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Abstract
In this paper, we introduce a method for tracking a user’s
hand in 3D and recognizing the hand’s gesture in real-time
without the use of any invasive devices attached to the hand.
Our method uses multiple cameras for determining the position and orientation of a user’s hand moving freely in a 3D
space. In addition, the method identifies predetermined gestures in a fast and robust manner by using a neural network
which has been properly trained beforehand. This paper also
describes results of user study of our proposed method and
its application for several types of applications, including 3D
object handling for a desktop system and 3D walk-through for
a large immersive display system.

1. Introduction
With the rapid increase of computer usage in every aspect
of our daily lives, the role of human computer interaction,
or HCI, is becoming more important. Thus, a tremendous
amount of effort has been made to provide more natural and
intuitive means for interacting with computers. In particular,
an approach that involves adapting the way humans communicate with each other for HCI is considered to be the most
promising; this type of approach has resulted in development
of important technologies such as speech recognition.
On the other hand, graphical user interface, or GUI, has
been widely accepted as a standard interface framework.In recent decades, GUI has been predominantly used for commercially available systems; it provides an efficient interface for
employing various kinds of applications on a computer, e.g.,
word processing or web browsing. One of the main reasons
for the wide acceptance of GUI is that it can provide direct
manipulation of objects on a computer monitor by means of
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input devices such as a mouse [16]. This property provides a
user a clear model of what commands and actions are possible
and what their affects will be.
Unfortunately, however, GUI is not a suitable option for
some types of applications which inherently require controls
with a high degree of freedom. For instance, manipulation of
a 3D object by using a mouse is not an easy task because its
motion is limited to 2D. In this case, direct manipulation with
a user’s hand, rather than with a mouse, can offer an ideal
alternative for such applications. In this way, users can control
the position and orientation of a 3D object directly by simply
moving their hands.
This observation motivated us to develop a new method for
tracking a user’s hand in 3D and recognizing hand gestures in
real-time without using any invasive devices attached to the
hand. In this work, we propose a new technique for estimating the 3D pose of a user’s hand by using multiple cameras in
real-time. In addition, the proposed technique is able to recognize predetermined hand gestures in a fast and robust manner
by using a neural network which has been properly trained
beforehand.
This paper is organized as follows. In Section 2, we describe the previously proposed methodqs for estimating the
3D position and orientation of a user’s hand, and discuss the
limitations of these methods. In Section 3, we explain our proposed method for estimating the 3D pose of a hand and recognizing hand shape patterns. In Section 4, we report experimental results for evaluating the performance of the proposed
method. In Section 5, we describe preliminary user study for
using the proposed method for several kinds of applications
including 3D object handling for a desktop system and 3D
walk-through for a large immersive display system. Finally,
in Section 6, we present our conclusions.

2. Related Works
In this section, we give a brief overview of the previously
proposed methods for tracking a user’s hand in 3D, and examine the limitations of these methods.
The use of glove-based devices for measuring the location
and shape of a user’s hand has been widely studied in the past,
especially in the field of virtual reality. Angles of finger joints
are measured by some sort of sensor, typically mechanical
or optical. An additional sensor determines the position of
a hand. One of the most widely known examples of such devices is DataGlove by VPL Research [21] which uses optical
fiber technology for flexion detection and a magnetic sensor
for hand position tracking. A good survey of glove-based devices can be found in [17].
In general, glove-based devices can measure hand postures
and locations with high accuracy and high speed. However,
the use of glove-based devices is not suitable for some types
of applications such as human computer interfaces because
those devices may limit a user’s motion due to the physical
connection to their controllers.
For this reason, other researchers have studied a number
of methods based on computer vision techniques in the past.
One approach is to use some kind of markers attached to a
user’s hand or fingertips, so that those points can be easily
found. For instance, color markers attached to the fingertips
are used in the method reported in [2] to identify locations of
fingertips in input images. Maggioni [9] presented the use of
a specially marked glove for hand tracking. The glove has two
slightly off-centered, differently colored circular regions. By
identifying those two circles with a single camera, the system
can estimate hand position and orientation.
Unfortunately, this approach with markers is not preferred
as a method for human-computer interaction for the same reason as for the approach with glove-based devices. Although
use of markers is less restrictive than glove-based devices
which are physically connected to their controllers, it can be
prohibitively cumbersome for users to attach markers onto
their hands every time they use a computer.
For this reason, other researchers have investigated techniques for determining the 3D pose of a hand and gestures
without any markers. In these techniques, image regions corresponding to human skin are extracted typically either by
color segmentation or by background image subtraction. After the images regions are identified in input images, the regions are analyzed to estimate the location and orientation of a
hand, or to estimate locations of fingertips. For instance, in the
method by Maggioni et al., [10], the shape of the contour of an
extracted hand region is used for determining locations of fingertips. Segen and Kumar [15] introduced a method which fits
a line segment to a hand region contour to locate the side of
an extended finger. Interestingly, their method can estimate a
3D position of a user’s fingertip reliably by making use of the

