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ABSTRACT

The driving force of our research is the precise combination of
real and - possibly indistinguishable - virtual objects in an interac-
tive augmented reality environment. This requires real-time, mul-
timodal simulation, as well as stable and accurate overlay of the
computer-generated objects. This paper describes several methods
to improve accuracy and stability of our hybrid augmented reality
system. In a comparison of two approaches to hybrid head pose re-
�nement, we show that Quasi-Newton method enables high perfor-
mance optimization for image space error minimization. Moreover,
a 3D landmark re�nement step is proposed, which signi�cantly im-
proves quality and robustness of the overlay process. The enhanced
system is demonstrated in an interactive AR environment, which
provides accurate haptic feedback from real and virtual deformable
objects. Finally, the effect of landmark occlusion on tracking sta-
bility during user interaction is also analyzed.

Keywords: hybrid augmented reality, image and object space er-
ror, vision-based re�nement, haptic interaction

1 INTRODUCTION

With the recent progress in modeling haptic feedback, several at-
tempts for comparison of manual interaction with real and virtually
generated objects have been proposed. Studies focusing on discrim-
ination of stiff [11] and deformable objects [14], as well as texture
[22] have been performed.

All these endeavors allow the examination of only a single per-
ceptual channel, since solely haptic feedback is generated and the
experimental mechanism has to be hidden from the user’s view. Re-
alistically comparing the behaviour of real and virtual objects is,
however, only possible if visual feedback is also provided during
the interaction. In this paper we describe a prototype, which allows
the comparison of simple virtual and real objects in an augmented
reality (AR) environment.

In order to create a suf�ciently realistic environment, high sta-
bility and robustness as well as low latency and computation time
are of primary importance. Research has shown that AR system
�delity can be improved by combining several tracking technolo-
gies [4][21][25]. Therefore, we have developed a hybrid AR setup,
which uses an external optical tracker to provide an initial guess for
the user’s head pose and a subsequent visual landmark-based re�ne-
ment of the pose estimate. We compare two approaches for the head
pose correction step according to image and object space error def-
initions. Furthermore, we integrate 3D landmark based re�nement
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into the pose estimation in order to further improve the quality and
robustness of the overlay process. Since the user is interacting with
the augmented objects, visual marks are often obscured. Therefore,
landmark occlusion handling also had to be addressed. By combin-
ing all these methods, we could achieve accurate and stable hybrid
head tracking. Combining the system with the haptic simulation,
we enabled users to simultaneously touch and observe real and vir-
tual deformable objects.

The paper is organized as follows: After a review of related
work, Section 3 describes our AR system. Next, the hybrid tracker
is detailed, including landmark detection as well as occlusion han-
dling. Thereafter, a performance comparison study of the head pose
estimation is presented. Two approaches of computing registration
errors - in image vs. object space - are discussed. In addition, for
both approaches a number of optimizers are investigated with re-
gard to real-time performance. In the next section, the in�uence of
3D landmark detection accuracy on head pose jitter is examined.
Finally, the last section illustrates the performance of the hybrid
tracker in the haptic AR application, simulating interaction with
virtual deformable objects embedded into a real environment.

2 RELATED WORK

In the last decade several hybrid AR systems have been suggested
in the literature. The proposed methods primarily differ with regard
to the type of sensors and sensor data utilized. Most systems make
use of a vision-based tracker and compensate its shortcomings with
another tracking technology. A typical approach is to provide an
estimation of the head pose to the vision-based system.

State’s work [21] combines a vision-based registration with a
magnetic sensor. The latter reports the position of the user’s head
while the machine vision system uses these data as an initial guess
for estimating the head pose. Based on visual tracking of color land-
marks placed at known locations in the working area, the model-
based vision re�nes this estimate. Similar to this, in [3] the authors
track the corners of black and white rectangles for head pose re-
�nement. An extension to natural features has been suggested in
[25], which combines an inertial sensor and a vision-based tracking
system.

An alternative to these methods is to only use the additional
tracking sensor when the �rst one fails. In [1], an image-based
system is coupled with an inertial sensor. The vision system relies
on tracking point correspondences lying on planar surfaces. From
these points, a planar homography between two consecutive views
is computed. In cases when the image-based tracker fails due to
large rotations or abrupt movements, the inertial sensor takes over.
A criterion based on corresponding point matching is de�ned in or-
der to control the switch between both tracking systems.

