
A New Framework for Tracking by Maintaining Multiple Global Hypotheses for
Augmented Reality

Kenichi Hayashi
Graduate School of Engeneering Science

Osaka University
Japan

hayashi@nishilab.sys.es.osaka-u.ac.jp

Hirokazu Kato
Graduate School of Information Science
Nara Institute of Science and Technology

Japan
kato@is.naist.jp

Shogo Nishida
Graduate School of Engeneering Science

Osaka University
Japan

nishida@sys.es.osaka-u.ac.jp

Abstract

Several tracking techniques for augmented reality have
been proposed. In feature point tracking, a pose is com-
puted by minimizing the error between the observed 2D
feature points and the back-projected feature points from
the 3D scene model. This minimization problem is usually
solved by nonlinear optimization. The main advantage of
this approach is its accuracy. However, it is difficult to com-
pute the correct pose unless an appropriate initial value is
used. In addition, when an observation contains some er-
rors, this approach does not guarantee a correct pose even
if it converges to the global minimum. Therefore, once an
incorrect pose is computed in a frame, either the tracking
in the next frame may fail or the result will deviate from the
correct pose.

In this paper, we propose a new tracking framework for
augmented reality. The proposed method tracks features as
multiple local hypotheses based on not just one pose but
multiple poses that are computed from pose estimation in
the previous frame. Since multiple poses are maintained as
global hypotheses, as long as the correct pose is contained
in the hypotheses, tracking can be continued even in difficult
situations such as a simple iterative scene with high-speed
movements.

1. Introduction

One of the main issues in augmented reality (AR) is geo-
metrical registration between the real world and virtual ob-

jects. Therefore, many registration techniques have been
proposed. The vision-based registration problem is identi-
cal to the pose estimation problem of cameras that employ
the features in images acquired by a moving camera. How-
ever, the performance of a registration technique should be
stable in real time for practical AR applications.

The most common geometric features utilized in reg-
istration are fiducial markers[4]. The advantages of such
markers are their robustness and low computational cost.
Their disadvantages are that users tend to find them unnat-
ural and that they cannot be placed at the scene in outdoor
AR applications. In recent times, natural features such as
points, lines, contours, and so on, have been used in regis-
tration for this reasons.

���� ������	
� �� ����	��

The registration problem that employs natural features
comprises two issues, namely, feature matching and pose
estimation.

Feature matching involves the determination of the fea-
tures of images acquired by a moving camera that corre-
spond to features that are registered in the offline stage.
In general, the computational cost of determining features
from an entire image is considerably high; therefore, the
pose of the previous frame is used for predicting the posi-
tion of the features and for tracking them efficiently.

Pose estimation usually employs the error minimization
method. Linear approaches employ a least-squares method,
while nonlinear optimization techniques minimize the er-
ror between the observations and the back-projected fea-
tures. In such cases, the error is minimized by numerical
iterative algorithms such as ICP[1]. The main advantage of
the nonlinear approach is its accuracy. However, it is diffi-

17th International Conference on Artificial Reality and Telexistence 2007

0-7695-3056-7/07 $25.00 © 2007 IEEE
DOI 10.1109/ICAT.2007.45

15

17th International Conference on Artificial Reality and Telexistence 2007

0-7695-3056-7/07 $25.00 © 2007 IEEE
DOI 10.1109/ICAT.2007.45

15

17th International Conference on Artificial Reality and Telexistence 2007

0-7695-3056-7/07 $25.00 © 2007 IEEE
DOI 10.1109/ICAT.2007.45

15



cult to attain the global minimum. In the general tracking
method, this sometimes causes a serious problem with re-
gard to tracking because the tracker completely relies on
the previous pose. Once an incorrect pose is computed in
the previous frame, tracking using this pose will fail, and it
will be impossible to recover the tracking.

Techniques such as RANSAC[2] and M-estimators[6]
are used for robust tracking when several incorrect poses
are included. This is because the robustness of tracking
is important. However, once an incorrect pose is used for
tracking in the next frame, these techniques may deteriorate
pose estimation.

2. Registration problem in AR

Vision-based registration techniques consist of two main
processes, as described below:

2D-3D feature matching
2D-3D feature matching is the process of determining pairs
of 2D features in a camera image and 3D features registered
in the offline stage. There are two approaches to this match-
ing process. One is a bottom-up approach in which 2D fea-
tures in a camera image are first detected, following which
their corresponding 3D features are selected from feature
databases. The other is a top-down approach that searches
for 3D features in a camera image.

