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a b s t r a c t
Vision-based human action recognition provides an advanced interface, and research in the ﬁeld of
human action recognition has been actively carried out. However, an environment from dynamic viewpoint, where we can be in any position, any direction, etc., must be considered in our living 3D space. In
order to overcome the viewpoint dependency, we propose a Volume Motion Template (VMT) and Projected Motion Template (PMT). The proposed VMT method is an extension of the Motion History Image
(MHI) method to 3D space. The PMT is generated by projecting the VMT into a 2D plane that is orthogonal
to an optimal virtual viewpoint where the optimal virtual viewpoint is a viewpoint from which an action
can be described in greatest detail, in 2D space. From the proposed method, any actions taken from different viewpoints can be recognized independent of the viewpoints. The experimental results demonstrate the accuracies and effectiveness of the proposed VMT method for view-independent human
action recognition.
Ó 2009 Elsevier B.V. All rights reserved.

1. Introduction
The time of robot assistance in human life is clearly visible in
the near future, through the active research and development of
a humanoid robot. An essential key which enables robots to assist
humans is the interactions between human and robot. Research on
human–robot interaction provides convenient and natural interfaces. Among many sensors, human action recognition based on
a vision sensor provides an advanced interface and research on vision-based interaction has been actively studied.
We live in 3D space and human actions are performed in 3D
space. This means, that for practical purposes, we must consider
an environment from a dynamic viewpoint, where we can be in
any position, any direction, etc. Many researchers have developed
reconstruction methods for the 3D human body model, from input
video sequences (Ben-Arie et al., 2002; Mori et al., 2004; Ramanan
and Forsyth, 2003; Sminchisescu and Triggs, 2003; Yang et al.,
2007). However, 3D-based methods have high computational cost
and do not yet provide a precise enough solution to be used in
practical environments.
The alternative method is to use the 2D template-based method, which is much simpler and requires lower computational costs
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than the model-based method. One of the representative methods
is the MHI (Motion History Image) (Bobick and Davis, 2001).
However, the template of human action changes dynamically
depending on camera viewpoints and the speed of human action.
Thus, for 2D-based human action recognition, the primary concern
is the camera viewpoints problem. The view dependent problem is
difﬁcult to solve under a single camera environment, since the
shape and the motion information, which depend on viewpoint,
vary too greatly to represent actions efﬁciently.
Firstly, features for human action representation change drastically with changes in viewpoint. View-based methods suffer
greatly from the changes of viewpoint. 2D-based methods have
limitations in covering actions from different viewpoints. Also,
the representation of an action has limitations, because the data
obtained from a camera consists of the information about the projection from a 3D real world into a 2D image plane. For an example,
two actions of ‘Moving a hand forward’ and ‘Moving a hand backward’, are barely distinguishable using MHIs, because the MHIs are
generated on 2D images. However, MHI effectively describes
orthogonal motions to the optical axis.
Secondly, variation of an action speed induces poor recognition
performance. The maximum and minimum duration are manually
determined in the MHI method and all MHIs are generated in a
range between the maximum and minimum duration. The disadvantage of this method is that the greater the number of actions
and the range, the greater the number of templates required. In
addition, computational cost is increased and contrast is reduced.
The solution to this problem involves using a different capture rate.
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The Timed Motion History Image (TMHI) is presented in (Bradski
and Davis, 2002). The current time stamp is used as an intensity
of motion template. However, the variation in the velocities of actions is not dealt with.
In order to overcome these problems, a Volume Motion
Template (VMT), which is an extension of the MHI to 3D space,
is proposed, based on a stereo camera. The VMT is generated by
using motion history information in 3D space, using disparity
maps, and the VMT is projected into a 2D plane that is orthogonal
to an optimal virtual viewpoint. The optimal viewpoint is a viewpoint from which an action can be described in greatest detail in
2D space. The problem of variation of action speed is solved by
the proposed temporal normalization method. Note that the VM
(Volume Motion) in this paper does not mean an actual 3D volume
but a virtual volume of motion that reconstructed from a pair of
images by a stereo camera.