shadow cast by the finger on a table. However, a table needs
to have a constant color so that a shadow can be detected.
Most of the previously proposed computer vision techniques for tracking a user’s hand use a single camera. Therefore, the problem of 3D hand pose estimation becomes an illposed problem since 3D information of a hand is lost in a 2D
image and cannot be recovered unless some sort of assumptions are made. To overcome this difficulty, some researchers
have studied techniques for 3D hand pose estimation by using
multiple cameras. For instance, Fukumoto et al. introduced a
method called Finger-pointer, which can estimate the position
of a user’s pointing finger in 3D space as well as the number
of extended fingers by using two cameras [6]. However, hand
gestures treated with their method were rather simple, and the
main focus was placed on integration of voice commands and
hand gestures. Utsumi and Ohya recently developed a method
which can estimate 3D poses of two hands and recognize several hand shape patterns in real-time by using five cameras
[20]. To our knowledge, their method has the best performance so far in the sense that two hands can be tracked simultaneously and their hand shape patterns are recognized at the
speed of approximately 10 frames per second.
Another approach used in hand gesture analysis is to use a
three-dimensional model of a human hand. In this approach,
in order to determine the posture of the hand model, the model
is matched to a user’s hand images which have been obtained
by using one or more cameras. The method proposed by Rehg
and Kanade [14] is one example based on this approach. Unlike other methods which do not use a three dimensional hand
model, the method proposed by Rehg and Kanade can estimate three-dimensional posture of a user’s hand.
However, this approach faces several difficulties such as
self-occlusion of a hand or high computational cost for estimation of hand posture. Due to the high degrees of freedom
of the hand model, it is very difficult to estimate the hand configuration from a two-dimensional image even if images are
obtained from multiple viewpoints.
In addition to the methods mentioned in this section, a large
number of methods were proposed in the past. A good survey
of hand tracking methods as well as algorithms for hand gesture analysis can be found in [8] and [13].

3. Proposed Method
The goal of our study is to develop a new method which
can estimate the pose of a user’s hand in 3D and recognize
hand shape patterns in real-time. In particular, our method
is intended to include all of the following features ideal for
applications in human-computer interaction.
• Robust and accurate estimation of the 3D position and
orientation of a user’s hand by using multiple cameras
• Real-time processing at or close to video-frame rate