Camera pose estimation
A camera pose is estimated from several pairs of corre-
sponding 2D and 3D feature positions. The most basic
geometric features used in registration are fiducial mark-
ers. Their advantages are robustness and low computational
cost. Their disadvantages are that users tend to find them
unnatural and that they cannot be placed at the scene in out-
door AR applications. Recently, natural features such as
points, lines, contours, and so on, have been used in regis-
tration due to the abovementioned disadvantages of fiducial
markers.

���� ������ ������ 
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Natural feature matching is a method that employs nat-
ural features and also finds the corresponding 2D-3D fea-
tures. There are two approaches to this method. One is a
top-down approach that is termed tracking. This method ef-
fectively tracks each feature from its position in the previous
frame. The advantage of this approach is that it not only re-
duces the computational cost of searching features but also
limits the number of matching candidates while searching
features. However, tracking will fail in case of sudden cam-
era movement. In addition, since tracking uses a camera
pose of the previous position, the initial pose of a camera is
required. On the other hand, Lepetit [11] and Iryna [3] pro-
posed a bottom-up feature matching method. This bottom-
up approach searches for matching features from a camera
image in the current frame without an initial pose. How-
ever, since this approach does not limit the search range,

it is difficult to obtain correct matching from several can-
didates. Therefore, this approach is unsuitable for simple
indoor sites such as an office.

These two matching approaches have their advantages
and disadvantages, and there is a trade-off between the pre-
cision of matching and robustness against camera motion.

���� ��
�� ���� ���	
��	��

A camera pose is estimated from the results of 2D-3D
feature matching. This pose estimation problem is formu-
lated as a minimization problem, using the following equa-
tion:

������ �
�
�

����� ����� ��� (1)

Where, � is the 2D position of each feature in the camera
image, � is the corresponding 3D position of the feature,
and � is the parameter of the camera pose. ���� �� denotes
a forward projection function that projects a 3D feature on
a 2D image plane.

There are two approaches to solve this problem. One
is a linear approach that employs a least-squares method.
The other is a nonlinear approach such as the Levenberg-
Marquardt method [9]. The main advantage of the nonlinear
approach is its accuracy. However, since this approach is
used to find a local minimum, it is important to select an
appropriate initial pose in order to converge to the global
minimum.

In the conventional tracking method, the initial pose for
the minimization problem is computed from a pose in the
previous frame. Therefore, if an appropriate initial pose is
computed when the camera moves suddenly, an incorrect
pose will be computed. In addition, if several outliers are
included in feature matching, the global minimum does not
always correspond to the correct pose. For this reasons, it is
difficult to select a correct pose in the nonlinear minimiza-
tion problem. A robust tracking method that employs ro-
bust techniques such as RANSAC[2] and M-estimators[6]
has been proposed[8]Ḣowever, these techniques are used to
avoid the effect of outliers and not for obtaining a correct
pose in the minimization problem.

���� �����
 �� 
���	��� ����� 
	�	
�

The local minima problem explained in the previous
section often occurs in the tracking of a scene contain-
ing simple iterative or unidentifiable features (Fig 1). In
such scenes, if multiple matching candidates exist in 2D-
3D feature matching and if it is difficult to obtain a correct
matching feature from among them, a conventional track-
ing method and top-down matching methods such as [11]
and [3] may find an incorrect local minimum. In case of
AR applications such as AR shooting game, since a cam-
era motion is fast and changes drastically it is difficult to
achieve the stable tracking. In this paper, we assume such
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difficult scenes and propose a new tracking framework for
them.

Figure 1. Example of simple iterative scene

���� �����
 �� ���������� �� �	���� ���
 	��� ����

A conventional tracking method generally estimates just
one camera pose and uses it in the next frame. In this case,
the estimated pose always depends on the previous one.
Therefore, once an incorrect pose is estimated, the estima-
tion will fail recursively.

3. Proposed framework

Proposed tracking framework estimates and maintains
multiple poses as hypotheses; these hypotheses are simulta-
neously used for tracking in the next frame. Fig2 shows the
flow chart of the proposed framework. Multiple hypotheses
of camera poses are maintained in this framework. How-
ever, the primary hypothesis is selected to display virtual
objects in AR applications.

In this framework, we use the following two types of
multiple hypotheses:

Multiple local hypotheses: MLH
Multiple local hypotheses (MLH) represent multiple hy-
potheses in feature tracking. If there are multiple candi-
dates with matching features, they are used simultaneously
in pose estimation, whereas in the conventional tracking
method, only one matching feature is selected.

