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Registration Based on Scene Recognition and
Natural Features Tracking Techniques for Wide-Area
Augmented Reality Systems
T. Guan and C. Wang
Abstract—This research focuses on designing a robust and
flexible registration method for wide-area augmented reality
applications using scene recognition and natural features tracking
techniques. Instead of building a global map of the wide-area
scene, we propose to partition the whole scene into several
sub-maps according to the user’s preference or the requirements
of the augmented reality (AR) applications. Random classification
trees are used to learn and recognize the reconstructed scenes
because they naturally handle multi-class problems, while being
both robust and fast. The result is a system that can deal with
large scale scene that previous methods cannot cope with. We also
propose a hybrid natural features tracking strategy combining
both wide and narrow baseline techniques. While providing
seamless registration, our system can recover from registration
failures and switch between different sub-maps automatically.
Experimental results demonstrate the validity of the proposed
method for wide-area augmented reality applications.
Index Terms—Augmented reality, natural features, registration,
scene recognition, wide-area.

I. INTRODUCTION

A

UGMENTED reality (AR) superimposes computer-generated 3-D graphics or 2-D information on the user view
of the surrounding environments, allowing the user to share the
computer’s perception of the real world [1]. One of the major
technological issues in order to create AR systems is registration. The rendered graphics need to be aligned accurately with
the real-world view of the user. Consequently, the demands for
robust and high accuracy tracking are strong in order to achieve
satisfying registration with limited computational resources.
With the development of computer vision techniques and
the emergence of low-cost optical sensors, mounting a camera
on the head-mounted displays (HMD) has become common
practice. However, vision-based registration approaches for
augmented reality are subjected to challenging conditions,
such as wide-area work scene, changes in illumination, sudden
motion, and occlusion.
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In this paper, we especially focus on vision-based wide-area
registration which is one of the most important problems in AR
and has attracted so much attention recently. There are some researchers [2], [3] attempting to build a global 3-D map covering
the whole observed scene to realize registration in wide-area environments. While promising, there are some inherent limits. For
example, if we want to superimpose different virtual objects in
different floors in a building, we need to build a global map covering all the floors in which the virtual objects will be augmented.
However, a global map at this scale is often not getable due to the
complexity of natural scene and the immaturity of mapping techniques. Thus, the current single map registration system can only
work in a relatively small and straightforward AR workspace.
We propose to use multiple sub-maps only covering the local
scenes in which the virtual objects will be augmented to overcome the problems of single map system. The reasons why we
use multiple sub-maps are as follows: Firstly, the natural scene
is unpredictable and often disconnected due to the lack of natural features. Thus, it is usually difficult to get a global map in
these cases only using computer vision techniques. Secondly, in
some AR applications such as outdoor navigation and virtual exhibition, virtual objects are commonly augmented on dispersed
places that will not be in user’s visual field simultaneously; thus,
sub-maps of the different target scenes are enough to achieve
registration in these applications.
The use of multiple sub-maps improves the registration performance of the single map system in following ways: Firstly,
by using multiple sub-maps, we only need to consider the reconstructing problem of local scenes in which the virtual objects will be augmented instead of the global 3-D map covering the whole observed scene. The computation complexity
of reconstructing local scenes is much less than that of reconstructing the whole observed scene. Thus, our approach is more
suitable for online implementation especially with large-scale
workspace. Secondly, since no geometric links exist between
different sub-maps, we can build them at anywhere we want
and superimpose virtual objects in arbitrary sprawling environments without the need to consider whether or not the global
reconstruction algorithm can be carried out successfully on the
whole observed scenes. Thus, our method is more flexible and
can deal with complicated and disconnected work scene that
previous methods cannot cope with.
While promising, there are some difficulties we must cope
with when using multiple sub-maps to realize registration in
wide-area environment.
Firstly, a practical AR system using multiple sub-maps should
have the ability to enable users to add sub-maps at any time
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and switch between different sub-maps arbitrarily to observe
different virtual objects. To solve these problems, we need an
effective scene organizing mechanism to enable the system with
the ability to learn scenes incrementally and recognize target
scenes in real-time. Some researchers [4], [5] try to solve the
above problems by matching the detected features in the current
scene directly with all the reconstructed features. While this is
feasible for a system with hundreds of features, it is not fast
and accurate enough for our system which may contain several
thousands of features. In our research, we propose to solve the
scene learning and recognizing problem by using random trees,
because they naturally handle multi-class problems, while being
both robust and fast. The result is a system that can deal with
large number of local scenes that previous methods cannot cope
with.
Secondly, an ideal AR system should have the ability to recover from registration failures automatically while providing
seamless registration between the virtual and real objects in
tracking process. We need to design a robust and accurate natural features tracking technique in order to achieve the above
purposes. Since the wide baseline [6], [7] and narrow baseline
[8], [9] techniques complement to each other in robustness and
stability, so, in our research, we propose a hybrid natural features tracking strategy in which both the wide and narrow baseline methods are used to compensate for each others’ weaknesses. A graphics processing units (GPU) accelerated wide
baseline matching technique is used to initialize the tracking
system after which an optical flow tracker that has the capability
of recovering the lost features is taken to track features between
consecutive frames. While providing accurate registration, our
system can recover from registration failures automatically and
switch between different sub-maps seamlessly.
The rest of this paper is organized as follows: Section II is the
related work. Section III discusses natural features detecting
and matching problem. Section IV gives the sub-maps building
method. Section V presents classification trees-based scene
recognition method. Section VI deals with the problems of
hybrid natural features tracking and camera pose estimation.
Section VII is the registration method. Section VIII shows some
experimental results. Section IX discusses some limitations of
the proposed method. Section X is a conclusion.
II. RELATED WORK AND OUR CONTRIBUTIONS
Simultaneous localization and mapping (SLAM) and online
structure from motion (SFM) are two kinds of prevalent techniques that have been used to achieve wide-area registration for
AR. The first real-time monocular vision-based SLAM system
is implemented by Davison [10], [11]. This implementation
is based on an extended Kalman filter updated each frame at
cost relative to map size, and this mandates the use of
sparse and relatively small maps; further, tracking is based on
normalized cross-correlation (NCC) which can be disturbed
easily by view-angle change and motion blur. There have been
researches to improve both the scalability and robustness of
monocular SLAM. Chekhlov et al. [12] improve the reliability
of feature matching by employing the multi-resolution SIFT
descriptor, which allows for more agile tracking. Pupilli et al.
[13] propose to replace the EKF with a particle filter which is

