Extendible Object-Centric Tracking for Augmented Reality
Ulrich Neumann and Jun Park
Computer Science Department
Integrated Media Systems Center
University of Southern California
{uneumann | junp}@usc.edu

Abstract
This paper presents a novel object-centric tracking
architecture for presenting augmented reality media in
spatial relationships to objects, regardless of the objects’
positions or motions in the world. The advance this
system provides over previous object-centric tracking
approaches is the ability to sense and integrate new
features into its tracking database, thereby extending the
tracking region automatically. This lazy evaluation of the
structure from motion problem uses images obtained from
a single calibrated moving camera and applies recursive
filtering to identify and estimate the 3D positions of new
features. We evaluate the performance of two filters; a
classic Extended Kalman Filter (EKF) and a filter based
on a Recursive-Average of Covariances (RAC).
Implementation issues and results are discussed in
conclusion.
1. Motivation and Introduction
Tracking has been at the heart of research and
development in augmented reality (AR) since it’s
inception in the 1960’s [1]. Many systems have been
developed to track the six degree of freedom (DOF) pose
of an object (or person) relative to a fixed coordinateframe in the environment [2, 3, 4, 5, 6, 7, 8, 9]. These
tracking systems employ a variety of sensing
technologies, each with unique strengths and weaknesses,
to determine a world-centric pose measurement, as
required for virtual and augmented reality applications.
Augmented reality, however, differs from virtual reality
in that the virtual data or media are often spatially-linked
to real objects in the environment. Tracking in a fixed
frame of reference, therefore, presents a limitation for
augmented realities, since it implies that objects in the
environment are calibrated to the tracker’s frame of
reference and, after calibration, they do not move. This
assumption is valid for applications such as architectural
visualization [10, 11] where the walls, floors, and doors
form a rigid structure whose world coordinates can be
calibrated, or are already known by design, and are not
likely to move. This rigid-structure criterion excludes a
large class of AR applications that provide annotation on
objects whose positions in a room or the world may vary
freely without impact on the AR media linked to them.
For example, AR applications in manufacturing,
maintenance, and training [10, 12, 13] require virtual
annotations that provide task guidance and specific

Fig. 1 - Example of AR annotation supporting a
maintenance task

component indications on subassemblies or portions of
structure (Fig.1). These applications are often objectcentric, and a more appropriate tracking solution, based
on viewing the object itself [14, 15, 16, 17, 18, 19, 20,
21], is provided by the pose estimation methods
developed in the fields of computer vision and
photogrammetry [ 22, 23]. A problem with many visionbased tracking methods is that tracking is only possible in
a constrained set of views for which certain features of the
scene are visible. In this paper we show how to reduce
this limitation in many cases, by allowing users to
dynamically expand the range of tracked camera views as
the AR system is operating.
World-centric trackers can be used to calibrate movable
objects [13, 19, 24, 25], but this generally entails placing
and calibrating tracking elements on each object of
interest and operating within range of the shared tracking
infrastructure, (e.g., magnetic fields or active beacons) [4,
9]. These requirements often make it difficult and
expensive to calibrate moving objects with current worldcentric tracking approaches.
1.1. Issues in Vision-Based Tracking

Vision-based tracking is the problem of calibrating a
camera’s pose relative to an object, given one or more
images. Many vision-based tracking methods can be
coarsely grouped into the three following categories,
based on their requirements:

♦
♦
♦

Three or more known 3D points from a single image
[23, 26, 27, 10, 20, 21, 28, 15, 8]
A sequence of images from a moving camera where
point positions may be known or unknown [29, 30,
31, 9]
Model and template matching from a single image
[32 , 14]

