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Abstract

Wearable computing and Augmented Reality applica-
tions call for less obtrusive and more intuitive human com-
puter interfaces than keyboards and mice. One way to re-
alize such interfaces is using gestures, e.g., for pointing in
order to replace the mouse. The less obtrusive way of ges-
ture recognition is to use computer vision based methods.

In this paper we present a computer vision-based gesture
interface that is part of an Augmented Reality system. It can
recognize a 3D pointing gesture, a click gesture, and five
static command gestures. An optimized lookup-table based
color segmentation and a fast gesture recognition method
are presented that enable for real-time performance (25Hz)
on a standard PC.

1. Introduction

In the last decade the idea of having computers located
other places than on our desktops has been widely accepted,
and terms such as pervasive computing and ubiquitous com-
puting have become part of the vocabulary of many re-
searchers. One aspect of this development is when the com-
puter is worn by a human, commonly referred to as wear-
able computing. Among other things the notion of wearable
computing covers the idea of using this worn computer to
enhance the human visual sensors, the eyes, by augmenting
artificially generated information on the visual input. Cur-
rently this is done by having the user wear an HMD (head
mounted display) showing the real world and then over-
lay graphics on the HMD. This principle is known as AR
(augmented reality) and has a number of great applications.
For example, the surgeon who is operating a patient and
meanwhile has the primary bio-parameters for the patient
overlaid on his see-through HMD – even the MR-images
recorded yesterday may be overlaid, or it could be an auto-
mechanic who has the proper voltage and current values
overlaid on the wires he is currently looking at. The latter

application example requires knowledge of the viewpoint of
the HMD in order to align the overlaid data correctly. This
is a requirement in many AR applications and currently the
most common approach is to use computer vision based on
the input from one or two HMC (head mounted cameras)
mounted on the HMD (figure 1).
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Figure 1. User doing a pointing gesture and
wearing an HMD with two HMC.

Another requirement is to have some kind of inter-
face to the AR-system generating the graphics, e.g., when
to add/remove the overlaid graphics. Many different ap-
proaches have been tried but so fartheinterface has not been
constructed. However, it seems evident that hand gestures
will be a part of the interface, as they are always ’at hand’
and they can provide deictic information in an easy and pre-
cise manner which modern WIMP interfaces1 have proven
to be a necessity. In this paper we present an HMC-based
gesture interface which is to be used in AR applications.

1WIMP = Windows, Icons, Menu, Pointer. The most widely used
Graphical User Interface on desktop computers and Hand-Helds (PDA).



1.1. Related Work

Recognition of gestures consists of two steps: 1) cap-
turing the motion and configuration/pose of fingers, hands,
and/or arms, depending on the level of detail required (here-
after: hand), and 2) classify the captured data as belonging
to one of the predefined gesture classes. A number of differ-
ent devices have been applied in order to capture the data,
e.g., magnetic devices, accelerometers, and bend sensors,
but in general the capturing is either performed by a glove-
based system, see e.g., [13], or by an optical-based system.
Due to the non-intrusive nature of the latter it is the focus in
much gesture research, including this paper.

Optical-based gesture recognition systems may be di-
vided into two overall categories: Model-based and
appearance-based. In a model-based system a geometric
model of the hand is created. This model is matched to the
(preprocessed) image data in order to determine the state
of the tracked hand. The model can be more or less elabo-
rate, from the 3D model with 27 DoF (degrees-of-freedom)
used in the DigitEyes system [14] over the cardboard model
used in [8] to a contour model of the hand seen straight on
in [9]. Continuously fitting the model to the hand in the
video frames is a process of tracking the complete state of
the hand and not just its position. This process is conse-
quently called state based tracking. If the model contains a
sufficient number of internal DoF, recognition of static ges-
tures can be reduced to inspection of the state.

In appearance based approaches the recognition is based
on a pixel representation learned from training images. As
no explicit model of the hand exists all the internal DoF
will not have to be specifically modeled. However, this
also means that differentiating between gestures is not as
straight forward as with the model based approach. The ges-
ture recognition will therefore typically involve some sort of
statistical classifier based on a set of features that represent
the hand. Since a pixel-based representation of the hand is
quite comprehensive a representation via Principal Compo-
nent Analysis is often applied, see e.g., [2, 3].