resilient to rapid camera motions. Klein and Murray [2], [3]
employ online SFM to get denser and larger maps to improve
tracking quality. The registration is divided into two parallel
threads: tracking and mapping. One thread deals with the
task of robustly tracking the camera pose, and the other one
produces a 3-D map of natural feature points from previously
observed scenes. This allows the use of computationally expensive bundle adjustment optimization techniques not usually
associated with real-time operation. The result is a system
that produces detailed maps with thousands of natural features
which can be tracked at frame-rate, with an accuracy and
robustness rivaling that of SLAM-based systems.
All the above extensible tracking techniques attempt to build
a global 3-D map covering the whole observed scene to realize
camera tracking in wide-area environments. However, a global
map is often not getable due to the complexity of natural scene
or the immaturity of mapping techniques. Thus, the current extensible tracking system can only work in a relatively small AR
workspace and is not suitable for wide-area AR applications.
We propose to use multiple sub-maps to overcome the above
problems to realize registration in wide-area environments.
There exist some related researches on scene recognition and
camera initialization problems for markerless AR applications.
Some researchers [4], [5] [14] propose to solve these problems
by directly matching the detected natural features in the current frame with all the reconstructed features. Williams et al.
[4] attach descriptors to map points and use them to re-localize
the lost camera in tracking failures. Lee et al. [14] match the
detected SIFT features between an active frame and previously
stored features, following the object recognition algorithm of
Lowe [15]. The scene that has the maximum number of matched
features among all scenes is recognized to be identical to the current scene if the number of matched features exceeds a certain
threshold. While the above approaches are feasible for a system
with hundreds of features, they are not fast and accurate enough
for our system which may contain several thousands of features.
Klein and Murray [3] recently propose to use keyframes to assist
the scene recognition and camera initialization processes. They
create a descriptor for each keyframe by sub-sampling the image
and applying a Gaussian filter. These generated descriptors will
be compared to the current frame’s descriptor using NCC to find
the closest match to assist the camera initialization processes.
While promising, the scalability of this approach is not satisfying since the computing time grows linearly with the number
of keyframes and image size. We propose a fast learning and
recognizing method by using random trees to fulfill the scene
recognition task. The scalability of our method is much better
than the Klein’s method; thus, our system can deal with much
more local scenes than previous methods can cope with.
For fast and accurate camera tracking, narrow baseline approaches are widely used in AR systems [8], [9], [16], [17].
While promising, there are some limitations. The first one is the
initialization problem. Since narrow baseline tracking methods
do not provide any descriptor for feature points, we cannot automatically determine the initial position of the needed features
for the first frame. The second disadvantage is the losing feature problem. This is especially true in the case of features occluded by users and some scene objects. Thus, the valid matches
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will become less and less during the tracking process, which
will finally result in the failure of registration. To overcome the
above problems, we can make use of wide baseline matching
strategy [6], [7] which operates in a tracking by detection style.
However, while overcoming the problems of narrow baseline
method, there are some inherent shortcomings when using wide
baseline matching techniques. The first one is the problem of
losing frames: since there may be a large fraction of outliers in
the feature correspondences set, we cannot guarantee to find a
correct pose after a certain number of times of random sampling
and have to turn to the next frame to keep the continuity of the
system. The second disadvantage is the jitter of the virtual object in the video sequence. This inaccuracy can be a result of
image noise, as well as too few or unevenly distributed feature
matches. In this research, we propose a hybrid natural features
