1422

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 23, NO. 8, AUGUST 2013

Action Recognition Using Multilevel Features and
Latent Structural SVM
Xinxiao Wu, Dong Xu, Member, IEEE, Lixin Duan, Jiebo Luo, Fellow, IEEE, and Yunde Jia, Member, IEEE

Abstract—We first propose a new low-level visual feature,
called spatio-temporal context distribution feature of interest
points, to describe human actions. Each action video is expressed
as a set of relative XYT coordinates between pairwise interest
points in a local region. We learn a global Gaussian mixture
model (GMM) (referred to as a universal background model)
using the relative coordinate features from all the training videos,
and then we represent each video as the normalized parameters
of a video-specific GMM adapted from the global GMM. In order
to capture the spatio-temporal relationships at different levels,
multiple GMMs are utilized to describe the context distributions
of interest points over multiscale local regions. Motivated by the
observation that some actions share similar motion patterns, we
additionally propose a novel mid-level class correlation feature
to capture the semantic correlations between different action
classes. Each input action video is represented by a set of decision
values obtained from the pre-learned classifiers of all the action
classes, with each decision value measuring the likelihood that the
input video belongs to the corresponding action class. Moreover,
human actions are often associated with some specific natural
environments and also exhibit high correlation with particular
scene classes. It is therefore beneficial to utilize the contextual
scene information for action recognition. In this paper, we build
the high-level co-occurrence relationship between action classes
and scene classes to discover the mutual contextual constraints
between action and scene. By treating the scene class label as
a latent variable, we propose to use the latent structural SVM
(LSSVM) model to jointly capture the compatibility between multilevel action features (e.g., low-level visual context distribution
feature and the corresponding mid-level class correlation feature)
and action classes, the compatibility between multilevel scene
features (i.e., SIFT feature and the corresponding class correlation feature) and scene classes, and the contextual relationship
between action classes and scene classes. Extensive experiments
on UCF Sports, YouTube and UCF50 datasets demonstrate the
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effectiveness of the proposed multilevel features and action-scene
interaction based LSSVM model for human action recognition.
Moreover, our method generally achieves higher recognition
accuracy than other state-of-the-art methods on these datasets.
Index Terms—Action recognition, action-scene interaction, latent structural SVM, multilevel features.