Combining the sensor data by fusion has also been suggested.
From two uncorrelated measurements of the same target, the pose
of a target object is computed as a linear combination of both data
weighted by the uncertainty of the sensor. In [9], a hip implant pose
is �rst evaluated by a �xed optical sensor. In addition, a second
measurement is obtained by a vision-based approach. Given the
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to the noisy camera pose, the projected landmarks do not exactly
match the observed ones in the image. Therefore, a 2D re�nement
is performed in order to precisely determine the center of the land-
marks. Moreover, to ensure that a re�ned landmark is suf�ciently
visible, an occlusion test is carried out based on a similarity mea-
sure described below. If the test fails, the landmark is discarded
from the camera pose correction. Given the 2D-3D correspondence
of the remaining landmarks, the position and orientation of the cam-
era are then re�ned by error minimization. Since each data stream
is obtained from different processes, a synchronization step is nec-
essary to obtain the right camera pose for the current frame. In
addition, an image-based re�nement of the 3D landmark locations
is performed in order to reduce measurement errors and to stabi-
lize the corrected camera pose. Throughout this section, we will
describe the three major subsystems of the hybrid tracking system:
synchronization, landmark tracking, and camera pose correction.

4.2 Soft Synchronization

Two major approaches have been proposed in the literature in order
to synchronize data streams. The �rst one involves hardware-based
or hard synchronization. An external signal triggers the different
devices, which send the data to the AR system sampled at the same
time. As a result, the relative latency is negligible.

However, not all devices are equipped with a trigger mecha-
nism due to the necessary increase of system complexity and higher
costs. Another drawback would also be the use of additional ca-
bles limiting user mobility and thus making the system more cum-
bersome. Alternatively, a second approach can be followed. In
this case, the relative latency between two input streams is reduced
by soft synchronization. Appropriate synchronization schemes can
considerably reduce misregistration without any additional hard-
ware [10]. Our software synchronization is based on the latter ap-
proach by matching the closest time stamp of tracking samples to
that of camera images. Since the update rate of the tracking sys-
tem (120Hz) is higher than the frame rate of the camera (30Hz), we
receive several tracking samples during a single image acquisition.
In order to synchronize the different simultaneously running pro-
cesses, tracking samples and corresponding time stamps are stored
in an N-element list. When the rendering process needs to over-
lay the computer-generated object on the given image, we select
the best tracking sample to compute the camera pose by minimiz-
ing the difference between the time stamps of the image and the
tracking sample. As a result, the relative latency between both data
streams is minimized, thus leading to a better prediction of the 2D
landmark positions.

4.3 Landmark Tracking Subsystem

4.3.1 Shape and Color of Landmarks

The landmark tracking has to be fast and robust. The �rst step is
the choice of the type of features. We use corner detection, since it
can reach subpixel accuracy and the tracking can be sped up by pro-
viding an initial guess of the 2D position. The latter is obtained by
backprojecting the 3D landmarks onto the images. Figure 3 illus-
trates the shape of the landmark. The center of the pattern is char-
acterized by the intersection of four areas. Black and white colors
produce a high contrast in the images, resulting in rapid landmark
recognition. In addition, we use four points locatedon the border
of each area calledsatellite points to obtain a priori knowledge of
the landmark shape based on two triangles represented by dashed
lines in �gure 3. These triangles are used for the occlusion test as
described below.

Satellite Corners Center Corner

Figure 3: Artificial landmarks used by the vision-based tracking sys-
tem

4.3.2 Calibration

To predict the landmark location in the images, we �rst have to mea-
sure their 3D location with respect to the world coordinate frame.
To this end, we use a calibrated pointer. Attached to the pointer, a
marker is tracked by the optical tracking device. Pivot calibration
[12] is carried out in order to estimate the position of the pointer
tip with respect to the marker frame. The tip is �xed at the visual
landmark and the pointer-mounted marker is displaced in a spheri-
cal movement. Using the recorded marker positions, a sphere �tting
the data can be determined. The position of the tip in the marker
coordinate frame can then be obtained from center and radius of
the sphere. It should be noted, that the estimation of the tip-marker
relationship depends on the accuracy of the point measurements.

Two main sources of measurement errors can be identi�ed:
marker pose accuracy, and the stability of the �xed tip in the
workspace while rotating the marker. To determine the in�uence
of the point measurement errors on the calibration, we performed
a simulation of the procedure. We use the statistical noise model
described by our previous work [6] for the former error source. For
the latter we used Gaussian noise to shift the tip position from the
center of the sphere in order to model the instability of the pointer
tip location while rotating the marker.