2. Previous work
The previous human action recognition research can be separated into two main categories: model-based and appearancebased methods. The model-based method analyzes components
of the human body from the input images (Ben-Arie et al.,
2002; Mori et al., 2004; Ramanan and Forsyth, 2003; Sminchisescu and Triggs, 2003). In this method, it is important to ﬁt 2D or
3D human body models to an input video sequence and to accurately extract the coordinates of each human body articulation.
Sminchisescu and Triggs proposed an approach to ﬁt a 3D model
to an image, with covariance scaled sampling from a single camera input (Sminchisescu and Triggs, 2003). Mori et al. proposed
an approach to recover a human body conﬁguration (Mori
et al., 2004). Yang et al. proposed a gesture spotting and recognition method based on a stereo camera and they used a 3D model
that is reconstructed from a pair of stereo image (Yang et al.,
2007). The performance of these approaches depends on the
accuracy of extracting the coordinates of human body articulations. Analyzing components of the human body is very complex,
difﬁcult, and computationally expensive.
The appearance-based method is simple and requires lower
computational costs than the model-based method (Bobick and
Davis, 2001; Bradski and Davis, 2002; Kirishima et al., 2005;
Lee and Kim, 1999; Shan et al., 2004; Ye et al., 2004). Bobic
and Davis proposed a simple method for temporal template
matching, the MHI (Bobick and Davis, 2001). The MHI is a static
image template where pixel intensity is a function of the recency
of motion history at that location. Brighter values correspond to
more recent motion in a sequence. They performed the MHI
method in aerobic sequences. However, its performance will be
degraded for non-trained viewpoints. In addition, the MHI cannot
represent parallel motion in an optical axis, such as moving a
hand forward and backward.
Prior research for solving the viewpoint problem was as follows:
Seitz and Dyer proposed a view-invariant method for detecting cyclic motion (Seitz and Dyer, 1997). Afﬁne invariant principles are
used, and it is assumed that feature correspondences between successive frames are known. Bodor et al. introduced an image-based
rendering method for view-independent human motion recognition (Bodor et al., 2003). Orthogonal views to the mean direction
of motion with rendering are generated. This approach, however,
assumes a multiple camera environment. Niu and Mottaleb proposed view-invariant human activity recognition based on shape
and motion features with hidden Markov models (Niu and Mottaleb, 2004). This approach performs experiments on walking and
running actions and requires a set of hidden Markov models for
every viewpoint. Rao et al. proposed a method for view-invariant

representative actions of a human hand (Rao et al., 2002). Meaningful action is characterized as dynamic instants and intervals. Parameswaran and Chellappa proposed a method for estimating viewindependent human body pose with the epipolar geometry of the
camera (Parameswaran and Cellappa, 2005). It is assumed that a
torso twist is small and head-orientation is used for recovering epipolar geometry. The system requires the correspondence of several
body landmarks for input, which is a strong restriction in the real
world. Yilmaz and Shah proposed a novel action representation
method that is view invariant (Yilmaz and Shah, 2005). Although
their method is robust to viewpoint changes, it cannot distinguish
actions that the motions is parallel to a camera, such as moving a
hand backward and forward. Ahmad and Lee proposed a human action recognition method that is robust to view changes (Ahmad and
Lee, 2008). They used multidimensional features of combined local–global optic ﬂow and shape ﬂow. However, it also has a problem with parallel motions to a camera. Weinland et al. proposed a
free viewpoint action recognition method using motion history volumes (Weinland et al., 2006). In order for free-viewpoint representation of actions, they used multiple calibrated and backgroundsubtracted video cameras. Holte and Moeslund proposed view
invariant gesture recognition method using 3D motion primitives
(Holte and Moeslund, 2008). They represent temporal motion using
view invariant shape descriptor and classiﬁcation is performed
using the sequence of the motion primitives. However, in order to
represent the accurate shape context good quality of depth map
is required. Shin et al. showed the very ﬁrst model of Motion History Image in 3D (Shin et al., 2005).
In this paper, the VMT is proposed, to cope with both the
limited capability of 2D images representation and the duration
problem, and the view dependent problem. The VMT is a 3D extension of the MHI and requires only one stereo camera.