I. Introduction

R

ECOGNIZING human actions from videos still remains
a challenging problem due to the large variations in
human appearance, posture and body size within the same
class. It also suffers from various factors such as cluttered
background, occlusion, camera movement and illumination
change. Many previous works can be roughly categorized
into model-based methods and appearance-based approaches.
Model-based methods [1], [2] usually rely on human body
tracking or pose estimation in order to model the dynamics
of individual body parts for action recognition. However,
it is still a non-trivial task to accurately detect and track
the body parts in unrestricted scenarios. Appearance-based
approaches mainly employ appearance features for action
recognition. For example, global space-time shape templates
from image sequences are used in [3]–[5] to describe an action.
However, in these methods, highly detailed silhouettes need
to be extracted, which may be very difficult in a realistic
video. Recently, approaches [6]–[8] based on local spatiotemporal interest points have shown much success in action
recognition. Compared to the space-time shape and tracking
based approaches, these methods do not require foreground
segmentation or body parts tracking, so they are more robust
to camera movement and low resolution. Each interest point
is represented by its location (i.e., XYT coordinates) in the
3-D space-time volume and its spatio-temporal appearance
information (e.g., the gray-level pixel values and 3DHoG).
Using only the appearance information of interest points, many
methods [6]–[8] model an action as a bag of independent and
orderless visual words without considering the spatio-temporal
contextual information of interest points.
In this paper, we first propose a new low-level visual
feature by using multiple Gaussian mixture models (GMMs)
to characterize the spatio-temporal context distributions about
the relative coordinates between pairwise interest points over
multiple space-time scales. Specifically, for each local region
(i.e., subvolume) in a video, the relative coordinates between a
pair of interest points in XYT space is considered as the spatiotemporal context feature. Then each action is represented by
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a set of context features extracted from all pairs of interest
points over all the local regions in a video volume. GMM
is adopted to model the distribution of context features for
each video. However, the context features from one video
may not contain sufficient information to robustly estimate
the parameters of GMM. Therefore, we first learn a global
GMM [referred to as universal background model (UBM)] by
using the context features from all the training videos and
then describe each video as a video-specific GMM adapted
from the global GMM via a maximum a posteriori (MAP)
adaptation process. In this paper, multiple GMMs are exploited
to cope with different levels of spatio-temporal contexts of
interest points from different space-time scales.
Due to the biological and kinematic constraints in natural human movements, different action classes may have
some similar motion patterns. For example, the actions of
walking, jogging, and running share the typical motions of
hands and legs, so it is beneficial to develop a descriptor
for jogging by capturing the jogging–walking and jogging–
running correlations. In our initial conference paper [9], we
have developed a new learning method called multiple kernel
learning with augmented features to learn an adapted classifier
by leveraging the pre-learned classifiers of other action classes
in order to exploit such correlations between different action
classes. According to the resultant optimization problem [9],
the decision values from these pre-learnt classifiers are used
as features which can improve the recognition performance.
In this paper, we therefore directly utilize a set of decision
values as a mid-level class correlation feature in which each
decision value is determined by the pre-learned classifier of
the corresponding action class. The higher the correlation is,
the larger the decision value becomes. Compared with the lowlevel visual feature, this decision value based feature describes
higher level relationship among different action classes with
more discriminative power and robustness.
Human actions are frequently associated with some specific
natural environments, and exhibit co-occur relationship with
particular scene classes. For example, the swing action often
happens in a scene with a pool while it is common that the
football action is with a football field. So if there is a football
field within the scene, it is likely that there is a football
action in the video. On the contrary, if there is a pool in the
scene, the probability that the video belongs to the football
action reduces. It is therefore natural and reasonable to utilize
the scene information as a complementary clue for action
recognition in the video. In this paper, we extract the bag of
SIFT [10] descriptors from several frames randomly selected
from the whole action video to describe the scene. Similarly,
we also employ the mid-level class correlation feature of
scene. The contextual relationship between action classes and
scene classes is formulated by a contextual co-occurrence
function of action labels and scene labels in an LSSVM model.
Different from most of previous work [11], [12], we use
LSSVM to jointly model the compatibility between multilevel
action features and action classes, the compatibility between
multilevel scene features and scene classes, and the contextual
relationship between action classes and scene classes. In
this paper, the scene label is treated as a latent variable
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and inferred implicitly during both learning and inference
processes.
II. Related Work
A. Low-Level Spatio-Temporal Contextual Feature
Human action recognition from videos has attracted much
attention in recent years [13] and how to extract discriminative
and robust visual features has become an important issue.
Many researchers have exploited the spatial and temporal
context as another type of information for describing interest
points. Kovashka and Grauman [14] exploited multiple
bag-of-words models to represent the hierarchy of space-time
configurations at different scales. Savarese et al. [15] used a
local histogram to capture co-occurrences of interest points
from the same visual word in a local region, and concatenated
all the local histograms into a lengthy descriptor. Ryoo and
Aggarwal
[16]
proposed
a
so-called
feature×feature×relationship histogram to capture both appearance and relationship information between pairwise visual
words. All these methods first utilize a vector quantization process to generate a codebook and adopt the bag-of-words representation. Then a contextual feature is designed to describe the
spatio-temporal context information between visual words. In
our work, we consider the relative XYT coordinates between
pair-wise interest points, and the spatio-temporal context
feature is directly extracted from the detected interest points
rather than the visual words, which is modeled by a GMM.
A global GMM represents the visual content of all the action
classes including possible variations on human appearances,
motion styles as well as environment conditions, and a videospecific GMM adapted from the global GMM provides additional information to distinguish the videos of different classes.
Bregonzio et al. [17] created clouds of interest points accumulated over multiple temporal scales, and extracted holistic
features of the clouds as the spatio-temporal information of
interest points. Zhang et al. [18] extracted motion words
from motion images and utilized relative locations between
the motion words and a reference point in a local region
to establish the spatio-temporal context information. These
methods above are based on some pre-processing steps such
as human body detection and foreground segmentation. It
will be shown that our method can still achieve promising
performance even in complex environments with changing
lighting and moving cameras without requiring any preprocessing steps. The methods in [19] and [20] proposed to
use the distribution of pairwise relationships between edge
primitivities to capture the shape of action in 2-D image. In
contrast to [19] and [20], the relationship between the interest
points in this paper is defined in 3-D video volume to capture
both motion and shape of action. Moreover, they described
the relational distribution just within the whole image, while
we used multiple GMMs to model the context distribution of
interest points at multiple space-time scales.
B. Mid-Level Semantic Feature
Related to our class correlation feature, several mid-level
semantic features such as concept score [21] and attribute
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feature [22]–[24] have shown promising results for abstracting
visual content and significantly improving the performance
in visual recognition. Xu and Chang [21] proposed concept
score features to characterize the semantic meaning of images
for video event recognition. Liu et al. [23] explored both
human-specified attribute and data-driven attribute classifiers
to describe human actions by considering multiple semantic
concepts. Farhadi et al. [22] used the L1-regularized logistic
regression as the feature selection method to learn the object
attributes that generalize well across different object categories. Parikh and Grauman [24] proposed relative attributes
to capture more general semantic relationships which enable
richer descriptions for images. Sadanand and Corso [25]
used a number of action templates to calculate the matching
values between the templates and an input action video.
The matching results measuring the correlations between the
templates and the input video are used to construct the final
feature vector. These methods need to additionally collect
huge labeled training data to learn the concept detectors,
attribute classifiers, or action templates. In contrast, we only
use the pre-learned classifiers from all the action classes
to exploit the semantic relationship among different action
classes. These pre-learned classifiers are obtained by using
the same training data as that used for learning the subsequent
LSSVM classifier, and we do not need to additionally collect
any training data in our work. Moreover, when compared
to the matching values from action templates in [25], the
decision values from the SVM classifiers in our method are
more discriminative to distinguish different actions.
C. Modeling the Scene and Action Interaction
Modeling of scene and action interaction has been explored
in a few recent papers. Ikizler-Cinbis and Sclaroff [12] extracted multiple features of people, objects and scene, and
then combined these features for classification using linear
SVM and multiple kernel learning methods in a multiple
instance learning framework. Different from their work, we
explicitly exploit the action-scene interaction by integrating
the contextual co-occurrence relationship into the LSSVM
model. Marszalek et al. [11] first used a text-mining approach
to discover the conditional probability matrix encoding the
relations between action and scene from movie script, and
then linearly combined the separately learned action classifier
and scene classifier according to the conditional probability.
In our work, the action classifier, the scene classifier and the
interaction between action and scene are jointly modeled in a
unified framework. Therefore, the action and scene classifiers
as well as action-scene interaction function are simultaneously
learned during the optimization process. Moreover, we treat
the scene label as a latent variable and do not require the
ground truth of the scene label in the training data.

