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Abstract 

 
A real-time camera registration algorithm using 

nature features for augmented reality applications is 
presented. The system uses a single camera for visual 
tracking of the nature features extracted from the real 
scene. A limited number of calibrated key-frames and 
a rough 3D model of the part of the real environment 
are required. Accurate camera registration can be 
achieved by matching the input image and the key-
frame, whose viewpoint is as close as possible to each 
other. The problem of wide baseline correspondence is 
solved by rendering an intermediate image. Extended 
Kalman filter is applied for jitter correction. The 
performance of the algorithm is tested using real 
image sequences. Experimental results demonstrate 
that our registration algorithm is accurate and robust, 
and it can handle significant aspect changes.  
 
1. Introduction 
 

The crucial technique in an augmented reality(AR) 
system is to perfectly overlay a virtual computer 
generated 3D graphic model on the scenery. In order to 
achieve this we have to get the relationship between 
the real world and the camera’s viewpoint. Although 
commercial products are available for offline camera 
registration, robust real-time tracking is still an open 
issue. Up to now many of the real-time tracking 
algorithm described in the literatures lack robustness, 
tend to drift and error accumulation which make them 
unsuitable for AR application[1-3]. In order to 
overcome these problems, we developed an efficient 
online natural feature tracking algorithm for AR 
applications, which can handle long-term drift, aspect 
changes and camera displacement. 

Our system requires a set of keyframes calibrated in 
offline stage and a rough 3D model of the part of the 
real scene. The keyframes and the 3D model can be 
easily created by using commercial software Boujou 

from 2D3 cooperation[4]. Registration can be realized 
by matching current live image and the keyframe, 
whose viewpoint is as close as possible to the current 
one. Wide baseline correspondence problem has been 
solved by re-rendering intermediate image. 
Registration results are smoothed by Kalman filter for 
jitter correction. 

In the remainder of the paper, we first discuss 
related work. Section 3 descripts some important 
details about our natural feature based tracking 
algorithm. Section 4 explicates the corresponding 
experimental results and section 5 the conclusion and 
future work. 
 
2. Related works 
 

To overlay virtual objects on the real world at the 
right position and orientation, the speed and accuracy 
of registration are of most importance. Offline 
structure and motion technology appears to offer 
significant possibilities for accurate registration with 
accuracies of around 0.2 pixels and negligible jitter. 
However these techniques take advantage of bundle 
adjustment techniques, which is time-consuming and 
not likely to be suitable for real-time AR 
implementation. Up to now, many methods perform 
the task of the real-time application but prone to be 
less reliable or impractical. The most popular approach 
applied in AR application is to use ARToolKit 
software for accurate registration[5], which requires 
man-made markers. This method is greatly confined in 
outdoor AR systems. Because markers are very 
sensitive to outdoor lightening, and when some of the 
markers are randomly hidden from the view, this 
method becomes feeble. 

Model-based approaches are commonly used for 
dealing with unknown environment [6-8], which can 
achieve real-time tracking by re-projecting features of 
the given 3D model into the 2D image. Position and 
orientation can be found by least-squares minimization 
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of an objective function. However the optimization 
may lead to error local minimum, when target object 
features become to close to each other. Another 
approaches for unknown environment pose tracking is 
to use concatenating transformations, which tend to 
suffer from error accumulation in long image 
sequences. Recently, Nister has reported on first 
success with real-time pose estimation in completely 
unknown scenes[9]. However, long-term stability is 
poor (the algorithms tend to drift), and drift is limited 
by insertion of a "firewall", which leads to a system 
restart when the drift becomes too large[10]. 

Using some of the absolute information is a way to 
eliminate the drift problem. [11] use two reference 
frames to track the whole sequence without to solve 
aspect change problem. In [12] a set of reference 
frames are utilized and FFT transform is used to 
complete 2D image registration. Time consuming is 
the mainly drawbacks in this approach. This paper 
describes a method which has no such limitations. 