The first class of approaches uses a calibrated camera to
provide constraints to the pose formulation, so only a few
known points within a single image are needed for
tracking. This class of methods has been successfully
employed in AR tracking systems. Our work and the
remainder of this paper are based on these methods as
well.
The points needed for tracking can be object features such
as corners and holes, or they can be intentionally designed
and applied targets or fiducials. We selected the latter
option in our work since naturally-occurring features can
be difficult to recognize due to their variety and
unpredictable characteristics. Also, objects do not always
have features where they are needed for tracking; large
regions of surfaces are often indistinguishable when
viewed without context. Fiducials have the advantage
that they can be designed to maximize the AR system’s
ability to detect and distinguish between them, they can
be inexpensive, and they can be placed arbitrarily on
objects. The design and detection of fiducials are
important topics, but for this work, we require only that
fiducials have some basic characteristics such as color and
shape.
Our goal is to increase the range of camera-motion that
provides tracked viewing while minimizing the number of
fiducials that must be applied to an object. A worst-case
occurs when all regions of a large object are equally likely
to be viewed and therefore a dense distribution of
fiducials is needed to support tracking over the entire
object.
Covering large objects (e.g., airplanes,
machinery) with fiducials is impractical and calibrating
them is difficult.
Our approach is an alternative
analogous to “lazy-evaluation” in algorithm design;
fiducials are only placed, and their positions computed, as
the need for them arises. An initial set of fiducials is
strategically placed and calibrated on an object or a
fixture rigidly connected to an object. As regions of the
object require additional fiducials to support tracking,
users simply add new fiducials to those regions of interest
and allow the system to automatically calibrate them.
Once calibrated, the new fiducials are added to the
database of known fiducials and they are used for
tracking. This approach is most practical when a limited
region of the object needs to be viewed and tracked for a
given task, but that region and task is just one of many

that may occur. Assembly, training, and maintenance
tasks often have this quality. Information for a given task
is local, but the specific task and locality is only one of
many that may be performed by different people at
different times. Figure 1 illustrates AR annotation for a
maintenance task that requires tracking in only a limited
region around an access panel in a larger structure.
The remainder of this paper presents our vision-based AR
tracking architecture. Details are given on the recursive
filters that calibrate the 3D positions of new fiducials.
We compare the results from two filters and two
operational examples.
2. System Architecture
Figure 2 depicts the architecture we are developing. A
single camera provides real time video input, and a user
observes the camera image and AR media overlay on a
display that may be desktop, handheld, or head-mounted.
Sections 2.1 - 2.3 describe the components of this
architecture that set the context for section 3 where the
unique new point evaluation is described.
2.1. Segmentation and Feature Detection

The important aspect of this step is that fiducials must be
robustly detected and located. They are defined by a 2D
screen position p and a type q that encodes characteristics
such as color and shape. Our fiducial design is a colored
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Fig 2 - AR system architecture for extendible visionbased tracking. New fiducial management functions
are shown against a gray background.

circle or triangle [15], but other designs such as
concentric circles or coded squares are equally valid [7,
33, 10]. We use the three primary and three secondary
colors along with the triangle and circle shapes to provide
twelve unique fiducial types. Fiducials are detected by
segmenting the image into regions of similar intensity and
color and testing the regions for the color and geometric
properties of fiducials. Detection strategies are often
dependent on the characteristics of the fiducials [16, 34,
35].
2.2. 2D Correspondence

The 2D fiducials (p,q) must be corresponded to elements
in a database of known 3D fiducial positions and
types(R,q). The result of a successful match is a
corresponded fiducial whose 2D screen position and 3D
coordinate on the object are now known (R,p,q).
Fiducials observed in the image, but not corresponded to
the world database, are passed on as uncorresponded
fiducials and potential new points to estimate.
Computing correspondences is hard in the general case
[21, 35], and trivial if the fiducial types are unique for
each element in the database. For this work, we consider
only unique feature types that are trivial to correspond
since our focus is on the extendible tracking portion of the
architecture, however, we recognize that correspondence
is a necessary function for the architecture to scale to truly
useful levels. Other researchers have proposed solutions
of varying applicability to our case, and we intend to
leverage from their work in the future [17, 21].
2.3. Camera Pose

Three or more corresponded fiducials allows the camera
pose to be determined [23]. The approach we use has
known instabilities in certain poses, and in general
provides multiple solutions (two or four) from a fourthdegree polynomial. Methods have been proposed to
select the most likely solution [17]. We weight several
tests to rank the possible pose solutions in terms of their
apparent correctness.
♦ The distance between the current and last frame’s
viewpoint is inversely proportional to a solution’s
weight.
♦ The fiducials’ relative pixel-areas are tested for
agreement with the expected relationships based on
each pose solution.
♦ When more than three known fiducials are available,
their projections under the candidate poses are
compared to their measured positions.
♦ When more than three known fiducials are available
multiple pose calculations are performed for different
sets of three fiducials, and the closest pairs from each
calculation are highly ranked.

