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Abstract. This paper proposes a novel dynamic sparse representation-based
classification scheme to treat the problem of interaction action analysis between
persons using sparse representation. The occlusion problem and the difficulty to
model complicated interactions are the major challenges in person-to-person action analysis. To address the occlusion problem, the proposed scheme
represents an action sample in an over-complete dictionary whose base elements are the training samples themselves. This representation is naturally
sparse and makes errors (caused by different environmental changes like lighting or occlusions) sparsely appear in the training library. Because of the sparsity, it is robust to occlusions and lighting changes. The difficulty of complicated
action modeling can be tackled by adding more examples to the over-complete
dictionary. Thus, even though the interaction relations are complicated, the proposed method still works successfully to recognize them and can be easily extended to analyze action events among multiple persons.
Keywords: Sparse Coding, Sparse Representation, Occlusions, daily events.

1

Introduction

Human action analysis [1]- [18]] is an important task in various application domains
like video surveillance [1], video retrieval [18], human-computer interaction systems,
and so on. Characterization of human action is equivalent to dealing with a sequence
of video frames that contain both spatial and temporal information. The challenge in
human action analysis is how to properly characterize spatial-temporal information
and then facilitate subsequent comparison/recognition tasks. To treat this challenge,
some approaches build various action syntactic primitives to represent and recognize
events. For example, in [18], Park and Aggarwal used the “blob” concept to model
and segment a human body into different body parts from which human events were
analyzed using the dynamic Bayesian networks. Wang, Huang, and Tan [6] used the
R transform to extract contour features from different frames and then proposed a
HMM-based recognition scheme to analyze human behaviors. Some approaches decompose actions into sequences of key atomic action units which are referred to
as atoms. For example, in [12], Gaidon, Harchaoui, Schmid proposed an atom
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sequence model (ASM) to represent the temporal structure of actions and then recognize actions in videos using a sequence of “atoms” which are obtained by manual
annotations. In addition to videos, humans can recognize activities based on only still
images. However, the prerequisite that body parts or poses must be well estimated
makes this scheme inappropriate for real-time analysis of human behaviors.
To avoid the difficulty of action primitive or body part extraction, some approaches extract feature points of interest and obtain their motion flows to represent and
recognize actions. For example, Rosales and Sclaroff [13] proposed a trajectorybased recognition system to detect pedestrians in outdoor environments and then recognize their activities from multiple views using mixtures of Gaussian classifiers. In
[9], Laptev et al. generated the concept of interest points (STIP) from images to flow
volumes and then used it to extract various key frames to represent action events.
The success of the above feature-flow methods strongly depends on a large set of well
tracking points to describe action changes across frames.
In addition to event features, another key problem in event analysis is how to model the temporal and spatial dynamics of events. To treat this problem, Mahajan et al.
[8] proposed a layer concept to divide the recognition task to three layers, i.e., physical, logical, and event layers corresponding to feature extraction, action representation,
and event analysis, respectively.
Hidden Markov model (HMM) is another commonly used scheme to model event dynamics. For example, Messing, Pal, and
Kautz [10] tracked a set of corners to obtain their velocity histories and then used
HMM to learn activity event models. The challenges related to HMMs involve how
to specify and learn the HMM model structure.
A particular action between two objects can vary significantly under different conditions such as camera views, person’s clothing, object appearances, and so on.
Thus, it is more challenging to analyze human events happening between two objects
because of their complicated interaction relations. In addition, occlusions between
objects often happen and lead to the failure of action recognition. In [17], Filipovych and Ribeiro used a probabilistic graphical model to recognize the primitive actor-object interaction events like “grasping” or “touching” a fork (or a spoon, a cup).
In addition to videos, some previous works address joint modeling of human poses,
objects and relations among them from still images. For example, in [15], Yao and
Fei-Fei proposed a random field model to encode the mutual connections of components in the analyzed object, the human pose, and the body parts to recognize humanobject interaction activities in still images. However, until now, reliable estimation
of body configurations for persons in any poses remains a very challenging problem.
This paper addresses the problem of action analysis between persons (or humanobject interactions) using sparse representation. Fig. 1 shows the flowchart of our
system. As described before, the complicated interaction changes and the occlusion
problem between two objects increase many challenges in action recognition. To the
above problems, this paper proposes a novel dynamic sparse representation scheme to
represent an event in an over-complete dictionary whose base elements are the training samples themselves. If sufficient training samples are collected from each action
class, each test sample will be possibly represented as a linear combination of just the
training sample from the same class. This representation is naturally sparse, involving only a small fraction of the overall training database. The sparse property also
makes errors (caused by different environmental changes like lighting or occlusions)
sparsely appear in the training library as a special case of training samples to be
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handled. The sparsity of error distribution increases the robustness of our scheme to
occlusion. After that, a sparse reconstruction cost (SRC) is is proposed to classify
action events to more categories. Even though the interaction relations are complicated, the proposed method still works successfully to recognize them and can be
easily extended to analyze action events among multiple persons.
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Fig. 1. Flowchart of the proposed system