The simulations consisted of varying the magnitude of the in-
troduced errors within 0-2mm for the marker noise and 0-10mm
for the tip position noise. The results revealed that the instability
of pointer tip position dominates the calibration error. For instance,
given 1mm marker error, the pointer position error is around 0.5mm.
Equivalent amount of errors for the tip position provides 1mm error.
In practice, we also observed that the stylus moves about 1−2mm.
Therefore, based on the simulations we can assume that the accu-
racy of the pointer calibration is within 1−2mm. As a consequence,
the center of landmarks and thesatellite points locations can be as-
sumed to be measured in the working space within 2mm accuracy.

4.3.3 Corner Detection

Given the 3D landmark position and the predicted camera pose, the
location of the image center of the landmark can be estimated. By
backprojecting the 3D landmarks onto the image, we obtain a �rst
initial guess of the position of the features. Around each backpro-
jected 2D location, a square window delimits the search area in
which the corner detection is performed. In our case, we set the
window size 32x32 pixels in in order to ensure that the search area
is always maintained within the landmark image. This is possible
because in our application, the distance between the user and the
landmarks remains relatively constant.

From the predicted position, a corner detection with subpixel ac-
curacy is performed to ensure high precision of the 2D location by
image gradient based optimization. This low-level image process-
ing is carried out with the OpenCV library[7].
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Figure 4: Landmark occlusion results. The white boxes show the search area for the 2D corner detector. The full red squares indicate the
occluded landmarks

4.3.4 Occlusion Test

A model-based approach has been developed for handling landmark
occlusions. Each landmark is characterized by the four satellite and
the center points. These features de�ne two triangles in the white
marker region (see �gure 3). Since the OPTOTRAK provides a
good estimation of the camera pose, we are able to predict the 2D
triangles of each landmark in the images. By picking points in a
speci�c order during landmark calibration, the arrangement of the
triangles is known.

By using the backprojected points, white triangles can be ren-
dered in front of black background in a synthetic image. A correla-
tion window can then be placed around the landmark center in the
camera image and the synthetic image, respectively. This allows to
compute a cross correlation coef�cientr from both windows with
NxM pixels according to

r =
∑M

i=1 ∑N
j=1[(Iv(i, j)−μv)(Ir(i, j)−μr)]

σvσr
(1)

whereIv andIr are the intensity of the synthetic and real image,
and (μv,σv) and (μr,σr) the mean and standard deviation of the
intensity of each correlation window. If the correlation value is
lower than a pre-de�ned threshold, then the landmark is considered
as occluded. In practice a threshold value of 0.8 gave good results.
The size of the correlation window is selected to be equal to the
landmark search window.

Figure 4 shows four experiments in which different types of ob-
jects occlude the landmarks. The white boxes correspond to the
search window. The full red squares indicate the occluded land-
marks, which will not be incorporated in the camera pose re�ne-
ment. The �rst left picture illustrates a simple occlusion with a
colored object. The next one demonstrates the robustness of the
model-based approach in the presence of an occluding object with
similar black and white pattern as the markers. The third picture il-
lustrates how many landmarks can be obscured by the user’s hand.
Finally, the last experiment demonstrates the occlusion caused by
the stylus of the haptic device. However, one of the limitations of
this approach is the failure to detect occlusions caused by thin ob-
jects.

4.4 Camera Pose Refinement

Based on the 3D landmark locations, the corresponding image
points, and the predicted camera pose, we re�ne the orientation and
position of the camera with respect to the world coordinate sys-
tem. We can use two possible measures to characterize the devia-
tion between predicted and actual values, one relying on 3D mea-
surements, the other on 2D image information. Figure 5 illustrates
those errors relative to the pinhole model.

The mapping from 3D points to 2D image coordinates is per-
formed by a rigid transformation(R, t) between the world and cam-
era coordinate system followed by a backprojection of the 3D points
onto the image plane. LetMi be a 3D point with respect to the

system
Camera coordinate World coordinate

system

Image space error

Object space error

Image plane

Mi(X ,Y,Z)
mi(u,v)

m′
i(u,v)

(R, t)

C

Figure 5: Definition of the image and object space errors

world coordinates andmi be the corresponding backprojected im-
age point. Due to uncertainity in the camera pose, the mapping
transformation leads to a misalignment between the projected point
mi and the observed onem′

i in the image. The distance betweenmi
andm′

i characterizes the so-calledimage space error. As an alter-
native, Lu [16], de�ned theobject space error based on the distance
between the 3D point and the line-of-sight vector going through the
observed image pointm′

i.
Both de�nitions lead to an error functionE depending on the

camera pose(R, t). Thus, the re�ned camera pose can be deter-
mined by minimizingE while adjusting the extrinsic camera pa-
rameters, leading to the optimal pose(R∗, t∗).