The result of this function is an array of poses K, ranked
by the above tests, which are passed on to the new point
functions (shown over gray in Fig. 2).
3. New Point Evaluation
This section details the unique aspects of this architecture
that provide the interactive extension of the tracked
viewing range. Given the camera pose and image
coordinates of the uncorresponded features, these
feature’s position estimates are updated in one or two
possible ways, as detailed in the next two sections.
3.1. 3D Correspondence

This correspondence function is needed to match
uncorresponded fiducials (p,q) with current estimates of
new fiducials (R,q) that are kept in a database. As
mentioned in section 2.2, our current system assumes that
only one fiducial per color exists. Even though only one
feature is used for each color, false features are detected
from the noisy environment (e.g., holes in the object may
be detected as a circular feature) and these would
erroneously-affect new fiducial position estimates if they
contribute to the 3D estimate.
In the EKF estimation process, fiducial position updates
and error corrections are based on the screen space
difference between the fiducial’s coordinate in the image
and the projection of its corresponding 3D position
estimate. Hence, a 2D distance threshold in screen space
is able to cull outlyers.
In the RAC estimation process, position updates and error
measurements are performed in 3D object space, so an
outlyer threshold sphere is determined by the standard
deviation of the measurement error that characterizes the
system (e.g., 3⋅SD for 99% acceptance rate).
The initial position estimates from the first few frames
must lie within the outlyer boundary of the true fiducial
position, or the filters may never converge. We currently
require the user to accept a few frames with a button click
to ensure valid initial position estimates.
3.2. 3D Position Update

The Extended Kalman Filter (EKF) has been used in
many similar applications and the details can be found in
references such as [9, 30].r Figure 3a illustrates its
operation. The function h represents a homogeneous
ˆ
matrix that calculates the projection
r Z of the predicted
−
ˆ
state X given the camera pose C and the camera
intrinsic parameters Pc .

The Recursive Average of Covariances (RAC) filter
maintains a position estimate and the covariance of its
uncertainty (Fig. 3b). The position update direction and
magnitude are obtained from the current estimate,
covariance, and a new line projected from the new
viewpoint through the fiducial’s screen position (Fig. 4).
The position update direction vr is computed as
r
r
r
r
v = λ1 ⋅ q1 + λ 2 ⋅ q2 + λ3 ⋅ q3

predict
−
Xˆ = Xˆ
−

current
state

correct

(1)

where λ i are eigenvalues of the current uncertainty
covariance and qr i are unit vectors from the current
position estimate to the closest points si along the new line
to each eigenvector εi. Figure 4 illustrates s2, the closest
point to ε2 along the new line.

P = P +Q
r
r
Zˆ = h ( Xˆ −, C , pc )

K = P− H t ( HP − H t + R ) −1

∇ Z = Z − Zˆ
Xˆ = Xˆ − + K∇ Z
P = (I − KH ) P

(a) EKF process steps

The current position estimate is updated, by an amount m,
to the nearest of the uncertainty ellipsoid bound w or the
distance d to the new line along the update vector vr .
m = min(w, d)

(2)

Initially the uncertainty is a sphere with radius of 3⋅SD
where SD is the standard deviation of the measurement
noise. For each new line, a new uncertainty ellipsoid is
modeled and recursively merged with the current
uncertainty to update its value.
UE = (1 − u ) ⋅ UE + u ⋅ newUE

−

get update direction
get update magnitude
current
state
update the
current estimate

update the uncertainty
ellipsoid

(3)

where UE is the uncertainty ellipsoid and u is an
uncertainty value defined by u = λ1 ⋅ λ2 ⋅ λ3 ( λ i are
eigenvalues of UE). This process gives rise to the name
of this method “RAC” (Recursive-Average of
Covariances).
When the uncertainty is small enough (e.g., u < 0.05), the
position estimate of the new feature is deemed usable and
the fiducial is added to the database of known fiducials
and it can be used for tracking.