2

Feature Extraction

This paper uses two features to represent an object shape, i.e., R transform and HOG.
Details of these two features are described as follows.
2.1

Radon Transform and R Transform

Radon transform in two dimensions is the integral transform consisting of the integral
of an image over straight line. Let I ( x, y ) denote one input image and L be a
straight line with the equation: x cos θ + y sin θ = t .

Then, the Radon transform of

I ( x, y ) along L is defined as follows:
Radon{I } = P (θ , t ) = 

∞



∞

−∞ −∞

I ( x, y )δ ( x cos θ + y sin θ − t )dxdy ,

(1)

、

where θ ∈ [0,π ] and t ∈ (−∞, ∞) δ ( x) is a Dirac delta function. In Eq.(1), the result
of Radon Transform is a two dimensional signal. It can be converted to 1D signal by
the improved form of Radon transform [6]:
∞

R (θ ) =  P 2 (θ , t )dt .
−∞

(2)

Eq.(2) is the R transform of I ( x, y ) . If I ( x, y ) is normalized to a fixed size, the R
transform is invariant under translation and scaling.
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Histogram of Oriented Gradients

In addition to R transformation, this paper also uses the histogram of oriented gradients (HOG) [11] to describe a posture. Let I x and I y denote the central differences at point ( x, y) are given by

I x = I ( x + 1, y ) − I ( x − 1, y ) and I y = I ( x, y + 1) − I ( x, y − 1) ,

(3)

where I ( x, y ) is the intensity value of the point ( x, y) . Then, the gradient magnitude
M ( x, y ) and its orientation θ (x, y ) can be computed by
M ( x, y ) = I x2 + I y2 and θ (x, y) = tan −1 I x / I y .

(4)

For a given grid, we can then construct a HOG descriptor with 8 bin, where each bin
accumulates the number of edge points whose angles θ (x, y ) fall in this angle bin.
Then, through various combining among different grids, an ensemble of HOG descriptors can be formed for action analysis.

3

Sparse Representation

Sparse representation [3]-[5] is a technique to build an overcomplete dictionary to
represent a target. In this paper, we utilize the sparse representation and dictionary
learning techniques to design a novel framework to analyze action events happening
between multiple persons.
3.1

Dictionary Initialization and Matching Pursuit

Let x denote an n -dimensional feature vector, i.e., x ∈ R n . We say that it admits
a sparse approximation over a dictionary D in R n× K , where each column vector is
referred to as an atom.
Consider a finite training set of signals
X = [ x1 , x2 ,..., xN ] ∈ R n× N . Then, one can find a linear combination of a “few”
atoms from D that is “close” to the signal x ; that is,