tracking strategy in which both the wide and narrow baseline
methods are used to improve the performance of AR systems.
The main contributions of this paper can be summed up as
follows.
1) We demonstrate that the wide-area registration problem
can be settled effectively by using multiple sub-maps
and scene recognition technique. Our method can deal
with complicated and disconnected work scene that previous methods cannot cope with.
2) We propose an incremental scene learning method using
random classification trees. Both learning and recognition processes are implemented in online fashion that is
fast enough for real-time AR applications. Our system
can deal with large number of local scenes that previous
methods cannot manage.
3) We propose a hybrid natural features tracking strategy
to improve the robustness and stability of AR systems. GPU accelerated scale invariant feature transform
(SIFT) is used to initialize the tracking system after
which a modified optical flow tracker is taken to track
features between consecutive frames. While providing
accurate registration, our system can recover from
registration failures automatically and switch between
different sub-maps seamlessly.
Subsequent sections describe in detail the method used,
present results, and evaluate the method’s performance.
III. NATURAL FEATURES DETECTING AND MATCHING
This section introduces the natural features detecting and
matching methods used in our system. Recently, a comparative
study has been carried out by Mikolajczyk [18], and the scale
invariant feature transform, also known as SIFT [15], has been
identified as one of the best feature detectors.
Following are the major steps of computation used to generate
the SIFT features.
1) Scale-space extrema detection: The first step searches
over all scales and image locations. It is implemented by
using a difference-of-Gaussian (DoG) function to identify potential interest points that are invariant to scale
and orientation.
2) Keypoint localization: Keypoints are then detected at the
local minima and maxima within the calculated DoG
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scale-space while others are discarded based on measures of their stability.
3) Orientation assignment: One or more orientations are
assigned to each keypoint location based on local image
gradient directions. All future operations are performed
on image data that have been transformed relative to the
assigned orientation, scale, and location for each feature,
thereby providing invariance to these transformations.
4) Keypoint descriptor: For each detected keypoint, an
encoding in the local region is performed by calculating
gradient direction histograms. These are represented
using a rotationally invariant feature descriptor (typically an 128-dimensional vector).
For matching, features are first extracted from the input image
and transformed relative to the orientation and scale. The transformed feature is compared with each feature from the reference
image to find candidate matching features based on Euclidean
distance of their feature vectors.
However, we do not use SIFT directly because its primary intention is for offline object recognition, and computational demands prohibit their usability for real-time AR systems.
The increasing programming flexibility and parallel computing power offered by GPU, as well as their low cost, provide
a now standard way of getting large speed-ups for many vision
algorithms. Since most of the SIFT steps such as scale-space
generating, local extrema detecting, and so on can be parallelized, some researchers have used GPU to accelerate SIFT
features detecting and matching processes. In our work, we
make use of the implementation provided by OPENVIDIA
[19]. This GPU-based SIFT(GPU-SIFT) can extract and match
200 SIFT features from 320 240 video at 30 Hz which is
approximately ten times faster than an optimized CPU implementation. The implementation details are out of the scope of
this paper; we refer the reader to consult GPU’s official website
[20] for an overview and Fung’s work [21] for advanced details.
IV. SUB-MAPS BUILDING
Instead of constructing a global map, we build a sub-map
for each target scene individually. The selected scene can be
anywhere in the workspace, depending on the user’s preference
or the requirements of the AR applications.
consists of a collection of
point features
Each map
located in sub-map coordinate
. The th point in the map
has coordinates
in coordinate
. Let
be the 2-D projection
frame
on image plane. The relationship between
and
of
can then be given as follows:
(1)
where