Both approaches require a relative high computational
complexity which is undesirable in an AR interface where
close to real-time performance and low computational com-
plexity is required due to the other systems that are to be
driven by the wearable computer, e.g., graphics for the
HMD and six DoF localization of the head with respect
to the world. To some extent this can be overcome by in-
troducing signal-to-noise enhancements like markers on the
fingers and hands, e.g., [16], or Infrared lighting [15].

For additional information regarding previous gesture
recognition systems in computer vision in general and in
AR in particular see [6, 7, 11, 12, 17, 18]

1.2. Context of this Paper

The gesture recognition system presented in this paper is
part of an AR project which goal is to develop a multi-user
AR system for round-table meetings, e.g., for architects, see
[1] for additional information. Within this AR system an in-
terface is build based on PHO (placeholder objects), point-
ing devices/wands, and gestures. PHO are physical objects
located on a table that are tracked in position and orienta-
tion in the table plane (3DoF), whereas pointers are tracked
in up to 6DoF. By moving PHO different parameters in the
system may be controlled, e.g., the position or scale of a
virtual object. PHO, pointer, and gestures are recognized
by color-based computer vision.

1.3. Focus of this Paper

In our work the aim is to develop a gesture recognition
system which contains a sufficient number of different ges-
tures in order to make a useful interface and to have a low
computational complexity which allows for the system to
run concurrent with other AR components without loos-
ing the sense of real-time interaction in the interface. This
should be achieved without introducing any enhancements
like markers and Infrared lighting. In particular, we show
in this paper how a computational simple yet reliable ges-
ture recognition system can be designed, and we test it in a
concrete AR interface. The paper is structured as follows:
The gestures to be recognized are defined in section 2. In
section 3 the segmentation of the images is described, and
section 4 explains the gesture recognition. In section 5 the
system performance is presented and in section 6 a conclu-
sion is given.

2. Defining the Gestures

Like most AR interface designers we believe that a good
gesture interface as a minimum requires a pointing and a
click gesture. The primary argument for this is the num-
ber of PC applications where interaction is done through
only these two gestures. However, in order to avoid lots of
pop-up menus for all kinds of interactions we also want our
interface to include command gestures, in order to provide
shortcuts. Furthermore, is should be easy for the user to
remember how to perform the gestures.

Thinking in terms of the pointing gesture, the most natu-
ral way to performing this is by an outstretched index finger.
The above requirements for the command gestures com-
bined with this pointing gesture let to the idea of defining
five additional gestures by associating each with a number
of outstretched fingers. This idea let to the definition of
the gesture-set illustrated in figure 2, which is an easy-to-



remember set of gestures that provides a rich enough vo-
cabulary to create interesting and useful interfaces.

Figure 2. The six gestures applied in this
work.

From a technical point-of-view this set of gestures is
likely to be recognizable as all gestures may be distin-
guished in a plane. If we ask the users only to perform
the gestures in this plane, then the recognition problem is
reduced from 3D to 2D, hence, an easier problem to solve.
This might seem a hard limitation for the system, but as the
gestures are all related to a plane, we found that different
users quickly adapted to this constraint. Furthermore, our
recognition method, which will be presented in section 4, is
not as sensitive to small rotations (around any of the three
rotational axes) of the hand as is usually seen in other recog-
nition systems. In other words this is only a soft constraint.

Our recognition method relies on a pre-segmented image
of the hand, which is described in the next section.

3. Segmentation

The task of the low-level segmentation is to detect and
recognize the above mentioned PHO and pointers, as well
as hands in the 2D images captured with the HMC (fig-
ure 3.A shows an example input image). Since both, cam-
era and objects, may move with respect to each other the
2D projection of the objects may vary considerably in size
and form. Furthermore, the form of the hand changes also
depending on the gesture. In order to achieve invariance to
changing size and form of the objects to be detected we use
a color pixel-based approach to segment blobs of similar
color in the image. Compared to gray tone methods color
has the advantage of providing extra dimensions, i.e., two
objects of similar gray tones might be very different in a
color space [4].