X ≈ DA ,

(5)

where A = [α1 ,..., α N ] ∈ R
is the set of combination coefficients in the sparse decomposition. Given X , the K-SVD algorithm maintains the best representation of each
signal with strict sparsity constraints to learn the over complete dictionary D . It is an
iterative scheme alternating between sparse coding of the training signals with respect to
the current dictionary and an update process for the dictionary atoms so as to better fit
the training signals. Then, the learning process can be formulated a joint optimization
problem with respect to the dictionary D and A of the sparse decomposition as
K ×N

arg min || X − DA ||22 s.t. ∀i, || α i ||0 ≤ T ,
D, A

(6)

where D = [d1 ,..., d K ] ∈ R n× K , A = [α1 ,..., α N ] ∈ R K × N , T is the most desired number
of non-zero coefficients, and || α i ||0 is the l0 -norm which counts the number of
nonzeros in a vector α i . Eq.(6) can be formulated as another equivalent problem:
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arg min || α i ||0 s.t. || xi − Dα i ||22 ≤ ε ,
D ,α i
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(7)

where ε is an error tolerance of reconstruction. One of common methods to solve
α i is the Orthogonal Matching Pursuit (OMP). OMP is a greedy method to iteratively solve the optimal α i for each xi while fixing D , i.e.,

α i = min || xi − DA ||22 s.t. || α i ||0 ≤ T .
A

(8)

At each stage, the OMP selects an atom α i from D that best resembles the residual.
3.2

Dictionary Learning via K-SVD

This paper applies the K-SVD to solve Eq.(8) through an iterative way with two stages, i.e., sparse coding stage and dictionary update stage. It optimizes D and X through
a number of training iterations until convergence. Each iteration consists of a
sparse coding stage that optimizes the coefficients in A and a dictionary update
stage that improves the atoms in D. During the sparse coding stage, D is held while
each α i is optimized by solving Eq.(8) via the OMP scheme, and allowing ach coefficient vector to have no more than T nonzero elements. During the dictionary
update stage, each column d k in D is updated sequentially so that its coefficients
can better represent X . The update process is the key inside of K-SVD which accelerates the optimization process of Eq.(6) while maintaining the sparsity requirement. Let d k denote the k th column in D to be updated. In addition, we
denote the coefficients that correspond to d k , the k th row in A by α krow . Then,
the cost function in Eq.(6) can be rewritten as follows:
K

|| X − DA ||2F = || X −  d j α row
||2F = || X −  d jα row
− d k α krow ||2F
j
j
j =1

= || Ek − d k α

j ≠k

row
k

2
F

|| .

The updated values of d k and α krow can be obtained by solving
arg min
|| Ek − d k α krow ||2F .
row
d k ,α k

(9)

The K-SVD scheme suggests the use of the SVD to find alternative d k and α krow . If
the SVD of Ek is expressed as USV T , d k is updated by the first output basis
vector u1 and the non-zero values in α krow are adjusted to the product of the first
singular value S (1,1) and the first column of V .

4

Person-to-Person Action Recognition Using Sparse
Representation

This section will deal with different challenges in human action analysis between
persons, that is, how to properly characterize spatial-temporal information and how to
perform the subsequent comparison/recognition tasks.
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Action Event Representation




































− − −−


− − −−
− − −−


− − −−
− − −−



− − −−


− − −−
− − −−


− − −−
− − −−



− − −−
− − −−


− − −−


− − −−


− − −−

− − −−
− − −−


− − −−


− − −−


− − −−

− − −−


− − −−
− − −−


− − −−


− − −−

− − −−


− − −−
− − −−


− − −−


− − −−

− − −−
− − −−


− − −−


− − −−


− − −−

− − − −
− − − −


− − − −


− − − −


− − − −
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(b)

Fig. 2. Sparse representation for analyzing single-person action events. (a) Feature vector to
represent an object at each frame. (b) Matrix to represent single person action.

To characterize spatial-temporal information of an action event, this paper uses the Rtransform and HOG descriptors to describe each frame. For the R-transform, the
angle ranges from 0 to 180 and is further sampled with 4 . As to the HOG
descriptor, the observed object is divided to ngrid × ngrid grids. Let hRX be a vector
X
denote
with 45 elements to represent the R-transform of an object X and hhog
2
elements to represent the HOG descriptor of X . Then,
another vector with 8ngrid

X
)T can be formed to
as shown in Fig.2 (a), a new feature vector F X = (hRX , hhog

represent X .
F Y , i.e.,

Let ⊕ denote a vector concatenation operation between F X and
X
Y
F X ⊕ F Y = (hRX , hhog
, hRY , hhog
)T .