3. Volume Motion Templates and Projected Motion Templates
The overview of the proposed action recognition method is represented in Fig. 1. This section describes the detailed algorithms to
generate the VMT and PMT (Projected Motion Template), which is
a projected template image from the VMT, by an optimal virtual
viewpoint.
3.1. Generating volume motion template
The VMT is proposed to cope with problems of 2D motion analysis:limited capability of 2D motion representation, and the view
dependent problem. The proposed VMT is deﬁned by a 3D motion
template, which includes 3D motion history information, using
disparity maps of stereo input sequences. Algorithm 1 shows the
algorithm for generating the VMT. However, the 3D motion template is virtually reconstructed, because it is impossible to get real
3D volume from single stereo camera.
Algorithm 1. An algorithm for generating the VMT
1: Extract silhouette images of foreground images and disparity maps, using the correspondence of stereo input
images
2: Calculate volume object, Ot , in 3D space, using the silhouette image and the disparity map
3: Calculate the motion difference, rt , and the magnitude
of motion, lt , between two consecutive volume objects
in motion sequence
4: Construct the VMT, V t , by adding new motion, rt , and
attenuating intensity of previous motion information
with the magnitude of motion
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We used background subtraction for extracting foreground silhouette images from the video sequence. The volume object is a
3D binary image reconstructed from a stereo image, by using its
disparity map. The instant of the volume object at time t is calculated by

Ot ðx; y; zÞ ¼



1 if St ðx; yÞ ¼ 1 and Z t ðx; yÞ ¼ z
0

otherwise;

ð1Þ

where St and Z t are a binary silhouette image and its disparity map,
respectively. In order to estimate the action’s motion, the difference
between two consecutive volume objects at time t, are calculated.
The difference of two consecutive volume objects is calculated by

rt ðx; y; zÞ ¼ jOt ðx; y; zÞ  Ot1 ðx; y; zÞj:

ð2Þ

The VMT is constructed from a set of the rj where 1 < j < t. The
voxel’s intensity at a point, ðx; y; zÞ, in the VMT, at time t is deﬁned
by

V t ðx; y; zÞ ¼

lt ¼

Z Z Z



Imax

if

rt ðx; y; zÞ ¼ 1

maxð0; V t1 ðx; y; zÞ  glt Þ otherwise

rt ðx; y; zÞ dxdydz;

ð3Þ

ð4Þ

where Imax is maximum intensity (e.g., 255 in an 8 bit grayscale),
and g and lt are an attenuating constant and magnitude of motion.
Motion history information disappearance rate is reduced in proportion to lt . The attenuating constant controls the amount of disappearance of the motion history information. In the experiments,
we set the g as follows:

g¼

N
1X
g;
N i¼1 i

I

max
gi ¼ P
Ti

1

t¼1

lt
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ð5Þ
;

ð6Þ

where N and T i are the number of training data and the length of the
ith training data. The magnitude of motion is a sum of all elements
in rt that is deﬁned in Eq. (2).
3.2. Spatial and temporal normalization of the VMT
The silhouette of a human can be located at any position in an
image plane. In addition, silhouettes in a video can have various
sizes, depending on the distance between the human and camera
and on personal body sizes. The spatial normalization is performed
according to the height of a dominant region and to the center of
the gravity of silhouette. Silhouette images are resized according
to the height of the body and are shifted to a given location according to the center of gravity.
Each person performs actions at different speeds. This variation
results in degraded recognition performance. The conventional
MHI produces different shapes for the same actions at different
speeds, because of the duration problem. The problem is that prior
motion data disappears over time, before an action is ﬁnished. This
problem can be solved by controlling motion history information
dynamically, using the magnitude of motion. In order to prevent
the loss of prior motion information, the magnitude of motion is
considered to maintain the history information. The magnitude
of motion, lt , is an important clue for solving the duration problem. When movement does not occur, or the magnitude of the

