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Abstract

We first propose a new spatio-temporal context distri-
bution feature of interest points for human action recog-
nition. Each action video is expressed as a set of relative
XYT coordinates between pairwise interest points in a lo-
cal region. We learn a global GMM (referred to as Uni-
versal Background Model, UBM) using the relative coordi-
nate features from all the training videos, and then repre-
sent 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 lev-
els, multiple GMMs are utilized to describe the context dis-
tributions of interest points over multi-scale local regions.
To describe the appearance information of an action video,
we also propose to use GMM to characterize the distribu-
tion of local appearance features from the cuboids centered
around the interest points. Accordingly, an action video
can be represented by two types of distribution features: 1)
multiple GMM distributions of spatio-temporal context; 2)
GMM distribution of local video appearance. To effectively
fuse these two types of heterogeneous and complementary
distribution features, we additionally propose a new learn-
ing algorithm, called Multiple Kernel Learning with Aug-
mented Features (AFMKL), to learn an adapted classifier
based on multiple kernels and the pre-learned classifiers of
other action classes. Extensive experiments on KTH, multi-
view IXMAS and complex UCF sports datasets demonstrate
that our method generally achieves higher recognition ac-
curacy than other state-of-the-art methods.

1. Introduction
Recognizing human actions from videos still remains

a challenging problem due to the large variations in hu-
man 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. How to extract discriminative and robust image fea-
tures to describe actions and design new effective learning

methods to fuse different types of features have become two
important issues in action recognition.

Human action recognition algorithms can be roughly cat-
egorized into model-based methods and appearance-based
approaches. Model-based methods [5, 29] usually rely on
human body tracking or pose estimation in order to model
the dynamics of individual body parts for action recogni-
tion. However, it is still a non-trivial task to accurately de-
tect and track the body parts in unrestricted scenarios.

Appearance-based approaches mainly employ appear-
ance features for action recognition. For example, global
space-time shape templates from image sequences are used
in [7, 30] to describe an action. However, with these meth-
ods, highly detailed silhouettes need to be extracted, which
may be very difficult in a realistic video. Recently, ap-
proaches [3, 21, 16] based on local spatio-temporal inter-
est points have shown much success in action recognition.
Compared to the space-time shape and tracking based ap-
proaches, these methods do not require foreground segmen-
tation 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
3D 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 [3, 16, 21] model an action as a bag of inde-
pendent and orderless visual words without considering the
spatio-temporal contextual information of interest points.

In Section 3, we first propose a new visual feature by
using multiple 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., sub-volume) in a
video, the relative coordinates between a pair of interest
points in XYT space is considered as the spatio-temporal
context feature. Then each action is represented by a set of
context features extracted from all pairs of interest points
over all the local regions in a video volume. Gaussian Mix-
ture Model (GMM) is adopted to model the distribution of
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context features for each video. However, the context fea-
tures 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 Back-
ground 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 Maxi-
mum A Posteriori (MAP) adaptation process. In this work,
multiple GMMs are exploited to cope with different levels
of spatio-temporal contexts of interest points from different
space-time scales. GMM is also used to characterize the
appearance distribution of local cuboids that are centered
around the interest points.

Multi-scale spatio-temporal context distribution feature
and appearance distribution feature characterize the proper-
ties of “where” and “what” of interest points, respectively.
In Section 4, we propose a new learning method called Mul-
tiple Kernel Learning with Augmented Features (AFMKL)
to effectively integrate two types of complementary fea-
tures. Specifically, we propose to learn an adapted clas-
sifier based on multiple kernels constructed from different
types of features and the pre-learned classifiers from other
action classes. AFMKL is motivated by the observation
that some actions share similar motion patterns (e.g., the
actions of “walking”, “jogging” and “running” may share
some similar motions of hands and legs). It is beneficial
to learn an adapted classifier for “jogging” by leveraging
the pre-learned classifiers from “walking” and “running”.
It is interesting to observe that the dual of our new objec-
tive function is similar to that of Generalized Multiple Ker-
nel Learning (GMKL) [23] except that the kernel matrix is
computed based on the Augmented Features, which com-
bines the original context/appearance distribution feature
and the decision values from the pre-learned SVM classi-
fiers of all the classes.

