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Abstract

Recognizing actions in a video is a critical step for making many vision-based applications possible and has attracted much attention
recently. However, action recognition in a video is a challenging task due to wide variations within an action, camera motion,
cluttered background, and occlusions, to name a few. While dense sampling based approaches are currently achieving the state-
of-the-art performance in action recognition, they do not perform well for many realistic video sequences since, by considering
every motion found in a video equally, the discriminative power of these approaches is often reduced due to clutter motions, such
as background changes and camera motions. In this paper, we robustly identify local motions of interest in an unsupervised manner
by taking advantage of group sparsity. In order to robustly classify action types, we emphasize local motion by combining local
motion descriptors and full motion descriptors and apply group sparsity to the emphasized motion features using the multiple
kernel method. In experiments, we show that different types of actions can be well recognized using a small number of selected
local motion descriptors and the proposed algorithm achieves the state-of-the-art performance on popular benchmark datasets,
outperforming existing methods. We also demonstrate that the group sparse representation with the multiple kernel method can

dramatically improve the action recognition performance.
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1. Introduction

Action recognition is an important problem in computer vi-
sion, which can be applied to many interesting applications,
such as automatic video indexing and retrieval, human-computer
interaction, and intelligent surveillance. Many works have re-
cently focused on enhancing motion information by using tra-
jectories obtained from point trackers [1, 2, 3] since an action in
a video occupies in a 3D space (2D spatial domain and 1D time
domain) unlike an object in a 2D image. However, there are a
number of issues which make it difficult to recognize actions
from real world videos using trajectory-based methods.

Many real-world video sequences contain a large amount of
camera motion, which makes the recognition performance de-
grade. While one approach for solving the problem is to correct
the camera motion using video stabilization as a preprocessing
step before action recognition [4], perfect video stabilization is
not possible in many practical cases and there is a danger of
losing critical information. To handle camera motion, Wang
et al. [3] introduced a motion boundary based descriptor, ini-
tially developed in the context of human detection [5]. Motion
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boundaries are computed by a derivative operation on the opti-
cal flow field. Thus, motion due to the translational local cam-
era movement is canceled out and relative motion is captured
[3]. It is demonstrated that motion boundary based descriptors
outperform other existing motion descriptors in many realistic
videos.

Another issue is the large variability in actions. When dif-
ferent subjects are performing the same action, they do not have
the same appearance and their movements can be quite differ-
ent for the same action. Even for a person performing the same
action multiple times, each performance can be quite different
from the previous one. Therefore, robust classification is an im-
portant issue in the human action recognition problem and it is
necessary to develop a more robust alternative.

Recently, the concept of sparse representation has received
significant attention and demonstrated promising performance
in signal processing and computer vision [6, 7, 8]. It has been
discovered in neuroscience [9] that the human vision system
seeks a sparse representation of an incoming image using an
overcomplete dictionary. In addition, recent studies go beyond
sparsity and take into account additional information about the
underlying structure of solutions [7]. Namely, the solution has
a natural grouping of its components and the use of this group
sparsity can reduce degrees of freedom in a solution, thereby
leading to a better solution [10]. In [7], a group sparsity method
has been successfully applied to object recognition by kerneliz-
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ing the accelerated proximal gradient (APG) method [11].

In this paper, we propose a method for robust action recog-
nition using local motion and group sparsity. An overview of
the proposed method is shown in Figure 1. The first part of the
proposed method is the local motion selection. Since descrip-
tors extracted from an uncontrolled realistic video may include
clutter motions due to camera motion, background changes, and
occlusions, if we can isolate local motion from global motion,
the performance of action recognition can be improved. How-
ever, motion clustering is not a trivial task since the number of
motion clusters of trajectories is not available. We propose a
new motion clustering method using the group sparsity formu-
lation and select important local motions using spatial informa-
tion of motion clusters. From an extensive set of experiments,
we show that the selected local motion descriptors provide bet-
ter performance than that of full motion descriptors, despite the
fact that the selected local motion descriptors are only about
28.6% of full motion descriptors. It demonstrates that the pro-
posed method can robustly select important information for ac-
tion recognition.

While the proposed local motion selection method efficiently
selects local motion as shown in Section 5, if we can reduce the
risk of incorrect action recognition coming from an incomplete
motion separation, the performance can be further improved.
To reflect this point, we emphasize local motion in the second
part, by appending the information obtained from local motion
to the full motion information obtained from a video clip using
the multiple kernel method [12]. Since full motion descriptors
already include local motion descriptors, the distance between
actions with similar local motion patterns is shortened and the
distance between actions with different local motion patterns is
lengthened in our proposed scheme. Therefore, we can say that
the local motion descriptors play a role of correcting the dis-
tance between samples contaminated by global motion patterns,
making action recognition more robust. We call this approach
as a local motion emphasis.

Finally, in the third part, we classify action classes using the
group sparse representation with the multiple kernel method,
instead of a support vector machine (SVM), a popular classifier
which is widely used in many action recognition algorithms.
Our experimental results show that the proposed action recog-
nition method with local motion emphasis and group sparsity
significantly outperforms the baseline method using full mo-
tion descriptors and an SVM classifier [3]. For example, the
proposed method outperforms the baseline method [3] by 9.5%
for the Olympic Sports dataset [13].

The remainder of this paper is organized as follows. Sec-
tion 2 briefly explains related work and the baseline method
[3]. The proposed motion clustering and local motion selection
methods are described in Section 3. In Section 4, we explain
the motion emphasis and classification using the group sparse
representation with the multiple kernel method. Experimental
results are described in Section 5.

2. Preliminaries

2.1. Related Work

The proposed method is based on trajectories of points, sub-
space clustering, and sparse representation, and we briefly in-
troduce them in this section.

Trajectory-based method: To overcome limitations of 2D
based descriptors, many works have recently tried to enforce
motion information using trajectories obtained from point track-
ers [1, 2, 3]. Messing et al. [1] proposed velocity history fea-
tures based on a sophisticated latent velocity model and side
information, such as appearance, position, and high level se-
mantic information. They have demonstrated the superiority of
velocity history features on high resolution video sequences of
complicated activities. Sun et al. [2] proposed an approach
which hierarchically models the spatio-temporal context infor-
mation about trajectories obtained by matching SIFT descrip-
tors between consecutive frames and showed impressive results
on realistic action and event recognition. Wang et al. [3] pro-
posed a dense trajectory-based approach by combining point
tracking and dense interest point sampling and achieved the
state-of-the-art results for action recognition compared to sparse
interest point sampling techniques, such as the Kanade-Lucas-
Tomasi (KLT) tracker [14]. Since it is the baseline method in
our paper, we give details of the method proposed in [3] in Sec-
tion 2.2.

