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We describe a software framework to evaluate the performance of model-based optical trackers in
virtual environments. The framework can be used to evaluate and compare the performance of different
trackers under various conditions, to study the effects of varying intrinsic and extrinsic camera
properties, and to study the effects of environmental conditions on tracker performance. The framework
consists of a simulator that, given various input conditions, generates a series of images. The input
conditions of the framework model important aspects, such as the interaction task, input device
geometry, camera properties and occlusion.
As a concrete case, we illustrate the usage of the proposed framework for input device tracking in a
near-ﬁeld desktop virtual environment. We compare the performance of an in-house tracker with an
ARToolkitPlus-based tracker under a ﬁxed set of conditions. We also show how the framework can be
used to assess the quality of various camera placements given a pre-recorded interaction task. Finally,
we use the framework to determine the minimum required camera resolution for a desktop, Workbench
and CAVE environment, and study the inﬂuence of random noise on tracker accuracy.
The framework is shown to provide an efﬁcient and simple method to study various conditions
affecting optical tracker performance. Furthermore, it can be used as a valuable development tool to aid
in the construction of optical trackers.
& 2009 Elsevier Ltd. All rights reserved.

PACS:
I.3.7
H.5.2
Keywords:
Virtual reality
Optical tracking
Simulation
Evaluation

1. Introduction
Tracking in virtual and augmented reality is the process of
identifying the pose of an input device in the virtual space. Modelbased optical tracking achieves this by using input devices
augmented by markers for which the 3D features of these
markers are known in advance. The set of known 3D features is
called the model. Pose estimation is then performed by detecting
these features in one or more 2D camera images. Optical tracking
is an important technology as it provides a cheap tracking solution
that does not require any cables in the virtual space. Furthermore,
given sufﬁcient camera resolution, the accuracy of optical tracking
is very good. However, a common and inherent problem in optical
tracking is that line of sight is required: if the input device is
partially occluded a pose can often not be found. Various
implementations of optical trackers exist (e.g. [4,14,10,13]).
An important issue in optical tracking is an objective way of
measuring performance. The user’s performance for an interactive
task often depends on the performance of the optical tracking
system. Tracker accuracy puts a direct upper-bound on the level of
accuracy the task can be performed with. Particularly in cases
where the tracker cannot detect the input device, for example due
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to occlusion, interaction performance is reduced signiﬁcantly.
Therefore, many aspects must be taken into account when
evaluating the performance of an optical tracker. These aspects
include the type of interaction task that is performed; the intrinsic
and extrinsic camera parameters, such as focal length, resolution,
number of cameras and camera placement; environment conditions in the form of lighting and occlusion; and end-to-end latency.
Furthermore, performance can be expressed in a number of
different ways, such as positional accuracy, orientation accuracy,
hit:miss ratio, percentage of outliers and critical accuracy, among
others. Most optical tracker descriptions do not take all these
aspects into account when describing the tracker performance.
In this paper, we present a framework for evaluating the
performance of optical trackers in a systematic way. The
presented framework allows us to quantitatively:

 Evaluate and compare the performance of different optical



trackers under various conditions. This is useful for deciding
which optical tracker implementation to use for a speciﬁc
virtual environment, under different constraints.
Study camera properties for various virtual environments. In
this way, we can evaluate how many cameras are required to
perform a speciﬁc task, what the minimum required quality of
the cameras should be in terms of resolution, distortion and
focal length, and where they should be placed.
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 Study environment conditions for various virtual environments. This allows us to study the effects of device occlusion,
which is an important aspect for optical tracking. Also,
different lighting conditions can be studied, such as infrared,
ofﬁce or day light.
This paper is organized as follows. In Section 2 we describe
related work. Next, in Section 3 we describe the presented framework in detail. In Section 4 we give four examples of how the
framework can be used in a practical setting to study various aspects
of optical tracking and the environment. Finally, in Section 5 we
discuss additional uses and considerations for the framework.

2. Related work
van Liere and van Rhijn [12] examined the effects of erroneous
intrinsic camera parameters on the accuracy of a model-based
optical tracker. They recorded a real, interactive task and
subsequently ran three different optical tracking algorithms on
these images, providing them with varying intrinsic camera
parameters to simulate errors in the camera calibration process.
They showed how these parameters affect the accuracy, robustness and latency of the tested optical tracking algorithms. The
framework presented in this paper is more general in the sense
that it enables us to study many more parameters than just the
intrinsic camera calibration. Since we generate virtual camera
images, it is possible to realistically study effects such as lighting
conditions, occlusion and varying camera placements.
In the past, several techniques have been proposed to study the
properties of multiple camera setups and camera placements for
general optical tracking. Two examples are the Pandora system by
State et al. [11] and the work by Chen [2] on camera placement for
robust motion capturing. The Pandora system [11] allows the user
to set varying extrinsic and intrinsic camera parameters and
projects a visualization of these parameters on a virtual scene.
Every virtual camera projects a resolution grid on the scene using
shadow mapping. In this way, the user can explore the virtual
scene and examine, for example, which parts of the scene are
visible and at which resolutions for different camera placements.
Chen [2] proposes a quantitative metric to evaluate the quality of
a multi-camera conﬁguration in terms of resolution and occlusion.
A probabilistic occlusion model is used and the virtual space is
sampled to determine optimal camera placements. The focus lies
on ﬁnding a robust multi-camera placement for general motion
capturing systems.
These methods share the property that they take into account
only the camera placements and the virtual space, but do not
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provide any performance measures for speciﬁc optical trackers or
tasks. A typical strategy is to maximize the amount of space
coverage while maintaining a pre-speciﬁed minimum resolution.
Our framework is focused on model-based device tracking in
virtual environments, as opposed to the larger problem of general
optical tracking and space coverage. We seek to provide
quantitative data for real tasks so we can compare the actual,
measured performance of different optical trackers under varying
conditions, which are not limited to camera placement alone.

