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Abstract

Traditional vision-based 3-D motion estimation algorithms
for robots require given or calculated 3-D models while the
motion is being tracked. We propose a high-speed
extended-Kalman-filter-based approach that recovers position
and orientation from stereo image sequences without prior
knowledge as well as the procedure for the reconstruction of 3-D
structures. Empowered by the use of the trifocal tensor, the
computation step of 3-D models can be eliminated. The
algorithm is thus more flexible and can be applied to a wide
range of domains. The twist motion model is also adopted to
parameterize the 3-D motion such that the motion
representation in the proposed algorithm is robust and minimal.
As the number of parameters to be estimated is reduced, our
algorithm is more efficient, stable and accurate compared to
traditional approaches. The proposed method has been verified
using a real image sequence with ground truth.

1. Introduction

One of the most important elements for robot vision is
the estimation of position and orientation (pose).
Traditional pose estimation algorithms that are useful for
robotic applications such as visual servoing and
localization are classified into two major streams.
Model-based approaches, in which the exact 3-D structure
of the object being tracked must be known, have been
widely adopted in the past decade [19] [20] [26]. High
accuracy can be achieved with the model-based methods
but they are confined to be used under a controlled
environment. The second class of approaches take the
advantages of the structure from motion (SFM) algorithms
in the computer vision community [3] [10] [17] [25]. As a
relatively large number of parameters are estimated in a
recursive fashion, this class of algorithms is less accurate
and stable than the former ones. Usually, prior information
[4] or measurements from different types of sensors, such
as accelerometer [9], are incorporated to improve the
robustness. In this paper, a novel pose tracking algorithm
designed for robot vision is presented. The proposed
approach is unique in a way that pose information can be
recovered directly from stereo image sequences without the
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step of reconstructing the 3-D models. It is as accurate, fast
and stable as the model-based approaches and its
application domain is as wide as the SFM algorithms.

1.1. Related work

SFM approaches, such as multiple view geometry [13],
factorization [15] and bundle adjustment [14][16], compute
structure and motion in a batch. As a number of images are
required to be considered at one time, these methods suffer
from a certain degree of latency and are less suitable for
interactive applications like visual servoing in robotics.
SFM-based pose tracking algorithms with high-speed and
low latency [1] [2] [3] [4] [5] [6] [7] [8] [9] rely on the use
of Kalman filters [11]. Broida et. al. [3] applied a single full
covariance iterated extended Kalman filter to recover the
structure and pose of an object. Azarbayejani and Pentland
[2] extended the previous work [3] to recover the focal
length of the camera in addition to the pose and structure
using an extended Kalman filter (EKF). Also, the 3-D
structure is represented by one parameter per point. Yu et.
al. [6] decoupled the full covariance EKF such that the
computation of pose and structure is interleaved. They then
extended their work by adding the Interacting Multiple
Model into the original formulation [7]. Soatto et. al. [18]
applied the essential constraint in epipolar geometry to
Kalman-filter-based motion estimation so that the pose
sequence can be computed directly from images. However,
the essential matrix becomes degenerate under some
commonly appeared motions in real-life [13]. Therefore,
Yu et. al. [8] employed the trifocal constraint to tackle the
problem. Similar techniques in SFM have also been applied
to simultaneous localization and map-building for robot
navigation. The system in [4] uses an active stereo head to
acquire image features and the recovered motion is
constrained to translation on the x-z plane and rotation on
the pitch angle. Constraints on the motion are relaxed in [9]
so that localization on undulating terrain is possible. The
navigation of the robot is assisted with the use of roll/pitch
sensor via an accelerometer sensory mechanism.
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1.2. Advantages of the proposed algorithm

The objective of this article is to present a high-speed,
accurate and stable SFM-based pose tracking algorithm
without the assistance of odometer or accelerometer. The
major advantages of our approach are summarized as
follows:

Recovery of pose without the explicit reconstruction
of 3-D models. Neither known 3-D structure nor its
computation is required while recovering the pose
information from stereo image sequences in the proposed
algorithm. Such a characteristic is achieved by the use of
the trifocal tensor [13] in the Kalman filtering formulation.
Without handling the 3-D models in the filter, the values
that are required to be computed in each filtering cycle are
limited to the six velocity parameters of the pose only. The
number of parameters is as small as the model-based pose
estimation method.