Subspace-based clustering: Recently, a subspace based
clustering method using sparse representation has been pro-
posed [15] and shown to provide better performance than ex-
isting methods, such as k-means, especially when data points
are corrupted by noises and outliers. This is based on the idea
that each data point in a subspace can be represented as a lin-
ear combination of other points in the same subspace and the
coefficients obtained from sparse representations have the con-
nectivity information between data points. Therefore, the coef-
ficients can be used to define an affinity matrix of data points
and, by performing the normalized cut [16] on this graph, sub-
space clustering can be achieved. However, the normalized cut
is computationally expensive for clustering motions in a video,
hence, we proposed a new approach based on group sparsity.

Sparse representation: A work on image-based face recog-
nition [6] has shown that the sparse representation is naturally
discriminative as it selects only a small number of basis vectors
that can most compactly represent the given signal. In [6], a
single overcomplete dictionary is formed by concatenating vec-
torized training samples of all classes. Given a test image, its
sparsest representation over the dictionary is found by /; min-
imization. The underlying assumption of this method is that
a good number of training samples are available per class and
they span the sample space well. Guha et al. [8] also explored
the effectiveness of sparse representation obtained by learning a
set of overcomplete dictionaries in the context of action recog-
nition in videos. They proposed three different dictionary train-
ing frameworks: (1) one dictionary for all classes (shared), (2)
one dictionary per class (class-specific), and (3) a concatenation
of class-specific dictionaries (concatenated). When analyzing
their experimental results, we find that the shared method shows
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Figure 1: An overview of the proposed method. Our algorithm consists of three parts. In the first part, local motions are selected by the proposed
local motion selection method (Section 3.2). In the second part, local motions are emphasized by adding local motion descriptors to full motion
descriptors using the multiple kernel method. Finally, the classification is performed using the group sparse representation with the multiple kernel
method. The right figure shows the group sparse representation of a test sample and decision scores based on training samples in each class.

lower performance than other two methods. It illustrates the
fact that the solution has a certain group sparse structure. It is
a motivation for the proposed classification method based on
group sparsity.

2.2. Baseline Method - Dense Trajectories

We adopt the dense trajectory approach by Wang et al. [3]
to generate motion descriptors and it is briefly introduced in
this section. Note that our approach can be applied to any local
patch trajectories. Feature points are sampled in eight spatial
scales with a grid spaced by W pixels and each point P, =
(z¢,y:) at frame ¢ is tracked to the next frame ¢ + 1 by median
filtering of a dense optical flow field w; = (ug, vy).

Pt+1 = (xt-‘rla Z/t-i—l) = (xtvyt) + (M * wt)|(:it,?;_lt)7 (H

where M is the median filtering kernel whose size is IV, X N,,
pixels and (Z;, %) is the rounded position of P;. Points of
subsequent frames are concatenated to form a trajectory 7 =
(Py, Piy1, Piyo, . ..). To extract a dense optical flow, the algo-
rithm by Férneback [17] is adopted.

In the point tracking process, the effects of noise, light con-
ditions, and other factors appear in the form of a drift which is
an accumulation of small errors. To avoid this drifting prob-
lem, the maximum length of a trajectory is limited to L. Also,
trajectories with sudden large or small displacements are re-
moved, since trajectories with small displacements do not con-
tain significant motion information and trajectories with sudden
large displacements are most likely to be erroneous. A trajec-
tory is considered to have a small displacement, if the diame-
ter of the smallest region containing the trajectory is less than
Noin pixels. A trajectory has a large displacement, if the di-
ameter of the smallest region containing the trajectory is larger
than V4, pixels or the displacement vector between two con-
secutive frames is larger than a threshold .

After tracking feature points, the shape of a trajectory, called
TrajShape, is described by concatenating a set of displacement
vectors APt = (Pt+1 — Pt) = (.’L’t+1 — Tty Yt+1 — yt) In order

to make a trajectory shape descriptor invariant to scale changes,
a concatenated vector is normalized by the overall magnitude of
motion displacements:

[APta T 7APt+L—1}

s = — . 2)
S AR

Also, the local motion and appearance in a 3D video volume
around a trajectory are described by a histogram of oriented
gradients (HOG) [5], a histogram of optical flow (HOF), and a
motion boundary histogram (MBH). HOG encodes the local ap-
pearance information, while HOF and MBH capture local mo-
tion patterns. A 3D video volume, which has the size of N x N
pixels and L frames, is subdivided into n, X n, x n, cells and
each feature is computed at each cell. For HOG, gradient ori-
entations are quantized into eight bins. HOF has nine bins in
total, with one extra bin for zero angle. Both descriptors are
normalized with their /s norm. MBH computes a histogram
based on the derivatives of optical flows on both horizontal and
vertical components. Like HOG, eight bins are used to quan-
tize orientations and values are normalized using the /s norm.
Although the descriptors have been shown to be effective for
action recognition in unconstrained videos, they are still con-
taminated by many global motion patterns generated by camera
motion and background motions. The proposed local motion
emphasis method alleviates the effect of the contaminated de-
scriptors using local motion descriptors, which improve the ac-
tion recognition performance as shown in Section 5.

3. Motion Clustering and Local Motion Selection

Since the number of motion clusters of trajectories is not
available, motion clustering is a challenging task. We propose
anew motion clustering method using group sparsity. The main
idea is that given a set of trajectories which begin at the same
frame, the proposed motion clustering method selects a few key
trajectories, which can represent all other trajectories and as-
signs the membership based on the similarity to the key trajec-
tories.