 
3. Natural Feature-based Registration 
Algorithm 
 

In this section we will explain our natural feature 
based algorithm which need a small number of 
calibrated keyframes and a rough 3D model. This 
priori knowledge makes our algorithm robustness and 
accuracy. First we describe how to set up the offline 
keyframes, and then how to choose the most 
appropriate keyframe with the current image and how 
to calculate the camera pose by matching the chosen 
keyframe. 
 
3.1. Building Offline Keyframes 
 

During offline stage, a set of keyframes which 
represent the scene from different viewpoints has to be 
created and calibrated. In order to build these 
keyframes we make use of commercial Boujou 
software to retrieve the 3D structure of the scene and 
the corresponding camera projection matrix P . 
Because the commercial Boujou software relies on 
batch computation to obtain camera pose and the 3D 
model of the object, the results can be expected to be 
accurate and reliable enough. By back-projecting the 
interest points detected on the object surface, a 3D/2D 
correspondence ),( kk Mm  includes a 3D point M , 
which is always represented in homogenous 
form TZYX )1,,,（ , and a 2D pixel point m , which is also 

represented in homogenous form Tyx )1,,( , is set up. 
),( kk Mm is related by the 3×4 projective matrix P : 

kk PMm λ= , ][ TRKP =  
where R is a 33×  rotation matrix, T is the translation 
vector of the camera and λ is the homogenous scale 
factor which is dependent of PM . When TR, is known 
for each keyframe, we can obtain following 
information for each keyframe: the two sets of 

km and kM of 2D and 3D points; camera projection 
matrix P which can decompose into the internal 
matrix K , rotation matrix R and translation matrix T ; 
the surface normal nv for every aspect of the object 
model. Figure 1a shows one of the frames of the 
tracked object; 1b the 3D model of the tracked box and 
the corresponding camera trajectory set up by the 
Boujou software. 
 

 
Figure 1a. A image of the coffee box and the 

interst points detected on its surface 

 
Figure 1b. the camera trajectory and the 3D model 
of the coffee box 
 
3.2 Keyframe Choice 
 

When the camera moves around the scene, the 
system have to choice which keyframe’s viewpoint is 
as close as possible to the current captured image. This 
step is a critical task on which the quality of our 
algorithm depends. Since the camera pose for the 
current image is unknown, we choose the keyframe by 
calculating the normalized cross-correlation of the 
current live image ),( yxC  with the keyframe 
image ),( yxR . At the location ),( ji , the computing 
equation is given in a computationally efficient form: 
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with the best score is chosen to evaluate the 
transformation between it and the current live image.  
 
3.3 Intermediate Image 
 

When we match an input image against the chosen 
keyframe, the viewpoint of these two images is not as 
close as possible to that of the consecutive ones. In 
order to perform wide baseline matching in real time, 
we use matching strategy described in [13]. First we 
synthesize an intermediate image by skewing 
the 1515× pixel patches around each interest point from 
the chosen keyframe viewpoint to the previous image 
viewpoint(Harris corner detector is used to extract 
interest points of the images). Based on the assumption 
that the patches around the interest point is 
approximate to the object surface, through 
homography H the pixels km around interest point 0km  
in the chosen keyframe to the pixels rem in the 
intermediate image can be written as: kre Hmm = . 
Homography H can be induced by the equation[14]:  

1))/()(( −−−−= KnRTdnRTRRTRRKH r
T
rrr

T
r

T
rr

rr  
The ][ rrr TRK and ][ TRK are the project matrix of the 

chosen keyframe and the previous image respectively. 
nv is the normal vector of the plane which interest point 
lies on, and d the distance of the interest point to the 
origin. Figure 2a shows the current image and 2b the 
intermediate image which is re-rendered by the interest 
points’ neighborhood from the chosen keyframe by 
using previous image viewpoint. 