Multiple global hypotheses: MGH
Multiple global hypotheses (MGH) represent multiple hy-
potheses in pose estimation. In the proposed framework,
multiple hypotheses of camera poses are maintained and
used simultaneously in each frame. However, if an incor-
rect pose is estimated from one hypothesis, tracking will
continue as long as a correct pose is estimated from another
hypothesis.

MGH and MLH are both generated from the various ini-
tial poses obtained during pose estimation. However, since
the number of hypotheses increases exponentially, a few
similar hypotheses are merged into one hypothesis, and only
reliable hypotheses are selected.

���� !���	��� ����� ����������" !#$

A camera pose is estimated from pairs of feature posi-
tions, namely, a 2D position in a camera image and a 3D
position in a scene. While the 3D position of each feature is
constant and measured in the offline stage, the 2D position
changes according to the current camera pose. Therefore,
each feature is required to be tracked.

In the proposed framework, multiple hypotheses of fea-
ture tracking (MLH) are maintained and used in camera
pose estimation. Fig 3,4 illustrates an example of MLH.
In this case, since all local hypotheses except one are in-
correct, they affect the result of pose estimation. In order
to reduce this effect, the M-estimator is employed in pose
estimation.

Figure 3. Multiple local hypothesis in tem-
plate matching

Figure 4. Multiple local hypothesis in line
tracking
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Figure 2. The flow chart of proposed tracking framework

���� !���	��� ������ ����������" !%$

Camera pose estimation is a nonlinear minimization
problem. In the proposed framework, an ICP algorithm is
employed to solve this problem. In order to minimize the ef-
fect of MLH in pose estimation, each feature is weighted by
the Tukey M-estimator. The Tukey M-estimator is a func-
tion that computes the weight of each feature according to
the current pose parameters and is formulated as given be-
low:

������ �

�
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�

�
�� ��� ��

�
����

�
	
 ��� � �

��

�
	
 ��� � �

(2)

This weight function affects the subject function of pose
estimation.

��� �
�
�

�������� ������ (3)

Where, � denotes the camera pose parameters and
������ �� denotes the error of the 	th feature. In the case
of point features, this error implies the distance between
tracked and forward-projected positions in the camera im-
age. The Tukey function ������ is an even function that
has only one minimum value at � � � and is controlled by
parameter �. Here, the weight of each feature is also given
by

������ �

�
��� ��

�
���� 	
 ��� � �

� 	
 ��� � �
(4)

In this framework, � is computed from the median of the
errors ������ ��. Since the M-estimator minimizes the effect
of the outliers, it depends on the initial pose of estimation,
i.e., it depends on whether or not an MLH is an outlier. In
other words, various poses are generated by using various
initial poses. Therefore, it is important to generate appro-
priate initial poses.

���� %�����	�� �� 	�	�	�� �����

As described in section 3.1, the manner in which the ini-
tial pose that converges to the correct pose is selected is an
important issue. In order to obtain a correct pose, an ini-
tial pose that is similar to a correct pose is required. How-
ever, since it is difficult to model a camera motion model in
AR applications, the correct initial pose cannot be predicted
constantly. In our proposed method, a few camera motion
models and their combinations are assumed and several ini-
tial poses are generated based on these models. Therefore,
as long as these models contain a model of the current mo-
tion, a correct pose can be estimated. In this study, our
proposed method employs the following motion models of
camera rotation and translation.

Translation: For the motion model of the translation
component, no motion, uniform velocity, and uniform ac-
celeration models are used. According to these three mod-
els, the initial translations at the 	th frame �� are predicted
as follows:

�� � ���� (5)

�� � ����� � ���� (6)
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�� � ����� � ����� 	 ���� (7)

Where, ����, ����, and ���� correspond to the translations
at the 	� �th, 	� �th, and 	� �th frames.

Rotation: We also apply the three motion models (no
motion, uniform velocity, and uniform acceleration) to the
rotation component by using a quaternion. The predicted
initial rotations based on these models are derived by the
following formulae:

�� � ���� (8)

�� � ��� � ���� � ��� � �� � ������ (9)

�� � ��� � ��� � ���� ���� � ��� � ������� (10)

Where, ����, ����, and ���� correspond to the quater-
nions at the 	� �th, 	 � �th, and 	 � �th frames, ��� and ���
are the predicted velocity and acceleration of quaternion at
the 	th frame, and �� is the conjugate of �.

The number of initial poses is a trade-off between the va-
riety of hypotheses and the computational cost. It is ineffi-
cient and redundant to track all poses obtained individually
from these initial poses. Some initial poses may converge
to similar poses or clearly incorrect poses. Therefore, these
similar poses should be merged and the clearly incorrect
poses should be omitted. In the next section, we propose a
method to merge and select the estimated poses.