III. Multilevel Features for Action Description
A. Low-Level Spatio-Temporal Context Distribution Feature
We use the interest point detector proposed by
Dollar et al. [6] which respectively employs 2-D Gaussian

Fig. 1. Samples of detected interest points of handclapping, handwaving,
and running.

filter in the spatial direction and 1-D Gabor filter in the
temporal direction. The two separate filters can produce high
response at points with significant spatio-temporal intensity
variations. Fig. 1 shows some examples of detected interest
points of human actions. The subfigures on the left column
represent the detected interest points (depicted by red squares)
in each frame from a video and the subfigures on the right
column show all the interest points (depicted by red dots)
from a video accumulated in one single image. It is worth
mentioning that most detected interest points are near the body
parts that have major contribution to the action classification.
1) Multiscale Spatio-Temporal Context Extraction: As an
important type of action representation, the spatio-temporal
context information of interest points characterizes both spatial
relative layout of human body parts and temporal evolution
of human poses. In order to represent the spatio-temporal
context between interest points, we propose a new local
spatio-temporal context feature using a set of XYT relative
coordinates between any pairs of interest points in a local
region. Suppose there are R interest points in a local region,
then the number of pairwise relative coordinates is R(R − 1).
For efficient computation and compact description, we define
a center interest point [Xc Yc Tc ]T as the mean value of all
the coordinates [Xi Yi Ti ]T , where [Xi Yi Ti ]T represent
the ith interest point in a local video region. Consequently,
the spatio-temporal contextual information of interest points is
characterized by R relative coordinates between all the interest
points and the center interest point, i.e., si = [Xi − Xc Yi −
Yc Ti − Tc ]T , i = 1, 2, ..., R. As shown in Fig. 2(b), the red
star represents the center interest point of all interest points in
a local region. The relative coordinates are normalized by the
mean of distances between all the interest points and the center
interest point. A large number of relative coordinates extracted
from all the local regions over the entire video collectively
describe the spatio-temporal context information of interest
points for an action.
To capture the spatio-temporal context of interest points at
different space-time scales, we use multiscale local regions
across multiple space-time scales to generate multiple sets of
local context features (i.e., XYT relative coordinates). Each
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set of spatio-temporal context features {s1 , s2 , ..., sN } extracted
from an action video V where si ∈ R3 denotes the ith context
feature vector (i.e., XYT relative coordinates), we introduce
an intermediate variable η(k|si ) to indicate the membership
probability of si belonging to the kth GMM component:
mk Pk (si |θk )
,
η(k|si ) = K
j=1 mj Pj (si |θj )

Fig. 2. Multiscale spatio-temporal context extraction from interest points of
one handwaving video in (a) 3-D video volume and (b) local region.