Application of the twist motion model in the trifocal
tensor. The twist motion model [22] is used to keep track
of the pose information, in company with the trifocal tensor
and EKF. Compared to the other representation of the pose,
such as the direct use of the matrix (12 parameters) or
translation plus quaternion (7 parameters), the twist motion
model having a total of 6 parameters is minimal. Euler
angles and translation vector, which also have 6 elements,
can be used to represent the 3-D pose. However, such a
parameterization suffers from singularities. The use of the
twist motion model to encode the 3-D motion in our
algorithm is robust and minimal.

High accuracy and computation efficiency. The
proposed approach makes use of one EKF that estimates
the 3-D motion based ona 6x1 state vector. The traditional
recursive approaches for the SFM problem, for example the
one in [2], compute the pose from an image sequence with a
more complex EKF based on a (N +7)x1 state vector,

where N is the number of point features input to the filter.
The computation speed of our method is higher than that of
the traditional EKFs since the sizes of the matrices involved
in the filtering process are smaller.

As the proposed algorithm makes use of the trifocal
constraint [13], which is a constraint in the imaging system,
in addition to the dynamic system constraint in the EKF, its
estimation accuracy has been improved. It is shown in the
experiment that our approach has a better overall
performance than other existing methods [2] [6]. The
proposed approach has been tested using a real image
sequence and the result is accurate compared to the ground
truth.

The coordinate frame
of the right camera

The coordinate frame of the
left (reference) camera

Plmt = (Uit Vi

Pt = Wt Vimdl"
The world
coordinate frame

Zy
X' = [ Yo" 20T
The target object

Fig. 1. The geometric model used in this article.

2. Problem Modeling

2.1. The imaging system

Fig. 1 shows the geometric model of the imaging system.
The relationship between a point in the 3-D structure and its
projection on the left and right image plane are expressed
respectively as
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where xXV=wro oy denotes the coordinates of

the m™ model point with respect to the world coordinate
frame. K is a 3x3 matrix that encodes the intrinsic
parameters of a camera and is in the form of
—fs, 0 o,
- » 2
K= 0 -fls, o,

0 0 1

where f'is the focal length. [0, 01" and [, s 1" are

B
the coordinates of the image center and the effective size of
a pixel, respectively. For simplicity, the two cameras used
in our stereo system are assumed to be identical. E'is a 3x4
matrix representing the rigid transformation between the
two cameras. K and E are fixed and can be found in the
camera calibration process [23]. M, is a 4x4 matrix that

transforms the 3-D structure from the world frame to the
reference camera at time instance ¢ and can be written as

m-| BT 3)
00 0 1
where R is a 3x3 rotation matrix and T, is a 3x1

translation vector. M, has 6 degrees of freedom. The actual
image coordinates P, =u,,,v, 1" on the left view and

mit

P =M, v, 1 on the right view are respectively given
by
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Initialization
Features in the first pair of
stereo images are extracted.
The fundamental matrix F°
relating the two views is

Matching Stereo
Correspondences
Stereo correspondences
of the current frames are
setup via guided search

Pose Estimation
The pose at time 7is
estimated using the
proposed extended

Feature Tracking
Features acquired at
time ¢ are tracked
using the KLT

The recovered
pose sequence

Y
Y

computed. Set =2. tracker.

with F. Kalman filter.

Fig. 2. An outline of the proposed pose tracking algorithm.
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2.2. The twist motion model

Twist is used to parameterize the 3-D pose in our
Kalman-filter-based pose tracking algorithm. By definition,
a twist can be expressed either as 1) a 6-dimensional vector
denoted by ¢, or 2) a 4x4 matrix denoted by 9?!

