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Abstract The wavelet transform is one of the widely used transforms that proved
to be very powerful in many applications, as it has strong localization ability in both
frequency and space. In this paper, the 3D Stationary Wavelet Transform (SWT) is
combined with a Local Binary Pattern (LBP) histogram to represent and describe
the human actions in video sequences. A global representation is obtained and
described using Hu invariant moments and a weighted LBP histogram is presented
to describe the local structures in the wavelet representation. The directional and
multi-scale information encoded in the wavelet coefficients is utilized to obtain a
robust description that combine global and local descriptions in a unified feature
vector. This unified vector is used to train a standard classifier. The performance of
the proposed descriptor is verified using the KTH dataset and achieved high
accuracy compared to existing state-of-the-art methods.
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1 Introduction

Wavelets [1] and multi-scale techniques have been widely used in many image
processing and computer vision applications [2, 3]. The most important property of
wavelet analysis is the ability to analyze functions at different scales. Wavelets also
provide a basis for describing signals accurately [4]. These properties of wavelet
analysis have led to very successful applications within the fields of signal pro-
cessing, image processing and computer vision. One of the fields that benefit from
wavelets is the field of human action recognition [3, 5, 6].

In this way, wavelets have been used for spatio-temporal representation and
description of human actions. In spatio-temporal methods, the action is represented
by fusing spatial and temporal information into a single template. Spatio-temporal
techniques can be divided into global and local techniques [7]. The advantages of
both global and local representation techniques can be combined to obtain robust
representations for human actions [8]. The 3D Wavelet Transforms [2, 6, 9] have
been proposed and used to process video sequences as a 3D volume having time as
the third dimension. The wavelet coefficients are then used to obtain global [3, 5,
10] or local [6] representations for the performed actions.

In this paper, a new method for action representation and description is proposed
based on the wavelet analysis. The proposed method aims at extracting discrimi-
native features and increasing the classification accuracy. The power of the 3D
Stationary Wavelet Transform (SWT) is used to highlight spatio-temporal varia-
tions in the video volume and provides a multi-scale directional representation for
human actions. These representations are described using a new proposed
descriptor based on the concept of the Local Binary Pattern (LBP) [11], which is
called the weighted directional wavelet LBP histogram. The proposed local
descriptor is combined with Hu invariant moments [12] that are extracted from the
Multi-scale Motion Energy Images (MMEI) [5] to get benefit from the global
information contained in the wavelet representation. The performance of the pro-
posed method is verified through several experiments using KTH dataset [13]. The
rest of the paper is organized as follows: Sect. 2 reviews the background of the field
and the state-of-the-art methods. The proposed representation and description
method is illustrated in Sect. 3. In Sect. 4, the proposed method is applied, and the
performance evaluation and comparison is performed. Finally, the work is con-
cluded, and possible directions for improvement are pointed out in Sect. 5.

2 Related Work

The wavelet transforms [1, 14, 15] are being used in different fields such as signal,
image and video compression as they provide the basis to describe signal features
easily. The Decimated bi-orthogonal Wavelet Transform (DWT) [14] is probably
the most widely used wavelet transform as it exhibits better properties than the

16 M.N. Al-Berry et al.



Continuous Wavelet Transform (CWT). It has much less scales than the CWT as
only dyadic scales are considered. DWT is also very computationally efficient,
since it requires O(N) operations for N samples of data and can be easily extended
to any dimension by separable products of the scaling and wavelet functions [16].

