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Adaptive Slice Representation for Human
Action Classification

Yanhu Shan, Zhang Zhang, Peipei Yang, and Kaiqi Huang, Senior Member, IEEE

Abstract— Common action recognition methods describe an
action sequence along with its time axis, i.e., first extracting
features from the x y plane, and then modeling the dynamic
changes along with the time axis. Other than the ordinary
x y plane-based representation, other views, e.g., xt slice-based
representation, may be more efficient to distinguish different
actions. In this paper, we investigate different slicing views of the
spatiotemporal volume to organize action sequences and propose
an efficient slice representation for human action recognition.
First, a minimum average entropy principle is proposed to select
the optimal slicing angle for each action sequence adaptively.
This allows the foreground pixels to be distributed in the fewest
slices so as to reduce more uncertainty caused by the information
dispersed in different slices. Then, the obtained slice sequence is
transformed into a pair of 1-D signals to describe the distribution
of foreground pixels along the time axis. Finally, the mel
frequency cepstrum coefficient features are calculated to describe
the spectrum characteristics of the 1-D signals over time. Thus,
a 3-D spatiotemporal action volume is efficiently transformed
into a low-dimensional spectrum features. Extensive experiments
on the 2-D human action data sets (the UIUC and the WEIZ-
MANN) as well as the Microsoft Research (MSR) Action3-D
depth data set demonstrate the effectiveness of the slice-based
representation, where the recognition performance can reach to
the state-of-the-art level with high efficiency.

Index Terms— Action recognition, adaptive slice, mel
frequency cepstrum coefficient (MFCC), minimum average
entropy (MinAE).

I. INTRODUCTION

HUMAN action recognition from an image sequence has
attracted great attention in recent years, due to its wide

application prospects, such as intelligent video surveillance,
human–computer interaction, and sport and entertainment
video analysis. Currently, a large number of methods [1]–[9]
follow the trend of using local features with statistical learning
model for action classification on large-scale data sets in the
wild, such as the Hollywood [10], the Human Motion Data-
Base (HMDB) [11], and the UCF101 [12]. However, due to the
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Fig. 1. 3-D silhouette volumes of three actions. (a)–(c) Running, wave one
hand, and wave two hands video volumes and their corresponding slice image
sequences, where Ta , Tb, and Tc are the frame numbers of the videos and
i denotes the ith slice image viewing along y-axis, i.e., the y coordinate values
of the pixel in the slice are all i .

large variations in illumination, viewpoint, camera motion, and
so on, many detected local features do not describe the motion
styles of the foreground actors, but the context information in
the background. As an extreme case, dense sampling strategy
utilizes all local patches in the video for feature representa-
tion. In fact, such work turns action recognition into video
classification. In contrast to the above work, in this paper we
focus on the motion analysis of foreground actors and propose
a novel slice-based representation to classify single person
actions. Recently, with the development of advanced vision
sensors, such as Microsoft Kinect, the foreground regions of
human actors can be easily segmented, which can provide the
reliable input data for the proposed method.

For motion analysis of foreground actors, common
methods [13]–[22] model the action sequences along the time
axis, as shown in the first row of Fig. 1, i.e., each action can be
represented as the state transition of different poses in x y plane
over time. However, if we consider the action image sequence
as a 3-D spatiotemporal volume, the observing direction from
the time axis is just one of the angles possible for organizing
the 3-D volume into a slice sequence. Thus, there may exist
an optimal angle to distinguish different actions efficiently.
For example, as shown in Fig. 1, if we observe these
3-D volumes, we can find that some distinctive patterns exist in
the cross section spatiotemporal images (slices), which contain
the temporal transition of human body parts. The second row
of Fig. 1 shows the slice sequences corresponding to the
3-D volumes. Each slice sequence consists of the slice images
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Fig. 2. Flowchart of our method, which is composed of adaptive slice feature extraction component and action classification component. The former is the
focus of this paper, which contains adaptive slice selection and slice feature representation.

viewing the 3-D volume along y-axis (i.e., the slice images are
parallel to xt plane). Each slice covers the whole time duration
in the human action, and the distinctive patterns in the slices
reveal the whole temporal transition information of human
body parts. We can see from the slice sequences that different
actions have their typical symbols. Each V-shaped symbol
in Fig. 1(b) and (c) is formed by waving hand(s) over time,
while the slant lines in Fig. 1(a) correspond to the location
transfer of human body parts over time. Some researchers have
found the characteristics of spatiotemporal slices and applied
them to tracking [23], [24], video segmentation [25], and gait
recognition [26].

In this paper, we utilize the slice-based representation for
human action recognition. Compared with the above work, the
innovations of this paper are as follows.

1) Previous work only exploits slices (xt slices) parallel
to a constant plane, while this paper extends it by con-
sidering slices in different viewing angles and proposes
an adaptive slicing angle selection approach for action
recognition.

2) Previous work uses only a small number of slices
corresponding to certain parts of the human body,
such as slices of knees for gait recognition and slices
of torso for multiple pedestrian tracking, while we
adopt all slices of the human body, as different human
actions may involve the motion of different human body
parts.