X

Vv, 0 ~7: ﬁz X,

z > 7 _ Vi 0 —-a, ), (5)
E = ' g} =
! a, 7ﬁr a, 0 Z

B 0 0 0 0

t
L7

x,, y,and z, are respectively the translations in the x, y and
z direction. ¢, B,,y, are respectively the rotations about

the x, y and z axis. More details on the geometric
interpretation of twist can be found in [22]. With the
exponential map, a twist can be related to the conventional
rigid transformation matrix A in (1)
2 3
M,:e521+5?,+£+@’—)+... (6)
2! 3
The twist ¢, or equivalently the matrix M,, encodes the

pose information. The objective of the proposed pose
tracking algorithm is to compute the object motion, i.e. &

and M, at each time-step recursively given only the image
measurements p and p'

3. An outline of the algorithm

3.1. Feature tracking and extraction

Fig. 2 is an outline of the proposed pose tracking
algorithm. The Kanade-Lucas-Tomasi (KLT) tracker
described in [12] is used to extract feature points and track
them in the images. We assume that the point features

The end of the sequence
is reached.

extracted by the tracker are contaminated only by Gaussian
noise. The features from the left and the right image
sequences are tracked independently. Their stereo
correspondences are setup afterwards. Such a scheme
allows outliers to be filtered off, since mis-tracked points in
one image are unable to have correspondences in the
complementary image of the stereo pair.

3.2. Setting up stereo correspondences

Features extracted from the stereo image pair are
matched with each other in each time-step. To setup the
stereo correspondences, we require that the configuration
of the stereo system, i.e. the extrinsic parameters E, is
known and this can be achieved by calibrating the pair of
cameras using the tools in [23]. In practice, the relative
position and orientation of the two cameras may be
adjusted according to the actual situation. It is not so
convenient to compute £ using a calibration pattern every
time after adjustment.

Another way to find point matches in a stereo pair is by
estimating the fundamental matrix F directly from the
features extracted. In our implementation, F' is computed
while stereo matching is performed. Features on the left
and right images are first matched putatively based on their
normalized correlations. The initially matched points are
then used to calculate F by the eight-point algorithm [13],
together with the Random Sample Concensus (RANSAC)
robust estimator [21].

With F, a guided search on the stereo correspondences
can be performed. In short, the distance between the m™
point in the right view and the epipolar line of the »™ point
in the left view is
T

A ™

The pair of points having the smallest p = and the

highest correlation value is considered as a match. The set
of newly acquired matches can be used to improve the
accuracy of F until no more matches can be found. This
procedure is known as iterative improvement and readers
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can refer to [24] for details. As the intrinsic parameters K of
the cameras are known, the required extrinsic parameters £
of the stereo system can be computed from F according to
[13].

Since we assume that the cameras are fixed while
operating, the computation of F' is required only in the
initialization. For all the image pairs at time-step ¢ >1,
correspondences are found simply using the guided search
mentioned before. The refinement of F is not necessary.
The time taken for such guided search is fast and feasible
for real-time implementation.

3.3. Pose tracking

The extended Kalman filter (EKF), in company with the
trifocal tensor, are used to estimate the pose of an object in
the image sequences. The EKF models the dynamics of an
object as acceleration having a zero-mean Gaussian value.
The trifocal tensor constrains the 2-D positions of the point
features in every three views in the measurement model.
Two tensors are required and they are applied as follows.
The first stereo image pair in an image sequence is set as the
base pairs. They constitute the first two views of the two
trifocal tensors. The third view that builds up the first
trifocal tensor T is the image captured by the left camera at
time-step ¢. Similarly, the third view for the second tensor
T' is the image taken by the right camera at time-step 7. A
graphical illustration of the arrangement is shown in Fig. 3.

The image pair at time ¢
Pmyt p'm,t

—

1 [
Pma1 | The 2" tensor[T' | P'm1

st
The 1% tensor T\ I

Left (reference)  The base image pair Right
Fig. 3. An illustration of the application of trifocal
tensors in the stereo system. The first tensor T
involves points p,1, pm1 and p,. The second tensor
T' involves points pp1, Pm1and pi,.

In real situations, features may disappear due to
occlusion and new features may appear when the
environmental conditions change. Measures are taken to

deal with the changes of the set of observable feature points.