(R∗, t∗) = argminR,t E(R, t)

In the following subsections, we perform a comparison of op-
timal camera pose determination based on both image and object
space errors.

4.4.1 Image Space Approach

The image space approach, which is commonly used in photogram-
metry, estimates the camera pose based on 3D-2D registration as a
nonlinear least squares problem. From the notations de�ned above,
the functionE based on image space can be formulated as follows:

E(R, t) =
1
N

N

∑
i=1

||m′
i −P(RMi + t)||2 (2)

whereN is the number of points andP is the backprojection
function including the extrinsic and intrinsic parameters of the cam-
era. Since for our haptic AR application real-time constraints have
to be ful�lled, we also examine the computional ef�ciency of the
camera pose re�nement. Therefore, we investigated the ef�ciency
of common optimization approaches used for solving nonlinear
least square problems, given the good initial guess of the camera
pose. Two optimization algorithms were tested for our application.
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The �rst one is theLevenberg-Marquardt (LM) algorithm, which
is commonly used in Computer Vision, and the second one is the
Quasi-Newton (QN) method [20].

Both optimization approaches are based on an approximation of
the function around the current position as a quadratic form. Based
on the �rst and second derivative of the function, those methods at-
tempt to �nd the optimal solution by iteratively searching the best
next iterate leading to the optimum. However, computing the sec-
ond derivatives of the function can be dif�cult and time consuming.
The two approaches differ by the way the Hessian matrix is esti-
mated.

QN computes a downhill direction vector at each iteration for de-
termining the next step. The vector is estimated by multiplying the
inverse of the Hessian matrix with the gradient of the function. The
QN method gradually builds up an approximate of the inverse Hes-
sian matrix by using gradient information from the previous steps.
Thus, it accumulates a sequence of estimated inverse Hessian ma-
trices while optimizing the function. After a certain number of iter-
ations, the sequence converges to both an accurate inverse Hessian
and the optimal solution.

In contrast to this, LM combines two optimization methods
(steepest descent and Gauss-Newton) in one expression called the
augmented normal equations. When the current solution is far from
the optimum, the optimization behaves like a steepest descent and
converges slowly. Conversely, LM relies on the Gauss-Newton ap-
proach when the current solution is close to the optimum, resulting
in superlinear convergence. Unlike QN, LM approximates the Hes-
sian matrix by using the Jacobian of the function and calculates a
new estimate in each iteration.

Furthermore, both approaches minimizeE by simultaneously
adjusting the position and the orientation of the camera. We param-
eterized the rotation matrixR by using rotation vectorsr de�ned
asr = θn wheren is a unit vector representing the corresponding
axis andθ the angle of the rotation. This representation has the
advantage that no quadratic constraint needs to be included in the
optimization.

4.4.2 Object Space Approach

The principle of this method developed by Lu [16] is to compute the
observed line-of-sight vectorCm′

i and to project the transformed
3D pointMi onto it. Thus, we have to minimize the following error
sum

E(R, t) =
1
N

N

∑
i=1

||(I−Vi)(RMi + t)||2 (3)

whereI is the identity matrix andVi is the observed line-of-sight
projection matrix de�ned as:

Vi =
Cm′

iCm′
i
T

Cm′
i
T Cm′

i

(4)

The authors propose an iterative method calledOrthogonal Iter-
ative (OI) Algorithm to optimize the equation 3. In contrast to LM
and QN, this approach is a two-stage optimization process. First,
the rotation is determined by solving the absolute orientation prob-
lem. Then, the translation is computed from the optimal rotation.
The process is repeated until convergence. In addition, the rota-
tion matrix is not parameterized while optimizing. The orthogonal
structure of the matrix is merely maintained by the closed form so-
lution of the absolute orientation problem.

4.4.3 Experimental Protocol

To measure the performance of each approach, we placed 30 non-
coplanar landmarks in the workspace. We measured the center and

the four satellite points of each landmark by using the calibrated
pointer. To compare the optimization approaches, we recorded a
set of 150 images of the real scene with all landmarks visible as the
camera moves through the entire workspace. For each frame, we
performed the different optimizations by using the same input data:
3D landmark position, predicted camera pose, and detected image
points. The primary measurement used to compare the optimizing
algorithms is the root mean square (RMS) of the backprojection
error over the number of points:

√
( 1

N ∑N
i=1 ||m′

i −mi||2). For the
image space approach, this measurement corresponds to the RMS
of the residual error of the functionE. When using the object space
approach, the landmarks are backprojected in the images after the
optimization and the RMS measurement is computed.

