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Abstract-Although the vision based motion recognition plays
an important role in virtual reality and interactive
entertainment area, it has not yet found wide usage. The first
main reason is the unavailability of relatively low cost wireless
tracking system that would operate well enough for inputting
gestures. The second reason lies in the lack of naturalness in
gesture design. That is, so far most gestures used are either
static images or poses and too abstract losing its intended
meaning and affordances, resulting in low usability and
presence.
In this paper, we propose architecture for a low cost
re-configurable vision-based motion tracking system and
motion recognition algorithm. The user wears one or more
retro-reflective markers for achieving more exact tracking
performance and make predefined motion gestures. Through
object segmentation processing, 3D positions of the objects are
computed. And then, a motion gesture corresponding on these
3D position trajectories is found by a simple correlation-based
matching algorithm. Also, we demonstrate this system by
applying it to virtual environment navigation and interactive
entertainments.
Index Termscomputer vision, human computer
interaction, motion recognition

I. INTRODUCTION

Lately, there has been a rekindled interest in the
vision-based tracking for the next generation user interface.
Vision-based tracking used to suffer from the classical
problems of establishing marker or feature correspondences
and occlusion problems, which can partially be resolved in
real-time by using high performance computers. The
ever-increasing computing power of desktop computers
seems to be the major cause to this revived interest. The most
popular 3D trackers used in VR applications are the magnetic
and ultrasonic types, both usually cumbersome to use for not
being wireless (wireless versions are much more expensive),
and moreover, relatively still too expensive to use for the
everyday desktop application (at least several hundreds to
few hundreds of thousands dollars range). Most commercial
motion capture systems employ vision-based methods
because they offer the wireless convenience, instead, require
high number of special high precision infrared cameras and
heavy computing power for accuracy and speed needed for
the professional animation production, the main application
area of motion capture [1 1] [ 12]. Obviously, cost wise and
set-up wise, these systems are not fit for general VR
interfaces which only need several tracking points and lower
accuracy.

Another major approach looks to eliminate the need for the
markers, directly tracking parts of the body, for instance, the
hands, face, and limbs. However, this requires further
processing for feature detection and usually suffers from the
inability to track point or detailed features [1][4][7][15]. As
both cameras and computers become cheaper compared to
their capabilities these days, many augmented/virtual reality
systems are starting to exploit their own (IR-based) optical
tracking framework at a reasonable cost, accuracy and speed

[5][10][18].

Especially, as these researches are in progress, the gesture
design becomes one of the main concerns in
human-computer interaction. Wilson [20] defined natural
gesture as a motion to which the user naturally makes a
gesture during conversation. In his definition, natural gesture
is more complex than symbolic gesture and diverse
depending on one's cultural or educational background.
Perzanowski [19] defined that natural gesture does not need
to be learned and it is a similarity of motion that everybody
may take in specific situation. In this paper, we define natural
gesture as a motion to which the user behaves in real life.
In virtual reality, interaction is closely related with
presence [22] and thus the user's gesture, which is a means
for interaction between human and computer, influences
presence. That is, presence is the most important factor in
virtual reality and it refers to the extent to which the
environment itself appears to know that you are there and to
react to you [21 ]. Therefore, the high level of presence can be
achieved if the virtual reality system provides responses of
human-computer interaction to correspond to the results from
the reality. Although the relationship between presence and
performance cannot be evaluated at this point, it is very
important to enhance the sense of presence using natural
gesture in virtual reality.
Based on our definition of natural gesture, we applied
representative motions in sport (i.e. baseball, tennis, and
bowling) to our natural gesture recognition system. The
reason why we select the motions in sport is because they are
relatively clear and most of the users easily recognize their
motions. Thus, additional learning or restriction is not
required for interaction with the system. Further, motions in
sport satisfy the definition of our natural gesture though the
features of each motion can be more variable than daily
motions. In addition, our natural gesture recognition system
can easily apply to various applications.
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II. VISION-BASED REAL-TIME MOTION TRACKING SYSTEM