A problem when using color as a feature is that the color
appearance of objects depends on the illumination the ob-
jects are exposed to. Illumination changes may be divided
into intensity changes and color changes. Intensity changes

A B

Figure 3. A: HMC input image showing PHO,
a pointer and a gesture. B: Skin color seg-
mented image.

may be due to the light source itself or due to changing illu-
mination geometry, e.g., distance to the light source. Illumi-
nation color changes are due to the different spectral com-
position of light sources, e.g., daylight, fluorescent light, or
tungsten light.

An often used approach to achieve invariance to chang-
ing intensities is to transform the RGB colors to a color
space that separates the intensity from the color informa-
tion [10]. Such color spaces are, e.g., HSV and normalized
RGB.

The problem of changing illumination color is more
complex than intensity changes and cannot be solved with
a simple transformation. In this work it is therefore as-
sumed that there are mainly intensity changes, but only
small changes in the color of the illumination.

We use normalized RGB, also called chromaticities, to
achieve invariance to the intensity, which are calculated by
dividing the RGB elements with their first norm:

r =
R

N
, g =

G

N
, b =

B

N
, N = (R + G + B) (1)

a mapping from 3D space to a 2D plane (r + g + b = 1).
Figure 4 shows the rg-distributions of the different colors in
camera input image (figure 3.A).

These distributions are each modeled as a unimodal 2D
Gaussian, i.e., their mean values and covariance matrices
are estimated, which is done during an initialization step.
From these mean values and covariance matrices we cal-
culate confidence ellipses (confidence ellipses are shown in
figure 4). When segmenting an image it is tested whether
the rg-chromaticity of a pixel is within one of the confi-
dence ellipses using Mahalanobis distance. A recursive re-
gion growing is used to find connected areas in the image,
and several features such as center of mass and bounding
boxes are calculated.

The segmentation result using only the ellipse for skin
color is shown in figure 3.B. It can be seen that not only the
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Figure 4. Chromaticity plane showing the r
and g components of the colors to be de-
tected. colors within the ellipses are labeled
as the respective object color. The distribu-
tions within the ellipse are measured chro-
maticity distributions of hand and object col-
ors.

hand but also other objects are detected as skin color. There-
fore we have defined that a skin blob has a certain minimum
and maximum number of pixels. Also, there are some pix-
els within the hand that are not detected as skin, which may
be due to camera noise. These are removed with an open-
ing (morphology) filter. The final segmentation result of the
image in figure 3.B can be seen in figure 6.B (ignore the
concentric circles).

3.1. Implementation Issues

When implementing this method there are several issues
to be considered.

Cameras have a limited dynamic intensity range. For
low RGB camera responses there is usually a high level of
noise which makes the calculation of chromaticities unreli-
able. Therefore only pixels with a minimum intensityImin

should be used:
√

R2 + G2 + B2 > Imin. For a 24bit
RGB output (8bit per channel) we usedImin = 30. Also for
high RGB camera responses, when one or several elements
of a pixel are overexposed, the color information becomes
distorted. Therefore we checked that each channel is less
than 255 (8bit). Pixels which have at least one element =
255 are ignored. Since cameras often have a non-linear in-
tensity response2 at high RGB outputs the maximum may
be set to an even lower value, e.g., 240.

2Achieving invariance to intensity changes through transformation
from RGB to rg-chromaticities assumes a linear relationship between in-
tensity and camera response. Furthermore, it should be noted that gamma
correction is set to one and the automatic white balance is disabled.