Concerning the implementations of the optimizers, we used the
LM code available in the VXL library, which is based on the math
library MINPACK. We used the implementation of CFSQP [13] for
QN. Originally, this program has been designed for solving large
scale constrained nonlinear optimization problems based on se-
quential quadratic programming. The latter computes a descent di-
rection and an update of the Hessian matrix similar to QN method.
Finally, the OI algorithm was implemented with the VXL library.

4.4.4 Optimization Algorithm Performances
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Figure 6: Influence of the stopping criteria on the backprojection error

All three optimization algorithms are based on an iterative ap-
proach. This implies that stopping criteria are used to terminate
the iterative process when the optimizer is suf�ciently close to the
solution. Commonly the upper limit of either the changes of the
parameter values or the goal function between two subsequent iter-
ations is speci�ed. Of course, the performance of each algorithm
depends on the setting of those criteria.

We carried out the camera pose re�nement with all three opti-
mization methods by varying the stopping criteria and compared
the RMS backprojection error as a function of the number of iter-
ation and the execution time. Figure 6 illustrates the in�uence of
the stopping criterion on the RMS backprojection error. Clearly,
the OI method seems to reach an optimal solution faster than the
other algorithms and is not in�uenced by the selection of the stop-
ping criteria. One explaination might be that the small changes of
the parameter values or the goal function de�ned in the 3D space
are hardly noticeable in the image space when a very good initial
guess is provided. However, the results show that QN and LM can
provide a smaller backprojection error when setting the stopping
criterion low. In addition, QN reaches the �nal RMS error faster
than LM. Figure 7 depicts the number of iterations necessary to
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Figure 7: In”uence of the stopping criteria on the number of iterations
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Figure 8: In”uence of the stopping criterion on the execution time

reach an optimal solution. It can be seen that stopping criteria sig-
ni�cantly in�uence the iterative process of LM and OI, whereas
QN basically uses a constant number of iterations. In addition, OI
needs more iterations to reach an optimal solution than the other
algorithms. However, it seems that there is an optimal stopping cri-
teria around 10Š5 to obtain both low number of iterations and small
RMS error for LM and QN. Notice that a low value of the stopping
criteria ensures the convergence resulting in a stable camera pose.
As revealed by �gure 8, this optimal value does not provide optimal
speed for both algorithms. The execution time of LM decreases sig-
ni�cantly with increasing stopping criterion, whereas QN presents
a constantly high performance. Despite the high iteration number,
OI maintains a low execution time.

As a result, QN seems to perform superior in term of RMS back-
projection error, number of iterations and overall time consumption.
For that reason, we have chosen QN for camera pose re�nement.

4.4.5 Occlusion Issues

In this section, we analyze the in�uence of occluded landmarks on
the precision of camera pose estimation. We carried out an ex-
periment in which the camera was randomly placed in such a way
that the entire workspace was observed with all landmarks visible.
We recorded 150 poses with the corresponding detected landmark
positions resulting in 150 datasets. For each set we randomly disre-
garded landmarks, performed theoptimization with the remaining
visible features and �nally backprojected the 3D points from the op-
timal solution. We repeated this test for the current set 100 times,
then computed the standard deviation of the optimized camera pose
and the backprojection error. This way we can characterize the un-
certainty of the camera pose as well as the backprojection while
occlusion occurs.

We performed three different tests. First only 5 landmarks were
occluded among 30. Then, we increased the number of occluded
features to 15 and 24. We did not continue further, because at least
6 visible landmarks are necessary for estimating the 6 parameters of
the camera pose. Figure 9 illustrates the in�uence of the occlusion
on the translation of the camera along the Z axis after optimization.
The uncertainty of the camera pose increases signi�cantly with di-
minishing number of visible landmarks.

The uncertainty of the optimized pose is revealed in the image
by a jitter of the virtual object. During the experiments we could
observe that some landmarks had a stronger in�uence on the pose
stability than others. Unfortunately, we did not succeed to cathe-
gorize these landmarks according to either the backprojection error
or their 3D location. In order to further enhance the stability, we
focused on reducing the in�uence of measurement noise on the op-
timization process.

4.5 3D Landmark Re“nement

We have to realize that the method described above has only taken
noise in 2D measurements into account. However, as analysed in
Section 4.3.2 the procedure used for the pointer calibration intro-
duces an uncertainty of the tip position in the world coordinate sys-
tem, which means that the camera pose re�nement used is limited
by the corrupted 3D measurements. Therefore, we also examined
the re�nement of the 3D landmark positions in order to further re-
duce the jitter of virtual objects.