3.1. Motion Clustering

Let S = [s1,s2,...,8,] € R™*P be a feature matrix con-
sisting of p TrajShape descriptors, where m is the dimension-
ality of a TrajShape descriptor. In general, selecting similar
samples with the sparse representation can be formulated as

.1
min o [|S — SR|% + &l R, 3)

where R = [r;;] € RP*P i =1,...,p,j =1,...,pand k
is a regularization parameter. The Frobenius norm ||R| F is

defined as ||R|[r = /3, ;r7; and the [; norm is defined as
[R[[x = >,  [rij|. However, the problem (3) does not exclude
a trivial solution, i.e., an identity matrix I. (I makes the first
term of (3) to zero and is also very sparse.) Hence, to avoid this
trivial solution, we modify the /; norm constraint in (3) into the
l>,1 norm, defined as | R |21 = >_5_, ||ri||2, where r; denotes
the i-th row of R. The problem is now reformulated as:

o1
min 7 [|S — SR + #|[R|2,1- “)

With this I3 ; norm constraint, the solution contains many zero-
valued rows in R, i.e., row sparsity. Notice that S plays a role as
a set of bases and R corresponds to a set of coefficients. Hence,
the absolute values of elements in R represent the connectivity
between trajectories [15].

For example, assuming that there are nine trajectories which
begin at frame ¢ as shown in the left of Figure 2, we can obtain
a trajectory shape matrix S. By solving (4), we can also obtain
a coefficient matrix R as shown in the bottom of the motion
clustering box in Figure 2. The white color in matrix R indi-
cates that the value is “0” and the darker the color is, the higher
the value is. In this example, the coefficient matrix R has zero
values except for three rows. Since an entry in R indicates the
connectivity between a pair of trajectories [15], we can say that
there are three key trajectories, i.e., 73, 77 and Tg. The remain-
ing trajectories are related to the key trajectories and |r;;| rep-
resents the relationship between trajectory ¢ and trajectory j as
shown in the motion clustering box of Figure 2, where the width
of a line indicates the strength of the connectivity between two
trajectories. The coefficient R obtained from (4) has row spar-
sity, but all the values in the selected rows can be dense. It
means that all trajectories have connections with selected key
trajectories. Therefore, we can not directly use R for trajectory
clustering.

The subspace clustering method from [15] uses coefficients
to define an affinity matrix of an undirected graph and performs
the normalized cut [16] on this graph. However, the normal-
ized cut is computationally expensive. To efficiently solve this
problem, we assign the membership of trajectories based on the
key trajectory with the highest connection, i.e., the highest |r;;|
value, as shown in third stage of motion clustering process in
Figure 2. In our example, three clusters based on three key tra-
jectories T3, T7, and Tg can be made as C* = {73, 73},C% =
{T1,T1,Ts5,Ts, Tr}, and C3 = {Tg}. Since our goal is to isolate
the local motion from global motion and emphasize them, the
proposed greedy motion clustering is sufficient.

From now on, we explain how to obtain a solution for (4).
The l5 ; norm is indeed a general version of the /; norm since
if R is a vector, then ||R||21 = ||R||1. In addition, |R]21
is equivalent to ||d||; by constructing a new vector d € RP
with d; = |lr;||2. Although there exist general optimization
algorithms for solving (4), such as a subgradient based algo-
rithm, the convergence rate can be quite slow since ||R||21 is
nonsmooth. Recently, Beck et al. [11] proposed an efficient al-
gorithm for solving a nonsmooth convex optimization problem
with a guaranteed convergence rate of O(1/K?), where K is
the number of iterations. Following the framework of [11], let
us consider f(R) = ||S—SR||% and g(R) = &||R||2,1 and ap-
ply a proximal regularization of the linearized function of f(R)
at a given point Z:

n
Wy(R,Z) := f(Z)+(Vf(Z), R = Z)+5 | R=Z[F+5]R |21,
&)
which has a unique minimizer p, (R) := arg ming {W, (R, Z)}.
With simple algebra (ignoring constant terms in Z), we can ob-

tain
2
b
F

(6)
where 7 is a Lipschitz constant of the gradient V f(Z) and plays
a role as a step size in optimization. We set 7 to 2\, (ST'S)
according to [11], where A4, (A) is the maximum eigenvalue
of A. Finally, by representing (Z - %Vf(Z)) as Q and
as 7, the closed form solution of (6) can be obtained by the
following theorem [18]:

py(R) = arg min {;g(R) + % HR - <z - ;Vf(Z))

Theorem 1. Let Q = [qi1,q2,...,q;,-. .7 be a given matrix

and || - || F be the Frobenius norm. If the optimal solution of
. 1 2
min7[[Rl21 + SR — QllF o

is R*, then the i-th row of R* is

aill <7
otherwise.

0
=0 @®)
: {(1 —r/llasl)as,

The motion clustering algorithm is summarized in Algo-
rithm 1.

3.2. Local Motion Selection

In the preceding section, we have explained how to cluster
similar trajectories in an unsupervised manner. In this section,
we focus on the selection of local motion using the fact that
trajectories corresponding to one local motion pattern are spa-
tially concentrated, while trajectories with global motion pat-
terns, e.g., camera motion, are spatially spread apart. A motion
cluster is selected as local motion if it has more than one mem-
ber trajectory and spatial standard deviations of member tra-
jectories do not exceed user defined thresholds (5, 3,) which
are chosen experimentally. In our example shown in Figure 2,
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Figure 2: An illustration of the proposed unsupervised motion clustering method. The proposed motion clustering method selects a few key
trajectories (73, 77 and Ts in this example) by solving (4) and assigns the membership of remaining trajectories based on the similarity to the key
trajectories. Different colors indicate different motion clusters. (For interpretation of the references to color in this figure caption, the reader is

referred to the web version of this article.)

Algorithm 1 Motion Clustering Algorithm

Algorithm 2 Local Motion Selection Algorithm

Input: S, Ry, 7,k >0, K

Output: A set of motion clusters C = {C°|c =1,..., N}
1: Initialize Zg = Rg,tg = 1,k = 0.
2. fork=0,1,2,..., K — 1do
3: Calculate Ry by (6), (7), and (8).

1+4/1+4t2

4: thy1 = 5
5: Ziy1 =R+ (ttl;illl) (Rk+1 — Ry)
6: end for

7: Assign the membership of trajectories using values of Ry
as shown in Figure 2.

member trajectories of C? = {71,741, 75, Ts, Tr} are widely
spread apart in the image plane. Therefore, C? is regarded as
a global motion cluster. Since C* = {73} consists of a single
trajectory, it is not considered as a local motion. Trajectories
in C! = {73, T3} are spatially concentrated around the key tra-
jectory 7T, hence, C! is selected as a local motion cluster. The
local motion selection process is described in Algorithm 2 and
this local motion selection process is repeatedly performed at
every frame.