Fig. 1. An overview of the proposed VMT based action recognition method.
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movement is small, such as in slow motion, history information is
not updated. Therefore, motion history information can be maintained which is independent of the speed of movement.
3.3. Generating Projected Motion Template
As mentioned, the VMT refers to 3D space. It is not easy or efﬁcient to match the generated VMT (3D image) with the reference
VMT, whereas using the 2D template is much easier. Therefore,
we proposed PMT (Projected Motion Template) for recognition.
The PMT is a 2D image which is a projection image from 3D
VMT, from an optimal virtual viewpoint. Algorithm 2 shows the
algorithm for generating the PMT.
Algorithm 2. An algorithm for generating the PMT
1: Generate VMT and calculate motion orientation
2: Estimate an optimal virtual viewpoint by calculating
an orthogonal motion to the motion orientation of
the VMT
3: Generate a PMT (Projection Motion Template) image,
q, from VMT from the optimal virtual viewpoint

orthogonal direction to the dominant motion. Fig. 3 represents
the means to estimate dominant motion orientation between
two input images at time t and t  w. The dominant motion orientation is obtained by subtracting two volume objects at time t and
t  w. Firstly, the centers of gravity of new and old objects at time t
and Dold
and t  w are calculated. The new and old objects (Dnew
t
tw ,
respectively) are deﬁned as follows:

Dnew
ðx; y; zÞ ¼ maxð0; Ot ðx; y; zÞ  Otw ðx; y; zÞÞ
t
and

Dold
tw ðx; y; zÞ ¼ maxð0; Otw ðx; y; zÞ  Ot ðx; y; zÞÞ

ð8Þ

for all ðx; y; zÞ. Let a moment vector of a volume object, I, be

XXX
!
1
mðIÞ ¼ P P P
Iðx; y; zÞðx; y; zÞ:
x
y
z Iðx; y; zÞ x
y
z

ð9Þ

!
Secondly, the motion vector, d t , at time t with time window w is
calculated by





!
 m Dold
d t ¼ m Dnew
t
tw :

ð10Þ

Thirdly, the rotation matrixes for the VMT are calculated by

0

Fig. 2 presents the overview of the means of generating VMT
and PMT. Although the action involves moving a hand forward
from a parallel viewpoint in an optical axis, the PMT can effectively
describe motion information.
We deﬁne an optimal virtual viewpoint as the viewpoint from
which an action can be described in greatest detail, in 2D space.
The VMT is projected into 2D space by employing the optimal virtual viewpoint. For example, we can easily distinguish between the
‘stretching arm forward’ and ‘stretching arm backward’ actions by
observing it from the side view (90° to the motion) rather than
from the frontal view (0° to the motion). The virtual 90° is determined as an optimal virtual viewpoint.
The optimal virtual viewpoint for describing motion is an
orthogonal orientation to the motion orientation. Therefore, determination of motion orientation is an important factor for estimating the optimal virtual viewpoint. Approaches for estimating the
motion orientation do exist, such as optical ﬂow and global motion
orientation (Bobick and Davis, 2001). However, these demonstrate
poor performance with respect to noise, since the disparity map
obtained from the stereo camera is not reliable enough. This paper
proposes a simple and robust method to estimate the motion orientation of action data with respect to noise, using time windows.
We can calculate a dominant motion orientation between two
volume objects, at two different times, within a time window.
Then, the optimal virtual viewpoint can be estimated from the

ð7Þ

1 0

B
Rx ðaÞ ¼ @ 0
0
0

0

1

C
sin a A;
 sin a cos a
cos a

cos b 0

B
Ry ðbÞ ¼ @ 0

 sin b

ð11Þ

1
C
A;

ð12Þ

1
cos c
sin c 0
B
C
Rz ðcÞ ¼ @  sin c cos c 0 A:
0
0
1

ð13Þ

sin b

1 0
0

cos b

0

The angles are

a ¼ cos

b¼

1

!
!
jj Dt ðyÞjj
;
sgnðyÞsgnðzÞ !
!
jj Dt ðyÞ  Dt ðzÞjj

!
!
jj Dt ðzÞjj
 cos1 sgnðzÞsgnðxÞ !
;
!
p
jj Dt ðzÞ  Dt ðxÞjj
2

c ¼ cos

1

!
!
jj Dt ðxÞjj
;
sgnðxÞsgnðyÞ !
!
jj Dt ðxÞ  Dt ðyÞjj

ð14Þ

ð15Þ

ð16Þ

!
where sgnðÞ is a sign indicate function and Dt ðkÞ is a projected vec!
tor of dt into the k-axis.