• Robust recognition of hand gestures which can be easily
adapted to different users
• Algorithm design conceptually straightforward and easy
to implement
The proposed method consists of three major parts: extraction of an image region corresponding to a user’s hand;
estimation of the 3D position and orientation of the hand; and
recognition of hand gestures. Figure 1 shows the overview of
the proposed method.
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Figure 1. Overview of the proposed method
In the proposed method, multiple input images taken from
different locations are used for observing a user’s hand. Examples of those input images are shown in Figure 1. As described in the previous section, it is generally difficult to estimate the 3D pose, i.e., 3D position and orientation, of a hand
from a single input image. To avoid this difficulty, our method
utilizes multiple input images taken from different locations as
previously proposed by several other researchers. In our current implementation of the proposed method, two cameras are
used.
First, an image region corresponding to a hand is extracted
in each of the input images. For this purpose, image processing techniques such as background subtraction or region
extraction-based color are commonly used. Since we consider
use of our method for a desktop interface system in a cluttered office environment, backgrounds of input images might
be fairly complex and even dynamically changing. On the
other hand, illumination is expected to be reasonably stable.
For this reason, image regions corresponding to a hand
are extracted based color in our method. Input images from
two color cameras are captured as a YUV color image with
256 × 220 pixels, and then converted to a HSV (hue, saturation, value) color image. After a median filter is applied for
suppressing effects of image noise, image regions where saturation values are sufficiently high and hue values are close to
that of human skin are identified as candidate regions. Then,
the largest connected region is selected as a hand region based

on the assumption that other image regions whose colors happen to be similar to skin color are generally much smaller than
a user’s hand. In this way, image regions for a user’s hand can
be obtained even in a fairly cluttered background.

3.1. Estimation of 3D Position and Orientation of a
Hand
After hand regions are found in each input image taken
from multiple cameras, a 3D position and orientation of a
user’s hand are determined based on triangulation [1]. Here
each camera is calibrated beforehand by using the Tsai camera calibration method [18] to determine its camera parameters such as a 3D location of its projection center and the orientation of the camera in the world coordinate system defined
with the real 3D space.
Once the camera calibration has been done, we can determine a 3D line that extends from a camera projection center
through the center of gravity for the extracted hand region in
the input image taken by the camera. Figure 2 illustrates such
3D lines as L1 and L2. Then the 3D position of the hand can
be obtained as an intersection of these two lines. However,
due to various kinds of errors such as error in hand region extraction, these two lines may not intersect. Therefore, the hand
position is estimated as a point where the distance between the
two lines becomes minimal.
After the 3D position of the hand is obtained, we need to
determine the 3D orientation, i.e., roll, pitch, and yaw angles,
of the hand as illustrated in Figure 3.
To estimate these three angles, three more feature points as
well as the center of gravity of a hand region are used. Those
points are the tip of a hand region, and both right and left
end points of the region as illustrated in Figure 2. By using
the center of gravity and the tip point, roll and pitch are determined as the direction of the hand in 3D space. Similarly,
yaw is determined by using the right and left end points.

3.2. Hand Gesture Recognition with Neural Network
In addition to the 3D pose of a user’s hand, hand gestures are recognized in our method. Here we are concerned
with recognition of static hand gesture for each input image
frame. In particular, we would like to identify which of the
pre-defined hand shapes, e.g., closed, open, or pointing, is observed, so that these hand shapes can be used as commands for
controlling various types of computer applications. Recognition of dynamic gestures with temporal analysis of motion of
a user’s hand is not considered in this work.
When we consider the use of hand gesture recognition for
human computer interaction, it is important that a recognition
method can be easily adapted for different users performing
various tasks.
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Figure 2. Estimation of 3D position and orientation of a hand
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puted from image moments of the region as described in [4].
After a best view is selected, a hand region in the view
needs to be normalized before it is further provided to a neural network for hand shape classification. Otherwise, slight
misalignment of input data may affect recognition results significantly.
This normalization is done by using the center-of-gravity,
orientation, and aspect ratio of a hand region. First, the hand
region is translated so that the center of gravity of the region is
placed at the center of the image. Then, the region is rotated
based on the orientation of the principal axis of the region
so that the axis is aligned to one of the image axis, e.g., the
row direction in our case. Finally, the region is scaled in two
orthogonal image directions to make the aspect ratio close to
1. For example, the hand region in Figure 4 (a) is normalized
as shown in Figure 4 (c) after translation, rotation, and scaling
as described here.

