frame. We use these Pb features rather
than simple edge detection, because Pb features delineate
the boundaries of objects more strongly and eliminate the
effect of noise caused by shorter edge segments in clut-
tered backgrounds to a certain degree. Example images and
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Table 1. Comparison of our method to other
methods on KTH dataset.

Method Accuracy

Kim [11] 95.33%
Our method 94.0%
Jhuang [10] 91.7%
Wong [18] 91.6%

Niebles [14] 81.5%
Dollár [4] 81.2%

Schuldt [16] 71.7%

Table 2. Comparison by recording condition

Condition Our Method Jhuang [10]

s1 98.2% 96.0%
s2 90.7% 86.1%
s3 88.9% 89.8%
s4 98.2% 94.8%

Fig 6(b). Most of the confusion occurs between jog and run
actions which are very similar in nature.
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Figure 6. Choice of α and resulting confusion
matrix for the KTH dataset.

In Table 1, we compare our method’s performance to all
major results on the KTH dataset reported so far (to the best
of our knowledge). We achieve one of the highest accura-
cies (94%) on this state-of-art dataset, which shows that our
approach successfully discriminates action instances. We
also present accuracies for different recording conditions of
the dataset in Table 2. Our approach outperforms the results
of [10] (which reports performance for separate conditions)
in three out of four of the conditions. Without feature selec-
tion, the total classification time (model construction and
testing) of our approach is 26.47min. Using feature selec-
tion, this time drops to 15.96min. As expected, we gain
considerable amount of time as we use a more compact fea-
ture representation.

5. Discussions and Conclusion

In this paper, we present a compact representation for
human action recognition using line and optical flow his-
tograms. By using this compact representation, we re-

duce the classification time substantially. Within this frame-
work, one can easily utilize more complicated classification
schemes, which may further boost up the classifier perfor-
mance. In addition, with achieving one of the best accu-
racies on the KTH dataset, we show that our novel shape
and motion descriptor is quite successful in recognition of
actions.
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