3. Methods
In this section we provide a detailed description of our
proposed framework for the performance evaluation of modelbased optical trackers. The various components of the framework
are discussed, along with some examples of typical usage
scenarios. Furthermore, a brief description is given of the
implementations of two optical trackers. These optical trackers
will be used in Section 4 as examples to illustrate how the
presented framework can be used in practice.
An overview of the proposed framework is given in Fig. 1. The
framework consists of three major components: the simulator, the
optical tracker and the analysis component. Solid arrows between
varying components represent the ﬂow of data. The simulator is
responsible for generating 2D image ﬁles, which are then used as
input for the optical tracker. Next, the optical tracker calculates a
pose based on these input images. Finally, the calculated pose is
fed to the analysis component and compared to a ground truth
resulting in various kinds of performance metrics.
Each major component accepts one or more input data streams
generated by supporting components, which are shown in Fig. 1 to
be environment conditions; an occlusion model; camera parameters, both intrinsic and extrinsic; a ground truth in the form of
a task; and a device model. By varying the output of the
supporting components we can evaluate the performance of
optical trackers under a wide range of different conditions. We
will now describe each of the three main components and their
inputs in more detail.
3.1. Simulator component
The purpose of the simulator component is to output a series
of 2D images representing captured camera frames. In order to
achieve this, several input data are required:

 A device model that is recognized by the optical tracker.
This enables us to render a simulation of the input device,

Fig. 1. An overview of the presented framework for the performance evaluation of model-based optical trackers. The three main components are the simulator, optical
tracker and analysis components. Each of these components receive one or more input data streams from supporting components. The input data provided by these
supporting components can be varied to evaluate tracker performance under a wide range of conditions. Data ﬂows are indicated by solid arrows between components.
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which can then subsequently be tracked by the optical
tracker.
Intrinsic and extrinsic parameters for N virtual cameras. For
each of the input cameras an image is rendered as if the
device model was captured with such a camera. In this way, we
can modify camera placements and the number of cameras,
along with camera properties such as focal length and
resolution.
Simulated environment conditions used for rendering. By
altering environment conditions we can modify the rendered
images in various ways. Some examples of environment
conditions are lighting models, such as infrared, ofﬁce or
day light; background images, which can complicate the
required image processing; and different types of generated
image noise.
An occlusion model where the input device is partially
occluded for different cameras. Occlusion is an important
aspect for optical trackers, as line-of-sight is always required to
determine a pose. Examples of occlusion models are the user’s
hands on the input device, or even people’s bodies in larger,
CAVE-like virtual environments. Simulated occluders can be
rendered in addition to the input device, making it more
difﬁcult to detect.
Ground-truth data of where exactly the input device is located.
A ground-truth position and orientation allows us to render
the device in that exact location, resulting in an animation
sequence of M ground-truth device poses. A number of
different ways are possible to generate this ground-truth
location data. A synthetic signal can be used to evaluate
different positions and orientations in the environment;
however, it is also possible to record and replay a real-life
interaction task. Several different types of interaction tasks can
be recorded in this manner, such as positioning or pointing.
Finally, different sampling schemes can be used to simulate
varying camera update rates.

The output of the simulator component is a series of N  M
images: for each of the M ground-truth poses, N camera
images are rendered. Rendering is performed using standard
OpenGL functionality. A 3D polygon mesh of the occlusion
model is rendered, along with a texture mapped cube representing the input device. The six textures for each face of the rendered
input device are obtained through digital photographs of a
real input device, which are often easier to obtain from real
props than modelling their marker geometry exactly. Additionally,
photographs provide a more realistic representation of the
device. The required device models can either be obtained
from direct measurements on the textures given the dimensions
of the device or by running a automated model training procedure
inside the simulator. In this paper, the former approach is
followed in the case of the ARToolkitPlus-based [4,14] optical
tracker, while the latter is used for the GraphTracker [10]
optical tracker. More details about these two optical trackers
are given in Section 3.2. The virtual input devices for the
two trackers are shown in Fig. 2. After rendering, the OpenGL
frame buffer is read back to host memory using the glReadPixels
function. The raw image data are subsequently passed to the
optical tracker component, as if it was captured by a real camera.
An overview of the simulator running in interactive mode is given
in Fig. 3.
An important aspect of the simulator is to correctly setup the
various camera calibration matrices. The intrinsic parameters of
our virtual cameras are given in terms of ﬁeld-of-view angle and
the width and height in pixels of the image plane. The focal length
is given by f ¼ 1= tanðfovÞ, where fov is the given ﬁeld-of-view
angle. Now let w and h be the width and height of the image

Fig. 2. The simulated cubical input devices for the ARToolkitPlus-based (top) and
GraphTracker (bottom) optical trackers. The 3D hand occlusion model is also
shown. The green wireframe box represents the detected pose, with the pose x-, yand z-axes in red, green and blue. Detected 2D image-features are shown as blue
squares with their corresponding ID-number in red. (For interpretation of the
references to colour in this ﬁgure legend, the reader is referred to the web version
of this article.)

plane, then the camera calibration matrix is given by
u0 ¼ ðw þ 1Þ=2

(1)

v0 ¼ ðh þ 1Þ=2

(2)

au ¼ hf =2

(3)

av ¼ au

(4)
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(5)

(6)