Incorporating the correction of the landmark location to improve
the registration has been only seldomly investigated. In [19], the
authors register a 3D model of the liver reconstructed from CT data
with video images of the patient. Based on stereoscopic acquisition,
they reconstruct the location of 3D landmarks placed on the skin of
the patient and register them with the corresponding points located
on the 3D model. In order to decrease the in�uence of landmark re-
construction errors on the registration, a new criterion is proposed
by extending the goal function with the corresponding 3D devia-
tion. As a result, an iterative optimization procedure re�nes both
the CT-to-patient transformation and the 3D landmark positions.

Similar to our setup, in [8] a tracked endoscope is used to recon-
struct 3D landmarks placed on the skin of the patient in order to
overlay CT data onto images of the patient. By recording simulta-
neously video images and endoscope poses, the authors present a
3D landmark measurement method based on the intersection of the
line-of-sight rays. They show that the vision-based method yields
more accurate results in terms of registration error than measuring
the 3D landmark location with a pointer tool.

In our case, the hybrid AR system is based on a monoscopic
video acquisition. In addition, the landmarks are rigidly �xed in
the workspace and measured approximately. The camera pose is
reported by the optical tracking device. For these reasons, we use
Bundle Adjustment to re�ne the 3D measurements in order to test
whether the re�nement of the landmarks can improve the quality
of the overlay process. In an of�ine procedure, we simultaneously
record the landmark image points and the camera poses. Given
those data and the measured landmark locations, we carry out a
bundle adjustment to solve the following problem:

min
Rj ,t j ,Mi

1
N

M

�
j= 1

N

�
i= 1

||m
� j
i Š P(RjMi + t j )||2 (5)

We captured a sequence ofM = 500 images, detected the land-
mark image points, and stored the corresponding camera poses.
Since the camera pose is constrained by the �eld of view of the
optical tracking system, we were only able to partially cover the
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workspace. In order not to in�uence the 3D landmark re�nement
with dominant camera poses, we sampled the workspace in cells.
For each cell, we randomly selected the recorded poses located
within the current cell. We �xed a maximum number of camera
poses per cell in order to obtain an uniform spatial distribution. Fi-
nally, we used around 100 poses to perform the bundle adjustment.
The implementation of the latter has been described in [15].

As revealed by Figure 10, the uncertainty of the pose estimation
decreases signi�cantly after the landmark re�nement. Figure 11 il-
lustrates the results of the re�nement in terms of backprojection er-
ror. The latter was computed by backprojecting the 3D landmarks
on images not used by the 3D re�nement process. The top curve
represents the overlay results when using the raw camera pose re-
ported by the optical tracking system. The second curve shows the
improvement obtained after the camera pose re�nement. Finally,
the last one depicts the results when both camera pose and land-
mark positions are optimized. In addition, the difference between
the re�ned and measured landmark positions in average is around
1mm, which corresponds nearly to the pointer calibration error.

As a result, the re�nement of both camera pose and landmark
measurements yield very low jitter of the virtual object in the video
sequence.

5 AUGMENTED REALITY HAPTIC APPLICATION

5.1 Overview

In our AR test setup deformable real and virtual objects are simulta-
neously presented. The real objects are silicone cylinders, while the
virtual counterparts are tuned to match the deformation behaviour
of the former. This includes visual appearance, as well as force
feedback from the interaction. A haptic device is incorporated into
the system to provide the feedback.

In this section, we describe the integration of the hybrid AR sys-
tem and the deformable object simulation. First, the system archi-
tecture is explained. Then, the deformation and force computation
model are brie�y discussed. Finally, the visual results of the haptic
enhanced AR system are shown.

5.2 System architecture

One of the main challenges in an AR system is to maintain low la-
tency in order to synchronize the augmented images with the user
motion in time. Since a standard AR setup already has to meet
high computational requirements, adding a haptic interface and per-
forming physical simulations lead to excessive demand on compu-
tational power to be provided by the system. Therefore, we have
developed a distributed system to meet the related requirements.
As discussed in [17], several possibilities for task distribution in
such an application exist. In our case, we use agraphics server and
aphysics server.

