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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.
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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 [11][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
[SI[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 cvaluated 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.c. 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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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.al.

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 of the 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



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.

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
FASTRAK ° magnetic tracker. The input were captured
simultancously (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 of complex natural
gesture

In this paper, we exploit three representative gestures in

*FASTRAK is a registered trademark of Polhemus, Inc.

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.