Pcam2img projects 3-vectors from the camera’s reference frame onto
homogeneous 3-vectors on the image plane. For optical tracking
purposes, the inverse transform Pimg2cam is required; that is, the
transform that maps points on the image plane into 3D lines in
the camera’s reference frame.
We deﬁne the extrinsic parameters of our virtual cameras by
three 3-vectors, C pos , C dir , C up , representing the camera position,
direction of view and the up direction, respectively. From these
three vectors we can calculate the base vectors corresponding to
the camera’s reference frame. The afﬁne 3  4 transformation
matrix M cam2wld , formed by the concatenation of four column
vectors, transforms homogeneous 4-vectors from the camera
reference frame into the world reference frame, and is given by
~
z ¼ ðC dir  C pos Þ=kC dir  C pos k
~
x ¼ ðz  C up Þ=k  z  C up k

(7)

~
y ¼ x  z

(9)

x ~
y ~
z C pos Þ
Mcam2wld ¼ ð~

(8)
(10)
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usually given in the camera speciﬁcations. The latter approach is
used in this paper.
For rendering purposes, these matrices need to be loaded into
OpenGL. In order to achieve this, standard OpenGL functionality is
employed. The 4  4 OpenGL modelview matrix can be loaded
from the matrix Mwld2cam ¼ M1
cam2wld after conversion for homogeneous coordinates by appending a fourth identity row. Furthermore, we scale by ð1; 1; 1Þ to invert the default OpenGL depthaxis. The OpenGL projection matrix is constructed using the
gluPerspective function, with the earlier speciﬁed ﬁeld-of-view,
width and height of the image plane as input. Since OpenGL
internally uses the same principal point ðu0 ; v0 Þ as we did earlier
for Pcam2img , the resulting projection matrix will be an exact 4  4
homogeneous version of P cam2img . In the event that the principal
point of the simulated camera is not equal to ðu0 ; v0 Þ, as is the case
for less-common off-axis projections, the OpenGL projection
matrix must be constructed manually by a call to glFrustum.

3.2. Optical tracker component

Fig. 3. The simulator running in interactive mode. The viewpoint and input device
pose can be changed using the mouse. The optical tracker component is providing
visual feedback about the detected device pose in real-time. The tracker
implementation can be switched at run-time. (top) A global overview of where
the cameras are, including the 3D camera rays through the detected 2D feature
points. (middle) The scene from the viewpoint of the individual cameras. Several
GraphTracker feature points are detected, and a device pose can be established.
(bottom) Due to occlusion the ARToolkitPlus-based tracker is unable to detect a
pose in this identical setting.

Given this virtual camera setup and a rendered simulation image,
the tracker component can subsequently reconstruct a 3D line in
the simulated interaction space from the virtual camera through a
given 2D image point. For any given 2D pixel ðIx ; Iy Þ on the image
plane, the direction of the 3D line originating at the camera’s
position and going through the pixel is given by the following
expression:
T
M 33
cam2wld  P img2cam  ðIx ; Iy ; 1Þ

(11)

where M33
cam2wld is the 3  3 submatrix obtained from M cam2wld by
deleting the last column. This line direction is required by most, if
not all, optical tracking algorithms. The origin of the line in the
world reference frame is equal to C pos ¼ M cam2wld  ð0; 0; 0; 1ÞT . In
order to simulate an existing real-world camera, one can either
construct the camera calibration matrices manually by performing any one of the standard camera calibration procedures using
the real camera or by calculating the ﬁeld-of-view given the focal
length of the lens and the camera’s sensor size, both of which are

The optical tracker component is responsible for calculating a
device pose based on the images rendered by the simulator
component. In order to achieve this, the tracker receives
additional input consisting of the same device model description
that was provided to the simulator, and also with the same
intrinsic and extrinsic camera parameters. This is equivalent to
the situation where calibrated, real cameras provide captured
images. Alternative approaches may restrict this input, for
example, in the case of evaluating markerless tracking, structure
from motion approaches or camera calibration. The optical tracker
component itself can be implemented by many different types of
optical trackers that we wish to evaluate under certain conditions.
The output of the optical tracker component is a device pose,
which can be compared to the ground-truth pose.
In order to test the presented framework, we have made use of
two different optical trackers in Section 4. In this section we will
brieﬂy describe the technical details of these two optical trackers;
the reader is assumed to be familiar with optical tracking
techniques. Both trackers are structured in such a way that they
consist of two components: a 2D-to-3D point correspondence
component and a 3D pose reconstruction component. The
correspondence component is responsible for detecting 2D image
features and mapping them to 3D device model features. The pose
reconstruction component uses this correspondence information
to calculate a device pose.
The ﬁrst optical tracker is an implementation of GraphTracker
as presented by Smit et al. [10]. The correspondence component
operates by detecting projection invariant graph structures in a
2D image. A sample input device is shown in Fig. 2. The vertices of
these detected graphs are considered to be image features and are
mapped to 3D model points. Since feature correspondence is
established in a projection invariant manner, only a single camera
is required, but more cameras are allowed. In fact, correspondence
is established for every input camera image, and the combination
of these correspondences is used as input to the pose reconstruction component.
The pose reconstruction component ﬁrst determines a device
pose for each camera individually using the efﬁcient perspectiven-point algorithm [7], modiﬁed to use Horn’s absolute orientation
method [3]. For each pose found in this way, the reprojection error
is determined and the pose with the smallest error is used as a
starting pose to an iterative procedure using all cameras. This
iterative procedure is an extension for multiple cameras by Chang
et al. [1] to the iterative pose reconstruction by Lu et al. [5].
Further enhancements would be the use of Micheals–Boult
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absolute orientation determination [6] and a modiﬁcation of the
iterative procedure to support the robust planar pose algorithm
[9]; however, these enhancements are currently not implemented.
The second optical tracker is a modiﬁed version of ARToolkitPlus by Wagner and Schmalstieg [14], which in turn is based on
ARToolkit by Kato and Billinghurst [4]. ARToolkitPlus is capable of
detecting different, square markers in a single camera image. We
have constructed a cubical input device with different markers on
each of the six cube sides as shown in Fig. 2. Next, ARToolkitPlus is
used to establish feature correspondence between the four 2D
corners of each square marker and the 3D positions of these
corners as given by the device model. For each individual camera
image, the set of 2D to 3D feature correspondences is provided to
the same pose reconstruction component that was described
previously in the case of GraphTracker.
3.3. Analysis component
The purpose of the analysis component is to provide various
performance metrics based on the pose reported by the optical
tracker component and the known ground truth. Therefore, the
input to the analysis component consists of the same ground truth
animation sequence that was provided to the simulator component and the sequence of poses generated by the optical tracker.
The output of the analysis component can be a wide range of
performance metrics, such as position and orientation accuracy,
for different animation frames or cameras, either per frame or
averaged over the entire sequence, hit:miss ratios that indicate
the percentage of frames for which a valid pose can be found, or
processing time. Additionally, the animation sequence may
contain weights to describe speciﬁc frames where accuracy is
deemed to be much more important than at other frames, for
example at interaction locations near a target. The output of this
analysis can be compared for different settings to determine
which setting is best suited for a speciﬁc task.
Spatial accuracy can be determined by comparing the pose
reported by the tracker to the known ground-truth pose. This
comparison can be performed for the position as well as the
orientation component of the pose. The position component is
given by the last column of the 4  4 pose matrix, while the
orientation component is given by the upper-left 3  3 submatrix.
If the position of the ground truth is given by T truth and the
position of the reported pose by T tracked, then the position error is
given by the distance between these two positions:

position ¼ kT truth  T tracked k

radians is given by

orientation ¼ j2 arccosðReðQ tracked  Q 1
truth ÞÞj

(13)

The orientation error represents the amount of rotation required,
about an unspeciﬁed axis, in order to transform from the groundtruth pose to the tracked pose. The same can be achieved by
ﬁnding the eigenvalues of the rotation matrix Rtracked  R1
truth ;
however, quaternions provide a more intuitive solution. Finally,
the orientation error is translated to the ½0; pÞ interval and
converted to degrees.
The earlier described method of determining spatial accuracy
provides us with an error measure for each individual frame of the
task animation; however, what is often required is a method that
results in a single measure of accuracy for the entire animation
sequence. This can be achieved through standard statistical
means, such as the average or median error. In this paper, we
mainly adopt the latter method in order to reduce the inﬂuence of
outliers in the data, with the exception of the experiment in
Section 4.4. There, we use a more complicated way of compacting
the error data by calculating the weighted average error with
respect to the velocity of the input device. The rationale behind
this is that users often require more accuracy when they are
moving the input device slowly than when they are moving it very
fast. In order to achieve this, we calculated the positional and
angular velocities for each frame of the task animation sequence,
as is shown in Fig. 4. Observing Fig. 4, we established an arbitrary
threshold velocity of 10 mm/frame, as well as 10 =frame, to
constitute slow movement. Any frame with a higher velocity was
not included in the average (a weight of zero), while velocities
lower than the threshold were weighed linearly. That is, given
velocities vi , the weighted average error ¯ with weights oi is
calculated according to

oi ¼ 1  minð1; vi =10Þ

¯ ¼

X

!,

oi i

i

X

oi

(14)
(15)

i

Experimental results employing this scheme are given in Section
4.4. Instead of weighing the error by the velocity of the input
device, one can also use the position of the input device as a
weight. This is useful when there are critical regions in the input
space where accuracy is deemed to be more important than at
other regions, such as regions near target positions in a pointing
task; however, we have not currently implemented such a
method.

(12)

The orientation error requires slightly more effort to be expressed
as a single number. First, we convert the 3  3 orientation
matrices to the quaternions Q truth and Q tracked , for the ground
truth and reported pose, respectively. Let ReðqÞ be a function that
returns the real part of a quaternion, then the orientation error in

4. Results
In this section we show four sample uses of our framework to
evaluate different aspects of optical tracker performance. In the
ﬁrst experiment, the accuracy of two different optical trackers is

Positional Velocity (mm/frame)

Angular Velocity (deg/frame)

50
40
30
20
10
0
1

51 101 151 201 251 301 351 401 451 501 551 601 651 701 751 801 851 901 951 10011051 1101