In particular, our method is outlined as the flowchart shown
in Fig. 2. First, for each action volume, a minimum average
entropy (MinAE) principle is adopted to select the optimal
slicing angle for each action sequence adaptively. This allows
the foreground pixels to be distributed in the fewest slices
so as to reduce more uncertainty caused by the information
dispersed in different slices. Then, we incise the action volume
perpendicularly to the viewing angle and acquire a long
slice sequence by concatenating all the slice images one
by one. To reduce the computing complexity, the obtained
slice sequence is transformed into a pair of 1-D signals to
describe the distribution of the foreground pixels along the
time axis. This pair of signals is encoded with the mel
frequency cepstrum coefficient (MFCC) features, which can
effectively capture the changes of the 1-D signals over time
and avoid the problem caused by various volume lengths.
The MFCC features of two signals are combined together to
represent a human action. Finally, a multiclass support vector

machine (SVM) with Radial Basis Function (RBF) kernel is
applied as the classifier for action recognition.

This is an extended work of the xt slice-based method [27],
which directly use the slices parallel to the xt plane for action
representation. Compared with the xt slice-based method, this
paper presents an approach to slicing angle selection which can
provide more discriminative slices for action representation.
Moreover, extensive experiments on more action data sets are
performed to show the effectiveness of our method, and further
analysis is presented in this paper.

The rest of this paper is organized as follows. Section II
introduces related work on human action recognition.
Section III details our approach of adaptive slice selection and
representation with MFCC features. Experiments and result
analysis are presented in Section IV. Finally, the conclusion
is drawn in Section V.

II. RELATED WORK

Human action recognition has been a hot topic in computer
vision, and amounts of research work are proposed in recent
years. Currently, a number of methods follow the trend of
using local features, which are successfully adopted in object
classification. Laptev and Lindeberg [1] extended the Harris
detector into 3-D space to detect the sparse local spaiotemporal
interest points (STIPs) in image sequences. Dollar et al. [2]
designed a cuboid detector to extract STIPs with periodic
motions, and Willems et al. [28] extended the Hessian saliency
measure into an STIP detector which is dense and scale invari-
ant. Because of the robustness to the variations of illumination,
viewpoint, camera motion, and so on, local feature-
based methods have been broadly used for action classifi-
cation [3]–[5], [7], [8], [29], [30], especially on the recent
large-scale human action data sets [10]–[12] collected from
the real-world scenes. In these realistic videos, a large num-
ber of detected spatiotemporal local features locate in the
background, which do not describe human actions directly.
Some dense local feature-based methods [9], [28] have proved
that these local features in the background contribute to the
performance of classifying these videos. Thus, local feature-
based methods turn action recognition into video classification.

Instead of the local feature-based methods that do not
care about foreground extraction, another category of methods
describe human actions using only the foreground regions.
Some methods consider a human action as a 3-D spatio-
temporal shape by concatenating 2-D foreground regions
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along time (T ). Bobick and Davis [31] projected the
3-D shape into motion-energy image and motion history image
and applied traditional template matching technique for action
recognition. Blank et al. [32] extracted the Poisson features
of the 3-D shapes for action representation. Another kind of
methods consider an action as a sequence of observations (i.e.,
feature vectors), where a feature vector is first extracted from
the foreground region of each frame in the x y plane, then
the sequence of feature vectors is directly used as action tem-
plate or further modeled for action recognition. In [13]–[15],
dynamic time warping algorithm was applied to measure the
similarity of two feature sequences for action recognition.
Some other methods considered an action as a sequence of
motion states and deduced the category of an action sequence
using probabilistic state machine models, e.g., hidden Markov
model [16]–[20] and dynamic Bayesian networks [21].

Different from the sequential methods modeling an action
along the time axis, we explore other possible viewing angles
to cut the 3-D foreground shape as a spatiotemporal slice
sequence. In computer vision, the spatiotemporal slice-based
representation has been adopted for different recognition tasks.
Cipolla and Yamamoto [23] detected and tracked multiple
moving objects by matching the articulated structures in the
xt slices of two cameras. Ricquebourg and Bouthemy [24]
reconstructed the trajectories in the xt slices for real-
time tracking. Ngo et al. [25] utilized a tensor his-
togram computation algorithm to analyze the visual patterns
in the slices characterizing camera and object motions.
Kellokumpu et al. [33] proposed dynamic texture descriptors
to describe human movements with spatiotemporal slices.
Niyogi and Adelson [26] applied xt slices to detect con-
tours of walking people for gait recognition. However, the
above slice-based methods only use the xt slices representing
the interesting motion pattern. In this paper, we present an
adaptive selection method to obtain an optimal slice-based
representation for action recognition.

III. ADAPTIVE SLICE FEATURE

In this section, we propose our human action recognition
method. It is composed of adaptive slice feature extraction and
action classification, where the former can be further divided
into two parts. The first part proposed in Section III-A is
the adaptive slice selection algorithm based on the MinAE
principle. The selected slices are concatenated and trans-
formed into a pair of 1-D signals. The second part proposed
in Section III-B is feature extraction, which generates the
adaptive slice features by combining the MFCC features of the
two 1-D signals. Finally, the action classification component
based on SVM is introduced in Section III-C.