 

     
Figure 2. a) The current live frame 80; b) the 
intermediate image re-rendered from chosen 
keyframe by the previous image’s(frame 79) 
viewpoint 

 
3.4 2D/2D Correspondences 
 

To match the 2D points between current 
image tm and the intermediate frame rem ,we select 

initial correspondences in the current image for each 
one in the re-rendered frame by maximizing the cross-
correlation in a 77× window. All these point to point 
correspondences form a set of initial matches. In order 
to refine the correspondences between the current 
image and the intermediate image, RANSAC 
algorithm is employed to obtain the accurate 
interesting point correspondence, which can discard 
outliers and retain a set of points free from error 
accumulation. When applying RANSAC algorithm to 
obtain the 2D/2D correspondences between two 
images. Here the point p in the intermediate image and 
its correspondence q in the input image are represented 
as Tyxp )1,,(~ , )1,,(~ yxq respectively. The process to 
match interest point by RANSAC approach can be 
written as follows: 
(1) Eight matches are randomly chosen from the initial 
set of point matches and the fundamental matrix F is 
calculated by epipolar constraint 0~~ =qFp .  
(2)With F , the point p in the input image is mapped to 
the epipolar line in the intermediate image, and vice 
versa. Thus we can find good matches between these 
two images. For a point match ),( qp , epipolar line of 
point p is defined as pFl p

~= . If the match is perfect, 
the point q in the re-rendered frame should lie on the 
epipolar line pl . The distance qd of point q to the 

epipolar pl is calculated by: 
2

2
2

1 )~()~(

~~

pFpF

pFq
d

T

q
+

= , 

Where ipF~ is the i-th component of vector pF~ . 
(3) The distance pd of point p to the epipolar line ql is 
also calculated similarity. If max( qp dd , )is below the 
threshold, the two points are considered to be matched.  
(4) Re-estimate F from all correspondences classified 
as inliers by minimizing cost function. 
(5) Further interest point correspondences could be 
found using the optimized F and these newly found 
correspondences can be determined as inliers directly. 
Steps (4) and (5) can be iterated until the number of 
correspondences is stable.  

As a result, some of the current image points tm are 
matched to the intermediate image points rem : 

i
re

j
t mm ↔  

Since the relationship between rem and kM is known. 

The 3D points j
tM can be associated to the 2D 

points j
tm , giving in this way the 3D coordinates of 

the 3D points: 
i

k
j

t MM =  

H 
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3.5 2D/3D Correspondences 
 

After building the 2D/3D correspondences 
),( tt Mm in the current image, and the camera’s 

intrinsic matrix K has already been known and fixed, 
the rotation matrix R and translation vector T can be 
easily recovered from equations by P-N-P 
algorithm[15]: 

tt MTRKm ~][~ λ=  
In order to improve the tolerance to data errors and 

the accuracy of estimation result, we apply Tukey M-
estimator to calculate the camera pose. For M-
estimation techniques it minimizes the sum of the 
function of the residuals: 

∑
n

i
i

P
r )(min ρ  

where ρ is a continuous, symmetric function, and 
i

t
i

ti PMmr λ−＝  is the re-projection error. For Tukey 

M-estimator )(xρ is described as: 
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6
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By minimizing the residual sum, the camera rotation 
and translation matrix R and T for the current frame can 
be estimated accurately. In our algorithm, M-estimator 
is initialized with the camera pose for the previous 
frame. 

 
4. Extended Kalman Filter 
 

Actually only using keyframe based approach to 
calculate camera pose will result in jitter because the 
successive camera pose would be recovered 
independently for each frame. In our algorithm we 
avoid jitter problem by using extended kalman filter to 
smooth the estimation results. For the camera dynamic 
motion model we assume constant angular velocity and 
constant translational acceleration and represent 
motion by a state vector T

m avpqx ],,,,[ ω=
r . Unit 

quaternion ),,,( 321 qqqqq w=  is used to represent the 
orientation of the camera. ω is the corresponding 
angular velocities, p the translations of the object 
along the x, y and z axes, v and a are their 
corresponding velocities and acceleration. T∆ denotes 
the duration over the sample period. The state 