Using the above explained method includes per pixel
several multiplications, divisions, relational operators
(less/greater than), and summations to calculate the rg-
chromaticities. Furthermore, up ton Mahalanobis distances
need to be calculated, wheren is the number of different
colors to be detected, in our examplen = 7. In order to re-
duce the required processing power we pre-calculate a 3D
RGB lookup table (LUT) during an initialization step. The
rg-chromaticity ellipses in figure 4 become cones in RGB
space that are truncated by the camera’s dynamic range and
the minimum intensity as shown for two colors in figure 5.
The triangle in the RG-plane (spanned by the R and G axis
and the dash-doted line) is the chromaticity plane with two
confidence ellipses (also shown in figure 4).
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Figure 5. RGB LUT example. The solid cube
encloses LUT which is equal to the camera’s
dynamic range. The cones are each repre-
senting one object color. The dashed part of
the cones are clipped/ignored pixels.

For an RGB camera with 8bit color depth per channel
this requires2563bytes (16MB). By that the calculation per
pixel is reduced to a simple lookup. The required process-
ing is further reduced by scanning the image for objects in
steps of 5 pixels instead of each pixel. Only during region
growing each pixel is tested.

4. Gesture Recognition

After having segmented the hand pixels from the image,
the task is now to find which gesture, if any, is performed.
How this is done is described in this section.

The approach is divided into two steps corresponding to
two different algorithms, one which detects the number of
outstretched fingers and one which handles the point and
click gestures. Both algorithms are developed with the com-
putational complexity in mind.



4.1. Count the Number of Fingers

In figure 2 it can be seen that the hand and fingers can be
approximated by a circle and a number of rectangles, where
the number is equal to the number of outstretched fingers.
From this observation it follows that a very simple approach
to counting the number of outstretched fingers is to do a po-
lar transformation around the center of the hand3 and count
the number of fingers (rectangles) present in each radius.
As the gestures are only performed while the hand is point-
ing upwards, only the interval[180◦, 360◦] is investigated.
In figure 6.A a polar transformation of the upper half of fig-
ure 3.B is shown, and in figure 6.C a polar transformation
of the upper half of figure 6.D is shown. It can be seen that
the different radii give a clear indication of the number of
fingers present.

In order to speed up the algorithm we sample the seg-
mented image along concentric circles (figure 6.B and D)
instead of doing polar transformation. The step size be-
tween two consecutive circles can be set accordingly.

A B

C D

Figure 6. A and C: Polar transformations of
the upper half of the hand in image 3.B and
3.D, respectively. B and D: The implementa-
tion of the polar transformation. See text for
details.

3The center of the hand may be found using distance transform, but for
many of our setups it turned out that the arm was placed such that only
the hand entered the field-of-view. This allows to use the center of mass,
which is much faster to calculate compared to the distance transform.

The smallest radius where a non-skin pixel is present is
denotedrmin and the greatest radius where a skin pixel is
present is denotedrmax. The fist gesture corresponds to
the situation wherermin ' rmax and the ratio between the
width and the height of the bounding box is close to one.

If the fist gesture is not present the number of fingers
is counted for each radii by searching for connected skin
pixels. The number of connected skin pixels has to be be-
tween an upper and lower threshold in order to be accepted
as originating from a finger. The thresholds depend on the
distance to the camera and the size of the hand. As the
gestures are being recognized by HMC, the distance to the
camera is more or less constant. The size of the users’ hands
can vary and therefore requires an initialization, however
the two thresholds are not critical and the initialization can
therefore be avoided. The final classification is carried out
by finding the number of fingers which is present for the
most consecutive radii (concentric circles).

The algorithm does not contain any information regard-
ing the relative distances between two fingers. The reason
for this is twofold. Firstly, because it makes the system
more general, and secondly because we have experienced
that different users tend to have different preferences de-
pending on individual kinematics limits of their hands and
fingers. The algorithm is, thus, robust to how the different
gestures are performed. For example, the three-finger ges-
ture in figure 2 can also be performed by an outstretched
ring finger, middle finger, and index finger. In fact, each
gesture can be performed in a number of different ways, see
table 1.

Table 1. The number of different ways each
gesture can be performed.

Gesture:i 0 1 2 3 4 5

Configurations:

(
5
i

)
1 5 10 10 5 1

The last step is to filter the recognized gestures by a tem-
poral filter, which basically states that in order for a recog-
nized gesture to be accepted it has to be recognized for a
number of consecutive frames.