In Section 5, we conduct comprehensive experiments
on the KTH, multi-view IXMAS and UCF sports datasets,
and the results demonstrate the effectiveness of our method.
The main contributions of this work include: 1) we pro-
pose a new multi-scale spatio-temporal context distribution
feature; 2) we propose a new learning method AFMKL to
effectively fuse the context distribution feature and the ap-
pearance distribution feature; 3) our method generally out-
performs the existing methods on three benchmark datasets,
demonstrating promising results for realistic action recogni-
tion.

2. Related Work
Recently, researchers have exploited the spatial and tem-

poral context as another type of information for describing
interest points. Kovashka and Grauman [11] exploited mul-
tiple “bag-of-words” models to represent the hierarchy of
space-time configurations at different scales. Savarese et
al. [20] 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 et al. [19] proposed a so-called
“featuretype×featuretype×relationship” histogram to cap-
ture both appearance and relationship information between
pairwise visual words. All these methods first utilized the
vector quantization process to generate a codebook and then
adopted the “bag-of-words” representation. The quantiza-
tion error may be propagated to the spatio-temporal context
features and may degrade the final recognition performance.
In our work, the spatio-temporal context feature is directly
extracted from the detected interest points rather than visual
words, so our method dose not suffer from the vector quan-
tization error. Moreover, the global GMM represents the vi-
sual content of all the action classes including possible vari-
ations on human appearances, motion styles as well as en-
vironment conditions, and the video-specific GMM adapted
from global GMM provides additional information to dis-
tinguish the videos of different classes.

Sun et al. [22] presented a hierarchical structure to model
the spatio-temporal context information of SIFT points, and
their model consists of point-level context, intra-trajectory
context and inter-trajectory context. Bregonzio et al. [1]
created the clouds of interest points accumulated over mul-
tiple temporal scales, and extracted holistic features of
the clouds as the spatio-temporal information of interest
points. Zhang et al. [31] extracted the motion words from
the motion images and utilized the relative locations be-
tween the motion words and a reference point in a local
region to establish the spatio-temporal context information.
These methods mentioned above are based on various pre-
processing steps, such as feature tracking, human body de-
tection and foreground segmentation. As will be shown
without requiring any pre-processing step, our method can
still achieve promising performance even in complex envi-
ronments with changing lighting and moving cameras.

Vega et al. [24] and Nayak et al. [15] proposed to use
the distribution of pairwise relationships between the edge
primitivies to capture the shape of action in 2D image. In
contrast to [24] [15], the relationship between the interest
points in this paper is defined in 3D video volume to capture
both motion and shape of action. Moreover, they described
the rational distribution just within the whole image, while
we used multiple GMMs to model the context distribution
of interest points at multiple space-time scales.

3. Spatio-Temporal Context Distribution Fea-
ture and Appearance Distribution Feature

3.1. Detection of interest points

We use the interest point detector proposed by Dollar et
al. [3] which respectively employs 2D Gaussian filter in the
spatial direction and 1D Gabor filter in the temporal direc-
tion. The two separate filters can produce high response at
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Figure 1. Samples of detected interest points on the KTH dataset.

points with significant spatio-temporal intensity variations.
The response function has the form:

(I(x, y, t)∗g(x, y)∗hev(t))
2+(I(x, y, t)∗g(x, y)∗hod(t))

2,

where g(x, y) = 1
2πσ2 e

− x2+y2

2σ2 is the 2D Gaussian smooth-
ing kernel along the spatial dimension, and hev(t) =

−cos(2πtω)e−t2/τ2

and hod(t) = −sin(2πtω)e−t2/τ2

are
a pair of 1D Gabor filters along the temporal dimension.
With the constraints ω = 4/τ , σ and τ are two parameters
of the spatial scale and temporal scale, respectively. Fig-
ure 1 shows some examples of detected interest points (de-
picted by red dots) of human actions. It is evident that most
detected interest points are near the body parts that have
major contribution to the action classification.