A. Adaptive Slice Selection

The distinctive patterns in spatiotemporal slices shown in
Fig. 1 can be exploited for action representation. Previous
work only employs slices (xt slices) parallel to a constant
plane, while this paper extends it by considering slices in
various viewing angles. Due to the different spatiotemporal
shapes of human body actions, we should choose different

Fig. 3. Original and adjusted action sequences. (a) Original action sequence
and one slice with an angle θ from xt plane. The angle α denotes the angle
between the projected center line of human body in xt plane and t-axis.
(b) Adjusted action sequence by deleting α.

slicing angles to obtain representative slices for different
action volumes. In this section, we introduce a principle for
slice selection.

Given an action sequence in a 3-D volume as shown
in Fig. 3, all the pixels in the human body are foreground
and the others are background. Suppose the probabilities of
one pixel belonging to the foreground and background are
p and 1 − p, respectively. X is the discrete random variable
of the pixel, which takes value 1 (belonging to the foreground)
with probability p and 0 (belonging to the background) with
probability 1 − p. X follows a Bernoulli distribution, and its
probability density can be formulated as

P(X = k) = f(k; p) = pk(1 − p)1−k (1)

where

k =
{

1, if pixel ∈ foreground

0, if pixel ∈ background.
(2)

Suppose the distributions of all the M pixels are independent,
then the joint probability distribution of the pixels is

P(X1 = k1, . . . , X M = kM ) =
M∏
i

f (ki ; pi). (3)

Due to the 3-D object structure, the distributions of pixels are
usually nonidentical. According to the human body structure
from top to bottom, the pixels in the top might be foreground
with lower probabilities than those in the middle, because the
area of head is usually smaller than that of torso. Similarly,
the nonidentity also exists when viewing from other angles,
such as along x-axis. The object can be incised into
N slices to separate the pixels with different distributions.
Due to the importance of the temporal information for action
representation, we keep each slice covering the whole temporal
space, as shown in Fig. 3(a), and the angle between the slices
and xt plane is denoted as θ . To estimate the distributions
of pixels in a slice, we suppose that the pixels in a constant
slice are independent identically distributed, and thus the joint
probability distribution in (3) can be developed into

P(X11 = k11, . . . , X ji = k j i , . . . , X Nm = kNm )

=
N∏

j=1

m∏
i=1

f (k j i; p j(θ)) (4)



SHAN et al.: ADAPTIVE SLICE REPRESENTATION FOR HUMAN ACTION CLASSIFICATION 1627

where X ji is the random variable of the i th pixel in the j th
slice with value k j i , and p j is the probability of the pixels
taking the value 1, which is a function of θ . m is the number
of pixels in each slice. The interval of slices is 1 pixel unit
along y-axis, and each pixel is projected to its nearest slice
along y-axis, which means that each slice contains m pixels
when the slices with angle θ cover the temporal space.

Since each angle corresponds to a group of parallel slices,
the question of adaptive slice selection is to find the slicing
angle that best fits the observed 3-D object. Assuming all the
angles are a priori equally likely, according to Bayes’ theorem,
the probability that a given model (θ, {p j }) is the correct
explanation of the object is proportional to the likelihood
(posterior probability) with which the model generates the
observed object. Our goal is to maximize the likelihood (select
the model with the likelihood from the whole model space)

max
θ,{p j }

L(θ, {p j }) (5)

where L(θ, {p j }) is the likelihood of the given model. The
joint probability distribution in (4) can describe the probability
of constituting the observed object with grouped pixels in
different slices. Thus, the likelihood function is defined as the
joint probability

L(θ, {p j }) =
N∏

j=1

m∏
i=1

f (k j i; p j ) =
N∏

j=1

p j
m f

j (1 − p j )
mb

j (6)

where m f
j and mb

j (m f
j + mb

j = m) are the number of pixels
for foreground and background, respectively. For each angle,
there is a likelihood function with different parameters {p j }.
To estimate the values of likelihood function for different
angles, we simply use the method of maximum likelihood
to estimate the parameters {p j } by considering the observed
values k1, k2, . . . , kM of all pixels in the 3-D object

p̂ j = arg max
p j ∈[0,1]

p j
m f

j (1 − p j )
mb

j (7)

and employ the estimated probabilities to calculate the value
of likelihood function. By setting the derivative with respect
to p j to zero, it is easy to calculate

p̂ j = m f
j

m f
j + mb

j

= m f
j

m
. (8)

Thus, the likelihood of the observed object evaluated at the
maximum is

L̄(θ) = max{p j }
L(θ, {p j })

=
N∏

j=1

m∏
i=1

f (k j i; p̂ j )

=
N∏

j=1

p̂
m f

j
j (1 − p̂ j )

mb
j

=
N∏

j=1

[
p̂

p̂ j
j (1 − p̂ j )

1− p̂ j
]m

(9)

and the original optimization problem in (5) can be developed
into

max
θ

L̄(θ) (10)

i.e., the upper bound of the likelihood function is used for
angle selection.

It is interesting that the θ selected by the above method can
also be explained from the view of information theory.