When dealing with images in the spatial domain, two-dimensional DWT is used
to decompose an image into four sub-images; an approximation and three details.
The approximation A is obtained by applying the low-pass filter to the two spatial
dimensions of the image and represents the image at a coarse resolution. The three
detailed images are the horizontal detail H, the vertical detail V and the diagonal
detail D [2]. Wavelet analysis has been used in the context of 2D spatio-temporal
action recognition. For example, Siddiqi et al. [17] have used 2D DWT to extract
features from the video sequence. The most important features were then selected
using a Step Wise Linear Discriminant Analysis (SWLDA). Sharma et al. [18] have
represented short actions using Motion History Images (MHI) [19]. They used two
dimensional, 3 level dyadic wavelet transforms and modified their proposed rep-
resentation to be invariant to translation and scale, but they concluded that the
directional sub-bands alone were not efficient for action classification. In [20],
Sharma and Kumar have described the histograms of MHIs by orthogonal Legendre
moments and modeled the wavelet sub-bands by Generalized Gaussian Density
(GGD). They have found that the directional information encapsulated in the
wavelet sub-band enhances the classification accuracy.

Wavelet transforms have also 3D extension. Rapantzikos et al. have used the 3D
wavelet transform to keep the computational complexity low while representing
dynamic events. They have used wavelet coefficients to extract salient features.
They treated the video sequence as a spatio-temporal volume, and local saliency
measures are generated for each visual unit (voxel). Shao et al. [21] have applied a
transform based technique to extract discriminative features from video sequences.
They have shown that the wavelet transform gave promising results on action
recognition.

While the decimated wavelet transform has been successful in many fields, it has
the disadvantage of translation variance, so to overcome this drawback and main-
tain shift invariance, the Stationary Wavelet Transform (SWT) was developed. It
has been proposed in the literature under different names such as; un-decimated
wavelet transform [4], redundant wavelet [22] and shift-invariant wavelet transform
[23]. The SWT gives a better approximation than the DWT since it is linear,
redundant and shift-invariant [2]. In, the 3D SWT has been proposed and used for
spatio-temporal motion detection. A 3D SWT is applied to each set of frames, and
then the analysis is performed along the x-direction, the y-direction and the
t-dimension of the time varying data [2], which is formed using the input frames.

Based on this 3D SWT, the authors of [10] have proposed two spatio-temporal
human action representations. The proposed representations were combined with
Hu invariant moments as features for action classification. Results obtained using
the public dataset were promising and provide a good step towards better
enhancements. They have proposed a directional global wavelet-based
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representation of natural human actions [3] that utilizes the 3D SWT [2] to encode
the directional spatio-temporal characteristics of the motion.

Wavelets have also been used in combination with local descriptors such as
Local Binary Patterns (LBPs) [11, 24] to describe texture images. LBPs are texture
descriptors that have proved to be robust and computationally efficient in many
applications [21, 25, 26]. The most important characteristic of LBPs is that it is not
only computationally efficient, but also invariant to gray level changes caused by
illumination variations [11]. The original LBP operator labels the pixels of an image
by thresholding the 3 × 3 neighborhood of each pixel with the center value and
considering the result as a binary number. The LBP was extended to operate on a
circular neighborhood set of radius R. This produces 2P different binary patterns for
the P pixels constituting the neighborhood. Uniform LBP was defined as the pattern
that contains at most 2 transitions for 1 to 0 or from 0 to 1. These patterns describe
the essential patterns that can be found in texture. The disadvantage of LBP is lack
of directional information.

In this paper, the 3D SWT is combined with LBPs and employed in the field of
human action recognition. A new descriptor is proposed for describing human
actions represented by the wavelet coefficients. The new descriptor combines the
directional information contained in the wavelet coefficients in a weighted manner
using the entropy value. The new local descriptor is expected to provide discrim-
inative local features for the human actions.

3 Proposed Action Representation and Description

In this section, the proposed approach for extracting features is described. The
proposed approach uses the power of the 3D SWT to detect multi-scale directional
spatio-temporal changes and describes these changes using a weighted Local
Binary Pattern (LBP) histogram. The weighted directional wavelet LBP is fused
with moments to maintain global relationships. The proposed method is illustrated
in Fig. 1.