3.2. Multiscale spatiotemporal context extraction

As an important type of action representation, the spatio-
temporal context information of interest points character-
izes 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 pro-
pose 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 coor-
dinates is R(R−1). For efficient computation and compact
description, we define a center interest point by:

[Xc Yc Tc] = arg min
[Xc,Yc,Tc]

R∑
i=1

∥[Xi Yi Ti]
T−[Xc Yc Tc]

T ∥2,

where [Xc Yc Tc]
T and [Xi Yi Ti]

T respectively represent
the coordinates of the center and the i-th interest point in a
local video region. Consequently, the spatio-temporal con-
textual 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 Figure 2(b), the red pentacle
represents the center interest point of all interest points in
a local region. The relative coordinates are normalized by
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Figure 2. The multi-scale spatio-temporal context extraction from
interest points of one “handwaving” video in a 3D video volume
(a) and in a local region (b).

the mean of distances between all the interest points and
the center interest point. A large number of relative coor-
dinates extracted from all the local regions over the entire
video collectively describe the spatio-temporal context in-
formation of interest points for an action.

To capture the spatio-temporal context of interest points
at different space-time scales, we use multi-scale local re-
gions across multiple space-time scales to generate multi-
ple sets of local context features (i.e., XYT relative coor-
dinates). Each set represents the spatio-temporal context at
one space-time scale. Figure 2(a) illustrates the detected
interest points of one video from the “handwaving” action,
where the blue dots are the interest points in 3D video vol-
ume and the red bounding boxes represent certain local re-
gions 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 gen-
erated by simply moving a spatio-temporal window frame
by frame through the video. Suppose there are T local re-
gions 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 .

3.3. Multiscale spatiotemporal context distribu
tion feature

For each action video, a video-specific Gaussian Mixture
Model (GMM) is employed to characterize the distribution
of the set of spatio-temporal context features at one space-
time scale. Considering the spatio-temporal context fea-
tures extracted from one video may not contain sufficient in-
formation 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 Uni-
versal Background Modeling, UBM) using all the spatio-
temporal context features from all the training videos.
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The global GMM can be represented as its parameter set
{(mk, µk,Σk)|Kk=1} where K is the total number of GMM
components. mk, µk and Σk are the weight, the mean vec-
tor and the covariance matrix of the k-th Gaussian compo-
nent, respectively. Note we have the constraint

∑K
k=1 mk =

1. As suggested in [32], the covariance matrix Σk is set to
be a diagonal matrix for computational efficiency. We adopt
the well-known Expectation-Maximization (EM) algorithm
to iteratively update the weight, the mean and the covari-
ance 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 Σk.

The video-specific GMM for each video can be gener-
ated from the global GMM via a Maximum A Posterior
(MAP) adaption process. Given the set of spatio-temporal
context features {s1, s2, ..., sN} extracted from an action
video V where si ∈ R3 denotes the i-th context feature vec-
tor (i.e., XYT relative coordinates), we introduce an inter-
mediate variable η(k|si) to indicate the membership proba-
bility of si belonging to the k-th GMM component:

η(k|si) =
mkPk(si|θk)∑K
j=1 mjPj(si|θj)

,

where Pk(si|θk) represents the Gaussian probability den-
sity function with θk = {µk,Σk}. Note we have the con-
straint

∑K
k=1 η(k|si) = 1. Let ζk =

∑N
i=1 η(k|si) be the

soft count of all the context features si|Ni=1 belonging to the
k-th GMM component. Then, the k-th component of the
video-specific GMM of any video V can be adapted as fol-
lows:

µ̄k =

∑N
i=1 η(k|si)si

ηk
µ̂k = (1− ξk)µk + ξkµ̄k

m̂k =
ζk
N

,

where µ̄k is the expected mean of the k-th component based
on the training samples si|Ni=1 and µ̂k is the adapted mean of
the k-th component. The weighting coefficient ξk = ζk

ζk+r
is introduced to improve the estimation accuracy of the
mean vector. If a Gaussian component has a high soft count
ηk, then ξk approaches 1 and the adapted mean is mainly
decided by the statistics of training samples; otherwise, the
adapted mean is mainly determined by the global model.
Following [32], 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,Σk)|Kk=1}, where Σk is the
covariance matrix of the k-th Gaussian component from
UBM. Finally, the spatio-temporal context distribution fea-

ture x of video V is represented by

x = [vT1 , v
T
2 , ..., v

T
K ]T ∈ RD, vk =

√
m̂k

2
Σ

− 1
2

k µ̂k ∈ R3,

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.