4.2. Recognize the Point and Click Gestures

When the algorithm above finds that only one finger is
present we interpret it as a pointing gesture. The tip of the
pointing finger is defined to be the actual position where the
user is pointing at. This point is found as follows: For the
consecutive radii used above to classify the pointing ges-
ture, the center of the finger is found for each radii and these
values are fitted to a straight line. We search along this line
until we reach the final point, i.e., the finger tip.



In order to point in 3D the pointing gesture should be
recognized in 3D, as opposed to the other gestures. When-
ever the pointing gesture is recognized in the image we run
the segmentation and gesture recognition algorithms in a
second HMC4. If the pointing gesture is also recognized in
the second camera, the finger tip is found using the same
method as for the first camera and the 3D position of the
finger tip is found by triangulation.

Similar to a computer mouse we also need a click inter-
action which can be associated with the current position of
the pointing gestures. For example, a click gesture can indi-
cate that the virtual object currently being pointed at should
be selected. We found it most natural to define a click
gesture by a movement of the thumb. Again, we focused
on the computational complexity and therefore excluded a
number of advanced methods, e.g., Condensation tracking
[5]. We experimented with a number of ways of measur-
ing the movement of the thumb, e.g., by using difference
images. Unfortunately, they all turned out to be too sen-
sitive as the motion of the hand was difficult to adjust for,
and furthermore sensitive to whether a left-handed or right-
handed person was using the system. However, it turned
out that the system already contained sufficient information
to recognize the click gesture! We made the definition of a
click gesture more detailed. Concretely we defined it to be a
movement between three static states. In the first and third
states the thumb is right next to the index finger. In state
two the thumb has a significant angle with the index finger.
The movements between these states can in most situations
be recognized by the changes in the width of the bounding
box, i.e., first the width of the bounding box grows and then
it shrinks. This might seem to be a very sensitive approach,
which is in general true. However, as we only apply this
recognition when the pointing gesture has been constant for
a number of consecutive frames, it becomes stable. Fur-
thermore, the height of the bounding box needs to be stable
during the transitions between the three states, which en-
sures that a change in the width does not originate from a
scale of the hand. Note also that this approach makes the
system independent on left- or right-handed users.

5. System Performance

The gesture recognition has been implemented as part
of the computer vision system of an AR multi-user appli-
cation [1]. The HMC are single CCD color micro-camera
heads (CV-M2250 PAL) from JAI that are connected to
RGB picasso-3C frame grabbers from ARVOO5.

The low level segmentation (section 3) can robustly seg-
ment 7 different colors from the background (skin color

4The two HMCs are calibrated two each other.
5JAI A/S, Glostrup, DK; ARVOO Imaging Products, Woerden, Nether-

lands

and 6 colors for PHO and pointers), given there are no big
changes in the illumination color. Figure 7 shows a screen-
shot of the segmentation result.

Figure 7. HMC input image with PHOs and a
hand gesture showing segmentation results.

Although the system has been used by several users –
including people with no technical background – it is diffi-
cult to give quantitative results on the gesture and pointing
recognition. However, qualitatively it can be stated that 1)
users adapted quickly to showing gestures in the plane per-
pendicular to the camera’s optical axis, and 2) once this was
learned users found the gesture interface useful for the AR
application in [1], i.e., the recognition rate was considered
sufficient for the AR interface.

On a 2.4GHz P4 PC the entire computer vision system
(PHO, pointer, and gesture tracking) runs 25Hz with two
HMC in PAL resolution (768x576), when the camera input
images contain around 30% objects and hands.

6. Conclusions

This paper presented the gesture recognition part of an
AR interface. The system performs 25Hz and is able to
recognize a 3D pointing gesture, a clicking gesture, and five
command command gestures that are defined by the number
of outstretched fingers.

Qualitative user tests showed that the recognition rate of
the gestures was robust enough for an AR interface. These
tests will be validated through quantitative tests in future
work.
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