The former carries out all tasks typical to a standard AR setup.
Thus, in our context the external input data needed are the pose of
the haptic interface, as well as of the virtual object in the scene.
However, the mesh of the deformable object requires an update
in each frame due to the user interaction. To minimize the data
transfer between both machines, we only update the surface of the
mesh, which signi�cantly decreases the number of data packets to
be transmitted. The second computer takes care of force-feedback
computation and the physical simulation of virtual objects. Thus,
the server is completely independent from tracking or image acqui-
sition. Communication between the two machines is accomplished
via an ethernet connection with the TCP protocol. In [5], we de-
veloped a synchronization process and a communication model in
order to ensure coordination during run-time.

In our testbed implementation described below, we have used
two dual PCs with 2.8GHz and 2.4GHz CPUs, respectively. Both
machines have 2GB RAM with 512KB cache, and are running un-
der a Linux OS. On the haptics server, the haptic loop is updated
with a �xed refresh rate of 1kHz. The physics computation runs in
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a separate loop at 200Hz. On the graphics server the AR pipeline
is working with an update rate of about 25Hz. The visualization is
performed by a NVIDIA Geforce 6600 GT card.

5.3 Deformation and force computation model

The computer-generated deformable object is modeled according to
a real silicone cylinder. The model parameters are tuned such that
the simulated deformations are close to the real ones [14]. In order
to ful�ll real-time requirement, a mass-spring model (MSS) [23] is
used for our application. This model consists of a mesh of mass
points connected by elastic links (springs). Due to the simplicity of
the motion equations and of the implementation, the MSS is com-
putationally attractive for real-time applications. System movement
is evaluated by integrating Newton’s second law of motion:

M ∂ 2x
∂ t2 +D ∂ x

∂ t +Finternal = Fexternal

whereM is the mass matrix,D damping matrix andF the internal
and external forces respectively. A linear spring is used to compute
the internal forces. In addition, the deformations are enhanced by
applying volume preserving forces on each vertex of the tetrahedral
structure. In order to compute the haptic feedback forces during the
interaction, a proxy-based haptic rendering is performed.

5.4 Calibrations

5.4.1 Haptic Device

We integrated a SensAble PHANToM 1.5 haptic device into our
setup. In order to align the haptic and the world coordinate system,
a calibration procedure is required. We developed an accurate cal-
ibration method without using additional sensing devices [5]. The
underlying idea of the approach is to collect 3D point measure-
ments in both coordinate systems by rigidly attaching a marker to
the tool tip of the haptic device. After estimating the marker-tip
transformation with the pivot method, we recorded two sets of 3D
points expressed in both coordinates. From those data, we solved
the absolute orientation problem by following a least-square �t-
ting approach [2]. However, additional errors in the estimation of
the haptic-world transformation are introduced due to the inaccu-
racies in haptic encoder initialization. Therefore, we carried out a
two-stage optimization process. First we determine the rigid trans-
formation followed by an encoder joint angle correction. The �-
nal calibration results revealed that the alignment error was below
1.5mm.

5.4.2 Virtual Model

To overlay the virtual silicone block onto the video images, we have
to measure its position and orientation in world coordinates. In ad-
dition, we also need to know its pose relative to the haptic frame
for force feedback computation. Therefore, we calibrated the ta-
ble relative to the world frame in order to place the virtual model.
Around 10 points were measured by means of the pointer. Then, we
de�ned a coordinate system attached to the table by computing the
best plane �tting the data. From the table frame, a table-world trans-
formation was estimated. As a result, the virtual object was placed
with respect to the table coordinate system. Given the table-world
and world-haptic transformation, the same object can be expressed
in the haptic frame. The virtual cylinder has �nally been placed in
the middle of the haptic workspace in order to obtain optimal haptic
rendering.

5.5 Realism Enhancement

The purpose of our application is to provide highly realistic over-
laid images to the user in such a way that the virtual object is hardly
distinguishable from the real one. Therefore, the visualization in-
corporated lighting effects including the shadow shed by the virtual

cylinder and the tool tip of the haptic device. To achieve this, we
used controlled lighting conditions by a lamp. The position of the
bulb has been measured in the world coordinate system with the
pointer. Shadows are then rendered using a shadow volume ren-
dering approach. Additionally, we rendered the virtual model with
a texture corresponding to the image of the real silicone cylinder.
These enhancements were necessary to create a realistic illusion.

5.6 Results

For this application, we placed 16 landmarks on three different
planes in order to cover the user’s �eld of view while moving. We
also attempted to consolidate the accuracy and the stability of the
virtual object by encircling the real location of the latter with the
landmarks. In addition, an extra landmark was placed at the ex-
pected center position of the bottom of the virtual cylinder. Ex-
perimentally we �gured out that certain con�guration of landmarks
led to instablity of the overlayingprocess, particularly in the case
where the user is close to the virtual object and only few landmarks
are visible. If the con�guration of the detected landmarks is co-
linear, then the camera pose re�nement provides instable results.