3.4. Local video appearance distribution feature

After detecting the interest points, we also extract the ap-
pearance information from the cuboids around the interest
points. For simplicity, we flatten each normalized cuboid
and extract the gray-level pixel values from each normal-
ized cuboid. Principle Component Analysis (PCA) is used
to reduce the dimension of appearance feature vector by
preserving 98% energy. Similar to the spatio-temporal con-
text distribution feature, we also employ GMM to describe
the distribution of local appearance for each action video by
using the two-step approach discussed in Section 3.3.

Discussion: In [32], the GMM is adopted to represent
the distribution of SIFT features in a video for event recog-
nition. While SIFT is a type of static feature extracted from
2D image patches, our cuboid feature captures both static
and motion information from 3D video sub-volume which
is more effective for describing actions.

4. Multiple Kernel Learning with Augmented
Features (AFMKL) for Action Recognition

To fuse the spatio-temporal context distribution and lo-
cal appearance distribution features for action recognition,
we propose a new learning method called Multiple Kernel
Learning with Augmented Features (AFMKL) to learn a
robust classifier by using multiple base kernels and a set
of pre-learned SVM classifiers from other action classes.
The introduction of the pre-learned classifiers from other
classes is based on the observation that some actions may
share common motion patterns. For example, the actions of
“walking” , “jogging” and “running” may share some typ-
ical motions of hands and legs, therefore it is beneficial to
learn an adapted classifier for “jogging” by leveraging the
pre-learned classifiers of “walking” and “running”.

Specially, in AFMKL, we use M base kernel functions
km(xi, xj) = φm(xi)

Tφm(xj), where m = 1, 2, ...,M ,
and xi, xj can be the context or appearance distribution fea-
ture extracted from video Vi and Vj , respectively. In this
work, we use linear kernels, i.e., km(xi, xj) = xT

i xj , and
we have M = H + 1 where H is the number of space-
time scales in the context distribution features. Multiple
kernel functions are linearly combined to determine an opti-
mal kernel function k, i.e., k =

∑M
m=1 dmkm, where dm’s
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are the linear combination coefficients,
∑M

m=1 dm = 1 and
dm ≥ 0. For each class, we have one pre-learned SVM
classifier using the appearance feature and one pre-learned
SVM classifier by fusing H context features from different
space-time scales in an early fusion fashion. Suppose we
have C classes, then we have L = 2C pre-learned classi-
fiers {fl(x)|Ll=1} from all the classes. Given the input fea-
ture x of the video, the final decision function is defined as
follow:

f(x) =

L∑
l=1

βlfl(x) +

M∑
m=1

dmwT
mφm(x) + b, (1)

where βl is the weight of the l-th pre-learned classifier, wm

and b are the parameters of the standard SVM. Note that∑M
m=1 dmwT

mφm(x) + b is the decision function in Multi-
ple Kernel Learning (MKL).

Given the training videos {xi|Ii=1} with the correspond-
ing class labels {yi|Ii=1} where yi ∈ {−1,+1}, we formu-
late AFMKL as follows by adding a quadratic regularization
term on dm’s:

min
d

1

2
∥d∥2 + J(d), s.t.

M∑
m=1

dm = 1, dm ≥ 0, (2)

where

J(d)=


min

wm,β,b,ξi

1

2

(
M∑

m=1

dm∥wm∥2+λ∥β∥2
)
+C

I∑
i=1

ξi,

s.t. yif(xi) ≥ 1− ξi, ξi ≥ 0, i = 1, . . . , I,

d = [d1, d2, . . . , dM ]T is the vector of linear combination
coefficients and β = [β1, β2, . . . , βL]