roll

Figure 3. Roll, pitch, yaw orientation of a hand
(a) extracted hand region

For this reason, we decided to use a neural network [5] for
hand gesture recognition. Neural networks are known to be
effective for distinguishing different signal patterns, and have
been widely used for various tasks of pattern recognition with
both spatial and temporal signals, e.g., images and sounds.
Another advantage of using a neural network is its low computational cost. Training a neural network using a large set
of training data requires a significant amount of time. However, the training is required only once as an off-line process,
and once a network is properly trained, on-line recognition for
new input data can be performed quite efficiently.
Since we consider the case where a user’s hand is moving freely in 3D space, a large portion of the hand might
be self-occluded if it is observed from a single camera position. Therefore, it is necessary to select an appropriate view
for hand pattern classification from multiple input images. In
such an appropriate image, a hand should not be observed too
far from or too close to a camera. In addition, a hand should
not be observed from its side; rather, it should be seen from
its front side, i.e., facing straight toward a palm, to avoid selfocclusion.
In our method, the best view is selected based on the area
and aspect ratio of an extracted hand region such as the one
shown in Figure 4 (a). In principle, an image which contains
a hand region whose area is sufficiently large, and whose aspect ratio is close to 1 is selected as the best view. Area and
aspect ratio of an extracted hand region as well as the centerof-gravity and the orientation of its principal axis can be com-
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Figure 4. Normalization of input images
Then, the normalized image is down-sampled with averaging to a smaller gray-level image to produce input data
for a neural network. This is necessary for reduction of the
amount of data provided to a neural network to avoid unnecessarily high computational cost. We also found that the
down-sampling with averaging is helpful for reducing effects
of small illumination variation. In our current implementation, the size of input data is 12 × 12 pixels. Figure 4 (d)
shows an example of down-sampled input data.
Finally, a gray level value of each pixel of the downsampled input data is given to a corresponding input node of
the neural-network. Our method uses a three-layer neural network. The neural network is trained beforehand with a set of
training data by using the back-propagation algorithm [5] so
that an output node with the highest score represents a recognized hand shape pattern. Figure 5 illustrates the three-layer
neural network used in our method.
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with 10 individuals. In this study, users were asked to move
their hands in front of a computer monitor which displayed a
CG model of a hand at the estimated 3D pose of their hands in
real-time. Then, users were asked to evaluate how intuitively
they could move the CG hand model with their own hands.
The result of this study is shown in Figure 7.
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We have tested our proposed method by using a desktoptype experimental setup shown in Figure 6. In this experimental setup, two 3CCD color video cameras (JVC KY-57B)
are placed facing toward the center of the workspace where a
user’s hand is moved. The distance from the center to those
two cameras is approximately 1.5 meters. The angle subtended by those two cameras with respect to the workspace
center is about 90 degrees as shown in Figure 6. This setting
of the two cameras was empirically determined to avoid selfocclusion of a hand in input images. Here we mainly considered situations where users keep their hands pointing toward
a computer monitor and rotate hands around the pointing direction. The question of how to place input cameras for other
types of applications will require further investigation depending on the nature of target applications.
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Figure 7. Performance evaluation of estimation
3D position and orientation
From these result, we see that our proposed method has
a satisfactory performance for estimating the 3D position of
a hand. Most users reported that they were able to control
the 3D position of a CG hand model accurately. Similarly,
users were able to control the yaw and pitch angles of a CG
hand model with their hands very intuitively. On the other
hand, the result show that estimation of roll angles is worse
than estimation of other parameters. The commonly observed
problem was that the direction of roll orientation could not
be determined correctly even though a value of the roll angle
was correctly estimated. One way to avoid this problem is to
use a more sophisticated algorithm for estimation of roll angles. For instance, Utsumi et al. used a probabilistic approach
[20] so that roll angles could be estimated reliably even in the
presence of image noise.
The user study presented here is still preliminary, and we
have not yet done any quantitative evaluation of 3D pose estimation. More detailed study with quantitative evaluation using ground truth provided with additional sensors such as a
Polhemus magnetic 3D position sensor is left for further study.