set represents the spatio-temporal context at one space-time
scale. Fig. 2(a) illustrates the detected interest points of one
video from the handwaving action, where the blue dots are
the interest points in 3-D video volume and the red bounding
boxes represent certain local regions at different space-time
scales. In our experiments, for computational simplicity and
efficiency, we set the spatial size of the local region the same
as that of each frame, and we use multiple temporal scales
represented by different numbers of frames. Consequently,
the local regions are generated by simply moving a spatiotemporal window frame by frame through the video. Suppose
there are T local regions at one scale and R relative coordinates in each local region, then the total number of relative
coordinates in the entire video at this scale is N = RT .
2) Multiscale Spatio-Temporal Context Distribution Feature: For each action video, a video-specific GMM is employed to characterize the distribution of the set of spatiotemporal context features at one space-time scale. Compared
with the conventional bag-of-words framework, the GMM is
a compact description of the underlying distribution of all
spatio-temporal context features within an action video, which
is more robust to noise because of the effective two-step
distribution estimate process discussed below. Considering the
spatio-temporal context features extracted from one video may
not contain sufficient information to robustly estimate the
parameters of the video-specific GMM, we therefore propose
a two-step approach. We first train a global GMM (also
referred to as UBM) using all the spatio-temporal context
features from all the training videos. The global GMM can
be represented as its parameter set {(mk , μk , k )|K
k=1 } where
K is the total number of GMM components. mk , μk and k
are the weight, the mean vector and the covariance matrix of
the kth Gaussian
component, respectively. Note we have the

constraint K
m
k=1 k = 1. As suggested in [26], the covariance
matrix k is set to be a diagonal matrix for computational
efficiency. We adopt the well known expectation-maximization
algorithm to iteratively update the weight, the mean and the
covariance matrix. mk is initialized to the uniform weights.
We partition all the training context features into K clusters
and use the samples in each cluster to initialize μk and k .
The video-specific GMM for each video can be generated
from the global GMM via an MAP adaption process. Given the

where Pk (si |θk ) represents the Gaussian probability density
function
with θk = {μk , k }.Note we have the constraint
K
N
η(k|s
i ) = 1. Let ζk =
k=1
i=1 η(k|si ) be the soft count
N
of all the context features si |i=1 belonging to the kth GMM
component. Then, the kth component of the video-specific
GMM of any video V can be adapted as follows:
N
η(k|si )si
ζk
, μ̂k = (1 − ρk )μk + ρk μ̄k , m̂k = ,
μ̄k = i=1
ζk
N
where μ̄k is the expected mean of the kth component based
on the training samples si |N
i=1 and μ̂k is the adapted mean of
k
the kth component. The weighting coefficient ρk = ζkζ+r
is
introduced to improve the estimation accuracy of the mean
vector. Following [26], only the means and weighs of GMM
are adapted to better cope with the instability problem during
the parameter estimation and reduce the computational cost.
Therefore, the video V is represented by the video-specific
GMM parameter set
{(m̂k , μ̂k , k )|K
k=1 },
where k is the covariance matrix of the kth Gaussian
component from UBM. Finally, the spatio-temporal context
distribution feature x of video V is represented by

m̂k − 21
T
T
T T
D
x = [v1 , v2 , ..., vK ] ∈ R , vk =
 μ̂k ∈ R3 ,
2 k
where D = 3K is the feature dimension of x. To capture
the context distributions at different spatio-temporal levels, we
propose to use multiple GMMs with each GMM representing
the context distribution of interest points at one space-time
scale. The previous work about multiscale spatio-temporal
context distribution feature has been published in [9].
B. Other Low-Level Visual Features
To complement the spatio-temporal context distribution
information of the interest points, we extract the appearance
information from the cuboids around the interest points. Specially, we first normalize the gray-level pixel values in each
cuboid and then flatten the normalized cuboid into a vector
which is further reduced via principle component analysis
by preserving 98% energy. Finally, the standard bag-of-words
model is adopted to generate the appearance feature vector
of interest points. Moveover, three dense trajectory features
(i.e., trajectory, HOG, MBH) proposed by Wang et al. [27]
are also combined to further improve the recognition performance. Consequently, we use five types of heterogeneous and
complementary low-level visual features (i.e., spatio-temporal
context distribution and appearance features of interest points,
and three types of dense trajectory features) to describe the
action from video.