Figure 3 shows examples of results from the local motion
selection algorithm. Green points in Figure 3(a) represent posi-
tions of all trajectories. As shown in Figure 3, there are many
trajectories generated by global motion. Although a bag of
words (BoW) based approach is robust against outliers [19], it
is clear that local motions characterizing an action are contam-
inated by indistinct global motions. Red points in Figure 3(b)
represent positions of trajectories corresponding to local motion
selected by Algorithm 2. As shown in Figure 3, the proposed

Input: Motion Clusters C = {C¢|lc = 1,...,N.}, 8 =
(B, By)-
Output: A set of local motion clusters 7
T =0
2 forallce {1,...,N.} do
3: if std(C°) < B and |C¢| > 1 then
4: T =T'Uce.
5: end if
6: end for

local motion selection method can select important local mo-
tions.

4. Local Motion Emphasis and Kernel Group Sparse Rep-
resentation

4.1. Local Motion Emphasis

We use the BoW approach which represents a video as an
orderless distribution of visual words. We separately create a
visual vocabulary for each descriptor type. We fix the number
of visual words per descriptor to 1,000 or 4,000. To limit the
complexity, we cluster a subset of 100,000 randomly selected
training descriptors using k-means. We perform k-means five
times with random initials and keep the result with the low-
est error. Descriptors are assigned to their closest vocabulary
word using the Euclidean distance. The resulting frequency
histograms of visual word occurrences are used as features for
action classification of a video clip. To preserve the informa-
tion of local motion patterns, we separately create two types
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Figure 3: Examples of local motion selection by Algorithm 2. Green points in (a) represent positions of full motion trajectories. Red points in (b)
represent positions of local motion trajectories selected by the algorithm. (For interpretation of the references to color in this figure caption, the

reader is referred to the web version of this article.)

of frequency histograms, i.e., full and local motions. To com-
bine multiple frequency histograms, we use the multiple kernel
method from [12]. Each frequency histogram for each descrip-
tor type corresponds to one channel. That is, in our case, we
have a total of eight channels and they are TrajShape, HOG,
HOF, MBH descriptors of full and local motions, respectively.

The distinctive feature of our method is that, in addition
to frequency histograms of full motion descriptors, we use fre-
quency histograms of the selected local motion descriptors. Since
full motion descriptors already include local motion descrip-
tors, we are biasing the distance between samples by emphasiz-
ing the local motion information. By emphasizing local motion
when calculating the distance between samples, it relatively al-
leviates the effect of global motion. We compare feature dis-
tributions using the exponential y? distance with the multiple
kernel method [12] as follows:

1 1
K(x;,%x;) = exp <_F Z Q—Dc(xi,xj)> , 9)

€ =1

where D, (x;,x;) is x? distance [19] for channel ¢, and €2, is
the mean value of x? distances between training samples for
the c-th channel.

4.2. Kernel Group Sparse (KGS) Representation for Classifi-
cation

As shown in [6], sparse representation uses only basis vec-
tors that can most compactly represent a signal and it is natu-
rally discriminative. However, a general sparse representation
has a limitation that it needs training samples to span the sam-
ple space well enough. It can perform poorly when there are a
lot of intra-class variations. In this paper, we extend the group

sparse representation approach to action recognition using the
multiple kernel method.

Let X = [Xy,...,X ] € R™*P be a training feature ma-
trix which is generated by concatenating training samples of J
classes, i.e., X; € R™*P1 X ; € R™*P7 where m is the
dimensionality of a training sample, p; is the number of train-
ing samples in class 7, and Z;—Ll p; = p is the total number
of training samples. Given a test sample y € R™, our group
sparse representation is formulated as

w

1 J 2 J
min 5 y—lejwj +ulele||2, (10)
J= 9 J=

where w; € RP7, and p is a regularization parameter. While
(10) is similar to (4), there is a difference in the group struc-
ture. While a row of R makes one group in (4), the coeffi-
cient vector w; for the j-th class in training samples makes one
group in (10). We can solve (10) using the APG method as
discussed in Section 3.1. However, this algorithm is developed
for sparse representation of raw vector based features, while
we have multiple features, i.e., TrajShapes, HOGs, HOFs, and
MBHs. Hence, it requires a method to combine multiple fea-
tures. For the purpose of combining multiple features, we mod-
ify the general APG method using the kernel trick as done in
[7] for object recognition.

A kernel approach uses a non-linear kernel function ¢(-)
to map training and test samples from the original space to a
higher dimensional feature space. The kernel trick enable us to
operate in the feature space by computing inner products using
a kernel function, instead of performing operations in the high-
dimensional feature space, i.e., K(x;,x;) = ¢(x;)T ¢(x;) for
a given kernel function K. Many algorithms, such as a non-



linear SVM [20] and kernel principal component analysis [21],
have used this kernel trick and demonstrated better performance
compared to non-kernel methods. In this paper, we also apply
the kernel trick to (10) with a kernel function ¢(-). It can be
represented as

w

2
1 J J
min o é(y) = D oXwy| + ) Iwill,, (D)
j=1

Jj=1 9

where ¢(X;) = [¢(Xjp,), .., 0(X;p,)]. When solving (11)
using APG, there is a gradient mapping step, i.e., Vf(:) =
—o(X)To(y) + ¢(X)T ¢(X) which involves inner products of
features. We can straightforwardly apply the kernel trick here.
Let G = ¢(X)T6(X) with 6(X) = [6(X1), - , $(X)] be
the training kernel matrix, and h = ¢(X)? ¢(y) be the test ker-
nel vector. Then we can have V f(-) = —h+ G instead of inner
products of features.

Using only the optimal coefficients w; associated with the
j-th class, one can approximate y of a test sample as ¢(y) =
¢(X;)w; and the reconstruction error using training samples
in the j-th class is determined as

Ej = [éy) = o(X))%;ll; 1)
= Kmax — thWj -+ WJTG]'W]',

where K,y is the maximum value of the kernel function, h; =

#(y)T¢(X;) indicates elements of h associated with the j-th

class, and G; = ¢(X;)T¢(X;) is the block diagonal of G

associated with the j-th class.