Fig. 2. An overview of the means of generating VMT and PMT. The bar in the red circle in third column image represents a motion orientation of the action.
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Fig. 3. Estimating motion orientation of movements, within a time window. The green and purple represent silhouette images at time t  w and t, respectively, and the black
arrow represents the estimated motion orientation.

Fig. 4. Brief procedure for generating the PMT from the VMT. (a) VMT and motion vectors (blue arrows) in three planes (xy, yz, zx). (b) The angles for three planes and (c) PMTs
which are projected into xy plane, from the VMT, after rotating.

Fig. 5. Examples of projected images of a VMT into xy, yz, and zx planes, and the PMT from an optimal virtual viewpoint, for an input action. The green and purple represent
silhouette images at time t  1 and t, and the yellow represents overlapped region, respectively.

Fourthly, the VMT is rotated by the matrix (Rx ðaÞRy ðbÞRz ðcÞ) and
the PMT is generated by projecting the rotated VMT into an xy-axis
plane. Fig. 4 presents the brief procedure for generating the PMT
from the VMT. Fig. 5 shows PMTs in xy, yz, and zx planes, and the
PMT from an optimal virtual viewpoint. Fig. 6 presents examples
of actions (left-hand two images), PMTs (right-hand images), and
its motion orientations (arrows on the right-hand images). The actions are; ‘walking toward a stereo camera’, ‘sitting on a chair’,
‘bowing’, and ‘moving a right hand forward’.

where N and C are the number of training data sets (PMTs) for an
action class, and the number of classes, respectively. pci represents
a column vector of PMT of the cth action class.
e can be reconFrom the assumption above, an input PMT, P,
structed from linear combination, as follows:

4. Action recognition using the PMT

e  P c ec k:
Ec ¼ k P

To recognize an action, we assume that a PMT of any action can
be reconstructed from a linear combination of PMTs in a certain action class. This hypothesis is used in many ﬁelds and yields good
results in recovering and reconstructing an image from noisy and
distorted environments (Hwang and Lee, 2003). Because PMT includes noise which is caused by inaccurate depth information
and silhouette images of input images, it is appropriate to use a
recovery method from linear combination, rather than the simple
template matching method for recognition. The training data set
consists of N PMTs for each action, as follows:

An optimal coefﬁcient
estimated by

Pc ¼ ðpc1 ; pc2 ; . . . ; pcN Þ;

where 1 6 c 6 C;

ð17Þ

e  pc e1 þ pc e2 þ    þ pc eN ¼ Pc ec ;
P
1
2
N

ð18Þ

where ec is a coefﬁcient vector for the cth class.
The error function is deﬁned by

ð19Þ

ec which minimize the error function can be

e
ec ¼ ðPTc PÞ1 PT Pe ¼ Pþc ; P;
þ

ð20Þ

where P is pseudo-inverse of P c . Recognition is performed by ﬁnding a class (Pc ) which has highest correlation between the input
PMT and the reconstructed PMT from the P c .
In order to recognize gestures in a video sequence, where there
are several gestures in a single video, a voting strategy is applied.
We count the number of actions for each class within a time window. When one of the numbers has higher value than a given
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Fig. 6. Examples of estimation of motion orientation. The white arrows represent the dominant motion vectors for (a) walking toward camera, (b) sitting on a chair, (c)
bowing, and (d) moving a right hand forward. The small white and blue circles represent the centers of gravity of Otw and Ot .