is an arbitrary factor, and
and
are the rotation and translation, respectively, that relate the sub-map coordinate system to the camera coordinate
system. is the camera intrinsic matrix which is known in advance and does not change in our case.
We employ the five-point stereo algorithm [22] to get the
sub-map for each target scene. We first put the camera above
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the place to be augmented and take the first image; we then
smoothly translate (and possibly rotate) the camera to a slightly
offset position to get the second image. GPU-SIFT is then used
to detect and match features in these two key images. With the
features correspondences obtained, we use the RANSAC and
five-point algorithm to eliminate outliers and estimate an essential matrix. This matrix is then decomposed into four candidate camera poses. We take a check-back step to select the
true pose from several feature correspondences [23]. Then the
position of a 3-D point can be reconstructed using the triangulation technique [24]. To overcome the image processing errors,
the map and pose are optimized by minimizing the total reprojection error that can be expressed as

(2)
where
is the 2-D position of the th corresponding features
is the 3-D position of the feature and
dein image .
notes the projection (1) of a 3-D point on the image plane of
is the number
image . is the number of the features.
of the reference images. Equation (2) can be solved using the
Levenberg–Marquardt (LM) minimization method.
Once a sub-map built, we need to define the sub-map coordinate system in which the virtual object will be augmented.
We specify four coplanar points that define an approximate rectangle in two control images to determine the X-axis and the
Y-axis of the sub-map coordinate. The origin will be the center
of the rectangle, and the Z-axis is determined using the outer
product of the X-axis and Y-axis.
V. SCENE RECOGNITION USING RANDOM TREES
This section describes the methods for scene learning and
recognition which are pivotal steps to realize wide-area registration using multiple sub-maps. Recently, many methods have
been proposed and classification trees have attracted our attentions because of their speed and scalability. We mainly discuss the following three problems: 1) scene representation; 2)
building the classification trees; and 3) scene learning and recognition.

Fig. 1. Simplified randomized tree as described in [25].

stage, the trained classifier can then be used to identify the
target scenes by considering the local patches detected from the
input images.
B. Building the Classification Trees
Any supervised machine learning algorithm can be used to
build the classifier : k-nearest neighbor, neural network, or
support vector machines. Among those, we have found randomized trees [25] to be eminently suitable for our research because
they naturally handle multi-class problems and are robust and
fast, while remaining reasonably easy to train. In this section,
we first describe the concepts of randomized trees for the benefit of the unfamiliar reader. Then, we will discuss some modifications to make the algorithm suitable for online incremental
scene learning and recognition use.
At the center of the Lepetit’s work [25] is a forest of several
is
randomized trees. A single simplified tree of depth
illustrated in Fig. 1. Each tree maps an input image patch to one
of 2-D posterior distributions which describe the probability of
previously trained feature
the patch belonging to one of
classes. The correspondence of an input patch is the result of
a series of simple binary tests Q which make the tree’s nodes:
each test Q simply compares the patch’s gray scale values
at two pixel locations and , such that

