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Abstract
We present an algorithm for the real-time detection and
interpretation of pointing gestures, performed with one or
both arms. The pointing gestures are used as an intuitive
tracking interface for a user interacting with an immersive
virtual environment. We have defined the pointing direction
to correspond to the line of sight connecting the eyes and the
pointing fingertip. If a pointing gesture is being performed,
the algorithm detects and tracks the position of the user’s
eyes and fingertip and computes the origin and direction of
that gesture with respect to a real-world coordinate system.
The algorithm is based on the body silhouettes extracted
from multiple views and uses point correspondences to reconstruct in 3D the points of interest. The system doesn’t require initial poses, special clothing, or markers.

1. Introduction and Previous Work
Over the past few years, immersive portals have become
increasingly popular. Application areas such as manufacturing, architecture, entertainment, chemistry, medicine and
others have driven this research. Today, such environments
are capable of simulating astonishingly realistic virtual environments. One of the goals behind these portals is to allow users at different locations to collaborate in a shared,
simulated environment as if they were actually in the same
room.
Examples of room-sized multiprojector portals with up
to six planar display walls include the CAVE [1] and its numerous variants. They all feature a large display area at high
resolution, often surrounding the user in order to convey a
stronger feeling of truly being ‘immersed’. Their functionality could be extended by simultaneously interpreting the
actions of the users. The work reported in this paper is part
of such endeavor. We present a method to detect and analyze pointing gestures in real-time. This offers a very intuitive basis for a user’s interaction with the virtual world.

We propose an approach that is helped by the availability
of multiple video streams. Indeed, real-time pose and gesture estimation from monocular sequences is still beyond
reach as these techniques need rather sophisticated tracking, due to the high-dimensional parameter space and its
many ambiguities [2, 3, 4]. Therefore, several multi-view
approaches for body pose estimation have been published
during the past few years. Most of them try to fit an articulated body model to 3D data [5, 6, 7] . But even then
fast tracking of such articulated structures is far from trivial. Thus, we have decided to start with a reduced set of gestures and are trying to detect and analyze only pointing gestures for the moment. The emphasis is on the seamless and,
hence, very fast, interaction with the user. In contrast to motion capture systems, our setup works without special clothing or markers.
Pointing gestures are an interesting test case. They are
quite powerful in the information they can convey, and are
simultaneously not too subtle or too prone to occlusions to
be extracted in real-time. Kahn and Swain [8] introduced
an early method to detect pointing gestures by using the
Perseus architecture. Others such as Nickel and Stiefelhagen [9] presented pointing detection for human-machine interactions that uses Hidden Markov Models trained on different sample pointing gestures to detect the occurrence of
a pointing gesture. Kolesnik and Kulessa [10] used an overhead camera where they segment the observed silhouette in
two parts for the body and one for the arm. All three papers
presented monocular approaches, which make it difficult to
find out about the precise 3D direction of the pointing gesture. We present a real-time, multi-view approach that measures 3D directions of one or both arms in 3D.

2. The Image Processing Pipeline
Our pointing direction is based on the line of sight connecting the eyes and the fingertip of the pointing arm. The
white lines in Fig. 1 show the projection of such a line of
sight into the camera views. Therefore, we search for the 3D
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Figure 1. Pointing gesture modeled as the
line of sight connecting the eyes and the fingertip of the pointing arm.

positions of the user’s eyes and pointing hand in the world
coordinate frame. Nickel and Stiefelhagen [9] also tried to
use the orientation of the forearm to compute the pointing
direction, and so have we. In our experiments the line of
sight connecting the eyes and the fingertip led to a more natural experience of the pointing task.
The portal that we are using is constructed as a threesided stereo back-projection system with the screens arranged in a rectangular layout as shown in Fig. 2. A special feature of this portal is that the screens actually consist of electronically switchable glass panes. Indeed, they
can be switched between being translucent and transparent.
The cameras are placed all around the portal, including one
overhead camera. They can look into the portal during the
panes’ transparent state. During the translucent state, LCD
projectors produce active stereo images on each of the three
walls, with shutter glasses making sure the appropriate image is offered to each eye. A detailed hardware description
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Figure 2. The Portal.