3.1 Weighted Directional Wavelet Local Binary Pattern
Histogram

The proposed descriptor is obtained by treating the video sequence as a 3D volume;
considering time the third dimension. First, the video sequence is divided into
disjoint blocks of frames and these blocks are supplied to the 3D SWT. The number
of frames in one block depends on the intended number of wavelet analysis levels
(resolutions). The number of frames is obtained by L=2J , where J is the number of
resolutions. The 3D SWT produces the spatio-temporal detail coefficients
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wd
j ðx, y, tÞ, where (x, y) are the spatial coordinates of the frames, t is the time,

j=1, 2, . . . , J is the resolution (scale) and d is the sub-band orientation, and the
approximation coefficient cjðx, y, tÞ computed by the associated scaling function as
described in [2].

The detail sub-bands wd
j x, y, tð Þ, d= 5, 6, 7ð Þ are used for representing the action

as they contain highlighted motion detected in the temporal changes that happened
along the t-axis. Sub-band 4 also highlights temporal changes along with global
spatial approximation. It is not used here because the focus is on investigating the
effect of using local details only. The resulting coefficients are used to obtain a
directional multi-scale stationary wavelet representation for the action by averaging
the wavelet coefficients of the obtained resolutions at time t= L. This results in
three Directional multi-scale Stationary Wavelet Templates DSWTd, d= 5, 6, 7ð Þ,
for the three detail sub-bands.

DSWTd x, yð Þ= ∑3
j=1 w

d
j x, y, Lð Þ
J

, d= ð5, 6, 7Þ ð1Þ

Each directional stationary wavelet template is treated as texture images and the
Local Binary Pattern is used to extract local features from it. The Directional
Wavelet—LBP (DW-LBP) is computed as follows:

Fig. 1 Illustration of the proposed method
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DW −LBPd
ðP,RÞ = ∑p− 1

p=0 Sðf dp − f dc Þ2p ð2Þ

where ðP,RÞ denotes a neighborhood of P equally spaced sampling points on a
circle of radius R, S zð Þ is the thresholding function

S zð Þ= 1, z≥ 0
0, z<0

�
ð3Þ

f dc is the center pixel in the defined neighborhood in sub-band d, f dp ,
p=0, 1,⋯,P− 1 are the pixels in the neighborhood. The normalized histogram of
the obtained Directional Wavelet—Local Binary Pattern (DW −LBP) is computed
and the entropy value [27] for each directional wavelet template ðedÞ is computed
and is used to give a weight for the computed histogram by multiplying it by the
histogram values.

3.2 Global Description Using Invariant Moments

To obtain global description, the coefficients of the three selected sub-bands are
thresholded to produce motion energy images. The motion images obtained at time
t= L of the J different scales are fused into three directional multi-scale motion
energy images (MMEId(x, y, t)) in the same way proposed in [3]. These sub-band
motion energy images encode the directional motion energy during the processed
L frames. These coefficients of the different scales are threshold to obtain motion
images Od

j ðx, y, tÞ

Od
j x, y, tð Þ= 1 if wd

j x, y, tð Þ> τ for somej, d
0 otherwise

�
ð4Þ

The threshold value τ is computed automatically using Otsu’s thresholding
technique [27]. This technique is completely based on the computation of the image
histogram and maximizes the inter-class variance [27]. By fusing the motion images
obtained from the different resolutions for each sub-band, multi-scale motion
energy images (MMEId(x, y, t)) is obtained. These motion energy images are
described using the seven Hu moments [12]. The Hu moments are known to be
good global shape descriptors and are translation, scale, mirroring and rotation
invariant [27].

To compute the set of invariant moments, the central moment of order p+ qðμpqÞ
is computed by:
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μpq = ∑x ∑y x− x ̄ð Þp y− y ̄ð ÞqMMEIdðx, yÞ ð5Þ

where, x ̄= M10
M00

, y ̄= M01
M00

, and Mij are the raw image moments calculated by:

Mij = ∑x ∑y x
iy jMMEIdðx, yÞ ð6Þ

The set of seven invariant moments are then computed as described in [27] and
constitutes the second part of the final feature vector.