Fig. 4. Positional and angular velocity per frame of the interaction task sequence. This information can be used to compute a weighted average error depending on the
velocity of the input device.
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compared, given a ﬁxed environment. In the second experiment,
we try to determine high-quality camera placements by varying
the extrinsic camera parameters. Third, we evaluate the effect of
camera resolution and distance by varying the intrinsic camera
parameters as well. Finally, we study the inﬂuence of Gaussian
distributed random noise on tracker accuracy. These experiments
provide answers to interesting sample problems for optical
trackers; however, the framework presented is not limited to
these experiments alone.
We want to stress the fact that the presented results are not
intended to provide an answer to the question of which optical
tracker performs strictly better than the other. Instead, these
results should be looked upon as examples of the usage of the
presented framework to determine and compare the performance
of optical trackers over a broad spectrum of conditions. Each
optical tracker has its own pros and cons, and the decision of
which optical tracker is better suited for a particular task at hand
should be based on the combination of relevant metrics and
properties, rather than on a single statistic. This will be discussed
further in Section 5.
4.1. Experiment 1: tracker comparison in a ﬁxed environment
The ﬁrst experiment is a comparison between the two
optical trackers, GraphTracker and ARToolkitPlus, described in
Section 3.2. For this experiment, we will vary the implementation
of the optical tracker component and, thus, the device model. All
other components are kept constant. In both cases the virtual
input device consists of a cube with edges of 7 cm. The question
asked for this experiment is, ‘‘Which optical tracker should be
used for this particular environment and task?’’
For the camera parameters we use a setup typically used for
the PSS [8], a near-ﬁeld virtual environment. We use a dual
camera setup above the virtual working space, pointing at the
origin at a distance of approximately 55 cm. The focal length of the
cameras is set to 28 mm wide angle in terms of 35 mm full-frame
photographic equipment. Environment conditions are set for
infrared lighting. To simulate this, the device markers are
rendered in black and white. To simplify processing, the background is kept strictly black and no image noise is added. The
occlusion model consists of a ﬁxed 3D model of a human hand
that is attached to the cubical input device, simulating the user
holding the input device. This was shown earlier in Figs. 2 and 3.
The hand model remains static with respect to the cube’s
orientation. The task, or ground truth, is a pre-recorded animation
sequence of a user executing a real-life task in a near-ﬁeld virtual
environment with a similar cubical input device. This task was
recorded using a magnetic tracker so occlusion has no effect in
establishing the ground truth. The animation sequence consists of
1146 frames sampled at regular intervals. The combination of all
these conditions provides a reasonable simulation of a real nearﬁeld virtual environment.
Fig. 5 shows the positional accuracy in millimeters for each of
the 1146 animation frames and for both optical trackers.

GraphTracker

60
50
40
30
20
10
0
1
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Summarized results are given in Table 1. For this ﬁxed camera
setup, the percentage of hits for GraphTracker is relatively high at
97% despite the occlusion, whereas the hit percentage for
ARToolkitPlus is only 45% due to occlusion. However, whenever
a pose is detected by ARToolkitPlus, the reported pose is generally
more accurate than the pose reported by GraphTracker. These
results suggest that GraphTracker is the better choice for this
particular task and environment; however, this may no longer be
the case when we are free to reposition the cameras. Furthermore,
if we are willing to sacriﬁce hit:miss ratio in favour of enhanced
accuracy, then ARToolkitPlus would be the tracker of choice.

4.2. Experiment 2: assessing camera placement quality
The second experiment uses a similar setup as the ﬁrst
experiment, only this time the extrinsic camera parameters and
the number of cameras will be varied. All other conditions, such as
the occlusion model and task, are kept constant as before. By
varying the extrinsic camera parameters we can empirically
determine high-quality camera placements for this particular task
and setup. The question here is, ‘‘Which camera placement gives
good results for the execution of this particular task?’’
To answer this question we have randomly generated 200
sets of camera placements. This was done by taking the
camera distance to the origin of the near-ﬁeld camera setup of
experiment 1, and randomly placing cameras on the quarter
sphere on top and in front of the workspace deﬁned by this
distance. In this way, we generated four different batches of 50
camera sets. The ﬁrst batch consists of stereo pairs of two
cameras. For every set the two cameras were constrained to have a
distance between 5 and 15 cm. The second batch consists of two
cameras per set as well; however, the distance constraint was
changed so the cameras must be further than 30 cm apart. The
third batch consists of sets of two stereo pairs at a distance greater
than 30 cm. Finally, the fourth batch consists of four cameras, all
at a distance larger than 30 cm from each other.
Next, for all camera placements, the 1146 frame task was
executed. For every camera placement we registered the average
position and orientation accuracy for the task, as well as the
hit:miss ratio. These results are shown in Fig. 6 for the batches of
two cameras. In Table 2 all data are summarized by calculating a
subsequent average over speciﬁc batches of camera sets for the
position and orientation accuracy. A number of observations can
Table 1
Summarized results for the ﬁrst experiment.

ARToolkitPlus
GraphTracker

Hit (%)

Position err. (mm)

Orientation err. (deg)

45
97

3.4
7.0

3.2
10.8

The table shows the percentage of hits and the median position and orientation
errors for the entire task. GraphTracker detects a pose more often; however,
ARToolkitPlus is often more accurate when it detects a pose.

ARToolkitPlus

51 101 151 201 251 301 351 401 451 501 551 601 651 701 751 801 851 901 951 100110511101
Fig. 5. Positional accuracy in millimeters for all animation frames. Gaps indicate a pose could not be found.
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Fig. 6. The effect of different camera placements on hit:miss ratio and accuracy for both trackers. For all four plots the x-axis shows 50 different, random camera
placements by index. The green bars represent the hit:miss ratio in percentages (left y-axis), while the blue and red bars show the position and orientation accuracy,
respectively (right y-axis). Two different placement strategies were used for both of the two trackers. Mono camera placement positioned the two cameras independently
and not too close to each other. Stereo camera placement considered the two cameras as a stereo pair and placed them in close vicinity to each other. It can be seen that
mono camera placements generally result in better hit:miss ratios, but worse accuracy compared to stereo camera placements. Furthermore, the accuracy of the ARToolkitbased tracker is generally better at the expense of hit:miss ratio compared to GraphTracker. (For interpretation of the references to colour in this ﬁgure legend, the reader is
referred to the web version of this article.)