Figure 6. Experimental setup
Input images from the two cameras are digitized and processed with a personal computer (PentiumII 450MHz, 384MB
memory, WindowsNT4.0 OS) with two sets of a generalpurpose image processing board (Hitachi IP5005). With this
hardware configuration, our current system can process more
than 20 input image frames/sec.

4.1. Experimental Results for 3D Pose Estimation
To evaluate the performance of the proposed method for
tracking a user’s hand in 3D, we have conducted a user study

4.2. Experimental Results for Hand Shape Classification
We have evaluated the accuracy of hand shape pattern classification by our proposed method with a neural network. In
this study, 10 individual users were asked to make 6 different
hand shapes which are shown in the bottom of Figure 8. Each
test took 1 minute and therefore, approximately 1200 frames
were used for evaluation. The neural network used in this
experiment was trained with a set of training data created by
observing one particular user selected from the 10 individual
users.
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5.1. 3D Object Handling for Desktop System
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Figure 8. Experimental results for hand shape
pattern classification

Figure 8 shows recognition accuracy for each hand shape
pattern with a standard deviation indicated by a white bar. As
we can see from this diagram, correct hand shape patterns
were recognized with more than 85% accuracy overall in this
experiment. The typical mode of failure was misclassification
happening during transition from one hand shape to another.
We consider that this result is quite reasonable since the neural
network was not trained to recognize those intermediate hand
shapes.
In this experiment, several hand shape patterns such as
Zero, Two, and Five, were recognized very accurately. On
the other hand, recognition results were worse for the rest of
hand shape patterns. Several possible reasons can be given for
explaining for this performance. For instance, we found that
hand shapes were fairly different from person to person for Ok
and Point. Thus those hand shape patterns were classified to a
wrong shape pattern in some cases, and that resulted in lower
recognition accuracy and higher deviation. Recognition accuracy for One is also slightly lower than the others. The main
reason was the shape of One was close to that of Two, and
therefore One was sometimes confused with Two. However,
the opposite case was not seen in our experiment.
Nevertheless, we consider that the result of this experiment
is quite encouraging because the neural network was trained
using training data created for a particular person. To improve
the hand shape classification performance further, we need to
train the neural network used in our method with a larger set
of training data so that slight variation of hand shape patterns
among different users are taken into account.

5. Example Applications
We have examined the use of our proposed method for several kinds of applications including a desktop type interface
system and an interface system for a virtual reality environment with a large immersive display. In particular, we aimed

To evaluate the effectiveness of the proposed method for a
desktop type interface system, we considered applications for
which 3D hand pose estimation and hand gesture recognition
were expected to be particularly useful. In our experiment, a
task of handling a CG object in a virtual reality environment
was examined as an example of such applications. For this
test, the same computer and camera configuration were used
as the one shown in Figure 6.
In this test, users could execute commands by changing
their hand shape patterns, and they could manipulate a CG
object by simply moving their hands. Both the target CG object and a CG model of a user’s hand were displayed on a
monitor. Each of six hand shape patterns shown in Figure 8
was assigned to a different control mode in this experiment.
The mapping between hand shape patterns and control modes
is shown in Table 1. With the mode NoMode, a CG object is
not attached to a user’s hand, e.g., being released.

Table 1. Control modes used for 3D object handling
hand gesture
zero
one
two
five
point
ok

control mode
NoMode
Yaw
Pitch
Move
Size
Hold

To avoid unwanted change of control modes when hand
shape patterns are not classified reliably, e.g., during change
from one shape to another, a filtering process was incorporated. A new hand shape was considered to be identified only
if the shape is found in more than 2 out of 5 last video frames.
We found that this filtering process improved stability of our
method significantly.
Ten individuals were asked to manipulate a target CG object by moving their hands for a fixed duration of time. Then
they were asked to evaluate with three scores, i.e., good, fair,
and bad, how intuitively they could manipulate the CG object
using our proposed method. The result of this user study is
shown in Figure 9.
Most users reported favorable evaluation for translation of
their hands and for the grabbing operation corresponding to
three control modes NoMode, Move, and Hold. Similarly,
pitch rotation by the control mode Pitch received high scores.
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Figure 9. Performance evaluation of 3D object
handling