Feature points that can be observed from the set of four
views related by the two trifocal tensors are input to the
EKF as the measurements. If the number of available point
features is below 7, the views at the current time-step will
be set as the new base frame pair and the tracker will be

bootstrapped. With 7 or more point correspondences across
3 views, the trifocal constraint is able to characterize the
rigid motion of the camera. Note that the fundamental
matrix F for matching stereo correspondences is not
required to be re-computed as the relative pose of the stereo
pair is unchanged throughout the sequence. The treatments
in handling occlusions and new point features are relatively
simple compared to the existing SFM algorithms.

4. Pose tracking using the extended Kalman
filter and trifocal tensors

At each Kalman filtering cycle of our algorithm, the EKF
estimates the velocity of the target object at the current
time-step. For the clarity of the presentation, it is assumed
that the point features are observable in the whole stereo
image sequence so that resetting of the base frame pair is
not considered in this section. The formulation of our EKF
is as follows. The state vector ¢£ is defined as:

51 :[xt Yo Z, @, ﬂt 7:] (8)

X,,¥,,z, are the translational velocities of object along

the x, y and z axis, respectively. ¢ , 3,,y, are respectively

the angular velocities of object rotation on the x, y and z

axis. The dynamic system equations of the filter are as
follows:

M, =M,  exp(&)

S =6+, ©)

The acceleration is modeled as zero-mean Gaussian

noise 7, in the EKF. Assuming that the sampling rate of the

measurements is high, the motion of the object between the
successive images in a sequence is small and so do the
values of the terms in the velocity vector éfr . The
exponential map of é{ in (6) can be approximated by the
first order Taylor expansion such that
M, =M, (I+&) (10)
where (5 is the matrix form of £ . The measurement
model, which relates the pose M, and the measurements g,
acquired from the pair of stereo cameras, is defined as:
g =g,(M)+v, (11)
where y is a 4NxI vector representing zero-mean
Gaussian noise imposed on the images captured. Here N is

the number of point features extracted from the object
being tracked. g (M,) is the 4N x1-output trifocal tensor

point transfer function. Using the image measurements
from the first stereo image pair in the sequence, the pose
information M,, together with the extrinsic parameters of
the stereo rig E, the estimated coordinates of the feature
points at current time ¢ can be computed as:
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TABLEI
A SUMMARY OF THE ALGORITHM PERFORMANCE

Our approach ~ Azarbayejani’s EKF  Yu’s 2-step EKF
The time required to process an extra image 0.130s 0.150s 0.061s
The average percentage of the accumulated total rotation error 1.7837% 5.1451% 9.5453%
(Diverged cases excluded)
The average percentage of the accumulated total translation error 2.1181% 11.866% 12.293%
(Diverged cases excluded)
The percentage of convergence 100% 88% 86%

A table showing a summary of the performance of the 3 algorithms under comparison.

gz(Mi)zl.ul,l vl,! um,l Vm,! uN,r VNJ

u' V' u V' u' V' ]T
Lt 1t o mt myt Nt Nt

w, 1 =w, 1115w, =, 10,1, 02)

The above equations are written in tensor notation. U/,

myt

and ', =~ are respectively the normalized homogenous

form of p, and p',  such that ; _fz 5w,

<~

lo,./f v,/ 1f and v, =, v, W=, v
T and T' are known as the trifocal tensor, which
encapsulates the geometric relations among three views
[13]. The trifocal tensor is analogous to the essential matrix,
which is the intrinsic geometry relating two views. By
definition, corresponding points in three views, for

example p , p' and p ., have the following relation:

[0, 12U, T T, L =05 (13)

With the normalization of the 2-D coordinates, T and
T' can be expressed in tensor notation as:

T/ =a/a%—ala", T/ =a" a%-a"} a" (14)

i i

al, a7 and g"/ are respectively the elements of the

upper 3x4 component of the rigid transformation matrix
M,, the extrinsic parameters E of the stereo system and the
matrix product EM, such that [ I, 0,,IM, =[da/],