(10)

In addition, we use X t to denote the version of X observed at the tth frame and
the superscript k in X k denote the kth object. If an action event AX recorded
with n f frames is performed by X , a new feature vector can be formed to
represent A through a vector concatenation operation. That is,
AX = F X1 ⊕ ... ⊕ F

Xnf

X

X

X1
= ( hRX1 , hhog
,..., hR n f , hhogn f )T .

Let n = n f (45 + 8* ng2 ) . Then, AX ∈ R n and denotes a normal feature.

(11)
If an action

type Ei is represented by K i codes, we can use a matrix to represent Ei by the
form:

Ei = ( AX 1 ,..., AX k ,...., AX Ki ) ,
where X k denotes the kth object in Ei and Ei ∈ R n× Ki .
L

(12)
Assume that there are

L action types to be recognized and let K =  K i . Then, the basis D in sparse
i =1

representation for action recognition can be constructed by
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(13)

where D ∈ R n× K .
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Fig. 3. Sparse representation for analyzing two-person action events. (a) Non-occluded frame.
(b) Occluded frame. (c) Matrix to represent single person action event on the same type.

Different from the task of single-person event analysis, there will be different occlusion conditions happening when analyzing two-person interaction events. Assume
the interaction events to be analyzed are performed by two persons X and Y . The
visual descriptor to capture their spatial relations will change according to the condition whether X and Y are occluded. As Fig.3 (a), if X and Y are not occluded,
a new feature descriptor F XY is extracted for describing X and Y as follows:
X
Y
F XY = F X ⊕ F Y ⊕ (m) = (hRX , hhog
, hRY , hhog
, m)T ,

(14)

where m is the motion feature between X and Y . This paper sets m to the
relative distance between X and Y . On the other hand, if X and Y are occluded together (see Fig.3 (b)), we replace X and Y with their occluded version
O . Then, the descriptor to represent X and Y is constructed as follows:
O
O
F XY = (hRO , hhog
, hRO , hhog
, m)T ,

(15)

O
is the HOG descriptor of O , and m is
where hRO is the R transform of O , hhog

set to zero. Let AXY denote the action event performed by two persons X and Y .
If n f frames are collected to represent AXY , it can be constructed with the following sparse representation:
AXY = F XY1 ⊕ ... ⊕ F XYt ⊕ ... ⊕ F

XYn f

.

(16)

As shown in Fig.3 (c), each column shows the structure of AXY . In the two-person
case, if an action type Ei is represented by K i codes, we can use a matrix to
represent Ei by the form:

Ei = ( AXY 1 ,..., AXY Ki ) ,

(17)

where X k denotes the kth object, Ei ∈ R n× Ki . If there are L action types to be
recognized, the library D in sparse representation for action recognition can be
formed:
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D = ( E1 ,..., EL ) ,

((18)

L

where D ∈ R n× K and K =  K i .

Then, the K-SVD scheme can be appliedd to

i =1

learn the optimal dictionarry to more effectively and accurately analyze personn-toperson action events.
4.2

n and Analysis Using Sparse Coding
Event Classification

After obtaining the dictionaary D by the K-SVD algorithm, we formulate the acttion
event classification as a sig
gnal reconstruction problem. Given an input signal x ∈ R n ,
we consider x as a linear combination of column vectors in D , i.e.,

x = α1d1 + ... + ... + α K d K ,
where d k ∈ D . Let α = (α1 ,..., α K ) . The sparse solution α can be obtainedd by
solving the following minim
mization problem:
a min || α ||1 s.t. || x − Dα ||22 ≤ ε .
arg
α

This optimization problem can be efficiently solved via the second-order cone pprogramming. Since there are L action types to be recognized, in Eq.(18), the librrary
D is separated to L classses, i.e., D = ( E1 ,..., EL ) . Let δ i : R n → R n be a functtion
that selects the coefficients associated with the ith class. Then, using only the coeefficients associated with classs i , we compute the residual ri ( x) between x and the
approximated one:

ri ( x) =|| x − Dδ i (α ) ||2 .