To use the spare representation method for video index-
ing and retrieval, we need a score function for a positive de-
cision. For example, in some datasets in Section 5, each class is
modeled by an independent binary classification problem, i.e.,
positive and negative classes, and the performance is evaluated
by computing the average precision (AP), which approximates
the area under a recall-precision curve for each action class
[22, 23]. We define the score function as

_ Kiax — min(Ej, )
Z{:l(Kmax — min(E;, 7))

where min(F;, ) is a truncated error function with 0 < v <
Kax for limiting the maximum error and robust classification.
The score function returns a relative score on the j-th class com-
pared to all classes in training samples. That is, the decision
score of the j-th class increases if the reconstruction error of
the j-th class, E;, decreases or the reconstruction error of the
remaining classes, Ej;, increases, and vice versa. Figure 4
shows an example of the score function for the positive class
in a binary classification problem. As shown in this figure, the
score is proportional to the reconstruction error of a negative
class, F'n, and inversely proportional to the reconstruction er-
ror of a positive class, Fp, as expected. For a multi-class prob-
lem, the class with the highest score is chosen as a solution,
ie., j* = argmax; f(Ej;-). We demonstrate that the proposed
score function shows good performance with group sparse rep-
resentation in Section 5.
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Figure 4: An example of a score function (13) for a binary classifi-
cation. A binary classification can be done by thresholding the score.
FEp is the reconstruction error using positive training samples and E'n
is the reconstruction error using negative training samples.

5. Experiment

In this section, we demonstrate that the local motion se-
lection and emphasis methods can improve the performance in
dynamic action recognition and the group sparse representation
with the multiple kernel method outperforms a nonlinear SVM
method in most cases. We follow the experiment setup of [3]
and extensively evaluate the proposed method on five popular
benchmark datasets: Hollywood2 [22], Olympic Sports [13],
UCF11 [24], UCF Sports [25], and KTH [26] datasets. We
compare our method to the baseline method [3] and other state-
of-the-art results. For experiments, we use default parameters
as N, = 3, Nmin = 3, Njpae =50, L =15, N =32, n, = 2,
n, = 3, and the threshold « for removing a large displacement
between two consecutive frames is 70% of the overall displace-
ment of the trajectory. The sampling step size is set to W = 10
pixels, instead of W = 5 as in [3], because W = 5 is extremely
dense and W = 10 does not make a big performance reduction
as shown in [3]. For comparison, we report the results from [3]
which is based on denser sampling with W = 5. The spatial
threshold parameters (3, 3,) are chosen experimentally and
they are set to 15% of the width and height of a frame, respec-
tively. The regularization parameter ~ in (4) is set to 0.1, p in
(10) is set to 0.001, and ~ in (12) is set to 0.99.

We evaluate the performance of each individual descrip-
tor, i.e., TrajShape, HOG, HOF, and MBH, and two differ-
ent combinations of descriptors. The first combination (Comb.
1) is TrajShape, HOG, and MBH and the second combination
(Comb. 2) is TrajShape, HOG, HOF, and MBH. Also, the pro-
posed method can have three different types of descriptors, i.e.,
full motion descriptors, selected local motion descriptors, and
emphasized motion descriptors obtained by combining local
motion descriptors and full motion descriptors. We call them
“F”, “L”, and “ME”, respectively. Therefore, there are six dif-
ferent combinations when combined with two different classifi-



Table 1: Statistics of selected local motion descriptors

Dataset | No. of LMDs | No. of FMDs | ASR |
Hollywood2 7717375 | 41,183,453 | 21.8%
Olympic Sports || 2,349,940 15,705,422 | 21.6%
UCF11 2,524,486 14,976,537 | 26.9%
UCF Sports 470,461 1,998,232 | 32.2%
KTH 396,408 1,062,059 | 40.4%

cation methods, i.e., an SVM and kernel group sparsity (KGS)
and they are F-SVM, L-SVM, ME-SVM, F-KGS, L-KGS, and
ME-KGS. For example, “F-SVM” means that we have used full
motion descriptors and an SVM classifier for action recogni-
tion.

5.1. Statistics of Selected Local Motion Descriptors

Before evaluating the performance, we investigate the por-
tion of selected local motion descriptors compared to full mo-
tion descriptors. Some videos have a large number of global
movements, e.g., Hollywood2 [22] and Olympic Sports [13]
datasets. In this case, we uniformly select 50,000 trajectories
among all trajectories obtained from the video and perform mo-
tion clustering. Table 1 shows a statistics of selected local mo-
tion descriptors on five datasets. In Table 1, the second column
and the third column show the number of local motion descrip-
tors (LMDs) selected by local motion selection and the number
of full motion descriptors (FMDs) obtained from all samples in
each dataset, respectively. We calculate an average selection ra-
tio (ASR) of the number of selected local motion descriptors to
the number of full motion descriptors obtained from each video.
The third column shows ASRs on five datasets and we can find
that the proposed local motion selection method selects only a
small fraction of descriptors.

5.2. Hollywood?2 Dataset

The Hollywood2 dataset [22] has been collected from 69
different Hollywood movies. There are 12 action classes: an-
swering the phone, driving car, eating, fighting, getting out of
car, hand shaking, hugging, kissing, running, sitting down, sit-
ting up, and standing up (see Figure 5). A total of 1,707 video
sequences are divided into a training set (823 sequences) and a
test set (884 sequences). Training and test sequences come from
different movies. The performance is evaluated by computing
the average precision (AP) for each action class and reporting
the mean AP over all classes (mAP) as in [23].

We evaluate the performance with 1,000 visual words and
4,000 visual words, respectively. As shown in Table 2, ME-
KGS, which is one of the proposed combinations, significantly
outperforms F-SVM, regardless of the type of descriptors. Even
some cases, the proposed method using local motion descrip-
tors show better performance than F-SVM, despite the fact that
only 21.8% of descriptors are used in our algorithm. It demon-
strates that the proposed motion selection method can effec-
tively select important local motions. Also, since the result

‘Swingh

o M

Running Boxing Waving

Figure 5: Examples of of Hollywood2 (first row), Olympic Sports (sec-
ond row), UCF11 (third row), UCF Sports (fourth row), and KTH (last
row) action datasets.

shows that ME-SVM and ME-KGS are better than F-SVM and
F-KGS, respectively, we can say that the proposed motion em-
phasis method makes the descriptors more robust. Looking at
the impact according to classification methods, in most case the
proposed KGS is better than an SVM, and ME-KGS is the best.
Table 3 shows the performance for each action of ME-KGS and
F-SVM with Comb. 2 and 4,000 visual words. Although the
performance on “AnswerPhone” and “HugPerson” decreases,
the amount of reduction is not significant. Surprisingly, ME-
KGS outperforms the baseline method [3] which is obtained
from more dense sampling with W = 5. As shown in Table 2,
when we use the proposed KGS, the performance with Comb. 2
and 4,000 visual words in the local motion case is almost simi-
lar to that reported in [3] with W = 5. Considering the fact that
we use W = 10, the results are very promising.