E=[a"] and EM, =[a"]- In (12), I' is a line passing
through the m™ feature point in the 1% image of the right
view, i.e Pt and is computed as
l'nlz[jz _jl -, jz V0 jl]T (15)
o=l i) =enxun,
where ¢, is an estimate of the epipole observed from the
right camera and is calculated in the initialization step. /'
is constructed first by finding the epipolar line /' through
the coordinates U, - Then [ is joining U, and

perpendicular to the epipolar line.
According to the dynamic system (9) and measurement
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model (11), the core Kalman filtering equations can be
derived. The prediction equations for calculating the
optimal estimates are

‘51,171 = 51—1,/—1 (16)
B =P .+0
The update equations for the corrections of estimates are

g.r,z = g.l,!fl +W(€z - & (Mz))
P, =P, ~WVg,P

0t -1 -1

W=F, Vg, (VeuP, Ve, +¢)" (17
6%,1—1 and 62/,[ are the estimates of state ¢ after prediction

and update, respectively. p _ and p are 6x6 matrices,

1

which are respectively the covariances of £ and &, . C

t

and Q, are the covariances of the noise terms v, and 7,,

respectively. W is the 6x4N Kalman gain matrix for the
filter. Vg, is the Jacobian of the non-linear observation

equation g (M,) evaluated at ér o
5. Experiments and results

5.1. The synthetic data experiment

A synthetic structure with 150 random feature points was
generated. The motion of the object was composed of three
different segments, a pure translation section, a pure
rotation section and a mixed motion section. The motion
parameters were generated randomly from 0.2 to 1.2
degrees per frame for each rotation angle and 0.005 to
0.015 meters per frame for each translation parameter. The
camera had a 2-D zero-mean Gaussian noise of 1 pixel
standard deviation. The length of each synthetic sequence
was 99 frames. In the simulation, the two cameras in the
stereo system were placed 0.05m apart. They were pointing
towards the positive direction of the z-axis.

The proposed algorithms, the EKF by Azarbayejani and
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Pentland [2] and the 2-step EKF by Yu et. al. [6] were
implemented in Matlab and run on a Pentium IV 2GHz
machine to estimate the camera motion. A total of 50
independent tests were carried out. To make a fair
comparison, the number of measurements input to the
EKFs was equal. It means that our approach only made use
of 75, instead of 150, point features, resulting in 150
measurements from a pair of stereo images.

Table I summarizes the overall performance of the three
algorithms. The first row shows the computation time
needed to recover the camera motion when images were
sequentially input to the EKFs. Our algorithm had a higher
speed than the full covariance EKF by Azarbayejani and
Pentland but lower than that of the 2-step EKF by Yu ez. al..
The reason is that the 2-step EKF is decoupled, which is
actually a tradeoff between speed and accuracy. The second
and the third rows are the average percentages of the
accumulated total rotation and translation error. The total
rotation error is defined as the difference between the actual
and the recovered angle in the axis-angle representation. )
The total translation error is the magnitude of the difference
between the recovered translation and the actual one. The

image sequence. The 1% row: The 35" image pair.
The 2™ row: The last (115") image pair.

o

Rotation alpha

0 F-A— ¥ R RS o o e R L . Vi Vs
average accumulated errors were computed by first
summing up the corresponding pose parameter errors of all 55 o ™ - o - o
the image frames. They were then divided by the number of -

frames in the sequence and the averages of all the test cases
were taken. The errors were finally expressed in terms of
percentages. Our algorithm reduced the errors by at least
60% and 80% for rotation and translation, respectively. The
fourth row lists the percentages of convergence of the

Rotation beta

)
120

o
o
&

]
. . . . £
algorithms, which can be regarded as an indicator of the £
. ey o
algorithm stability. Our method was the most stable under 5
the experimental conditions. g
-50 20 40 60 80 100 120
. . Rotation parameters (degrees) VS frame number
5.2. The real image experiment
01
An experiment using real scene images was also 2 oo
. . 8
performed. A stereo image sequence with ground truth was § oprrr e R RR T IR Tt R e
c
8
£

used to test the proposed approach. The sequence was taken
by a robot moving along a zigzag path on the floor. The g 2 20 ) % 100 120
length of the image sequence was 115 frames. Some