The logarithm of L̄(θ) is

log L̄(θ) = log
N∏

j=1

[
p̂

p̂ j
j (1 − p̂ j )

1− p̂ j
]m

= m
N∑

j=1

( p̂ j log p̂ j + (1 − p̂ j ) log(1 − p̂ j ))

= −m
N∑

j=1

H ( p̂ j) (11)

where

H (p) = −p log p − (1 − p) log(1 − p) (12)

is the Gibbs–Shannon entropy function. In information theory,
entropy is used to measure the uncertainty of a discrete random
variable or the stability of a system. The less the entropy is, the
more ordered the state of the system is, i.e., we need less extra
information to estimate the system. We can know from (11)
that the likelihood L̄(θ) is in inverse with

∑N
j=1 H ( p̂ j),

i.e., maximizing the likelihood L̄(θ) is equivalent to mini-
mizing the sum of entropies

∑N
j=1 H ( p̂ j), where { p̂ j } are the

estimated probabilities to make the likelihood L(θ, {p j }) reach
its upper bound L̄(θ). The minimum entropy (ME) H ( p̂ j)
corresponds to p̂ j which is close to 0 or 1. It means that slices
with angle θ corresponding to a high likelihood are those that
contain either quite a lot of foreground pixels or very few
ones.

In terms of the entropy theory, the ME [or maximum joint
distribution in (4)] can help us find out the slice angle, which
concentrates the foreground pixels in fewer slices. ME has
been used as a general principle in many pattern recognition
tasks, e.g., feature selection [34], clustering [35], and segmen-
tation [36]. In [34], the ME was used to select the significant
features to well describe the statistics of a given pattern class.
We have found that the minimization of entropy function
implies the mathematical idea of information compression over
the coordinate system so that most of the random patterns
(samples) are concentrated on a few coordinates instead of
widely distributed among all of them. In correspondence
to [34], the selection of slicing angles in our work can also
be understood as a process of feature selection. Considering
that each foreground pixel is a sample point corresponding
to a series of slice indexes, each slice index indicates the
slice, which the pixel belongs to for a given slicing angle.
Thus, modeling a 3-D action shape comprised of foreground
pixels can be turned into the description of the statistics of the
foreground pixels (samples) in a slice index space where each
dimension corresponds to a slicing angle. Thus, the selection
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Fig. 4. Diagram of the transition from 3-D volume to slice image sequence. T is the frame number of the action sequence and i denotes the ith slice of a
slicing angle. (a) 3D volume and (b) Part of the corresponding slice sequence.

of slicing angle can be turned into the selection of the most
significant feature in the slice index space. According to the
property of the ME-based feature selection [34], the samples
(foreground pixels) will be concentrated on a few slice indices
based on the selected optimal slicing angle. The obtained
slice representation will be the most stable representation to
describe the action sequence. The slice selection operation by
the ME principle can reduce the correlation and redundancy
among slices and provide a stable holistic description of the
action sequence.

Based on these results, we can use the entropy theory to
describe the optimization problem, which we call MinAE. The
AE of slices with angle θ is defined as

H(θ) = 1

N

N∑
j

H
(
I θ

j

)
(13)

where I θ
j denotes the j th slice image with angle θ from top

to bottom and

H (I ) = −p f log p f − (1 − p f ) log(1 − p f ) (14)

denotes the entropy of binary image I . p f is the ratio of
foreground pixels in I. The process of angle selection in (10)
can be transformed into

min
θ

1

N

N∑
j

H
(
I θ

j

)
. (15)

Due to the complexity of the objective function, it is difficult
to solve the optimal solution precisely and thus we resort to
its approximate solution. Considering that there is only one
variable to be optimized and its definition domain is a finite
interval, we sample the outputs of the objective at a series
of uniformly distributed angles and select the angle with the
minimal output.

It can be inferred that the slices with the optimal angle are
always parallel to the moving direction, because more slices
contain either quite a lot of foreground pixels or very few
ones. For some 3-D volumes of actions like running, walking,
jumping, and so on, the gravity center lines of human bodies
are not parallel to t-axis. Fig. 3(a) shows a 3-D volume of
action running. α is the angle between the moving direction
in xt plane and t-axis. Least squares regression is used to
learn the line function of the direction. To obtain a generalized
expression, we adjust the volume by paralleling the moving
direction to t-axis, as shown in Fig. 3(b), and only the region of
interest is remained in the subvolume. The adjusting operation

Fig. 5. Projection histogram (mean) signals and variance signals of the slice
image sequences from different actions.

can be regarded as a normalization for more generalized
feature description, and it can reduce the space of angle
selection where the slices are all parallel to t-axis. Besides,
two kinds of moving directions are also exploited for action
representation. First, it is obvious that the angle α is in direct
proportion to the moving speed of object. Thus, the angle
value can be directly applied as a dimension of final feature
to describe the motion speed; second, some inverse actions,
such as sitting to standing and standing to sitting are actually
the same actions through rotating one of the 3-D volumes.
The calculated vector of the moving direction projecting on
y-axis can be used to deal with this problem. The direction of
the vector represents up or down of the action, and the norm
of the vector denotes the motion amplitude along y-axis. The
vector is a signed value, and it makes up another dimension
of the final feature.