Table 2
Summarized results for the second experiment on camera placements.
ARToolkitPlus

GraphTracker

Placement strategy

Stereo

Stereo

Number of cameras

2

Hit percentage (%)
41
Average position error (mm)
6.7
Average orientation error (deg)
3.4

Mono
4

2

Mono

4

2

4

76
2.9
1.8

74
95
54
90
17.6
6.8 21.1
4.2
2.1
1.4
7.6
5.1

2

4

89
59.8
18.7

96
7.7
6.1

The rows show, respectively, the average percentage of hits, position accuracy in
mm and orientation accuracy in degrees over all camera sets. It can be seen that
four cameras always perform better than two, but the effect is less pronounced for
mono cameras. This is due to the fact that the space coverage of a single stereo pair
is low. Furthermore, stereo pairs show less error than mono setups with the same
amount of cameras at the expense of a worse hit:miss ratio. This is a consequence
of the difﬁculty to detect an accurate pose using a single camera and the lower
space coverage of stereo pairs.

be made from these data. For two cameras in stereo-setup (see
Fig. 6), ARToolkitPlus achieves very poor hit:miss ratios due to
occlusion. GraphTracker achieves somewhat better hit:miss
ratios; however, the pose accuracy is generally worse than that
of ARToolkit in the case it does detect a pose. For two
independent, mono cameras the hit:miss ratios improve for both
ARToolkitPlus and GraphTracker, but the pose accuracy is often
reduced. This is especially so for GraphTracker in general and the
position accuracy of ARToolkitPlus. This leads us to believe that
stereo camera setups are generally more accurate due to the
difﬁculty of robust pose reconstruction using only a single camera,
but result in worse hit:miss ratios due to the smaller coverage of
space. In the case of four cameras in the form of two stereo
pairs (see Table 2), ARToolkitPlus still shows some poor camera
placements with respect to hit:miss ratio. However, for
four independent cameras the occlusion problem is reduced

signiﬁcantly due to the large coverage of space. In this case
both ARToolkit and GraphTracker are capable of ﬁnding a pose in
most circumstances, and ARToolkitPlus achieves a much higher
accuracy in doing so. It can also be seen that four cameras are
generally more accurate than two cameras. These results suggest
that if we are free to choose a speciﬁc camera placement, then
ARToolkit would be tracker of choice for this particular task and
environment.

4.3. Experiment 3: determining minimum camera resolution
requirements
In the third experiment we vary the intrinsic camera
parameters by changing the resolution; furthermore, the extrinsic
parameters will be modiﬁed by placing the cameras at different
distances from the origin. These camera distances are representative for different types of virtual environments. The other
conditions remain constant. This experiment may help in
answering the question, ‘‘What is the minimum required camera
resolution for optical tracking in this virtual environment?’’
To determine camera positions for this experiment, we used
the results of the second experiment for the placement of four
cameras and chose the camera position set where the positional
error was smallest. It turned out that these positions also provided
good orientation accuracy, as well as a good hit:miss ratio. Next,
we scaled these positions in such a way that we obtained three
sets of cameras for distances of 0.75, 1.5 and 3.0 m from the origin.
These distances are representative for near-ﬁeld, Workbench- and
CAVE-like virtual environments. Due to increased camera distance
we increased the focal length of the cameras to a standard 50 mm
in terms of 35 mm full-frame photography equipment. We then
executed the 1146 frame task for each of these camera sets at
camera resolutions of 512  384, 640  480, 800  600, 1024 
768 and 1280  960.
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Table 3
Results for the third experiment on camera resolution and distance.
ARToolkitPlus

512  384
640  480
800  600
1024  768
1280  960

GraphTracker

0.75 m

1.50 m

3.00 m

0.75 m

1.50 m

3.00 m

96/1.11/0.88
96/0.86/0.69
97/0.68/0.54
98/0.52/0.42
98/0.41/0.33

93/3.29/3.76
95/1.94/1.61
95/1.52/1.30
96/1.15/0.97
96/0.89/0.76

0/–/–
58/22.28/25.0
86/9.20/12.95
93/3.51/4.0
95/1.98/1.71

96/1.97/4.24
97/1.43/3.83
97/1.34/3.60
98/1.26/3.25
98/1.14/2.90

43/1220/103
66/23.0/15.5
94/5.97/9.09
97/2.86/4.84
98/1.53/3.91

0/–/–
0/–/–
16/2725/94.8
38/2531/97.9
67/23.75/16.8

The rows represent the different resolutions, while for each tracker the columns represent the different camera distances to the origin. Every table cell shows the percentage
of hits, the average position error in mm and the average orientation error in degrees, respectively. When the percentage of hits equals zero, accuracy information is not
available.

4.5
4
3.5
3
2.5
2
1.5
1
0.5
0
512x384

640x480

800x600

1024x768

1280x960

Fig. 7. Position and orientation errors for both GraphTracker and the ARToolkitPlus-based tracker, expressed in millimeters and degrees, for various resolutions
at 0.75 m camera distance. A higher resolution results in lower error in all cases.

The results of these measurements are given in Table 3.
This table shows the hit percentage, average task accuracy in
millimeters and the average orientation accuracy in degrees. Fig. 7
gives a graphical overview of the errors at a distance of 0.75 m. It
can be seen that the performance of GraphTracker is reduced
signiﬁcantly for larger viewing distances. The performance of
ARToolkitPlus decreases with distance as well, but not as quickly
as for GraphTracker. Furthermore, an increase of resolution results
in increased accuracy and better hit:miss ratios. In order to make
effective use of an optical tracker, the hit:miss ratio should
preferably be over 90%. Therefore, in order to use these trackers in
a CAVE-like environment with cameras placed at 3 m distance, a
minimum camera resolution of 800  600 is required for
ARToolkitPlus (preferably 1024  768) and for GraphTracker a
resolution of 1280  960 is still not sufﬁcient. This shows that
when designing optical trackers for such environments special
considerations have to be taken into account. For environments
like the Workbench, with camera distances of 1.5 m, both trackers
can be used; however, GraphTracker requires higher resolutions.
Both trackers show comparable behaviour in near-ﬁeld environments, where higher camera resolution is apparently an inefﬁcient use of resources.