threshold, the sequence within the time window is determined as
the action corresponding to the number of the class.
5. Experiments and analysis
In order to make performance evaluations, we took videos from
a stereo camera instead of using common action databases such as
Weizmann action database (Gorelick et al., 2007), because they
does not provide stereo videos. The training and testing data were
captured by a stereo camera, Videre Design STH-MDCS2, with
4.8 mm focal length lenses. The resolution of the video sequence
is of 320  240 24bit RGB color images, with a rate of 30 frames
per second.
To measure the performance of the proposed VMT, two experiments were carried out.1 The ﬁrst experiment measures the extent

1
Example video clips are available at http://image.korea.ac.kr/3DGD/
videoclips.html.

of the VMT view change robustness. We measured the viewpoint
change robustness, using various video data sets which are taken
from different viewpoints. The second experiment measures consistency for various actions which are taken from the frontal
viewpoint.
5.1. Viewpoint change robustness
Four actions are taken from seven different viewpoints (0°–90°
for every 15° intervals). The actions are; ‘moving hand forward’,
‘moving hand backward’, ‘bowing’, ‘raising a right hand’. Because
the data taken at the 15° to 90° viewpoints are symmetrical
to the data at 15°–90°, we anticipate that the result will be the
same. Fig. 7 represents the PMTs and the MHIs of the four actions,
from seven viewpoints. Fig. 7a–d shows the input videos (ﬁrst
rows), VMTs (second rows) and MHIs (third rows) for the actions;
‘moving hand forward’, ‘moving hand backward’, ‘bowing’, ‘raising
a right hand’, respectively. The PMTs for an action from different
viewpoints show stable images, whereas the MHIs change drastically as the viewpoint changes. Fig. 8 represents the correlation

M.-C. Roh et al. / Pattern Recognition Letters 31 (2010) 639–647

645

Fig. 7. Examples of input sequence, PMT and MHI for four actions taken from seven different viewpoints. The actions are; ‘(a) moving a right hand forward’, ‘(b) moving a
right hand backward’, ‘(c) bowing’, and ‘(d) raising a right hand’. The ﬁrst rows represent representative frames of the video sequences. The second and third rows represent
PMTs and MHIs.

coefﬁcients between a template from the reference viewpoint (0°)
and templates from the other viewpoints. The plots demonstrate
that the proposed action representation is stable, despite dynamically changing viewpoints, whereas the similarity of MHIs changes
drastically as the viewpoint changes.

The duration times of the actions are varying. The approximated
duration time for each action is as follows: ‘moving hand forward
(1:8  0:2 s)’, ‘moving hand backward (2:0  0:2 s)’, ‘bowing
(6:1  0:3 s)’, and ‘raising a right hand (2:5  0:5 s)’. The variation
of the action duration of each action is not large. Thus, in the ﬁrst
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experiment, there is no signiﬁcant difference between the results
of the MHI method and the proposed VMT method using the proposed temporal normalization. However, there are differences in
the second experiment.
5.2. Consistency for various actions
Ten actions are performed for this experiment; ‘walking’,
‘swinging whole body’, ‘sitting down’, ‘bowing’, ‘swinging upperbody’, ‘moving hand forward’, ‘moving hand backward’, ‘raising
an arm’, ‘swinging hand’, ‘standing’. 10 video sequences were taken
for ten people, and the actions for each person were taken in a single video. Among 10 subjects’ videos, 5 were used for training. Each
subject was asked to follow a scenario from the list below, for
which a video was taken. The approximated duration time is also
described.
1. Approaching a chair located in front of a stereo camera, from
a distance: 3:2  1:8 s.
2. Swinging body several times, by the chair: 6:6  1:2 s.
3. Sitting down on the chair: 3:4  0:3 s.
4. Bowing: 5:8  0:5 s.
5. Swinging upper body: 5:1  0:8 s.
6. Moving a right hand forward: 1:9  0:2 s.
7. Moving a right hand backward: 1:8  0:4 s.
8. Raising a right arm by side: 2:4  1:1 s.
9. Swinging a right hand: 3:6  1:4 s.
10. Standing up from the chair: 6:0  1:2 s.
The experiments were performed using continuous video data,
therefore, deletion, insertion, and substitution errors should be