After the normalization operation, we can select the slicing
angles with the MinAE principle in (13). The slices with
the optimal slicing angle are concatenated together as a slice
sequence shown in Fig. 4. The projection histogram, which
is widely used for offline handwritten character representation
can describe the shape information with a 1-D signal, and
it is employed to represent the slice sequence, where each
dimension of the 1-D signal is equal to the mean of the
corresponding column in the slice sequence. To cover more
image sequence information, the variance of each column is
also concatenated as another 1-D signal. These two kinds
of signals denoted as Vmean and Vvar are both applied to
represent the slice sequence. The three pairs of signals of
actions in Fig. 1 are shown in Fig. 5. We can know from
these signal pairs that the large variations of action run happen
at the end of the signals (corresponding to moving legs),
while the variations of action wave one hand and wave two
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Fig. 6. Frames of a signal. The frame windows may exist overlap.

Fig. 7. Triangular filters. The horizontal axis is logarithmic. The width
of the first 13th triangular windows have 133.3 Hz passband, and the widths
of the rest ones have the passband of 1000 × 1.072i−13. 40 filters are used in
this paper.

hands happen at the beginning of the signals (corresponding
to waving hands). Meanwhile, the shapes of these different
signal pairs vary a lot.

B. MFCC Feature

It is obvious that the obtained 1-D signals in the above
section cannot be directly used for action classification due
to the uncertain signal length. As the frequency information is
independent of the signal length and can reflect the changes in
the 1-D signals, we use the features in the frequency domain
to represent the 1-D signals. MFCC [37], which is well known
for its wide application in speech recognition, is used to extract
the spectrum features.

MFCC is the Fourier transform of a spectrum on the
logarithmical scale. Fig. 6 shows a signal with different
frames, where each frame is a unit for MFCC, and an overlap
may exist between adjacent two frame windows. Given a
frame window x(n) of the size N, we extract MFCC feature
of the frame window as follows. First, to reduce the noise,
we multiply the signal with a time window ω(n). Hamming
window, where ω(n) = 0.54−0.46 cos(πn/N), is utilized for
convenience. Then, we calculate the fast Fourier transform of
x(n) with length N , given by

X (k) =
N−1∑
n=0

ω(n)x(n) exp(− j2πkn/N) (16)

where k = 0, . . . , N − 1.
The next step is to compute mel filter bank, which is a

collection of M triangular filters, as shown in Fig. 7. The
amplitudes of each triangular window are symmetrical with the
filter center, and the lowest frequency of each filter (excluding
the first one) is the center frequency of the previous one. It is
notable that each filter is normalized to make sure that each

channel has a unit power gain. The width of each filter is
defined as

Bwidth(Hi) =
{

133.3 (i ≤ 13)

1000 × 1.072i−13 (i > 13)
(17)

where i = 1, . . . , M is the index of the filters in the banks.
The width of the first 13th triangular windows has 133.3-Hz
passband, which grows logarithmically from the 14th one.

We can see from (17) that the passband is wider in
the higher channel, which means that the response is more
sensitive to low frequencies. Although the triangular filter is
devised according to human auditory system, it also fits the
characteristics of 1-D signal of human action. From the per-
spective of human action, low frequencies correspond to large-
scale motions, which are discriminative to different actions,
while high frequencies correspond to subtle changes, which
are shared by different actions. Wiskott and Sejnowski [38] in
neuroscience suggest that high-level visual perceptions vary
more slowly than input signal, and this principle is employed
in [39] and [40] for action representation.

The total energy of signal from each filter is

Ei =
N−1∑
k=0

|X (k)| · Hi(k). (18)

The MFCC is calculated by taking Discrete Cosine Transform
(DCT) of the log-scaled filter bank outputs, given by

C = DCT
{
log10(E)

}
(19)

where E is the vector of all filter energy.
We use the algorithm mentioned above to acquire the MFCC

features of all frames in both Vmean and Vvar, and calculate the
means of the MFCC features, Fmean and Fvar , respectively

Fmean = 1

N f
mean

N f
mean∑

k=1

MFCC{ fmean(k)} (20)

Fvar = 1

N f
var

N f
var∑

k=1

MFCC{ fvar(k)} (21)

where N f
mean is the number of frames in Vmean, and

MFCC{fmean(k)} is the MFCC feature of the kth frame
in Vmean. Other parameters can be defined in the same way.

The final feature F of an action is derived by concatenating
the MFCC features Fmean and Fvar with the angle α describing
the moving speed and the signed value denoting up or down
of an action mentioned in Section III-A.

It is notable that in the sequence of slices obtained by
sequentially incising the foreground region along the normal
line of slicing plane, there may be a number of slices contain-
ing a very small amount of foreground pixels. Simultaneously,
there are also a few slices with a large amount of foreground
pixels. Based on the obtained slice sequence, the MFCC
feature is extracted for action representation, which reflects the
frequency property of the foreground pixels’ distribution along
the t-axis. For those slices with a small amount of foreground
pixels, the number of foreground pixels is zero at most time,
which have little frequency response at the calculation of
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Fig. 8. Processing speed and recognition accuracy of different angle step
sizes on the UIUC action data set.

MFCC feature. Thus, they contribute little to the final action
representation and can be ignored naturally. The frequency
features in the rest slices with amount of foreground pixels
(such as the sequences in Fig. 1) will describe the human
actions well.