transition equation for the model is: ttt Axx η+=+
−

1ˆ , 
A is the transformation matrix, tη  the noise matrix and  

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢

⎣

⎡

∆+
∆+∆+

⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡

∆

∆
⊗

=+
−

t

t

ttt

t

t

t

a
Tav

TaTvp

T

T
q

x
2

1
5.0

)5.0sin(

)5.0cos(
)(

ω
ω
ωω

ω

r
 

The measurement equation can be expressed by:  

))ˆ(( 111 +
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mz  is a column vector representing the real 
measurements from the image sequence for n  selected 
interest points in the object. mh is the output projection 

function 
T
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= . In our system, a fixed 

number of interest points (e.g. 30 in our experiment) 
extracted by the tracker are passed to the filter for pose 
estimation. 

 
5. Experiment Results 
 

To evaluate the accuracy of our algorithm, we 
performed the tests depicted by real image sequences. 
A camera is used to capture a 576720×  sequence of 
the real scene and the camera has been calibrated with 
a chessboard using Zhang’s method[16]. Commercial 
Boujou software is used to obtain the rough 3D model 
of the object and to calibrate a small number of 
keyframes. Because Boujou use batch techniques 
which can yield accurate estimation results, we also 
apply it as the ground truth data. The algorithm is 
initialized by manually putting the target object in a 
position which is close to one of the keyframes.  

Harris corner detector is used to extract interesting 
points on the image sequences. Table 1 shows the 
cross-correlation result of some of the inputting frames 
and the keyframes. The keyframe with the best score is 
used to render the intermediate image. The 
intermediate image was re-rendered by skewing 
the 1515× pixel patches around each interest point from 
the chosen keyframe viewpoint to the previous image 
viewpoint. Figure 3 shows some of the intermediate 
image set up by this approach.  
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Table 1. The cross-correlation score 

    Keyframe 
Current 
frame 

Keyframe
1 

Keyframe
2 

Keyframe
3 

Frame 20 0.7678 0.4972 0.5107 
Frame 80 0.8292 0.4807 0.4815 

Frame 150 0.8095 0.5184 0.5261 

   

   
Figure 3. Intermediate image re-rendered from the 
keyframe 

Finally, the register information is used to merge 
computer generated model to real scene at the right 
position. Figure 4 shows some frames from the 
sequence where the tracked coffee box augmented 
with the wireframe. Figure 5. shows another 
augmented scene, a 3D virtual girl standing on the 
table near the coffee box.  
 

 
Figure 4. Coffee box augmented with wireframe 

 
Figure 5. Coffee box augmented with 3D virtual 
girl 

In order to test the performance of our algorithm, we 
also compared the estimated parameters with the 
ground truth data. Figure 6a shows the estimated 
coordinate of the camera center(translation along x 
axes) and 6b the rotation angle(rotation around x axes). 
The black square depicts the ground truth data obtain 
from the 2D3 software, the solid plot demonstrates the 
result by our natural feature tracking algorithm. From 
the plots we can see that the estimated parameters 
smoothed by kalman filter keeps closer to the ground 
truth data without exhibiting jitter 
 

 
Figure 6a. Plots showing the translation in x 
direction 

 
Figure 6b. Plots showing the yaw angle 

 
6. Conclusion 
 

In this paper we present a nature feature based real-
time tracking algorithm for augmented reality systems. 
Our system relies on the passive vision techniques to 
obtain the camera pose online. 3D model of the part of 
the scene and a set of calibrated keyframes are used for 
tracking purpose. We select the most appropriate 
keyframe at each time step for image registration. 
Wide baseline correspondence problem was solved by 
rendering intermediate image. Extended kalman filter 
was utilized for jitter correction. Experimental results 
show the accuracy and the robustness of our algorithm. 
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