Figure 3. The image processing pipeline.

of the overall system can be found in [11].
Fig. 3 shows the image processing pipeline used for the
gesture recognition. We use 4-8 live video streams from
statically mounted and fully calibrated cameras. Camera
calibration has been kept easy: one enters the darkened
working space with a laser pointer. One simply moves the
laser around in this space, covering its volume as completely as possible, while the cameras automatically track
the bright spot. Then, based on the availability of point correspondences in the different views for the spot in each of
its subsequent locations, the internal and external camera
calibration is achieved through a self-calibration procedure.
The cameras are synchronized by a common trigger signal
that ensures the time-consistency of the video streams.
Whereas the camera calibration is an off-line procedure,
each of the video streams undergo an on-line sequence of
foreground-background segmentation to delineate the user
and a contour extraction to find her silhouette.
As we are dealing with static cameras, background subtraction is a possible strategy for foreground-background
segmentation, i.e. to separate the user from the surroundings
of the portal as seen by the cameras during the transparent
state. We use an illumination invariant approach [12] for the
background subtraction that we have extended from grayscale to color images. The color values within a small neighborhood of each pixel are rearranged into a vector and compared to the vector formed by the learned mean background
values. The vectors show the same hue and saturation values if they are collinear. The deviation from collinearity is
measured in a statistically optimal way [12]. If it is smaller
than a certain learned threshold, the pixel is considered as
foreground. The benefit of the color based approach is that
different colors in the foreground resp. background cause
larger deviations from collinearity and therefore increase
the robustness of the segmentation.
Next, the silhouettes of the segmented foreground regions are extracted. The contour extraction method is de-

duced from the Marching Squares Algorithm which is
the 2D equivalent of the Marching Cubes Algorithm
by Lorensen et al. [13]. The Marching Squares Algorithm first determines all corners of a cell which lie inside
the object by a fixed threshold. Secondly, between all intersection points on the cell edges, straight lines are
positioned. The 24 = 16 different cell cases can be reduced to 6 cases using symmetry.
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3. The Pointing Gesture Analysis
CoG

To detect our pointing gesture as defined in Section 2 we
need to detect and track the eyes of the user and the pointing fingertip. If we assume that the user is standing upright
in the portal while pointing to some location on the screens,
we can expect the eyes to lie at some distance below the top
of the head, along the body axis. Since both the top of the
head and the pointing hand are quite salient, extremal points
on the silhouettes in most views, we should be able to reconstruct their 3D positions in the world frame. Of course, this
calls for solving the correspondence problem between the
different views. The basic algorithm can then be outlined as
follows:
1. Search for extremal points on the silhouettes, such as
the head or the hands.
2. Solve correspondences between the different camera
views for the previously detected points and reconstruct them in 3D with respect to the world coordinate
frame.
3. Search for the head position among the 3D points.
4. Search for one or two hand positions.

3.1. Extremal Points Search
Similar to [14], we are looking for extremal points on the
silhouettes. The idea is to detect the local maxima of the distance function dj (t) described by the distances dji of every
point Pi lying on the silhouette Sj to the center of gravity CoG of Sj . The distance function dj (t) is not expected
to be smooth as our silhouettes are usually disturbed by segmentation noise. To improve the quality of the local maxima
detection a box filter is used to smooth dj (t). Fig. 4 illustrates the extremal point search.

3.2. Solving Correspondences
We have to find correspondences between silhouette extremities in the N views. In order to keep as many options
open as possible, we follow a kind of divide-and-conquer
approach:
1. Solve correspondences for all combinations of 3 views.
2. Combine these into N -view correspondences.
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Figure 4. Computation of the extremal points.