C. Action Classification

SVM has been widely used in pattern recognition
and performs well in a lot of applications. Since it is
originally designed for two-class classification problems,
some researchers extend it for multiclass classification.
Chang and Lin [41] exploited a multiclass classification
method based on a one-against-one strategy. A classifier is
constructed for each pair of classes and thus there are totally
[n/2] = n(n − 1)/2 classifiers that the label of each test
data point is obtained by a voting strategy: each binary
classification is considered to be a voting and the test data
point is classified as the class with the maximal number of
votes. To deal with the nonlinear factors in the model, the
kernel SVM with RBF kernel [42]

K (u, v) = exp(−γ ∗ |u − v|2) (22)

is used for action recognition. Cost term and kernel bandwidth
are optimized using a greedy search with a five-fold cross
validation on the training data.

IV. EXPERIMENTAL RESULTS

We first test our method on the University of
Illinois Urbana-Champaign (UIUC) [43] and the
WEIZMANN [32] action data sets. In addition, the MSR
Action3-D data set [44] is also applied to evaluate the
robustness of our algorithm. We compare our approach with
the published state-of-the-art methods on these data sets.

A. UIUC Data Set

The UIUC data set [43] consists of 532 high resolution
(1024 × 768) sequences of 14 actions performed by eight
actors. It contains diverse action classes and is used here to
evaluate our method. Actually, low-resolution sequences are
enough for us, so the image of every frame is down sampled
to 256 × 192.

As the data set has static background, the foreground
extraction is easy to implement. To reduce the computing
complexity, we simply subtract the median background for

TABLE I

AVERAGE ACCURACIES ON THE UIUC DATA SET. NOTE THAT THE

xt SLICE METHOD [27] IS OUR PREVIOUS WORK WITH

THE SLICE PARALLEL TO xt PLANE

TABLE II

AVERAGE ACCURACIES ON THE UIUC DATA SET WITH

DIFFERENT CONSTANT SLICING ANGLES

each sequence, and the strategy used in the benchmark work
on the WEIZMANN data set [32] is also adopted to refine the
foreground region with a simple threshold in color space.

The sample rate (Sr ) is set as 16 000 Hz. The frame window
size of a 1-D signal decides the smallest unit of MFCC, and the
frame rate decides the overlap between two adjacent frames.
The 1-D signal is actually a transformation of the 3-D volume
in physical space, thus the size of frame window is in direct
proportion to the scale of human body in the 3-D volume. The
frame rate is a parameter that controls the overlap of the frame
windows, and the sample rate to frame rate ratio is equivalent
to the window step. For the UIUC data set, the frame window
size and the frame rate are set to 80 and 200, respectively,
i.e., the adjacent frame windows have no overlap. In order
to balance the efficiency and the precision of our system,
the step size of the angles should be selected appropriately.
Fig. 8 shows the processing time cost and the corresponding
recognition accuracies with different angle step sizes on the
UIUC data set. The figure illuminates that 15° is good for
both real-time speed (>25 frames/s) and accuracy. Thus, we
set the step size to 15° in all of our experiments. The accuracy
is reduced greatly when the step size is >15°, because the large
step sizes miss some important slices for action representation.

Table I shows the performance comparison between our
approach and other proposed state-of-the-art methods on the
UIUC data set with leave-one-sequence-out (LOSO) test.
Table II shows the average accuracies of the slice-based
method with constant slicing angles over all action sequences.
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TABLE III

AVERAGE ACCURACIES OF DIFFERENT ACTIONS WITH CONSTANT SLICING ANGLES ON THE UIUC DATA SET.

THERE HAS NO ANGLE KEEPING THE HIGHEST ACCURACIES FOR ALL ACTION CLASSES

TABLE IV

AVERAGE ACCURACIES ON THE WEIZMANN DATA SET

WITH NINE ACTIONS EXCLUDING SKIP

Although the slices with the angle of 45° lead to the highest
performance, the recognition rates of some actions are not the
highest, as shown in Table III, which are the average accura-
cies of different actions with constant slicing angles. It sug-
gests that different actions own their corresponding optimal
slicing angles, by which the actions can be described better.

We can see from the above three tables that the accuracy of
our method achieves 98.9%, which is an excellent result on
the UIUC data set. The comparison with previous fixed angle-
based method proves that the adaptive slicing angle selection
is effective to find out the optimal representation of human
actions.

B. WEIZMANN Data Set

The WEIZMANN data set [32] contains 93 videos of
nine actors, and every actor performs more than 10 different
actions, including bend, jack, jump, pjump, run, side, skip,
walk, wave one hand, and wave two hands. The resolution
is 180 × 144.

We also use the strategy in the benchmark work [32] to
extract the foreground pixels. In the experiments, we normalize
the image size in the WEIZMANN data set to the same as in
the UIUC data set, so that the parameters of our system are
constant over different data sets, i.e., the sampling rate, the
frame window size, and the frame rate are empirically set

TABLE V

AVERAGE ACCURACIES ON THE WEIZMANN

DATA SET WITH ALL 10 ACTIONS

to 16 000, 80, and 200, respectively. The angle step size is
set to 15°.

Tables IV and V show the performance of the proposed
methods on the WEIZMANN data set with the LOSO
cross validation. The performance on the WEIZMANN data
set can also achieve comparable performance with other
state-of-the-art methods.