���� !��	�� ��� ������	�� �� ������ ���
��������

In the conventional tracking method, only one pose is
computed and used for feature tracking and pose estimation
in the next frame. In the proposed method, multiple hy-
potheses of camera poses are computed from multiple initial
poses and used in the next frame. However, it is not feasible
to track all the hypotheses for real-time AR applications.

In order to maintain an efficient number of such hypothe-
ses, a few similar poses that are computed from different
initial poses are merged into a single pose. Further, the
clearly incorrect poses are omitted.

Here, we define the confidence  of pose estimation us-
ing the 	th initial pose according to the following equation:

� �
�

�

��
���

������������� ������ � �� (11)

Where, � is the number of features which were used in
the estimation (In case of the line tracking, this indicates the
sum of control points of each line), and � is the number of
MLH of each feature. ��� is the weight of �th local hypoth-
esis for the 	th feature �� � � � ��, which is computed
from Eq(4). In other words, the confidence of the hypoth-
esis is evaluated as the average of the maximum weight of
each MLH.

A camera pose comprises translation and rotation com-
ponents, which further comprise three parameters. How-
ever, these two components cannot be compared directly.

Therefore, the distance between two different poses is com-
puted by separately evaluating the translation and rotation
components of these poses.

The distance ���	
��	� �� between two translations ��,
�� can be computed as follows:

���	
��	� �� � ��� � ��� (12)

Further, the distance �����	� �� between two rotations is
computed as the distance between two quaternions of each
rotation component ��, ��, as given below:

�� � ��� � ����� (13)

�����	� �� � ��������
���

�
�� (14)

If these two distances satisfy ���	
��	� �� � � and
�����	� �� � �, the two poses are regarded as the same
pose. Therefore, one pose is merged into another pose that
has a higher confidence. In equation 6, � and � are constant
threshold values that control the number of hypotheses after
merging.

3.4.1 Merging and selection algorithm

The steps in the merge and selection algorithm are as fol-
lows:

(1) All hypotheses are sorted in the order of their con-
fidences, and the hypothesis that has the maximum confi-
dence is selected as the primary hypothesis. Further, hy-
potheses similar to the primary one are merged into it.

(2) The hypothesis that has the second highest confi-
dence is selected and other similar hypotheses are merged
according to step (1).

(3) Similarly, the remaining hypotheses are selected and
merged.

As a result, the primary hypothesis and the other distinc-
tive hypotheses are selected. After the merge and selection
of the hypotheses, the primary hypothesis is returned to the
application and used for registration between the virtual and
real worlds. In addition, feature tracking and pose estima-
tion in the next frame are based on not only the primary
hypothesis but also the other hypotheses. Therefore, even
though an incorrect pose may be selected as the primary
pose, as long as the set of hypotheses contains the correct
pose, tracking can be continued.

4. Experiments

In this section, the experimental results of the proposed
tracking framework are shown. Table1 shows the environ-
ment of this experiment. The sequence used in this experi-
ment is captured at 30 fps and consists of 550 frames, and
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line features are used. On an average, a camera moves
at 1.5 m/s (max: 6 m/s) in translation and �
Æ�� (max:
���Æ��). The threshold value for merging hypotheses is set
to � � ���� and � � �Æ.

Figure 6 shows the tracking result of the sequence. The
virtual models displayed in this figure indicate the wire-
frame model of the experimental scenes that were used for
feature tracking. The black models indicate the primary hy-
pothesis that has the highest confidence value (Eq 11), and
the white ones indicate the other hypotheses.

Experimental Environment
OS RHEL4

CPU Intel Xeon 2.4GHz QuadCore
Video nVIDIA QuadroFX4000

Camera PointGray IEEE1394 Camera
FLEA (VGA grayscale)

Image sequence 30fps total 500frames
Experimental Parameters

Features Line feature
Maximum number of MGH 5
Maximum number of MLH 5

Number of initial poses 9

Table 1. Experimental environment

���� !%$ ���� 	�

In this section, we verify the behavior of MGH in the
proposed framework. Figure 5 given below shows the result
of pose estimation in section #430-#455 in the sequence.
Since the camera moves considerably, it is easy to converge
the results of pose estimation to the local minima in this sec-
tion. The MGH generated in this section are plotted in Fig 5
shown above along with their confidences. The black square
indicates a hypothesis that is close to the ground truth (best
hypothesis), while the white square indicates the other hy-
potheses. It should be noted that the primary hypothesis,
which has the highest confidence, is not always the best hy-
pothesis.