4.4. Experiment 4: evaluating the effect of noise
The fourth experiment is concerned with evaluating the effect
of random noise on the accuracy of the optical trackers. There are
several sources of random noise in an optical tracking system, of
which we will describe a common few. First, there is (CCD) sensor
noise present in the camera, usually resulting in independent
Gaussian distributed additive noise in the pixels of the acquired
images; however, other forms of noise, such as speckle noise, are
certainly possible. Second, for moving input devices, there is the

effect of motion blur on the acquired images due to relatively slow
camera shutter speeds. Third, because image processing operates
on discrete pixels, the detected position of a blob may shift
slightly from frame to frame due to pixels appearing just above or
below the detection threshold. Other sources of noise that are
usually more systematic in nature are errors in the device model
description and erratically changing lighting conditions.
Since it is difﬁcult, if not impossible, to simulate all the sources
of noise exactly, we have chosen to approximate the combined
effect of random noise. This is achieved by modifying the image
processing step of the optical tracker component in such a way
that independent Gaussian distributed noise is added to the
detected 2D image coordinates of all blobs. That is, if Ix;y is the
coordinate of the detected blob’s centre of mass, then the pose
reconstruction algorithm will take as input ~Ix;y ¼ Ix;y þ
ðNð0; s2 Þ; Nð0; s2 ÞÞ, simulating zero-mean ðm ¼ 0Þ Gaussian distributed random noise with variance s2 . This is a reasonable
approximation, since the summation of different sources of
Gaussian noise is again Gaussian distributed. One aspect that this
approach fails to simulate is when the image noise is so extreme
that the image processing fails completely; however, we consider
this to be a rare case in most practical systems.
For this experiment we used the same camera setup as for the
640  480 resolution experiment at 0.75 m, which provided good
results for both trackers. Gaussian distributed noise with m ¼ 0
and s 2 f0:5; 1:0; 1:5; 3:0g was added to the detected 2D image
features as described previously. In order to reduce the per-frame
errors into a single number for the entire animation, we calculated
both the standard average error and the average error weighted by
velocity as described in Section 3.3. The results of this measurement are tabulated in Table 4 and partially plotted in Fig. 8. The
relative increase of error with respect to increased levels of noise
is shown in Fig. 9.
A number of observation can be made from these data. First,
the weighted average error is always lower than the standard
average error, indicating that both trackers are more accurate
when the input device is moving slowly. If we are indeed only
interested in tracker accuracy when the device velocity is low, this
is a favourable property. Second, as the amount of noise increases,
so does the tracking error for all cases. From Fig. 9 we can see that
the position error of GraphTracker is relatively more affected by
increased noise than that of the ARToolkitPlus-based tracker;
however, the opposite is true for the orientation error. A possible
explanation for this phenomenon is that GraphTracker, in general,
puts more weight at orientation accuracy at the cost of sacriﬁcing
some positional accuracy. In turn, this could be due to the
detection of more 2D image features than ARToolkitPlus. Alternatively, one can argue that because of the already lower general
accuracy of GraphTracker due to model description noise, further
reduction in orientation accuracy is not so much inﬂuenced by
additional random noise.
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Table 4
Average error (Avg.) and weighted average error (W.Avg.) in millimeters and
degrees under various levels of Gaussian noise, for both position and orientation of
the two trackers.

s ¼ 0:5

s ¼ 1:0

s ¼ 1:5

s ¼ 3:0

ART pos. Avg.
ART pos. W.Avg..

1.44
1.10

1.64
1.31

2.08
1.61

2.98
2.38

GT pos. Avg.
GT pos. W.Avg.

2.38
1.49

3.13
2.23

4.02
2.74

5.76
3.89

ART angle Avg.
ART angle W.Avg.

1.05
0.89

1.55
1.35

2.13
1.85

3.63
3.26

GT angle Avg.
GT angle W.Avg.

4.75
3.18

5.99
4.12

7.08
4.81

9.83
6.42

Increased noise increases the amount of error in all cases. The weighted average
error is always lower than the average error, indicating enhanced accuracy when
the input device is moving slowly.

ART Average

7
6
5
4
3
2
1
0

σ = 0.5

ART Weighted Average

σ = 1.0

GT Average

σ = 1.5

GT Weighted Average

σ = 3.0

Fig. 8. Position error for various degrees of simulated Gaussian noise in
millimeters. The error increases as the standard deviation of the noise is increased.
The error is measured both by taking the average over all frames and the weighted
average error with respect to input device velocity. The weighted average error is
lower than the average error, indicating better precision at low velocity.

4
3.5
3
2.5
2
1.5
1
0.5
0
σ = 0.5

σ = 1.0

σ = 1.5

σ = 3.0

Fig. 9. Relative error for various degrees of Gaussian noise in millimeters and
degrees. The relative error is calculated with respect to s ¼ 0:5. This is a measure
for the sensitivity to increased noise. GraphTracker appears to be more sensitive to
noise for position and less for orientation than ARToolkitPlus.