5.3. Olympic Sports Dataset

The Olympic Sports dataset [13] consists of athletes prac-
ticing different sports, which are collected from YouTube and
annotated using Amazon Mechanical Turk. There are 16 sports
actions: high-jump, long-jump, triple-jump, pole vault, gym-
nastics vault, shot put, snatch, clean-jerk, javelin throw, ham-
mer throw, discus throw, diving platform, diving springboard,
basketball lay-up, bowling, and tennis serve, represented by a
total of 773 video sequences. We use 649 sequences for training
and 134 sequences for testing as recommended by the authors
[13]. We report the mean average precision over all classes
(mAP) as in [23].



Table 2: Evaluation of the proposed method on the Hollywood?2 dataset (mAP)

Descriptor SVM, 1000 KGS, 1000 SVM, 4000 KGS, 4000
F(baseline) L ME F L ME || F(baseline) L ME F L ME
TrajShape 44.5 433 48.6 | 443 443 49.5 46.1 45.6 50.1 | 460 46.2 51.0
HOG 36.2 37.8 39.2 | 372 382 39.8 39.8 40.3 420|399 412 432
HOF 45.2 436 474 | 455 441 48.1 48.7 474 509 | 490 476 513
MBH 50.0 474 522 | 506 484 52.8 51.8 50.2 547 | 524 509 55.7
Comb. 1 53.9 54.1 57.0 | 55.1 55.8 58.7 55.0 553 57.8 | 56.1 57.6 599
Comb. 2 54.8 546 574|556 563 59.2 56.0 56.0 58.7 | 56.8 582 60.5

Table 3: Comparison to the method by Want et al. [3] on the Hollywood2 dataset for each action (AP for Comb. 2 and 4,000 visual words)

Action ME-KGS F-SVM Wang et al. Action ME-KGS F-SVM Wang et al.

W =10) | (W =10) | (W =5)[3] W =10) | (W =10) | (W =5)][3]
AnswerPhone 25.4 27.7 32.6 HugPerson 48.3 51.9 54.2
DriveCar 93.5 91.2 88.0 Kiss 65.7 64.5 65.8
Eat 75.6 68.2 65.2 Run 85.9 83.8 82.1
FightPerson 83.9 81.0 81.4 SitDown 68.5 63.2 62.5
GetOutCar 52.1 46.2 52.7 SitUp 224 4.2 20.0
HandShake 34.6 235 29.6 StandUp 69.8 66.4 65.2
mAP 60.5 56.0 58.3

On this dataset, the proposed method shows more improve-
ments than the Hollywood2 dataset. As shown in Table 4, in
case of Comb. 1 with 1,000 visual words, ME-KGS outper-
forms F-SVM by 9.5% and with 4,000 visual words the im-
provement is 6.8%. Except for cases of HOG and Comb. 1
based on local motion, all combinations of the proposed meth-
ods show better performance than that of F-SVM and the de-
crease for HOG and Comb. 1 is only 0.1% ~ 1%. Espe-
cially, considering that the number of local motion descriptors
is small, i.e., 21.6%, and many video clips in this dataset are
heavily polluted by camera motion, this result shows that the
proposed methods are robust for a realistic video with a dy-
namic scene. Table 5 is the comparison of ME-KGS, F-SVM
and the method by Niebles et al. [13], where Olympic Sports
dataset is first used. ME-KGS achieves the best performance in
terms of mAP and the performance gap between ME-KGS and
Niebles’s method is 10.7%.

5.4. UCF11 Dataset

The UCF11 dataset [24] contains 11 action categories: bik-
ing/cycling, diving, golf swinging, soccer juggling, trampoline
jumping, horse riding, basketball shooting, volleyball spiking,
swinging, tennis swinging, and walking with a dog (see Fig-
ure 5). This dataset is challenging due to large variations in
camera motion, object appearance and pose, object scale, view-
point, cluttered background, and illumination conditions. The
dataset contains a total of 1,597 sequences. We follow the orig-
inal setup [24] using the leave one out cross validation for a

pre-defined set of 25 folds. Average accuracy over all classes is
reported as a performance measure.

From Table 6, we can reach the same conclusion that the
proposed motion selection and emphasis methods make descrip-
tors robust and KGS significantly outperforms an SVM. Fig-
ure 6 shows confusion matrices on the UCF11 dataset. The con-
fusion matrix in the left is obtained from F-SVM with Comb. 2
and 4,000 visual words and the confusion matrix in the right is
obtained using ME-KGS with Comb. 2 and 4,000 visual words.
ME-KGS improves the performance for Riding, Biking, Spik-
ing, and Tennis classes which have a lot of global motion due
to global movements of actors in a video. It demonstrates our
claim that in general the information about local motion is more
important than global motion, hence, local motion has to be em-
phasized for robust action recognition.

5.5. UCF Sports Dataset

The UCF Sports dataset [25] contains ten human actions:
diving, golf swinging, kicking, weight-lifting, horse-riding, run-
ning, skateboarding, swinging on the pommel horse (swing-
bench), swinging at the high bar (swing-side), and walking. The
dataset consists of 150 video samples which show a large intra-
class variability. To increase the amount of data samples, we ex-
tend the dataset by adding a horizontally flipped version of each
sequence to the dataset. We train a multi-class classifier and
report average accuracy over all classes. We use the leave-one-
out setup, i.e., testing on each original sequence while training
on all the other sequences together with their flipped versions.