Table 1
Action recognition results using MHI (Bobick and Davis, 2001).
Actions

Total

Errors

Correct (%)

Accuracy (%)

D

S

I

Walking
Swinging body
Sitting down
Bowing down
Swinging upper-body

5
5
5
5
5

0
0
0
0
1

1
2
1
1
1

0
1
0
1
1

80
60
80
80
60

80
40
80
60
40

Moving a hand forward
Moving a hand backward
Raising an arm
Swinging a hand
Standing up

5
5
5
5
5

1
1
0
0
0

1
2
0
1
1

0
0
0
0
0

60
40
100
80
80

60
40
100
80
80

Total

50

3

11

3

72

66

considered, when evaluating performance. The performance was
evaluated from two measurements: correctness and accuracy.

ðN  D  SÞ
 100;
N
ðN  D  S  IÞ
Accuracyð%Þ ¼
 100;
N
Correctnessð%Þ ¼

ð21Þ

where N is the total number of actions in a sequence and D, S, and I
represent the number of deletion, substitution, and insertion errors
(Lee and Kim, 1999).
Tables 1 and 2 represent the results of the MHI-based method,
and the proposed VMT-based method, respectively. Overall, the
proposed method outperform the MHI-based method. In particular, substitution errors were greatly reduced when using the
VMT-based recognition method. For all actions including parallel

Fig. 8. Similarities between a template from the reference viewpoint (0°) and templates from the other viewpoints (15°–90°). The actions are ‘(a) moving a right hand
forward’, ‘(b) moving a right hand backward’, ‘(c) bowing’, and ‘(d) raising a right hand’.
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Table 2
Action recognition results using the proposed VMT.
Actions

Total

Errors
D

S

I

Walking
Swinging body
Sitting down
Bowing down
Swinging upper-body

5
5
5
5
5

0
0
0
0
0

0
0
1
0
0

Moving a hand forward
Moving a hand backward
Raising an arm
Swinging a hand
Standing up

5
5
5
5
5

0
1
0
1
0

Total

50

2
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Acknowledgements
Correct (%)

Accuracy (%)

0
0
0
1
1

100
100
80
100
100

100
100
80
80
80

1
1
0
0
1

0
1
0
0
0

80
60
100
80
80

80
40
100
80
80

4

3

88

82

movements to the camera, the VMT demonstrates much more stable results than the MHI. For the other actions, it also demonstrates
better results, due to the temporal normalization in Section 3.1 and
reconstruction method described in Section 4.
The variation of the action duration of each action is larger than
that of the action in Section 5.1. Thus, for even non-parallel movements such as ‘Swinging Body’, there are differences between the
results of the MHI and the proposed VMT methods. And the proposed VMT performed better than the MHI thanks to the proposed
temporal normalization.
6. Conclusions and further research
The view-independent action recognition provides a natural
environment for an advanced human–robot interface. However,
the camera viewpoints problem is difﬁcult to solve, since the presentation of an action changes dynamically, depending on camera
viewpoints. In order to solve the problems, the VMT method is proposed. The proposed VMT method is an extension of the Motion
History Image (MHI) method to 3D space and is generated by using
motion history information in 3D space, using disparity maps of a
stereo camera. We also proposed a Projected Motion Template
(PMT) for viewpoint independent matching of two VMTs. The
PMT is generated by projecting the VMT into a 2D plane that is
orthogonal to an optimal virtual viewpoint. The optimal virtual
viewpoint is a viewpoint from which an action can be described
in greatest detail, in 2D space. Thus, the proposed method can recognize actions in a video taken from any viewpoint.
The proposed method was evaluated for various actions, in
terms of viewpoint change robustness and consistency robustness,
and compared with MHI. The experimental results demonstrated
that the proposed method outperformed the MHI, and achieved
consistent recognition results for various actions. Further research
will include dealing with complex actions involving multiple motion orientations and achieving robust VMTs with respect to the
noise of disparity maps.

This work was supported by the Korea Science and Engineering
Foundation (KOSEF) grant funded by the Korea government (MEST)
(No. 2009-0060113).
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