T is the weighting
vector. Note that in J(d) we penalize the complexity of
the weighting vector β to control the complexity of the pre-
learned classifiers. By replacing wm = w̃m

dm
and accord-

ing to [17], the above optimization problem in (2) is jointly
convex with respect to d, w̃m, β, b and ξi. Thus, the global
optimum of the objective in (2) can be reached. Similarly
as in [23], by replacing the primal form of the optimization
problem in J(d) with its dual form, J(d) can be rewritten
as:

J(d)=


max
α

I∑
i=1

αi−
1

2

I∑
i,j=1

αiαjyiyj

M∑
m=1

dmk̃m(xi, xj),

s.t.
I∑

i=1

αiyi = 0, 0 ≤ αi ≤ C, i = 1, . . . , I,

where α = [α1, α2, . . . , αI ]
T is the vector of the

dual variables αi’s and k̃m(xi, xj) = φ(xi)
Tφ(xj) +

1
λ

∑L
l=1 fl(xi)fl(xj). It is interesting to observe that

the dual problem of (2) is similar to that of Gen-
eralized MKL [23] except that the kernel function

is replaced by
∑M

m=1 dmk̃m in our work. Since
we use linear kernel in this work (i.e., φ(xi) =
xi), then k̃m(xi, xj) can be computed using the
augmented features [xT

i ,
1√
λ
f1(xi), ...,

1√
λ
fL(xi)]

T and
[xT

j ,
1√
λ
f1(xj), ...,

1√
λ
fL(xj)]

T which combine the origi-
nal context/appearance feature and the decision values from
the pre-learned SVM classifiers of all the classes. We there-
fore name our method as Multiple Kernel Learning with
Augmented Features (AFMKL).

Following [23], we iteratively update the linear combi-
nation coefficient d and the dual variable α to solve (2).
In [23], the first-order gradient descent method is used for
updating d in (2). In contrast, we employ the second-order
gradient descent method because of its faster convergence.
After obtaining the optimal d and α, we rewrite the deci-
sion function in (1) as follows:

f(x)=
I∑

i=1

αiyi

(
M∑

m=1

dmkm(xi, x)+
1

λ

L∑
l=1

fl(xi)fl(x)

)
+b.

Discussion: The most related method is Adaptive Multi-
ple Kernel Learning (A-MKL) [4]. A-MKL is proposed for
cross-domain learning problems and it learns a target classi-
fier by leveraging the pre-learned classifiers from the same
class, which are trained based on the training data from
two domains (i.e., auxiliary domain and target domain). In
contrast, our method AFMKL is specifically proposed for
action recognition and all the samples are assumed to be
from the same domain. The pre-learned classifiers used
in AFMKL are from other action classes. Our method
AFMKL is also different from SVM with Augmented Fea-
tures (AFSVM) proposed in [2]. Although AFSVM also
makes use of the pre-learned classifiers from other classes,
only one kernel is considered in AFSVM. In contrast, our
proposed method AFMKL is a Multiple Kernel Learning
(MKL) technique that can learn the optimal kernel by lin-
early combining multiple kernels constructed from different
types of features.

5. Experiments
5.1. Human action datasets

The KTH human dataset [21] is a commonly used ac-
tion dataset. It contains six human action classes: walking,
jogging, running, boxing, handwaving and handclapping.
These actions are performed by 25 subjects in four different
scenarios: outdoors (s1), outdoors with scale variation (s2),
outdoors with different clothes (s3) and indoors with light-
ing variation (s4). There are totally 599 video clips with
the image size of 160 × 120 pixels. We adopt the leave-
one-subject-out cross validation setting in which videos of
24 subjects are used as training data and the videos of the
remaining one subject are used for testing.
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The IXMAS dataset [26] consists of 12 complete action
classes with each action executed three times by 12 sub-
jects and recorded by five cameras with the frame size of
390 × 291 pixels. These actions are: check watch, cross
arms, scratch head, sit down, get up, turn around, walk,
wave, punch, kick, point and pick up. The body position
and orientation are freely decided by different subjects. As
in the KTH action dataset, we also use the same leave-one-
subject-out cross validation setting.