Table 4: Evaluation of the proposed method on the Olympic Sports dataset (mAP)

Descriptor SVM, 1000 KGS, 1000 SVM, 4000 KGS, 4000
F(baseline) L ME F L ME || F(baseline) L ME F L ME
TrajShape 54.7 587 60.1 | 59.5 64.8 66.2 56.4 60.2 615|619 648 679
HOG 65.6 63.8 64.8 | 67.2 689 71.5 65.4 644 669 | 70.1 69.1 722
HOF 53.5 579 569 | 558 60.7 612 54.3 579 569 | 574 62.1 60.7
MBH 67.5 70.2 71.6 | 69.8 771 76.0 67.8 713 71.1 | 71.9 77.8 76.6
Comb. 1 71.5 753 757 | 783 819 81.0 74.0 739 759 | 81.0 82.0 82.8
Comb. 2 70.4 747 732 | 773 81.5 80.7 71.7 733 749 | 796 809 813

Table 5: Comparison to the method by Niebles et al. [13] on the Olympic Sports dataset (AP for Comb. 1 and 4,000 visual words)

Action ME-KGS | F-sVM | Tiebles Action ME-KGS | F-svM | Tiebles

etal. [13] etal. [13]
high jump 60.9 59.9 68.9 javelin throw 100 100 74.6
long jump 95.2 85.7 74.8 hammer throw 84.6 78.5 71.5
triple jump 67.7 60.7 523 discus throw 88.5 91.1 58.5
pole vault 64.9 63.8 82.0 diving platform 98.9 922 87.2
gymnastics vault 80.2 80.7 86.1 diving springboard 100 100 77.2
shot put 68.9 62.8 62.1 basketball layup 97.1 7.5 77.9
snatch 66.9 67.5 69.2 bowling 77.0 73.3 72.7
clean and jerk 71.9 73.4 84.1 tennis serve 96.4 87.2 49.1
mAP 82.8 74.0 72.1

Note that the flipped version of the tested sequence is removed
from the training set as in [3].

As can be seen in Table 7, the difference is rather small on
UCEF Sports, which is largely due to the leave-one-out setting,
e.g., 298 videos are used for training and only two are used for
testing. Nevertheless, with Comb. 2 and 4,000 visual words,
ME-KGS outperforms F-SVM by 1.7 %. The best is 90.3%
when we use L-KGS with Comb. 1 and 1,000 visual words.
Interestingly, when comparing two confusion matrices of ME-
KGS and F-SVM with Comb. 2 and 4,000 visual words, we
can find that there is no performance degradation in all action
classes as shown in Figure 7.

5.6. KTH Dataset

The KTH dataset [26] consists of six human action classes:
walking, jogging, running, boxing, waving and clapping. Each
action is performed several times by 25 subjects. The sequences
were recorded in four different scenarios: outdoors, outdoors
with scale variation, outdoors with different clothes, and in-
doors. The background is homogeneous and static in most se-
quences. In total, the dataset consists of 2,391 video samples.
We follow the original experimental setup of the authors, i.e.,
divide the samples into a test set (9 subjects) and a training set
(the remaining 16 subjects). As in the initial paper [26], we
report average accuracy over all classes as a performance mea-
sure.

Unlike other four datasets, the performance gain by the pro-
posed method is not significant (see Table 8). Since the KTH
dataset has very similar artificial camera motions in both train-
ing and test samples and the background is clear, all descriptors
obtained from a video have discriminative information. There-
fore, selecting a small number of descriptors makes information
loss and it causes a reduction in performance. Nevertheless, the
local motion emphasis which uses local motion descriptors with
full motion descriptors can prevent the information loss. The
proposed motion emphasis method alleviates the risk coming
from incomplete motion separation and it makes action recog-
nition more robust.

5.7. Comparison to Other State-of-the-Art Algorithms

In this section, we compare our results using ME-KGS with
Comb. 2 and 4,000 words to the state-of-the-art algorithm for
each dataset. We can observe that the proposed method out-
performs the state-of-the-art algorithms on all datasets except
KTH. Table 9 shows mAP reported in the literature. On the
Hollywood2 dataset, we obtain 2.2% gain over [3]. This per-
formance gain is not trivial considering that we use descrip-
tors obtained from trajectories at a sparser sampling rate. On
the Olympic Sports dataset, we attain better results than all
the state-of-the-arts and the improvement is 4% (when we use
Comb. 1, a significant gain of 5.5% is achieved as shown in
Table 4). Table 10 shows average accuracies reported in the
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Table 6: Evaluation of the proposed method on the UCF11 dataset (Average Accuracy)

Descriptor SVM, 1000 KGS, 1000 SVM, 4000 KGS, 4000
F(baseline) L ME F L ME || F(baseline) L ME F L ME
TrajShape 65.9 68.9 70.6 | 645 669 705 65.5 67.6 69.5 | 65.1 669 69.2
HOG 72.8 735 754 | 737 759 711 74.0 746 76.1 | 750 772 1785
HOF 68.7 722 722 | 699 727 735 70.3 724 725 | 7277 740 757
MBH 76.7 779 79.6 | 80.1 79.2 822 77.2 715 79.2 | 80.8 80.1 813
Comb. 1 83.2 859 863 | 84.7 873 88.0 83.3 844 85.0 | 85.6 86.8 873
Comb. 2 82.7 845 859 | 845 864 86.6 82.6 832 845 | 84.8 86.2 86.1
UCF11/F-SVM /4000 Words UCF11/M-KGS /4000 Words
Shooting 05 04 04 01 03 01 .14 02 04 Shooting SN 04 04 07 01 04 01 a2 09 01
Biking 01 03 01 03 01 Biking Ol o1 01 06 03 01 .01 02 01
Diving 01 Diving 99 01
Golf .05 Golf .04 .01 .01 .01
Riding | 01 Riding | 01 .03 o0 Y 06
Juggle 03 Juggle 03 02 01 01 M 02 04 06 01
Swing | 01 swing | 01 04 o1 93 o1
Tennis .08 Tennis .04 .04 .04 .01 .01 .01 .84 .01
Jumping Jumping 07 03 91
Spiking 05 01 01 01 Spiking 01 .01 01 97
WalkDog 04 04 02 a4 WalkDog 01 05 01 02 15 02 74
Yooy, ny iy P Ty, g Sy Ty e, e Yok, Yooy, ny iy P Ty, a5 Sy Ty g, S, ok,

()

Figure 6: Two confusion matrices on the UCF11 dataset with Comb. 2 and 4,000 visual words. By comparing two confusion matrices, we can
observe that ME-KGS improves the performance for Riding, Biking, Spiking, and Tennis classes.

literature. On the UCF11 dataset, we outperform the state-of-
the-art [3] by over 1.9% (when we use Comb. 1, a significant
gain of 3.8% is achieved as shown in Table 6). On the UCF
Sports dataset, the proposed method achieves 89.7% which is
1.5% better than the state-of-the-art [3]. On this dataset, our
best performance is 90.3% with L-KGS using Comb. 1 and
1,000 words and the gain over [3] is 2.1%. Considering that
the experiment setting is the leave-one-out setting, the gain is
significantly meaningful. On the KTH dataset, the best is [27],
but the difference is only 0.3%.