1426

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 23, NO. 8, AUGUST 2013

C. Mid-Level Class Correlation Feature
The extracted low-level visual features only represent the
visual information of action video and their discriminative
capability is limited. Thus we newly propose a higher level
feature, called class correlation feature which captures the
correlations between different action classes, to abstract the
visual content of video. The intuitive explanation is: some
different action classes may often share certain similar motion
patterns of human body parts and such class correlation
between different action classes can be used to distinguish
different actions [28].
For each action video, its mid-level class correlation feature
is represented by a set of decision values from all the prelearned classifiers, which can represent the semantic meaning
of the action video to some extent. The pre-learned classifiers
can be trained using any classification algorithm, such as
SVMs, Naive Bayes, decision tree, etc. In this paper, we
employ the SVM classifiers. Specifically, using each type of
low-level visual feature, an independent SVM classifier is
trained for each action class. Based on five types of low-level
visual features mentioned in Section III-B, five independent
SVMs are learned for each action class to produce the decision
values. Let us denote fcl (x) as the pre-learned classifier of the
cth action class from the lth type of visual feature and x as the
action video. Using the lth type of visual feature, the likelihood
that the video x belongs to the cth action class is modeled
by the classification score hl = fcl (x), and the corresponding
class correlation feature of x for the lth type of visual feature
is then represented by H l = [hl1 , hl2 , ..., hlC ]T ∈ RC , where
C is the number of action classes. Finally, the mid-level class
correlation feature of x is constructed by simply concatenating
H l from all types of visual features.
IV. Modeling Action and Scene Interaction
Using LSSVM
A. Model Formulation
Let x ∈ X be the input action video and y ∈ Y be the
output action label, we aim to learn a discriminative function
fw (x, y) = wT (x, y) : X × Y → R over input–output
pairs, where (x, y) is a joint feature vector that describes the
relationship between x and y, and w is the parameter vector.
By maximizing fw (x, y) over all y for any given input x, we
can derive a prediction y∗ = arg maxy∈Y fw (x, y).
However, in this paper, the input–output relationship is
not completely characterized by the pair of action video
and class label (x, y) ∈ X × Y, because it also depends on the unobserved latent scene class label s ∈
S. Hence, we extend the joint feature vector (x, y) to
(x, y, s) to describe the relation among the input action
video x, the output action class label y, and the latent
scene class label s. Accordingly, the prediction problem takes
the following form: fw (x) = maxy∈Y maxs∈S fw (x, y, s) =
maxy∈Y maxs∈S wT (x, y, s). The model parameter vector w
has three parts w = {wa ; ws ; was } and wT (x, y, s) is defined
as
T
φas (y, s).
wT (x, y, s) = waT φa (x, y) + wsT φs (x, s) + was

1) Action Class Model waT φa (x, y): This potential function
measures the compatibility between
an action video x and
Ca 
La
av T av
an action label y, defined by
i=1
j=1 wij ϕj (x)Ii (y) +
Ca La ac T ac
i=1
j=1 wij ϕj (x)Ii (y). Ca and La respectively denote the
number of action classes and the number of action feature
types. ϕjav (x) ∈ Rdj represents the jth type of action visual
feature extracted from the video x with the vector dimension
of dj , and ϕjac (x) ∈ RCa represents the jth type of action class
correlation feature generated by the pre-learned classifiers of
the jth type of action visual feature with the vector dimension
of Ca . The parameters wijav ∈ Rdj and wijac ∈ RCa are respectively the weight vectors for the features ϕjav (x) and ϕjac (x).
Ii (y) is an indicator 
function,
Ii (y) = 1 if y = i, and
 a namely,
wijav T ϕjav (x)Ii (y) represents the
Ii (y) = 0 otherwise. Ci=1a Lj=1
compatibility between
the low-level
visual features and
 a ac Taction
the action label, and Ci=1a Lj=1
wij ϕjac (x)Ii (y) indicates the
compatibility between the mid-level action class correlation
features and the action label.
2) Scene Class Model wsT φs (x, s): This potential function models the compatibility between
action video x
 Lan
s
sv T sv
and a scene label s, defined by Ci=1s
w
j=1 ij ϕj (x)Ii (s) +
Cs Ls sc T sc
i=1
j=1 wij ϕj (x)Ii (s). Ls and Cs denote the number of
scene features and the number of scene classes, respectively.
ϕjsv (x) ∈ Rej indicates the jth type of scene visual feature
with the vector dimension of ej , and wijsv ∈ Rej is the weight
vector for the feature ϕjsv (x). ϕjsc (x) ∈ RCs is the jth type of
scene class correlation feature and wijsc ∈ RCs is the weight
 Ls sv T sv
vector for the feature ϕjsc (x). Ci=1s
j=1 wij ϕj (x)Ii (s) is the
compatibility between 
the low-level
scene
Ls sc T sc visual features and
the scene label, while Ci=1s
j=1 wij ϕj (x)Ii (s) indicates the
compatibility between the mid-level class correlation features
and the scene label. In our work, we extract the local SIFT
features from randomly selected frames in the video and use
the bag-of-words model.
T
φas (y, s): This po3) Action-Scene Interaction Model was
tential function represents the contextual co-occurrence relation between an action label y 
and ascene label s. It is
Ca
Cs
T
as
parameterized as was
φas (y, s) =
i=1
j=1 wij Ii (y) · Ij (s),
as
where wij indicates how likely the action class is i and the
scene class is j. For example, suppose the ith action class is
swimming action and the jth scene class indicates a pool, it is
likely that wijas has a larger value since the swimming action
always happens in the scene with a pool.
B. Inference
Given the model parameter w = {wa ; ws ; was }, the inference
problem is to find the optimal action label y∗ for a test
video x and we need to solve the following optimization
problem: (y∗ , s∗ ) = arg maxy,s wT (x, y, s). For simplicity, we
can directly enumerate all the possible action-scene label pairs
(y, s) to predict the optimal action label y∗ for x. The values
of y and s are respectively set from 1 to Ca and from 1 to Cs .
C. Training
Given a set of N training examples {(xn , yn )}, n =
1, 2, ..., N, our goal is to learn the model parameter w. Since
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the scene label s is unobserved and treated as a latent variable
during the training process, we adopt the Latent Structural
SVM framework [29], [30] by formulating the following
optimization problem:

1 T
min
w w+C
ξn
w,ξn
2
n
s.t.

max wT (xn , yn , s) − max wT (xn , y, s)
s

≥

s

(yn , y) − ξn , ξn ≥ 0, ∀n

∀y

(1)

where (yn , y) is a loss function measuring the cost incurred
by predicting the ground-truth label yn as y. In this paper,
we use a simple 0–1 loss as (yn , y) = 1 if yn = y,
and (yn , y) = 0 otherwise. The constraint in (1) can be
explained as follows: for the nth training sample, the score
maxs wT (xn , yn , s) associated with the ground-truth class
label yn should be no less than the score maxs wT (xn , y, s)
associated with any hypothesized class label y. We rewrite the
constrained optimization problem in (1) as an unconstrained
problem

1
min wT w + C
(Ln − Rn )
(2)
w 2
n
where Ln = maxy,s ( (yn , y) + wT (xn , y, s)) and Rn =
maxs wT (xn , yn , s). On the other hand, it is easy to show
that (2) can be rewritten as (1), if we define ξn = Ln − Rn .
Therefore, (1) and (2) are equivalent. We employ the nonconvex bundle optimization technique in [31] to solve (2).
Specifically, this optimization algorithm iteratively builds an
increasingly accurate piecewise quadratic approximation of
(2) and converges to an optimal solution of w, which requires the calculation of the subgradient of Ln − Rn . Suppose (y , s ) = arg maxy,s ( (yn , y) + wT (xn , y, s)) and s† =
arg maxs wT (xn , yn , s), then ∂w (Ln − Rn ) can be calculated
as (xn , y , s ) − (xn , yn , s† ). Note that the inferences on
maxy,s ( (yn , y) + wT (xn , y, s)) and maxs wT (xn , yn , s) can
be respectively solved via the enumeration of all the possible
label pairs (y, s) and the enumeration of all the possible scene
labels s. In our work, we initialize the latent scene class labels
as the same as the action class labels.

V. Experiments
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The YouTube dataset [34] contains 11 action classes. There
are in total 1168 videos and the videos for each class are
divided into 25 related groups with each group consisting of
4 or more than 4 videos. Following the evaluation method in
[34], the leave-one-group-out cross validation setting is applied
over those groups.
The UCF50 dataset1 is the largest and most difficult dataset
for action recognition. It contains 50 different actions. Each
action class consists of 25 to 30 related action groups and each
group contains 4 to 23 videos. In our experiment, we just use
the first 25 groups of each action class and adopt the leaveone-group-out cross validation over these groups similar to
the YouTube dataset, as suggested in [34]. Following [25], we
also adopt the 10-fold video-wise cross validation and 5-fold
group-wise cross validation to evaluate the proposed method.
B. Experimental Setting
For interest points detection, the spatial and temporal scale
parameters σ and τ are empirically set by σ = 2 and τ = 2.5,
respectively. The size of cuboid is empirically fixed as 7×7×5
and 1000 interest points are extracted from each video. For
the spatio-temporal (ST) context distribution feature of interest
points, the number of space-time scales is fixed to five and the
number of Gaussian components in GMM (i.e., K) is set to
2000. These parameters empirically lead to good results for
a wide range of datasets. Similarly as in the existing work
[27], [33] using the bag-of-words model, we randomly select
100 000 ST context features (i.e., XYT relative coordinates) to
train the global GMM. For the appearance feature of interest
points, the number of appearance words is set to 2000. For
the SIFT feature of scene, SIFT descriptors are extracted from
the 20% frames randomly selected from each video and the
number of SIFT words is fixed to 2000. Three descriptors
[27] (i.e., trajectory, HOG, MBH) of dense trajectory are
additionally extracted as complementary action visual features
to improve the recognition performance. Following [27], we
use the bag-of-features approach and the number of visual
words per descriptor is fixed to 4000. Therefore, the proposed
ST context feature, the appearance feature, and three dense
trajectory features are used as the action visual features. The
SIFT feature represents the scene visual feature. The parameter
C in LSSVM is fixed as the default value (i.e., C = 1) as in
SVM.