It is well known that the WEIZMANN data set is a widely
used benchmark to test the effectiveness of an action recogni-
tion algorithm. The recognition accuracies of many methods
can reach to 100%. Although the performance of our method is
comparable with other classical methods, the recognition rate
is limited due to the dependence on foreground extraction.
The foreground images obtained on the WEIZMANN data set
are worse than those on the UIUC data set because of the
excessive noises in the WEIZMANN data set. Three action
sequences where the foreground is not extracted well are
misclassified on the data sets with both ten and nine classes.
This phenomenon suggests that the performance of our method
relies on a good foreground extraction. However, in this paper,
the slice-based features are only extracted from foreground
regions, by which the performance is also competitive with
other methods using all information in action videos. Thus,
the effectiveness of the proposed method can be demonstrated.
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Fig. 9. Depth data transformation. (a) 3-D depth image frame. (b) Binary image of depth data. (c) Other angle of 3-D depth image. The numbers of
pixels between the four planes are the same. The third plane is the half line. (d) L1 image: binary image by the pixels between the first and third planes.
(e) L2 image: binary image by the pixels between the second and fourth planes.

C. MSR Action3-D Data Set
The recent advances in Red-Green-Blue-Depth (RGB-D)

camera provide a more robust way to extract foreground of
human actions. Because the slice-based method only extracts
features from foreground regions, it is more appropriate and
necessary to extend the proposed method to the RGB-D
data. The MSR Action3-D data set [44] supplies the depth
map of human action recorded by a depth sensor simi-
lar to the Kinect. It contains 20 actions: high arm wave,
horizontal arm wave, hammer, hand catch, forward punch,
high throw, draw x, draw tick, draw circle, hand clap, two
hand wave, side-boxing, bend, forward kick, side kick, jog-
ging, tennis swing, tennis serve, golf swing, and pickup and
throw. Each action was performed by seven subjects for
three times. The data set contains 4020 action samples with
23 797 frames. The size of depth map is 640 × 480, and
the frame rate of sequences is 15 frames/s. As it needs larger
amount of computation to classify all the actions together,
the data set is divided into three subsets (AS1, AS2, AS3),
and each subset has eight actions. The partition follows the
rule in the benchmark work [44], where the AS1 and the
AS2 groups include the actions with similar movement, while
the AS3 group contains complex actions together. Compared
with the UIUC and the WEIZMANN action data sets, actions
in MSR Action3-D data set are more complex, where the
foreground (human actor) regions in 2-D image plane without
considering the depth information are not enough for distin-
guishing these actions. For example, in hand clap, the torso
regions in foreground will overlap with the motion regions of
hand in the 2-D image plane. Thus, the extra depth information
in the RGB-D data should be utilized to make it possible to
extend our method on more complex action classification.

We adopt two preprocessing strategies in the MSR
Action3-D data set.

1) No Depth Information: Directly transform each depth
image in a 3-D image sequence into a binary image
shown in Fig. 9(b) with a threshold method. We can see
that the depth information of human body is lost in the
binary image. The MFCC feature is extracted from the
transformed binary image sequence.

2) With Depth Information: Split each depth image into
three parts along with the depth axis. In this paper,
the division intervals are 0–0.5, 0.25–0.75, and 0.75–1
of all the pixels in the 3-D depth image along the

depth axis. The depth images of the first two separated
parts are transformed into binary images, as shown in
Fig. 9(d) and (e). Note the third part is not used because
of useless information of the noisy pixels, as shown in
Fig. 9(a) and (c). The original 3-D depth image sequence
is transformed into two level binary image sequences
denoted as L1 (0–0.5) and L2 (0.25–0.75) images, and
the MFCC features of the sequences are concatenated
as the final action feature.

The idea of dividing depth images is from the spatial
and temporal pyramid, which is widely used in image and
video representation [47], [56]. In our work, the whole depth
axis is divided into several parts with overlapping, which
can be specified by the number of parts with 50% overlap
between different parts leaving the last 25% noisy pixels out.
Several parameter settings are tested, including two, three,
and four. Because of the large intra-class variance, dense
division cannot improve the performance without aligning
the motion of different sequences. The best performance is
achieved by dividing the depth axis into two parts leaving
the last 25% pixel out, i.e., the dividing intervals are 0–0.5,
0.25–0.75, and 0.75–1 (noises) of all the foreground pixels
in the depth images along the depth axis. Compared with the
methods applying depth information more sufficiently, such
as 4-D normals [57] computed densely in the space of depth,
time, and spatial coordinates, the strategy of dividing depth
image to a pair of binary images is relatively coarse.

Similarly, we also normalize the image size in this data set
with the size of the images in the UIUC data.

Following the test setting in the benchmark work [44], the
cross subject test is used to evaluate our method. Half of the
subjects are used as the training data, and the rest are used
as test data. Table VI shows the recognition accuracies on
the three subsets and the overall data set. The result shows
that our method can reach to 78.8% overall average accuracy
without using the depth information, which has been beyond
some methods with 3-D depth features. Furthermore, the per-
formance of 87.4% is also comparable with the state-of-the-art
methods. As skeleton provides more accuracy human body
motion information, skeleton sequence data produces higher
performance. However, compared with the methods with only
depth information, the performance of our method reaches
the state-of-the-art only below [57]. Compared with [57],
which applies more dense depth information, i.e., 4-D normals
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TABLE VI

RESULT COMPARISON WITH OTHER PUBLISHED METHODS ON THE MSR

ACTION3-D DATA SET. D AND S IN THE DATA COLUMN REPRESENT

DEPTH AND SKELETON INFORMATION, RESPECTIVELY. THE

- MEANS NO DEPTH INFORMATION IS UTILIZED

CORRESPONDING TO THE FIRST

PREPROCESSING STRATEGY

computed densely in the space of depth, time, and spatial
coordinates, our method is simple but more efficient.