4 Experimental Results

This section describes the performed experiments and demonstrates the achieved
results. First, the used datasets are described, then the experimental results are
presented.

4.1 Human Action Dataset

The performance evaluation of the proposed method is carried out using the KTH
dataset [13]. This dataset contains samples for six actions: “boxing”,
“hand-clapping”, “hand-waving”, “jogging”, “running” and “walking”. These
actions are performed by 25 different subjects in four different scenarios. The first
scenario s1 is “outdoors”, s2 is “outdoors with scale variation”, s3 is “outdoors with
different clothes” and s4 is “indoors”. Samples of the “boxing” action in the four
different scenarios are shown in Fig. 2.

4.2 Experiments and Results

A simple K-Nearest Neighbor (KNN) classifier with (K =1) was used for testing
the accuracy of the proposed features. The used KNN classifier uses Euclidean

Fig. 2 Samples of the “boxing” action in the four different scenarios
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distance. Leave-one-out cross-validation is used to calculate the classification
accuracy. The descriptor is computed in (8,5) neighborhood, i.e., the radius of the
circular neighborhood is 5 and 8 sampling points are used on the circle. These
values for the radius and the sampling points were chosen empirically. The number
of bins in the weighted histogram of DW-LBP is 59, as only uniform patterns are
considered. The final feature vector length is 66 for each sub-band after combi-
nation with the seven Hu invariant moments.

The four different scenarios were first examined separately. In another experi-
ment, the overall performance is measured by using the samples of the four sce-
narios. Two classification schemes were used in the evaluation. First, the features of
the three directional sub-bands are combined in a single feature vector and this
feature vector is used to train the classifier. In the other scheme, three classifiers are
trained; each one using one feature vector of the three sub-bands and the class
assigned to the test pattern is selected by majority voting between the three
classifiers.

Table 1 lists the classification accuracy obtained for the four scenarios and the
overall accuracy using the two classification schemes. In the case of the combined
feature vector (CFV), scale variations and variations in clothes didn’t affect the
classification accuracy. Using voting the second scenario recorded less accuracy
than the combined feature vector. It can be seen that the proposed method recorded
a high classification accuracy consistently using the two classification schemes.

Another experiment was carried out using the gait actions only. The proposed
method achieved a high accuracy of 97.33 % using the combined feature vector
while gait actions are 100 % accurately classified using the voting scheme. The
results are shown in Table 2.

Table 3 shows a comparison between the proposed method and existing
state-of-the-art methods. The proposed method outperformed existing techniques,
achieving higher classification accuracy. All compared techniques used
leave-one-out cross validation.

Table 1 Accuracy using
combined feature vector
versus voting between
directional feature vectors

Scenario Combined feature vector % Voting %

s1 94.67 95.33
s2 94.67 92.00
s3 94.67 94.67
s4 96.00 96.00
Overall 95.00 94.50

Table 2 Accuracy using
combined feature vector
versus voting for gait actions

Scenario Combined feature vector % Voting %

s1 97.33 100
s2 96.00 100
s3 98.67 100
s4 97.33 100
Overall 96.00 100
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5 Conclusions

In this paper, a new human action descriptor is proposed. The proposed descriptor
combines the power of wavelets in highlighting directional variations and the
simplicity and robustness of local binary patterns in describing local structures. The
new local descriptor is based on the 3D stationary wavelet transform that highlights
spatio-temporal variations representing human actions in video sequences.
A weighted combination of directional features extracted from the wavelet coeffi-
cients is fused with global moments and used for describing actions. The proposed
features are tested on a public dataset, and their accuracy is verified using a standard
classifier. The proposed method outperformed state-of-the-art methods achieving
95 % average classification accuracy for all actions using combined feature vector
and an average accuracy of 100 % for gait actions using voting.

Future work may include block -based processing of the wavelet multi-scale
templates and extending the new descriptor to the 3D domain.
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