Our motion tracking system runs on a standard PC with an
2.0Ghz Pentium 4 processor and uses four cheap 8-bit
grayscale cameras attached with infrared LED's. We opted to
use four cameras to account for possible marker occlusion,
yet keep the overall cost relatively low (could have used just
two or more than four).

calibration functions calculate the intrinsic (focal length,
aspect ratio, principal point and skew ratio) and extrinsic
(orientation and translation) camera parameters by using the
a priori known 3D reference points such as grid points of a
black and white checker board shown in figure 2(b). For
more robust 2D position tracking, we adjust camera lens
distortion error - known as rectification process, so that
linear movements on 3D real space can be preserved on 2D
image space. As shown in Figure 2(c), linearity of the check
board is preserved on the rectified image. From the computed
camera parameters, we can get the perspective projections of
our cameras, which relate a 3D point to its 2D image
projection.
Infrared Camera

(a)

(u)

Fig. 1. (a) View of a camera with IR LED's and an IR filter mounted (b)
Retro-reflective markers (upper is when snapped, and lower is when opened)
(c) A user wearing five markers on his ankles, wrists and chest.

For video capturing tasks, we use PCI frame grabber that
can acquire four channel images from four NTSC analog
cameras at about 24 frames per second. For tracking purposes,
the user wears one or more retro-reflective markers. As the
marker does not have any orientation, one marker tracking
amounts to just position tracking, that is, orientation tracking
is possible by tracking more than two markers by calculating
their relative positions. The markers are made of a material

called ScotchLiteg ' with about thousands times higher
reflectance to the light than everyday materials. The markers
are also "designed" to be very easy to wear (reflective
material wrapped around a flexible snap-on metal band). Fig.
1 illustrates the IR camera and markers.
After calibrating the cameras (described in the next
section), 2D centers of gravity of the markers (in the
respective image space) are calculated. The matching
markers among the four captured images are solved for using
the epipolar constraint, and then the 3D positions of the
markers are computed. When using multiple markers, the
marker assignments (e.g. marker 1 is for the right ankle) are
maintained by using a prediction-based algorithm after a
heuristic initialization at the beginning of tracking.
A. Camera calibration
The camera calibration is carried out using the calibration
functions developed by the Intel's Open Source Computer
Vision libraries (referred to OpenCV). OpenCV's camera
'ScotchLite is a registered trademark of the 3M Corporation.

(b)

(c)

Fig. 2. (a) Four cameras mounted on the ceiling (two front cameras are shown,
the other two are in the rear in symmetric positions)
(b) Checker board for camera calibration: Distorted image
(c) Un-distorted (Rectified) image

B. Marker tracing
When lit by the infrared LED's, the markers in the four
images obtained by the capture board appear as white blobs,
therefore, after performing a simple threshholding operation
(e.g. filter out every pixel with gray scale higher than about
248, 255 being the maximum), only marker images are left. A
median filter is applied to remove any scattered noise. Fig. 3
illustrates two markers (at the user's wrists) seen from the
four cameras (before threshold).

Fig. 3. Epipolar lines for two markers on the user's wrists

Using the epipolar constraint, which states that the
corresponding marker in the other image must lie in
somewhere on the epipolar line (epipolar line for one marker
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is in green and the other is in red), we can find the matching
markers in the ID epipolar line without full-search in the
entire 2D image. Algebraically, the epipolar constraint is
represented as follows [24]:
(1)
X. F.XL 0
F is called the fundamental matrix and can be obtained by
[A't], A'RA 1 [25]. Here, Xr denotes the position of marker
for reference image and XI denotes the candidate a set of
matching points in epipolar line Xr*F, which is opposite to
reference image. [A't], denotes skew symmetric
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time, recognition process is carried out using stored data
through rule-based classifier.
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Am and Al denote matrix of the intrinsic parameter, t4 and tl
denote the translation vector, and Rm and RI denote the
rotation matrix, respectively.