The UCF sports dataset [18] contains ten different types
of sports actions: swinging, diving, kicking, weight-lifting,
horse-riding, running, skateboarding, swinging at the high
bar (HSwing), golf swinging (GSwing) and walking. The
dataset consists of 149 real videos with a large intra-class
variability. Each action class is performed in different num-
ber of ways, and the frequencies of various actions also dif-
fer considerably. In order to increase the amount of train-
ing samples, we extend the dataset by adding a horizontally
flipped version of each video sequence to the dataset as sug-
gested in [25]. 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. Follow-
ing [25], the flipped version of the test video sequence is not
included in the training set.

5.2. Experimental setting

For interest points detection, the spatial and temporal
scale parameters σ and τ are empirically set by σ = 2.5
and τ = 2, respectively. The size of the cuboid is empiri-
cally fixed as 7× 7× 5. For the KTH and IXMAS datasets,
200 interest points are extracted from each video, because
they contain enough information to distinguish the actions
in relatively homogeneous and static background. About
1000 interest points detected from each video are used for
the more complex UCF sports dataset. The number of Gaus-
sian components in GMM (i.e., K) is empirically set to 300,
400 and 300 for the KTH, IXMAS and UCF datasets, re-
spectively.

For our method, we report the results using SVM with
multi-scale spatio-temporal (ST) context distribution fea-
ture only, SVM with local appearance distribution feature
only, the combinations of these two types of features via
Generalized MKL (GMKL) [23] and AFMKL. For SVM
with ST context distribution feature, we adopt the early
fashion method to integrate the multiple features from H
space-time scales. In both GMKL and AFMKL, we use
M = H + 1 linear base kernels respectively constructed
for the sptaio-temporal context distribution features from H
space-time scales and the appearance distribution feature.
To cope with multi-class classification task using SVM, we
adopt the default setting in LIBSVM.

Method Accuracy(%)
Dollar et al. [3] 81.2
Savarese et al. [20] 86.8
Niebles et al. [16] 81.5
Liu and Shah [14] 94.3
Bregonizo et al. [1] 93.2
Ryoo and Aggarwal [19] 91.1
Schuldt et al. [21] 71.7
JHuang et al. [8] 91.7
Klaser et al. [10] 84.3
Zhang et al. [31] 91.3
Laptev et al. [12] 91.8
Liu et al. [13] 93.8
Gilbert et al. [6] 94.5
Kovashka and Grauman [11] 94.5
Our method 94.5

Table 1. Recognition accuracies(%) of different methods on the
KTH dataset.

Method S1 S2 S3 S4 Ave
ST Context 92.7 76.7 86.0 88.7 86.0
Appearance 90.7 89.3 87.3 90.7 89.5
GMKL [23] 96.0 86.0 90.7 94.0 91.7
AFMKL 96.7 91.3 93.3 96.7 94.5

Table 2. Recognition accuracies (%) using different features on
four scenarios of the KTH dataset. The last column is the average
accuracy of all scenarios.
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Figure 3. Confusion table of our AFMKL on the KTH dataset.

Camera 1 2 3 4 5
ST Context 61.1 57.9 53.2 51.6 42.6
Appearance 72.2 72.2 70.4 65.7 67.6
GMKL [23] 76.4 74.5 73.6 71.8 60.4
AFMKL 81.9 80.1 77.1 77.6 73.4
Liu and Shah [14] 76.7 73.3 72.1 73.1 -
Yan et al. [27] 72.0 53.0 68.1 63.0 -
Weinland et al. [26] 65.4 70.0 54.4 66.0 33.6
Junejo et al. [9] 76.4 77.6 73.6 68.8 66.1

Table 3. Classification accuracies (%) of different methods for sin-
gle view action recognition on the IXMAS dataset.

5.3. Experimental results

Table 1 compares our method with the existing methods
on the KTH dataset. Among the results [3, 20, 16, 14, 1, 19]
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Cameras 1,2,3,4,5 1,2,3,4 1,2,3,5 1,2,3 1,3,5 1,3 2,4 3,5
ST Context 73.8 72.2 73.2 73.2 67.8 67.4 66.7 57.6
Appearance 81.9 77.6 83.6 77.8 82.4 74.3 72.7 79.9
GMKL [23] 81.3 80.8 81.5 81.3 77.6 76.2 77.1 72.7
AFMKL 88.2 88.2 89.4 87.7 88.4 86.6 82.4 83.8
Liu and Shah [14] 82.8 - - - - - - -
Yan et al. [27] - 78.0 - 60.0 - 71.0 71.0 -
Weinland et al. [26] - 81.3 75.9 - 70.2 - 81.3 61.6

Table 4. Classification accuracies (%) of different methods for multi-view action recognition on the IXMAS dataset.
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Figure 4. Confusion table of our AFMKL in the multi-view setting
using all five views on the IXMAS dataset.