On the other hand, the rest of the control modes, i.e., Yaw
and Size, received a worse evaluation. The hand shape pattern
assigned to the control mode Yaw was One in Figure 8. Thus
the shape was often incorrectly classified to Two as seen in
the previous experiment for hand shape classification. That
explains lower scores for yaw rotation operation. For zooming
operation with the control mode Size, several users reported
that they felt somewhat awkward since they were using only
one hand for stretching a CG object. As a result, the evaluation
for the operation was lower than the others.
Even though several users felt direct manipulation of a CG
object with our proposed method was not so intuitive, overall
impression about the use of our method for 3D object handling
was quite favorable. For further justification of effectiveness
of our method for 3D object handling, we need to conduct
more careful user study including comparison of our proposed
method with other means, e.g., a conventional mouse and keyboard.

5.2. 3D Navigation for a Large Immersive Display
We applied our method for 3D navigation in a virtual reality environment generated with a large immersive display. The
same computer and camera configuration were used as in the
other experiments except that the distance from the center of
workspace to two cameras was longer. In addition, a graphics
workstation (SGI Onyx2 Infinite Reality) was used for generating images of a virtual reality environment displayed on
a large cylindrical screen (radius: 4 meters, height: 2.7 meters, horizontal field of view: 150 degrees). Figure 10 shows
the large immersive display and the two input cameras used in
this experiment.
In this example application, three different hand shape patterns are used to switch between two different control modes.
When a hand is fully opened (Five in Figure 8), navigation
mode is activated so that users can move on a ground plane
and change its view direction in a virtual reality environment
simply by changing the position and orientation of their hands.

Figure 10. Prototype system for 3D navigation
in a virtual reality environment
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Figure 11. Performance evaluation of 3D navigation in a virtual reality environment

The other control mode is pointing mode, which is activated
by extending a pointing finger (Point in Figure 8). With the
pointing mode, users can point to various buildings in a virtual reality environment to obtain the buildings’ names. To
make transition between two modes reliably, the third hand
shape pattern OK was used to switch from one control mode
to the other.
Similar to the user study described in the previous section,
10 individual users were asked to rate how intuitively they
could control this application. As seen in the result shown
in Figure 11, most users reported favorable scores for both
control modes: 3D navigation and pointing in a virtual reality environment. The main reason is that the orientation of
a user’s hand was not used in this application; only the 3D
position of the hand was used. As seen in the previous experiments, estimation of the 3D position of a user’s hand is much
more reliable than that of the 3D orientation. It is also interesting that several users pointed out that they felt direct control
with their hands was more intuitive in this 3D navigation application than in the previous 3D object handling because of
immersion experience with a large display. This suggests that
direct manipulation with a user’s hand is more suitable for applications with a large immersive display than desktop type

applications.

6. Conclusions
In this work, we have proposed an efficient method for estimating 3D hand pose and recognizing hand shape patterns in
real-time. In particular, the use of a neural network for hand
gesture classification gives our proposed method a distinct advantage over other related techniques in that our method is
computationally less expensive and it can be easily adapted to
work with different users by simply adding appropriate training data. The current system of the proposed method can process images up to 20 to 25 frames per second.
In addition, we have conducted several preliminary user
studies to evaluate how well a user can use the proposed
method for different types of applications including 3D object
handling with a desk-top system and 3D navigation in a virtual reality environment with a large immersive display. We
are encouraged with the initial results of those user studies.
While users reported that the stability of hand orientation estimation needed further improvement, most users found direct
manipulation with their hands with our method easy to use for
the both applications tested in our experiments.
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