The 3D position of pertinent marker can be easily
calculated using triangulation if the correspondence of
markers is found in at least two or more images. Since our
system utilizes four cameras, it is able to provide the
positions of markers robust to occlusion, which frequently
occurs in case of using only two cameras.
III.
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Based on above equation, the fundamental matrix Flm of
relative camera m for camera I can be derived as follow
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MOTION GESTURE RECOGNITION

In order to recognize specific motions of human, the
computer requires the angles of joint or a set of position
information of a body part. In this paper, we use the motion
tracking system and we put markers on designated body parts
(e.g. the wrist for hand gesture) for each motion.
The motion recognition module updates and stores the 3D
marker position information for predefined time. At the same

(c)

Fig. 5. (a) Baseball pitching, (b) Bowling, (c) Tennis Swing

A. Rule-based classifier
The setting up of an appropriate feature should be
accompanied in order to distinguish a single specific motion
using the time-dependent position information of motions.
This rule is a basic concept in pattern recognition [17]. We
designate four features (correlation coefficient of motion,
position of point of inflection, velocity, amount of motion
change) using simple and heuristic method for motion
recognition. Using the computation result from feature
comparison, single gesture recognition is decided through a
simple rule-based classifier.
1) Position ofpoint ofinflection
The position of point of inflection is very important factor
to indicate the change of user's motion [18]. Fig. 5 illustrates
the x, y, and z axes of position with corresponding time and
relative position can be easily notified. It is noticed that there
exists a bit of differences in the position of point of inflection
although they are the same gestures. Under these
circumstances, we assume that the relative position of point
of inflection in the same gesture follows Gaussian
Distribution. We collect a set of gesture data from 20 people
to obtain statistical data for each motion. Then, a set of data is
applied to normalization process. The position information of
gestures from our tracking system includes a number of
errors so that the point of inflection can be located
unexpectedly. Therefore, instead of using all the points of
inflection as its features, we exploit window based method
for searching position of point of inflection using statistical
data. The range of window refers to statistical data. We
investigate 95% (,u 2 a < x < p + 2 0) of confidence
index in Gaussian distributionfgto find expected points of
inflection.
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Fig. 6. Searching for a match in the data search window

2) Velocity and amount of motion change
The velocity of each gesture can be used as a feature point
to distinguish gestures. For example, in case of gesture for
throwing a ball, the velocity of one that ball is leaving from a
hand is faster than one that ball is prepared for throwing.
Further, the velocity information can raise the recognition
rate with the point of inflection. The motion change of each x,
y, and z axes in each motion also can be used as feature of
gesture recognition. It is clear that human gesture is
performed in 2D level [6]. Thus, the decision making for
gesture recognition can be accomplished by calculating
features of each gesture.
In these cases, we also use the statistical data from a
number of gestures collected from experiment as explained in
3.a.1.

3) Correlation coefficient
The use of positions in point of inflection as its features
can distinguish the features from gestures. However, as
illustrated in Fig. 7, calculation can be incorrect for gesture A
and B because the points of inflection of both gestures are in
the same window although they are different gestures. In
order to address such issues, we first pick out a sample data as
illustrated in Fig. 8 and calculate the correlation coefficient.
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where m denotes x, y and z axes, u denotes current time index - n,
T denotes template data and I denotes input data.

The correlation analysis basically analyzes how well a
regression fits for the sampled data. The formula in Eq.3 [17]
computes for a measure of the quality of the fit between the

input and the sampled data, and the correlation coefficient is
computed in the x, y, and z dimensions. If the correlation
coefficient is higher than a predefined threshold value (e.g.
0.85, +1 representing a perfect correlation), a match is
deemed to occur. By using the correlation analysis, the
correct classification rate is made much less sensitive than
slight tracking error. In addition, the recognition is made
independent from the size or position of the gesture, thus
there is no need for data normalization.
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Fig. 7. Example of incorrect recognition