Section A:#430-#437
The camera motion and the number of MGH generated
are small; therefore, the primary hypothesis always corre-
sponds to the best hypothesis.

Section B:#438-#440
The camera moves suddenly. As a result, the primary hy-
pothesis does not correspond to the best hypothesis. How-
ever, the best hypothesis is included in the MGH and track-
ing based on the best hypothesis is continued.

Section C:#441-#455
In this section, many hypotheses that have low confidence
decreased. As a result, the primary hypothesis once more
corresponds to the best hypothesis.

Figure 5. Selection of the primary hypothesis
and process of maintaining multiple hypothe-
ses

In the conventional tracking framework, it is difficult to
recover the correct pose once an incorrect one is computed;
therefore, tracking will fail in section B. On the other hand,
it is possible to recover tracking in such a situation in the
proposed framework.

���� ����������

In this section, in order to evaluate the robustness of
the proposed framework, we compared its robustness with
that of the conventional framework. Table 2 shows the
number of times tracking failed during the entire sequence
(550 frames) in each framework. The maximum number
of MGH to maintain is used 1, 2, 3, 4, 5, and 10. (table:
tracking robustness) As a result, the proposed framework
was more robust than the conventional one under all condi-
tions. However, the number of MGH is obtained by a trade-
off between the robustness and the computational cost. It
is important to select an appropriate number of MGH for
real-time processing.
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Figure 6. An example of tracking result by proposed framework

Maximum number of MGH Failure times
Conventional framework

1 12
Proposed framework

1 6
2 4
3 2
4 2
5 0

10 0

Table 2. Tracking robustness of proposed and
conventional tracking framework

���� ��
�����	���� ����

Fig. 7 shows a processing time of proposed framework.
In this experiment, tracking is processed with 8 processors
in parallel. This result shows proposed framework is suit-
able for parallel processing and frame rate can be main-
tained at 30fps.

���� &������

In this section, we evaluated the accuracy of the pro-
posed framework. Table 3 shows the result of the errors
in the estimation of a camera pose (translation and rotation)
in both the proposed and conventional frameworks. Each
error (translation and rotation) is evaluated by Eq(12) and
(14) using the ground truth value. (table: tracking accu-
racy) From this result, it is observed that the accuracy of
pose estimation is maintained in the proposed framework.
This implies that the proposed framework can achieve ro-
bust tracking with high accuracy.

Figure 7. Processing time

Translation Rotation
mm(Variance) degree (Variance)

Conventional framework 12.8 (19.7) 1.24 (0.92)
Proposed framework 14.6 (22.4) 1.23 (1.48)

Table 3. Tracking accuracy of proposed and
conventional tracking framework

From this result, the accuracy of pose estimation is main-
tained in proposed framework, This means proposed frame-
work can achieve a robust tracking with high accuracy.

5. AR applications

Fig8 shows an example AR application(AR shooting
game) based on the proposed framework. The virtual planes
(shooting target) were flying in the room quickly. Therefore
user’s viewpoint changed drastically according to motion of
the planes. However, tracking succeeded during the games
in spite of rapid user’s motion.
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Figure 8. Example of Application: AR shoot-
ing game

6. Related works

Since line or contour features are indistinguishable,
some tracking method based on these features deals with
MLH so far. The line tracking method proposed by Vac-
chetti et al. maintained MLH and achieved robust tracking
in simple iterative scenes such as fig1 [8]. In order to deal
with MLH, this method used special Tukey M-estimators
in pose estimation, which set the weight of the features in
MLH to 0, except for the maximum one. Wuest also pro-
posed a similar M-estimator [5].

The particle filter method deals with MGH. This method
assumes a state that should be estimated as particles, and
the posterior probability distribution of the state is approx-
imated as the distribution of the particles. Isard et al. pro-
posed a particle-filter-based tracking method that is termed
”condensation” [7]. Pupilli et al. applied the particle filter
method to camera pose estimation in AR [10]. However,
since the current state is computed as the expectation of
discrete particle distribution, the accuracy of estimation is
inferior as compared to that of the matching-based method.

On the other hand, the proposed framework deals with
MLH and MGH, and estimates camera poses based on fea-
ture matching. Therefore, a robust and accurate estimation
of poses is possible.

7. Conclusions

In this paper, we proposed a new framework for track-
ing in augmented reality. The proposed method maintains
multiple local hypotheses and tracks features based on not
only a single pose computed in the previous frame but also
on multiple hypotheses in pose estimation. By maintaining
multiple global hypotheses, as long as the hypotheses con-
tained the correct pose, it was possible to continue tracking
in difficult situations as well.
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