5.8. Computational Complexity

Table 11 shows a detailed analysis of the computation time
of the proposed algorithm on the UCF Sport dataset with Comb.
2 and 4,000 words. Since the same descriptors are used in both
the baseline method and the proposed method, we focus on the
time spent for four major steps: generation of a full motion his-
togram (Hist. for FMDs), local motion selection (LMS), gener-

Table 9: Comparison to other existing algorithms (mAP)

Hollywood2 Olympic Sports
Taylor et al. [28] 46.6 Laptev etal. [29] 62.0
Wang et al. [19] 47.7 || Nieblesetal. [13] 72.1
Gilbert et al. [27] 50.9 Liu et al. [30] 74.4

Wang et al. [3] 58.3 || Brendel etal. [31] 77.3
Our method 60.5 H Our method 81.3

ation of a local motion histogram (Hist. for LMDs), and perfor-
mance evaluation (Classification) using the leave-one-out setup
explained in Section 5.5. We implemented the proposed algo-
rithm using MATLAB on a PC with a 3.4GHz quad-core Intel
17-2600 CPU. Also, we used a single core of the CPU for better
estimation of computation times.

As shown in Table 11, the relative time consumption for
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Table 7: Evaluation of the proposed method on the UCF Sports dataset (Average Accuracy)

Descriptor SVM, 1000 KGS, 1000 SVM, 4000 KGS, 4000
F(baseline) L ME F L ME || F(baseline) L ME F L ME
TrajShape 73.3 75.0 76.0 | 743 750 76.3 71.0 75.0 75.0 | 76,7 1783 77.0
HOG 81.7 82.0 833 | 82.0 823 84.7 81.7 81.7 82.7 | 83.0 843 85.0
HOF 78.7 79.7 80.7 | 783 833 83.7 78.3 76.3 81.0 | 80.0 81.0 81.7
MBH 83.3 87.7 87.0 | 87.0 88.0 873 84.0 843 85.0 | 853 883 873
Comb. 1 87.3 86.7 89.0 | 86.7 89.3 90.0 86.7 86.7 86.3 | 88.0 88.7 89.0
Comb. 2 88.0 87.3 88.7 | 87.3 903 89.7 88.0 86.0 87.7 | 88.7 88.7 89.7
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Figure 7: Two confusion matrices on the UCF Sports dataset with Comb. 2 and 4,000 visual words. Interestingly, when comparing two confusion
matrices of ME-KGS and F-SVM, we can find that there are no performance degradation in all action classes. (Swingb indicates swing-bench and

Swingh indicates swing-side.)

classification is negligible. Although the proposed motion em-
phasis method requires two additional steps for local motion se-
lection and a local motion histogram, a local motion histogram
can be computed simultaneously with the generation of a full
motion histogram and the extra computation time is only 0.03s
for a sample. Therefore, only additional cost of our algorithm
compared to the baseline algorithm [3] is for the local motion
selection step and it costs about 16.08% of the total compu-
tation time. In addition, if only local motion descriptors are
used, the average computation time for the histogram genera-
tion can be reduced from 172.95s to 44.25s, making the pro-
posed method faster than [3] even if we consider the time re-
quired for local motion selection (33.17s). Note that the pro-
posed method using only local motion features still outperforms
the baseline algorithm and competes well against other state-of-
the-art algorithms.
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6. Conclusion

In this paper, we have proposed a novel action recognition
method for a video with a dynamic scene. To recognize an
action in a dynamic scene, it is important to emphasize local
motion, since camera motion can dilute the motion character-
izing the action of interest. The proposed algorithm automat-
ically selects a small number of descriptors corresponding to
local motion using group sparsity and emphasizes them by the
multiple kernel method. For robust classification, we have ap-
plied the group sparse representation with the multiple kernel
method. Through extensive experiments, we have demonstrated
that the proposed local motion selection and emphasis can im-
prove the performance of action recognition by correcting the
distance between samples contaminated by global motion. In
most cases, the selected local motion descriptors show better
performance than that of using full motion descriptors. Fur-



Table 8: Evaluation of the proposed method on the KTH dataset (Average Accuracy)

Descriptor SVM, 1000 KGS, 1000 SVM, 4000 KGS, 4000
F(baseline) L ME F L ME || F(baseline) L ME F L ME
TrajShape 88.6 84.5 88.2 | 88.6 86.0 88.3 86.8 849 86.8 | 87.7 87.0 879
HOG 82.6 81.8 83.2 | 83.8 824 84.5 84.0 84.5 85.0 | 864 855 87.6
HOF 91.3 87.7 90.1 | 92.0 88.6 90.6 92.2 90.0 92.7 | 923 89.7 0918
MBH 93.0 90.6 93.0 | 943 90.8 93.5 94.2 926 943 | 944 92,6 94.0
Comb. 1 92.8 92.5 929|937 929 94.0 93.4 93.0 93.0 | 933 941 937
Comb. 2 93.2 92.1 928 | 928 92.8 93.6 93.4 93.0 932 (933 934 942
Table 10: Comparison to other existing algorithms (Average Accuracy)
UCF11 UCEF Sports KTH

Liu et al. [24] 71.2 Wang et al. [19] 85.6 || Laptevetal. [29] 91.8

Ikizler-Cinbis et al. [4] 75.21 || Kovashke et al. [32] 87.3 Yuan et al. [33] 93.3

Wang et al. [3] 84.2 Kiéser et al. [34] 86.7 || Gilbertetal. [27] 94.5

Wang et al. [3] 88.2 Wang et al. [3] 94.2

Our method 86.1 || Our method 89.7 || Ourmethod 942

thermore, the classification method using the group sparse rep-
resentation with the multiple kernel method dramatically im-
proves the action recognition performance.
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