B. Search window method

Aside from just recognizing the gesture itself, moving
gestures create another sub-problem that is, detecting the
starting and ending points ofthe intended gesture in the midst
of position data that are streaming in. Simple solution is to
define a "still" state, and for instance, it requires the user to be
stationary for few seconds to signal the start and the end of a
motion command or use other devices [3][5][6]. To
overcome such inconvenience, our method looks for a
meaningful motion pattern from a stream of data contained
within a finite data search window. The data search window
starts at a minimum length (e.g. 0.25 seconds, or 5 frames at
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20 Hz sampling rate) from the current frame, and grows up to
a predefined maximum length (e.g. 3 seconds, or 60 frames at
20 Hz sampling rate). The predefined minimum and
maximum lengths of the search window are determined
based on a heuristic that a given gesture command would
require at least that minimum amount of time to be carried out,
and must not exceed that maximum amount of time to be

completed.
The varying length of the motion command is handled
through a normalization process of the sampled data. That is,
the motion command template data size is either truncated or
elongated to fit the input data size before applying the match
algorithm.
Thus, as far as the duration of the motion command is kept
within a reasonable bound, it will be recognized. The above
search and match process is repeated at every data sampling
period (which is about 20 Hz). Once a gesture is recognized
the data can be further analyzed for additional input
properties such as speed or acceleration. However, being
time dependent, this simple algorithm cannot handle gestures
that are similar in part, for instance, between alphabet "C"
and "O" motion. A "C" gesture would be recognized in the
midst of giving an "O" gesture. Using the computation result
from feature comparison, single gesture recognition is
decided through rule-based classifier. That is, if a set of
motion data satisfies rule-based classifier, a single gesture is
recognized

sport (pitching in baseball, throw in bowling, swing in tennis).
These gestures can be naturally exercised without additional
learning for everyone. Moreover, these gestures are not just
simple motions so that it is suitable for evaluating the
performance of gesture recognition module. In order to
collect statistical data, 15 testers conduct appropriate gestures
without learning or restriction. As results of three gestures in
sport, the performance of recognition rate is evaluated in
Fig.10. There are several reasons why the motions in sport
has lower gesture recognition rate than the simple gestures in
section 4.A. They are because i) motions in sport is bigger
than simple motion so that the entire motions cannot be
captured by camera, ii) the marker can be hidden from the
camera, and iii) motions themselves are complex and
different for each user.

for use~~~~~~~~~~~........
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Fig. 9. The comparative recognition rate our system and FASTRAKR

IV. APPLICATION AND PERFORMANCE EVALUATION

A. 3D navigation and recognition rate experiment using
simple motion command

* ..

..

.
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Fig. 8. Example of incorrect recognition

To validate the performance of our gesture recognition
system, we tabulated and compared the gesture recognition
rate between when using our system and when using the
FASTRAK2 magnetic tracker. The input were captured
simultaneously (i.e. the user wore the marker and were
attached with the magnetic tracker receiver at the same time)
for a fair comparison.
Figure 9 shows the comparison result and there is no
significant difference in the recognition rate. Gesture
recognition, by its algorithmic nature, is quite insulated from
small tracking errors, and thus our system proves to be a
sufficient, yet cost effective data acquisition system for VR

navigation.
B. Recognition rate experiment ofcomplex natural
gesture
In this paper, we exploit three representative gestures in
2

FASTRAK is a registered trademark of Polhemus, Inc.

Fig. 10. Gesture recognition rate for complex motions

C. Game application

Fig. 11. Procedure of gesture motion recognition and applying to
entertainment application

We apply our vision-based gesture recognition system to
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commercialized computer games as their interfaces. With
equipped markers on users' body parts (e.g. ankles for soccer
game), users play various games. As a result, they have a
similar opinion that they experience more immersive into the
game and satisfy with the game although the control of
interface is not familiar than ordinary input devices (e.g.
mouse or keyboard). The important factor in most of GUI
(Graphic User Interface) environment is the user-friendly
interface and its performance. However, the most important
factors in PC or console based games are the immersion into
the game and entertainment. In addition, immersion and
presence are the most important and valuable components in
interactive games. Thus, the effectiveness of natural gesture
will be maximized in high quality of interactive
entert inment

qnnhicntion

been under our investigation. The delay between gesture and
system response time should be reduced and further study on
practical use in physical factor should be carried out.
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