3.2.1. 3-View Correspondence Problem Assuming that
three points are in correspondence, the intersection of the
epipolar lines of two points in the third view must correspond to the third point in that view. As thenumber of
points in each view is restricted to the 3-7 extremities found
there, we can afford to go for an exhaustive, but highly
robust search. Every triplet of points from three different
views is checked to whether it fulfils this constraint (which
is akin to the trifocal constraint). As a matter of fact, our
measured points will almost never precisely fulfill this constraint. Apart from the measurement noise, the extremities
of the different silhouettes do not really correspond to identical, physical points.
Two points Pi , Pj are randomly chosen in two views,
and the point Pk in the third view is searched that lies closest to the intersection Ii,j of their epipolar lines. The triplet
of these points is considered for further processing if Ii,j
and Pk have a pixel distance dki,j smaller than a tolerance t.
As every point in a triplet will take on the role of the point
Pk once, we will perform at most three such tests for each
triplet. Hence, we get 3 distances within the tolerance for
the triplets that survive the whole procedure. We sum these
to obtain a total distance dtot
i,j,k . We now also discard all correspondences with a dtot
i,j,k larger than a second, more restrictive threshold t3view
max . The final set of point triplets for
all possible choices of three views is then rank-ordered according to ascending values of t3view
max to produce a table as
shown in Table 3.2.1. Every column corresponds to one of
the views, every row to a 3-view correspondence where the
views not involved in the triplet have been replaced with
an x. The numbers in the cells give the index of the corresponding extremal point in that particular view.
3.2.2. N-View Correspondence Problem The goal
of this second step is to merge the 3-view correspon-
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Table 1. Sorted 3-view correspondence table.

dences into N -view correspondences. The process
starts out by marking all points in all views as “not labeled” and then assigning the label 1 to all points in the first
row. To the subsequent rows the following procedure is applied:
1. if all points of the row are still unlabeled we assign the
next label to them and continue with the next row;
2. else, if some points have different labels we skip the
row and continue with the next;
3. else, if some are still unlabeled but the others have the
same label this label is assigned to all of them.
This procedure follows a strategy of better being safe than
sorry, in that the same 3D point may end up as multiple,
but low-cost correspondences in non-overlapping subsets of
the views, rather than the latter being combined via highercost triples deeper down in the table. For each set of corresponding points, a 3D point is reconstructed. As a consequence, the process may reconstruct multiple points in 3D
for what in reality is a single point on the body. We have
used 6 views, in which case this happens in the fewest of
cases.

3.3. Head Position Search
The top of the head is quite a salient point on the silhouettes of most views and thus will be included in the set of reconstructed points 3.2.2. In searching it, we assume that the
user is in upright position:
1. The top of the head will have a Z coordinate above a
certain value (threshold thead ).
2. If an overhead camera is available, then in that view the
projection of the top of the head must lie inside the silhouette.
3. The top of the head will be close to the main body axis,
i.e. close to the axis parallel to the Z axis through the
reconstructed center of gravity CoG.
The third constraint has to protect the system against cases
where the user raises the hand above thead . Fig. 5 illustrates
these three constraints. In case multiple points would still
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Figure 5. Constraints used for head detection.

survive, the system chooses the point closest to the body
axis. Finally, as we are not really interested in the position
of the top of the head, but rather in that of the eyes, we estimate the latter as that of the former lowered by a fixed
amount of 15 cm. No horizontal correction is foreseen.