Method Accuracy (%)
ST Context 71.1
Appearance 76.5
GMKL [23] 85.2
AFMKL 91.3
Kovashka and Grauman [11] 87.3
Wang et al. [25] 85.6
Rodriguez et al. [18] 69.2
Yeffet and Wolf [28] 79.3

Table 5. Recognition accuracies (%) of different methods on the
UCF sports dataset.

using the interest points detected by Dollar’s method [3]
and the leave-one-subject-out cross validation setting, our
method achieves the highest recognition accuracy of 94.5%,
which is also the same as the best results from the recent
works [21, 8, 10, 31, 12, 13, 6, 11]. Table 2 reports the
recognition accuracies on four different scenarios. Figure 3
shows the confusion table of recognition results on the KTH
dataset. It is interesting to note that the leg-related actions
(“jogging”, “running”, “walking”) are more confused with
each other. Especially “running” is easy to be misclassified
as “jogging”. The possible explanation is that “jogging” and
“running” have similar spatio-temporal context and appear-
ance information.

Our approach is also tested for single-view and multi-
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Figure 5. Confusion table of our AFMKL on the UCF sports
dataset.

view action recognition on the IXMAS dataset. Table 3 and
Table 4 respectively report the classification results of dif-
ferent methods for single-view and multi-view action recog-
nition. Among the methods [14, 26, 27, 9] that are tested
on the IXMAS dataset, the method [14] is the most related
one because the spatio-temporal interest points are also used
in [14]. Other methods need to use more information of
3D human poses via camera calibration, background sub-
traction and 3D pose construction which are not employed
in this work. The confusion table of recognition results in
the multi-view setting using all five views is shown in Fig-
ure 4. For some actions, such as “sit down”, “get up”, “turn
around”, “walk” and “pick up”, our method achieves very
high recognition accuracies. Our method also achieves rea-
sonable performances for some challenging actions (e.g.,
“point”, “scratch head” and “wave”) that have small and
ambiguous motions.

Evaluation results on the UCF sports videos are pre-
sented in Table 5. Our method achieves 91.3% recognition
accuracy which is better than 85.6% and 87.3% respectively
reported in recent work [25] and [11] using the same set-
ting. The confusion matrix of our AFMKL is depicted in
Figure 5. While this dataset is difficult with large view-
point and appearance variability as well as camera motion,
our result is still encouraging.

From Tables 2, 3, 4 and 5, it is important to note that
although the spatio-temporal context distribution feature is
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generally not as effective as the appearance distribution fea-
ture, the combination of two types of complementary fea-
tures via GMKL [23] significantly outperforms the meth-
ods using single feature in most cases. Moreover, AFMKL
achieves the best results in all the cases, which demonstrates
the effectiveness of using the pre-learned classifiers from
other action classes and multiple kernel learning to improve
the recognition performance.

6. Conclusions
In order to describe the “where” property of interest

points, we have proposed a new visual feature by using
multiple Gaussian Mixture Models (GMMs) to represent
the distributions of local spatio-temporal context between
interest points at different space-time scales. The local ap-
pearance distribution in each video is also modeled using
one GMM in order to capture the “what” property of inter-
est points. To fuse both spatio-temporal context distribution
and local appearance distribution features, we additionally
propose a new learning algorithm called Multiple Kernel
Learning with Augmented Features (AFMKL) to learn an
adapted classifier by leveraging the existing SVM classifiers
of other action classes. Extensive experiments on KTH, IX-
MAS and UCF datasets have demonstrated that our method
generally outperforms the state-of-the-art algorithms for ac-
tion recognition. In the future, we plan to investigate how
to automatically determine the optimal parameters in our
method.
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