5. Discussion
In Section 4 we have shown a sample evaluation of two
different optical trackers under varying conditions. By using the
presented framework, it was possible to acquire performance
metrics for different situations, such as varying camera placements, that would be difﬁcult to acquire quickly in practice.
However, care must be taken not to judge tracker performance too
rapidly based on a single experiment.
The accuracy for GraphTracker was shown to be generally
worse than that of ARToolkitPlus. This may be due to the fact that
the tested device model for GraphTracker has been constructed

from a real input prop, using digital photographs as textures for
the simulated device. Next, an automated model training step [10]
was performed using the presented framework to acquire the 3D
model description. Therefore, the model description for GraphTracker is likely to contain small errors, whereas the model
description for ARToolkitPlus was constructed in a purely
synthetic, error-free manner. This illustrates that all factors must
be considered when comparing trackers.
In the ﬁrst experiment, GraphTracker showed a much better
hit:miss ratio for the given environment than ARToolkitPlus. If we
are free to change the number of cameras and their placements, it
can be seen from the second experiment that ARToolkit can be
made to perform equally well in terms of hit:miss ratio for certain
camera placements. However, these speciﬁc camera placements
may only be valid for the particular task animation that was
executed. For example, a right-handed user holding the input
device in such a way that the left side is always completely visible
probably beneﬁts most from a camera placement with cameras on
the left side. Now, if this user is replaced by a left-handed user, the
same setup is likely to perform very poorly in terms of hit:miss
ratio. The framework can be used to test many different types of
tasks and determine a robust camera placement. In the third
experiment it could be seen that GraphTracker performed
relatively poor for larger camera distances. This is due to the fact
that GraphTracker has been speciﬁcally designed for near-ﬁeld
environments, while ARToolkitPlus was designed as a general
marker tracking system. It may be possible to improve the image
processing of GraphTracker to allow for larger camera distances.
Most optical trackers have their own pros and cons, and the
decision of which tracker to use should be based on a number of
required factors, some of which may not have been tested. For
example, GraphTracker is designed in such a way that it can
handle any convex shaped input device, whereas ARToolkitPlus is
restricted to planar surfaces. On the other hand, GraphTracker
currently requires infrared lighting, while ARToolkitPlus is capable
of operating in normal daylight. Before deciding on a speciﬁc
tracker, one should carefully consider the requirements and the
available environment.
The presented framework does not take end-to-end latency
into account. While it is possible to measure execution times for
the optical tracker component, the framework is unable to
measure real, observed latency. In order to do so a number of
additional factors need to be simulated, such as the cameras’ CCD
ﬁll rates, data transmission times, application/simulation update
rates and scene graph rendering rates. To be accurate, even the
display refresh rate needs to be modelled, along with the
difference in update rates between various application components. Since this information varies greatly among different
applications, and in some cases may not be available, we chose
not to provide any latency modelling in the presented framework.
Another aspect that was not simulated are the various types of
camera distortions found in real cameras, such as pincushion or
barrel distortion; however, it would be fairly straightforward to
add these distortion effects to the simulation renderer. Most reallife cameras are calibrated in such a way as to minimize the effect
of distortion in a post-processing step. Therefore, we made the
assumption that the simulated cameras are perfectly calibrated
and can be treated as linear cameras.
Besides optical tracker performance evaluation, the simulator
can also be used as a valuable development tool. The development
of optical trackers is difﬁcult due to a number of reasons. First, it
can be hard to detect if all the implemented algorithms are
functioning correctly under all circumstances, such as occlusion,
image noise and different camera placements. It is often infeasible
to regularly change camera placements in a practical real-life
setting. Furthermore, once errors are detected in the optical
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tracker, it is usually very difﬁcult to recreate the exact circumstances under which the error occurred. Using a simulator, the
input to the optical tracker can be speciﬁed exactly. This
deterministic, repeatable input greatly simpliﬁes debugging and
development. Finally, the simulator provides a way to visualize
and compare the output of various algorithms. In this way, one
can quickly determine which algorithm is better suited for a
speciﬁc situation. Poor tracker performance can then be detected
for these speciﬁc situations and the algorithms updated accordingly.
Future work may consist of the construction of a public
repository or database containing various ground-truth animations for different task types, several commonly used camera
setups and different optical tracker implementations. Once these
data are publicly available, newly developed optical trackers can
be thoroughly evaluated in common environments and compared
to existing trackers. This will simplify the task of choosing an
optical tracker particularly suited for the task at hand. One
problem is that the interface to optical trackers needs to be
standardized in order to ease the integration of different optical
tracker implementations in a common framework. This may prove
difﬁcult for commercially available, closed optical tracking
systems, which often integrate camera hardware and operate as
a black-box. A number of strategies can be employed depending
on the speciﬁc optical tracker setup and hardware. A custom
virtual camera driver can be written that reads image ﬁles from
disk or shared memory instead of using a real camera. The
simulation framework can then write rendered images to disk, or
copy them directly to shared memory, where they are interpreted
as camera footage by the virtual camera driver. This driver can
then be plugged into the existing optical tracker system. In cases
where it is not possible to change the camera driver used by the
tracker, it may be possible to intercept and alter the data stream
from the cameras to the driver, which is often a usb, ﬁrewire or
ethernet link. In that case, the simulation has to produce its
images in the same data representation as used by real cameras
and send the data over the actual link. This solution is very system
dependent, and a virtual camera driver would be our preferred
method of dealing with closed tracking systems.

129

6. Conclusion
We described a framework to evaluate optical tracker performance under various conditions. Four examples were shown
where the framework was used to evaluate the performance of
two different optical trackers. The presented framework provided
an efﬁcient and simple method to study various conditions
affecting optical tracker performance. This allowed us to study
the effect of parameters that cannot be easily changed in real-life
setups, such as camera placements and resolution. Furthermore,
the framework proved to be a valuable development aid for the
construction and improvement of future optical trackers.
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