S

o

samples of the images in the sequence are shown in Fig. 4. g oo

Fig. 5 are the results of pose tracking. In the tracking 2 . S et i ln
process, the number of point features that was able to setup #2008

stereo correspondences in an image pair ranged from 15 to 1o 2 r Fy 80 100 120

70. The recovered pose was compared with the ground o1
truth, which is indicated by the line with square markers. It
was accurate compared to the real values. More results can
be found at http://www.cse.cuhk.edu.hk/~khwong/demo/

Translation z

L L L . L )
20 40 60 80 100 120
Translation parameters (meters) VS frame number

Fig. 5. A comparison of the pose recovered from the
real stereo image sequence with the ground truth.
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6. Conclusion

A novel EKF-based pose tracking algorithm based on
stereo vision is proposed in this article. With the trifocal
tensor, pose estimation no longer depends on the 3-D
structure and updating of the structure is not necessary
while estimating the pose. Outlying point features in the
images are removed in the guided search when the stereo
correspondences are setup. The twist motion model is
adopted to make the motion representation robust and
minimal. The proposed approach has a high performance in
speed, accuracy, stability, together with a simple procedure
to handle the changeable set of point features. Even so the
application domain is not sacrificed and the full covariance
nature of an EKF-based SFM algorithm, in which the
recovery of the pose and the 3-D structure are fully coupled,
is kept implicitly. Experimental results show that our
approach had a better overall performance than the other
EKF-based SFM methods. The results of pose tracking
using real images were accurate compared to the ground
truth. We believe that the design of the proposed algorithm
can satisfy the requirements of robotic applications like
visual servoing and localization.

7. Acknowledgement

The work described in this paper was supported by a
grant (Project No.: 4204/04E) from the Research Grant
Council of Hong Kong Special Administrative Region and
a direct grant (Project Code: 2050350) from the Faculty of
Engineering of the Chinese University of Hong Kong.

References

[1] A.Chiuso, P.Favaro, H.Jin and S.Soatto, “Structure from
motion causally integrated over time”, [EEE Trans. Pattern
Anal. Machine Intell., vol. 24, no. 4, pp. 523-535, Apr. 2002.

[2] A.Azarbayejani and A.P.Pentland, “Recursive estimation of
motion, structure, and focal length”, IEEE Trans. Pattern
Anal. Machine Intell., vol. 17, no. 6, pp. 562-575, Jun. 1995.

[3] T.J.Broida, S.Chandrashekhar and R.Chellappa, “Recursive
3-D motion estimation from a monocular image sequence”,
IEEE Trans. Aerosp. Electron. Syst., vol. 26, no. 4, pp.
639-656, Jul. 1990.

[4] A.).Davison and D.W.Murray, “Simultaneous localization
and map-building using active vision”, [EEE Trans. Pattern
Anal. Machine Intell., vol. 24, no. 7, pp. 865-880, Jul. 2002.

[5] J.Weng, N.Ahuja and T.S.Huang, “Optimal motion and
structure estimation”, IEEE Trans. Pattern Anal. Machine
Intell., vol. 15, no. 9, pp. 864-884, Sep. 1993.

[6] Y.K.Yu, KHWong and M.M.Y.Chang, “Recursive
three-dimensional model reconstruction based on Kalman
filtering”, IEEE Trans. Syst., Man, Cybern. B, vol. 35, no. 3,
pp. 587-592, Jun. 2005.

[71 Y.K.Yu, K.H.-Wong and M.Y.Y.Chang, “Merging artificial
objects with marker-less video sequences based on the
interacting multiple model method”, I[EEE Trans.
Multimdeia. (to appear)

[8] Y.K.Yu, K.H.Wong, M.Y.Y.Chang and S.H.Or, “Recursive
camera motion estimation with the trifocal tensor”, IEEE
Trans. Syst., Man, Cybern. B. (to appear)

[91 A..Davison and N.Kita, “3D simultaneous localisation and
map-building using active vision for a robot moving on
undulating terrain”, presented at IEEE Conf. Comput. Vision
Pattern Recognit., Kauai, Dec. 2001.