((19)

We can classify x to its corresponding
c
action type by assigning it to the event cllass
that minimizes the residual,, i.e.,
Type( x) = arg min ri ( x) .
i

5

Experimental Results
R

Fig. 4. Examples
E
of real data for seven action types

((20)

Modeling and Recognizing Action Contexts in Persons Using Sparse Representation

539

To evaluate the performance of our proposed method, a real-time system to analyze
different action events between two persons at different lighting conditions was implemented. There is no benchmarking database designed for evaluating algorithms to
recognize two-person action events. Thus, two kinds of datasets were adopted in this
paper for examining the effectiveness of our method, i.e., synthetic and real videos. In
this dataset, four kinds of action types were created, i.e., waving, handshaking, running, and walking. For each action type, there were one hundred of action videos
created for training and testing, where fifty videos were for training and another set of
fifty videos were for testing. In addition to the four types, three extra action types
were added in the real dataset for evaluating the effectiveness of our methods under
real conditions. The three types are kinking, punching, and soccer-juggling, respectively. The dimension of video frame is 320 × 240 pixel elements.
Fig. 4 shows the examples of real data for the seven action types. Fig. 5 shows the
results of two-person action recognition on the synthetic dataset. All the action types
were correctly recognized. Table 1 shows the confusion matrix of two-person action
recognition on the synthetic dataset using the SRC method. In this table, the “walking” action type is easily misclassified to the “running” type. The two action types are
very similar except their speeds. The “handshaking” action type was sometimes misclassified to the “walking” type since their visual features are similar before handshaking. The average accuracy of the SRC method is about 86%.

Fig. 5. Results of action recognition on the synthetic dataset
Table 1. Confusion matrix of the SRC method on synthetic dataset
Action Types
Handshaking
Greeting
Walking
Running

Handshaking
47/94%
0/0%
8/16%
0/0%

SRC
Greeting
0/0%
50/100%
0/0%
0/0%

Walking
0/0%
0/0%
40/80%
15/30%

Running
3/6%
0/0%
2/4%
35/70%

Table 2. Accuracy improvements of the SRC method after adding the speed feature
Action Types
methods
SRC

Handshaking

Greeting

Walking

Running

Average

94%

100%

86%

78%

90%

540

K.-T. Chuang, J.-W. Hsieh, and Y. Yan

Fig. 6. Results of action recognition on real dataset in indoor environments

As to the real dataset, seven action types were recognized. The first six types focus
on person-to-person action recognition. Fig. 5 shows the results of action type recognition in indoor environments. Fig. 6 shows the results of action type recognition in
outdoor environments. Actually, our method can also be applied to recognize personto-object action events. Thus, the last case is to recognize action events happening
between an object (soccer) and a person. Fig. 7 shows the result of recognizing a
person-to-object action event. Table 3 shows the confusion matrix of the SRC method
on real data. The average accuracy of the SRC method is 80.54%. All the above
experiments have proved that the proposed method is a robust, accurate, and powerful
tool for action event analysis.

Fig. 7. Results of action recognition on real dataset in outdoor environments

Fig. 8. Result of recognizing a person-to-object event
Table 3. Confusion matrix of the SRC method on real dataset
SRC
Action Types Handshaking Greeting
Walking
Running
Handshaking 26/81.25%
0/0%
1/3.25%
0/0%
Greeting
0/0%
30/93.75%
0/0%
0/0%
Walking
2/6.25%
0/0%
25/78.125% 5/15.625
Running
0/0%
0/0%
8/31.25%
24/75%
0/0%
0/0%
0/0%
0/0%
Kicking
Punching
Soccer-juggling

Kicking
Punching S-juggling
2/6.25%
3/9.25%
0/0%
0/0%
2/6.25%
0/0%
0/0%
0/0%
0/0%
0/0%
0/0%
0/0%
27/84.375% 5/15.625%
0/0%

2/6.25%

0/0%

0/0%

0/0%

4/12.5%

26/81.25%

0/0%

1/3.4%

2/6.9%

2/6.9%

2/6.9%

1/3.4%

1/3.4%

20/69%
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