(b) RAC process steps
Fig. 3 - A summary of the two recursive filters.
(a) the EKF measures error in screen space
(b) the RAC filter measures error in object space

current
position
estimate

λ1 →
ε1

We tested the EKF and RAC filters to find the positions
of two new fiducials and, after they are known, we use
them to track the camera. We started with three known
fiducials and two cases were tested. In the panning case,
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→
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3.3 Filter Comparisons and Results

Both filters appear stable in practice. The EKF has
known mathematical properties of optimality under
certain conditions[30], however the RAC gives
comparable results, is simple, and operates completely in
3D world space. A disadvantages of the RAC is that its
performance depends on parameter settings to a greater
degree than the EKF seems to.

λ3 →
ε3

viewplane
viewpoint
Fig. 4 - The RAC filter updates its position based
r
on the direction of q i vectors oriented towards the
points Si of closest approach between the new line
and the eigenvectors

new fiducials were placed to the side of the known
fiducials, assuming a translated region of interest (Fig. 5).
In the zooming case, new features were placed in the
center so that the user can zoom in to the region of
interest (Fig. 6).

♦

Figure 6 shows images of the zooming case. The initial
camera view is shown in (a). Three frames were accepted
by the user to converge the EKF to a reasonable estimate
(b). The 3D positions of the new fiducials were refined
automatically over 42 additional frames. Virtual objects
were then rendered using the EKF filter (c) and the RAC
filter (d). Figure 5 shows images of a similar sequence of
states for the panning case.

Although the absolute estimates have error, we are
encouraged to observe that the estimate variations settle to
a steady state without oscillations. This implies that with
better camera calibration, greater absolute accuracy can
be obtained.

Figures 7 and 8 show how the estimates are updated as
the frame numbers increase. Blue, green, and cyan
spheres represents the positions of known fiducials, and
the cone represents the camera position scaled to appear
within view. The line from the camera shows the current
new line connecting the camera and the new fiducial in
the image. The yellow shorter lines represent previous
new lines to illustrate the camera’s motion. The purple
translucent ellipsoid and opaque sphere represent the
uncertainty and the current estimate of the EKF while the
red ones represents those of the RAC filter. These images
demonstrate how the uncertainties shrink and the
estimates converge.
Figures 9 and 10 show the distances between the
computed 3D position estimates and the digitizer-probe
measurements. Both the EKF and RAC results converge
to positions offset from the digitized positions. In
searching for the source of error, we projected the
digitized positions for each camera position and
discovered a relatively fixed bias. For example, the red
feature in the panning case has a measurement bias of
approximately (-4.6, -3.1) screen space pixels. This
translates to about 0.24 inches of position offset. We
currently suspect the source of this bias to lie in our
calibration procedures. Figure 11 shows that when
accurate (synthetic) data with noise is supplied to the
position estimation process, it converges consistently.
The average distances of the camera from the features
were 48.3” for the panning case and 45.9” for the
zooming case. Taking account of the focal length (1138
pixel units), the pixel accuracy of the system is about 2.5
pixels.
Our hardware configuration included
♦ SGI
Indy
24-bit
graphics
MIPS4400@200MHz.

system

with

♦

SONY DXC-151A color video camera with 640x480
resolution, 31.4 degree horizontal and 24.3 degree
vertical field of view(FOV), S-video output.
MicroScribe-3D mechanical digitizer with 0.017”
accuracy (mean value).

Our future work entails a solution to the 2D
correspondence problem. This is necessary for the system
to scale to greater numbers of fiducials. We also hope to
improve our ability to select the correct pose solution, and
we will have to address the error propagation from
multiple fiducial estimations.
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