A. Human Action Datasets
The UCF Sports dataset [32] contains ten different types of
sports actions. The dataset consists of 149 real videos with
large intra-class variabilities. Each action class is performed
in different number of ways, and the frequencies of various
actions also differ considerably. In order to increase the
amount of training samples, we extend the dataset by adding
a horizontally flipped version of each video sequence to the
dataset as suggested in [33]. In the leave-one-sample-out cross
validation setting, one original video sequence is used as
the test data while the rest original video sequences together
with their flipped versions are employed as the training data.
Following [33], the flipped version of the test video sequence
is not included in the training set.

C. Experimental Results
1) Recognition Results Using Different Features: Based
on the ST context features from multiple space-time scales,
Fig. 3 compares the bag-of-words model and our GMMs with
different number of cluster centers for the complex YouTube
dataset. The horizontal axis and vertical axis indicate the number of cluster centers and recognition accuracy, respectively.
The number of space-time scales is fixed to five. It is obvious
that the results using our proposed GMMs are better than
those using the bag-of-words model, which demonstrates the
effectiveness of the GMMs.
1 Available

at http://server.cs.ucf.edu/˜vision/data/UCF50.rar.
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TABLE I
Accuracies Using Different Features on Three Datasets

Feature
Trajectory
HOG
MBH
Appearance
ST Context Distribution
Action without ST Context Distribution
Action
Scene
Action+Scene

UCF Sports
Vis.
Vis.+Corr.
61.55%
57.93%
78.54%
78.82%
76.52%
83.84%
75.63%
80.25%
64.49%
68.99%
86.11%
88.76%
89.34%
89.93%
70.04%
73.50%
90.11%
91.98%

YouTube
Vis.
Vis.+Corr.
51.90%
54.50%
63.31%
65.70%
73.31%
78.15%
54.68%
57.62%
39.79%
44.84%
82.64%
83.17%
82.31%
84.44%
54.48%
55.28%
82.62%
85.97%

UCF50
Vis.
Vis.+Corr.
45.12%
50.62%
54.71%
57.48%
66.67%
71.77%
47.73%
51.53%
36.33%
39.05%
77.75%
81.34%
80.31%
83.86%
41.67%
43.59%
81.11%
84.77%

TABLE II
Accuracies of Different Methods on the UCF Sports Dataset

Fig. 3. Comparison between the bag-of-words model and GMMs based on
the ST context features on the YouTube dataset.

Table I lists the recognition results using different features
on the datasets of UCF Sports, YouTube and UCF50, respectively. The first three rows called “Trajectory,” “HOG,”
and “MBH” respectively indicate the trajectory, HOG and
MBH features of dense trajectory. The next two rows called
“Appearance” and “ST Context Distribution” respectively represent the appearance and ST context distribution feature of
interest points. The last four rows called “Action without ST
Context Distribution,” “Action,” “Scene” and “Action+Scene”
respectively indicate all the action features excluding the ST
context distribution feature (i.e., appearance, trajectory, HOG
and MBH), all the five types of action features (i.e., ST context, appearance, trajectory, HOG and MBH), the SIFT feature
of scene, and the combination of all the five types of action
features and scene feature. The column of “vis.” represents the
results using the low-level visual features while the “vis.+corr.”
column represents the results using the combination of visual
features and the corresponding class correlation features.
From Table I, we have the observations as follows.
1) While the ST context distribution feature itself is less
effective than the combination of other four types of
action features, the combination of ST context distribution feature with other action features can generally
improve the recognition performance by additionally
characterizing the “where” property of interest points
(see the results from the fifth row to the seventh row).
2) Although the scene feature is not as effective as the
action features, the combination of the dynamic action

Methods
SVM
LSSVM (our method)
Kovashka and Grauman [14]
Wang et al. [33]
Wang et al. [27]
Le et al. [35]
Shabani et al. [36]
Sadanand and Corso [25]
Wu et al. [9]
Yeffet and Wolf [37]
Wu et al. [38]
Rodriguez et al. [32]
Bregonzio et al. [39]

Recognition Accuracy
91.98%
92.48%
87.27%
85.6%
88.2%
86.5%
91.5%
95.0%
91.3%
79.3%
89.7%
69.2%
86.9%