Furthermore, we evaluate the performance of xt slice
method and our method with different level binary image
sequences. As shown in Table VI, the comparison between the
xt slice method and the adaptive slice method demonstrates
the advantage of adaptive slice on the data both with and
without depth information. Moreover, as the two level depth
information is complementary for lots of actions, such as golf
swing and pickup and throw, single level depth information
is not sufficient to improve the performance, while the com-
bination of the two level depth information achieves higher
performance. The performance comparison demonstrates that
the depth information makes benefits for action representation,
and the simple strategy of embodying the depth information
in two binary images achieves a competitive result.

D. Evaluation of Classifiers

In addition, we evaluate the influence of different classifiers
combined with the slice feature on the final classification
result. The simple K-nearest neighbor (K-NN) classifier is
chosen to illustrate the effectiveness of the slice-based fea-
ture, and the advantages of the SVM classifier are further
discussed.

Fig. 10 shows the performance comparison between the
SVM and the K-NN classifier on the UIUC data set.
The K-NN classifier can also achieve competitive results,

Fig. 10. Performance of adaptive slice feature with different classifiers on
UIUC action data set. The squares on the line is the recognition accuracies
using K-NN classifier with different K.

Fig. 11. Performance of adaptive slice feature with different classifiers on
WEIZMANN action data set (10 actions). The squares on the line correspond
to the recognition accuracies using K-NN classifier with different K.

which demonstrates the proposed slice-based feature is an
effective and compact representation for action recognition.
Furthermore, when the slice-based feature is combined with
the SVM classifier, the superior performance illustrates the
advantages of the SVM classifier. That is because although the
dimension of features is reduced significantly, it still distributes
in a high dimensional feature space. The total dimensionality
of the final feature is 82 where the MFCC feature Fmean,
the MFCC feature Fvar , the horizontal speed, and the vertical
speed mentioned in the end of Section III-B are combined
into a long vector under 40 frequency banks. As the distances
in the spaces of these four features are in different scales, it
is hard to correctly measure the intrinsic structure in the high
dimensionality space with the Euclidean distance in the K-NN
classifier. In contrast, the SVM classifier can effectively learn a
bounding plane for classification with limited training samples.
Thus, the SVM classifier is still chosen in our experiments.

The evaluations of the adaptive slice feature with different
classifiers on the WEIZMANN data set are shown in Fig. 11.
The performance of the K-NN classifier is much lower than
the SVM classifier. In addition to the reason mentioned above,
we find that the noises in the foreground extraction have more
influences on the K-NN calculations than the SVM classifier
training.

Fig. 12 shows the performance with the K-NN classifier on
the MSR Action3-D data set. The large intra-class variance
prevents the K-NN classifier from achieving a competitive
classification performance, which demonstrates that the SVM
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Fig. 12. Performance of adaptive slice feature with different classifiers on
MSR action3-D data set. The squares on the line correspond to the recognition
accuracies using K-NN classifier with different K.

is still a powerful classifier under the condition of limited
training samples with large intra-class variance.

E. Discussion

The experimental results on different action data sets
demonstrate that the slice-based method with adaptive angle
selection is an effective way to deal with the problem of
human action representation. Meanwhile, it is also an efficient
approach by introducing two 1-D signal representations com-
pared with the original 3-D volume. Otherwise, the tests on
the depth action sequences show the robustness of our method.
Although there is a limitation that our method relies on the
quality of the foreground extraction, fortunately, with the
development of low-level background modeling methods as
well as the advance of depth sensor device, motion foregrounds
can be extracted accurately.

V. CONCLUSION

In this paper, we have presented a slice-based method for
human action recognition. Different from the traditional meth-
ods considering human action as the spatial image transition
over time, this method incises a human action sequence into
spatiotemporal slices, and the slices of the sequence provide
distinctive patterns of human body changes in temporal space.
To find the best slicing angle, the MinAE principle is proposed
for adaptive slicing angle selection. Besides, we transform
the slices corresponding to the selected slicing angle into a
pair of 1-D signals and adopt the MFCC feature, which can
encode the signal changes for human action representation.
The spectrum feature deals with the problem of various volume
lengths well. The 3-D action volume is transformed into a
low dimensional spectrum features efficiently; meanwhile, the
experimental results on different kinds of data sets demonstrate
that our method is effective and robust for human action
recognition. It proves that the typical patterns in adaptive spa-
tiotemporal slices are discriminative for action representation
and the high efficiency of our system makes it possible for
real-time applications.

Although our method focuses on modeling, the motion
styles of foreground actors, which need to be separated
from the background, with the development of vision
sensors, such as Microsoft Kinect, reliable foreground data

can be provided easily. Moreover, as several slice-based
methods [23], [24] have been proposed for object tracking
without extracting the foreground, our work could be extended
for more general slice-based representation, which can be
flexibly used for volume-based action recognition on real-
world human action data sets.
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