Figure 12 shows what the user can see through the head mounted
display of the hybrid AR haptic setup. The �rst row shows the
landmark detection as the user interacts with the virtual cylinder.
In the second row, the computer-generated object is deformed in
real-time. As a result, the user candirectly interact with the vir-
tual cylinder by manipulating the stylus. Due to the highly precise
haptic calibration, the interaction between the virtual object and the
real haptic tool becomes natural for the user. Interaction with the
real cylinder is shown by the last rows. As revealed by the latter,
the simulation of the virtual cylinder generates similar behavior as
the real one. Finally, the last row shows a close view of the aug-
mented scene with the minimum number of landmarks necessary
to maintain the virtual object stable. Furthermore, the virtual shad-
ows of the cylinder and the real stylus improve the realism of the
augmented scene. To achieve this, the stylus is also modeled by a
virtual tool in order to compute the shape of the shadow. As a con-
sequence, the virtual object clearly becomes part of the real scene

Component Average time [ms]
Frame rendering 15

Frame unwrapping 5
Corner detection + occlusion test 20

Camera pose re�nement 0.6
Object Rendering (Shadow+Texture) 4.5

Table 1: Rendering performances

As mentioned earlier, only the surface of the cylinder is dis-
played, which improves the performance of the rendering process.
Thus, the virtual object consists of 402 triangles and the virtual hap-
tic tool of 320 triangles. Table 1 summarizes the execution time of
each component of the AR system. Frame rendering consists of
applying the Bayer �lter on the raw images and then rendering the
resulting RGB images. The conversion is the most time consuming
part of this process. Unwarping the images allows us to obtain an
accurate alignment of the virtual object with the real world, since
the rendering process does not enable us to distort the computer-
generated images. The high execution time of the corner detector is
primarily caused by the similarity measurement between the virtual
and the real landmarks. Since the textures are loaded on the graphic
card, the object rendering process is also fast. As a consequence,
a delay between the physical world and the augmenting virtual ob-
jects could clearly been perceived by the user. Since measuring the
latency is not a straightforward task, we can only estimate this delay
to be between 60 and 100ms. However, the user still feels immersed
into the AR world.
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Figure 12: From the top, the first row shows the AR scene with detected landmarks. The second row illustrates the interaction between the haptic
device and the deformable object. The third row depicts similar actions on the real object. The last row provides a close view of the deformations.
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An additional limitation of the hybrid AR system is the frame
rate of the camera. As the user moves fast, the image becomes
blurred leading to undetected landmarks. As a result, the visual
correction fails and the camera pose estimation only relies on the
optical tracking data.

6 CONCLUSION AND FUTURE WORK

We have developed a stable and robust hybrid augmented real-
ity system by combining an external tracking device with a visual
landmark-based tracking system. Two approaches to compute the
camera pose from 3D-2D correspondences were compared. The
study showed that both methods provide similar results in terms
of backprojection error. In addition, the optimization performance
was investigated in order to meet the real-time constraint for the �-
nal application. It turned out that the Quasi-Newton algorithm led
to higher accuracy and faster convergence than the more commonly
used Levenberg-Marquardt and the Orthogonal Iteration method.
Finally, we demonstrated the performance of the hybrid AR sys-
tem in a haptic AR application, allowing to combine realistic haptic
and visual feedbacks. The �rst prototype shows convincing results,
performing force computation, highly realistic rendering and the
simulation of deformable objects in real-time. Despite the high la-
tency of the system, users felt immersed into the augmented world.
One shortcoming of our current system is the lack of stereo render-
ing. Since depth cues are only present due to shadows and motion
parallax, interaction with the objects is signi�cantly impaired. Fur-
thermore, occlusion between the physical world and the virtual ob-
ject has not yet been handled. These problems can be overcome by
adding a stereo camera to the setup in order to estimate the depth
map of the real environment and to integrate this information into
the rendering process. We are also working on an automatic land-
mark detection method in order to simplify the calibration step. Due
to the stability, robustness and speed of the system, it can be used
by far beyond the context of our original target aiming at visuo-
haptic comparison of virtual and real objects. It will also serve as
a general installation basis to implement numerous applications re-
lying on multimodal interaction with complex scenes augmented
with not necessarily rigid virtual objects, like in entertainment or
skill training.
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