[10] S.Lee and Y.Kay, “An accurate estimation of 3-D position
and orientation of a moving object for robot stereo vision:
Kalman filter approach”, in Proc. IEEE Int. Conf. Robotics
Autom., pp. 414-419, Ohio, May 1990.

[11] M.S.Grewal and A.P.Andrews, Kalman Filtering: Theory
and Practice, Prentice Hall, 1993.

[12] C.Tomasi and T.Kanade, “Detection and tracking of point
features”, Carnegie Mellon Univ., Pittsburgh, PA, Tech. Rep.
CMU-CS-91-132, Apr. 1991.

[13] R.Hartley and A.Zisserman, Multiple View Geometry in
Computer Vision, Cambridge University Press, 2000.

[14] B.Triggs, P.McLauchlan, R.Hartley and A.Fitzgibbon,
“Bundle adjustment — A modern synthesis”, in Proc. Intl.
Workshop Visual Algorithm: Theory and Practice, pp.
298-372, Corfu Greece, 1999.

[15] C.J.Poelman and T.Kanade, “A paraperspective factorization
method for shape and motion recovery”, [EEE Trans.
Pattern Anal. Machine Intell., vol. 19, no. 3, pp. 206-218,
Mar. 1997.

[16] M.M.Y.Chang and K.H.Wong, “Model reconstruction and
pose acquisition using extended Lowe’s method”, /EEE
Trans. Multimedia, vol. 7, no. 2, pp. 253-260, Apr. 2005.

[17] S.Avidan and A.Shashua, “Threading fundamental matrices”,
IEEE Trans. Pattern Anal. Machine Intell., vol. 23, no. 1, pp.
73-77, Jan. 2001.

[18] S.Soatto, R.Frezza and P.Perona, “Motion estimation on the
essential manifold”, presented at European Conf. Comput.
Vision, Stockholm, Sweden, May 1994.

[19] S.Hutchinson, G.D.Hager and P.I.Corke, “A tutorial on
visual servo control”, IEEE Trans. Robotics Autom., vol. 12,
no. 5, pp. 651-670, Oct. 1996.

[20] Y.K.Yu, K.H.-Wong and M.M.Y.Chang, “Pose estimation
for augmented reality applications using genetic algorithm”,
IEEE Trans. Syst, Man, Cybern. B, vol. 35, no. 6, pp.
1295-1301, Dec. 2005

[21] M.A Fischler and R.C.Bolles, “Random sample concensus:
A paradigm for model fitting with applications to image
analysis and automated cartography”, in Commun. ACM, vol.
24, no. 6, pp. 381-395, Jun. 1981.

[22] RM.Murray, Z.Li and S.S.Sastry, 4 Mathematical
Introduction to Robotic Manipulation, CRC Press, 1994.

[23] J-Y.Bouguet, Camera Calibration Toolbox for Matlab.
(http://www.vision.caltech.edu/bouguetj/calib_doc/)

[24] B.Lloyd, Computation of the Fundamental Matrix.
(http://www.cs.unc.edu/~blloyd/comp290-089/fmatrix/)

[25] D.Nister, “Reconstruction from uncalibrated sequences with
a hierarchy of trifocal tensors”, presented at European Conf.
Comput. Vision, Ireland, Jun. 2000.

[26] S.H.Or, W.S.Luk, K.H.-Wong and I.King, “An efficient
iterative pose estimation algorithm”, /mage Vision Comput.,
vol. 16, no. 5, pp. 355-364, Apr. 1998.

YF]',F.

COMPUTER
SOCIETY

Proceedings of the 2006 IEEE Computer Society Conference on Computer Vision and Pattern Recognition (CVPR’06)
0-7695-2597-0/06 $20.00 © 2006 IEEE




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f300130d330b830cd30b9658766f8306e8868793a304a3088307353705237306b90693057305f00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /FRA <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU <FEFF005500730065002000740068006500730065002000730065007400740069006e0067007300200074006f0020006300720065006100740065002000500044004600200064006f00630075006d0065006e007400730020007300750069007400610062006c006500200066006f007200200049004500450045002000580070006c006f00720065002e0020004300720065006100740065006400200031003500200044006500630065006d00620065007200200032003000300033002e>
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