TABLE III
Accuracies of Different Methods on the YouTube Dataset
Methods
SVM
LSSVM (our method)
Liu et al. [34]
Ikizler-Cinbis et al. [12]
Wang et al. [27]
Le et al. [35]
Bregonzio et al. [39]
Chakraborty et al. [40]

Recognition Accuracy
85.97%
87.01%
71.2%
75.21%
84.2%
75.8%
64.0%
86.98%

features and static scene feature outperforms the action
features or scene feature (see the results from the last
three rows).
3) The combination of low-level visual features and midlevel class correlation features achieves the best results in almost all the cases, which demonstrates the
effectiveness of using the decision values from the prelearned classifiers of all the action classes to improve
the recognition performance.
2) Results From Latent Structural SVM Using Multilevel
Features: Tables II–IV compare the linear SVM and the
proposed LSSVM using both the low-level visual and midlevel class correlation features on the three datasets. It is obvious that LSSVM outperforms SVM in terms of recognition
accuracy on all the datasets, which clearly demonstrates that

WU et al.: ACTION RECOGNITION USING MULTILEVEL FEATURES AND LATENT STRUCTURAL SVM

1429

TABLE IV
Accuracies of Different Methods on the UCF50 Dataset
Methods
SVM
LSSVM (our method)
Sadanand and Corso [25]
Oliva and Torralba [41]
Laptev et al. [33], [42]

Leave-onegroup-out
84.77%
85.87%
–
–
–

10 foldvideo-wise
86.91%
88.04%
76.4%
–
–

5 foldgroup-wise
82.09%
83.02%
57.9%
38.8%
47.9%

Fig. 6. Comparison of recognition accuracy per action class between the
work in [25] and our method on the UCF50 dataset. The vertical axis
represents the recognition accuracy and the horizontal axis indicates different
action classes.

Fig. 4. Comparison of recognition accuracy per action class between our
method and the work respectively from Sadanand and Corso [25], Wu et al. [9]
and Le et al.’s [35] work on the UCF Sports dataset.

Fig. 5. Comparison of recognition accuracy per action class between our
method and the work respectively from [34], [12], [27] and [35] on the
YouTube dataset.

it is helpful to exploit the contextual co-occurrence between
actions and scenes for distinguishing different actions.
In Table II, we report the recognition accuracies of the
state-of-the-art methods on UCF Sports dataset. While some
methods [32], [37], [38], [39] use a subset of videos or
different cross validation settings, the most recent methods
[9], [14], [25], [27], [33], [35], [36] employ the same leaveone-sample-out cross validation setting. So in this paper we
strictly follow the experimental setting in the latest methods
[9], [14], [25], [27], [33], [35], [36]. The results clearly
show that our method outperforms most of the state-of-theart methods excluding [25]. In [25], a number of action
templates are additionally collected from the labeled action
datasets (i.e., UCF50 and KTH datasets) in order to generate
the final feature vector, which can significantly improve the
recognition performance. In our work, we do not use any
additional datasets and still achieve promising result on the
UCF sports dataset. In Table III, we report the recognition

accuracies of the state-of-the-art methods which adopt the
same leave-one-group-out cross validation strategy on the
YouTube dataset and our method achieves the best result.
In Table IV, we show the recognition results on the UCF50
dataset using leave-one-group-out, 5-fold-group-wise and 10fold-video-wise cross validation strategies. It is obvious that
our method outperforms the state-of-the-art methods on this
most complex and challenging action dataset with 50 action
classes and large intra-class variations.
Fig. 4 illustrates the recognition accuracies per action class
among our method and [9], [25], and [35] on the UCF Sports
dataset. We also compare the results for each action class
among our method and [12], [27], [34], and [35] on the
YouTube dataset in Fig. 5. The comparison of recognition
accuracies per action class between our method and [25] on
the UCF50 dataset is demonstrated in Fig. 6. For most action
classes, our method achieves the best or comparable results
when compared with other methods.

VI. Conclusion
We have proposed a new low-level visual feature by using
multiple GMMs to represent the distributions of local spatiotemporal context between interest points at different spacetime scales that describe the “where” property of interest
points. To exploit the correlation between different action
classes, a novel mid-level class correlation feature is presented
by using the decision values from prelearned classifiers of
all the action classes. We also propose to use the latent
structural SVM for jointly modeling the compatibility between
multilevel action features and action labels, the compatibility
between multilevel scene features and scene labels, and the
contextual relationship between action labels and scene labels.
Extensive experiments on UCF Sports, YouTube, and UCF50
datasets demonstrate that our method outperforms the stateof-the-art algorithms for action recognition.
In the future, we plan to extend the latent structural SVM
to multiple kernel learning methods for effectively fusing
multilevel features as well as to explore more constraints
between actions and scenes for improving action recognition
results. We will also apply our proposed method to other
applications, such as action detection from continuous videos.
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