3.4. Hand Position Search
Just as was the case for the detection of the top of the
head, an overhead camera can be very helpful for finding
the fingertip, in case such a camera is available. As we want
to keep our algorithms as generic as possible, we will discuss either case. The main difference between these two algorithms is the way how they compute the 3D coordinates
of the hand(s), as described in Sections 3.4.1 resp. 3.4.2.
3.4.1. Algorithm 1 - Using an Overhead Camera The
idea behind this algorithm is to detect the hand(s) solely on
the basis of the overhead silhouette. There, the tip of the
pointing arm is a very salient point. The algorithm goes as
follows:
1. Compute the center of gravity CoG from the overhead
silhouette So .
2. Search for extremal points on the overhead silhouette
as described in Section 3.1.
3. Among these points poi all those with a distance to
oint
CoG larger than some threshold tmin HandP
will
CoG
o
be treated as potential hand positions pi .
4. Find correspondences for all poi in one horizontal view
at a time, as points closest to the epipolar line and
point2view
within a threshold dmax
.
5. From the N correspondences, reconstruct the potential
fingertip in 3D.
Fig. 6 illustrates this procedure which results in a 3D reconstruction for each poi . The final fingertip position is determined via the validation step described in Section 3.4.3.
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Figure 6. Constraints used for hand detection.

3.4.2. Algorithm 2 - Without an Overhead Camera In
case no overhead view is available, we directly pass on the
reconstructed points from Section 3.2, excluding the previously identified head position, to the validation step described in Section 3.4.3.
3.4.3. Validation Several causes may lead to multiple candidates, only one or two of which are correct.
In the case with an overhead view, the most frequent
cause is a foot sticking out of the overhead silhouette due to walking. In the case without an overhead view,
several points, including the feet will enter the validation step. In either case, false candidates get pruned by
discarding all points that lie outside a cylindrical volume described by two simple constraints around the main
body axis:
1. The Z coordinates of the true fingertips must be within
hand
hand
a certain range [zmin
..zmax
].
2. The distance of the true fingertips to the main
body axis must be within a certain range
hand
[dmin hand
axis ..dmax axis ].

horizontally placed cameras should see the pointing arm. It
is obvious that if an overhead camera is available it should
also be included in the camera set since it has a very different viewing direction than the horizontally placed cameras and therefore it improves the correspondence search
significantly. For our setup we used the camera configuration shown in Fig. 2.

4. Experiments
Several experiments have been carried out for our pointing gesture recognition. Fig. 1 shows one frame of a sequence where the user points with one hand. Fig. 7 shows
one frame of a sequence where the user performs a pointing gesture with both hands. The white line shows the projection of the reconstructed line(s) of sight into the camera
views. Note that in Fig. 7 both hands have been detected
correctly even if at least one of them is occluded in most
views and thus not detectable in the corresponding silhouettes. The extremal points were computed on one dedicated
client machine for each camera and took 0.56 ms on average on a PIV 3.0GHz. Correspondences and eye/fingertip(s)
positions have been computed also on a dedicated and similar machine and took 21.8 ms. We have used 6 cameras for
these experiments having 5 extremal points on average in
each view.
As a demo of the pointing gesture recognition, we here
show a flashlight application. The user enters a virtual, dark
room while holding a virtual flashlight in his hand. The user
directionally lightens the virtual room in real-time by pointing at some location on the projection walls as shown in
Fig. 8. The whole pipeline runs at 15Hz. Note that in Fig. 8
the system doesn’t loose track of the gesture even that the
user changes the pointing arm.
The qualitative accuracy of the method is good. The visual feedback of the light cone seems to be accurate to the

If no point matches this validation step the whole algorithm
will stop because no pointing gesture has been detected. If
more than two points have passed the validation step we use
a Kalman prediction based on previous fingertip positions,
and keep the points closest to these. This Kalman filter simultaneously has the beneficial effect of smoothing out the
jitter from the fingertip trajectory(ies). As a matter of fact,
the eye position gets smoothed in the same way.

3.5. The Camera Alignment
In order to guarantee a robust result from our pointing
gesture algorithm, experiments have shown that the choice
camera positions is quite important. For every direction the
user is pointing in, the pointing arm should be seen from at
least three cameras from three angles as different as possible. Assuming that we use an overhead camera, at least two

Figure 7. Pointing gesture performed with
both hands.

ments have also shown that our algorithm is capable of recognizing pointing gestures performed with both hands. Further research will go into the direction of estimating the full
body pose in order to detect a complete set of gestures.
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