A. Scene Representation
A scene is represented by the local patches surrounding the
SIFT features detected from the two keyframes. This method
has the following advantages: Firstly, the use of SIFT features
will not increase computation burden since they have been used
to reconstruct sub-maps. Secondly, as local features, SIFT is
distinctive enough to distinguish small differences between different scenes. Thirdly, robustness to camera rotations can be
achieved by rotating the local patches according to the orientations of SIFT descriptors.
Let us consider a set of target scenes
in which the virtual
objects will be augmented, and let us assume that we have colcentered on the th SIFT
lected a number of local patches
constitute the
features in , for all available and . The
training set which will be used to train the classifier to predict
to which , if any, an input image corresponds. In recognition

otherwise.

(3)

Once the input patch’s posterior probability for every tree has
been estimated, (4) which returns the class with greatest sum of
posteriors is used to form the classification results:

(4)
are the posterior
where is a class label,
of tree reached by ,
probabilities stored in the leaf
and is the set of randomized trees.
The posterior distributions themselves are built during a
training phase; hundreds of simulated patches belonging to
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each known class are simply dropped down each tree; and the
of
associated posterior is set as the ration of the number
patches of class in the training set that reach and the total
number of patches of class that is used in the training. This
yields

(5)
is a normalization term that enforces
. While each individual tree may itself
be a rather poor classifier, the combination of trees’ posteriors
yields good recognition results.
We make the following three changes to make the above algorithm suitable for online scene learning and recognition use.
Firstly, in the original approach, the node tests in classification trees are chosen carefully by a greedy algorithm so as to
minimize leaf entropy according to the expected gain of information. The above tests selecting process depends on the prior
knowledge of the complete training set. Otherwise, it cannot be
meaningfully done. However, the complete training set is not
available beforehand in our case since new maps may be added
or deleted dynamically while the AR system is running. Instead,
we build the tree by randomly selecting the tests which means
and in (3) are selected at random in advance to
that the
enable the method to be suitable to online incremental learning.
An experiment is carried out on ZUBUD image database
[26] to prove the validity of the proposed random tree building
method by comparing it with the traditional method. When
using the traditional entropy minimizing approach [27], we
repeated the process of test selecting for each non-terminal
descendant node, using only the training examples falling in
that node. The recursion is stopped when the node receives
too few examples, or when it reaches a given depth. When
using our random approach, we build the trees by randomly
selecting locations for each node as discussed above. The
recognition method used in both the above two approaches is
based on the sum of the patch numbers that will be discussed
in Section V-C. Fig. 2 gives the results for trees with a depth
limited to 12, which is found to be a good trade-off between
the memory requirements and recognition rate. We can see that
our random tests selecting method results in virtually no loss
of classification performance when the number of trees is more
than 15. While the traditional entropy minimizing approach
must be carried out with the complete training set obtained in
advance, our method can be performed without this restriction;
thus it is very favorable for online incremental learning.
Secondly, in natural environments, it is common for local
image patches with uniform gray value. For these patches, the
results of (3) can be easily influenced by image noise. For exand
at two different pixel
ample, if the gray values
locations in a training patch are 27 and 25, respectively, the result of (3) will be 0. However, if this patch is affected by image
and
are changed into 25 and
noise and the gray values
26, the result of (3) will be 1. Thus, the node test of (3) is not
stable enough in case of patches with uniform gray value and is
very sensitive to image noise.
where

Fig. 2. Comparison of recognition rates as a function of the number of trees
for different trees building methods.

Fig. 3. Comparison of recognition rates as a function of Z when using Gaussian
smoothing and considering different number of patches used in training and
recognition.

We take two measures to overcome the above problems. The
first measure is to use Gaussian smoothing to smooth image
patches used in training and recognizing processes to reduce
the influence of noise. The second measure is to consider the
as
influence of image noise in node tests. We redefine tests

otherwise.

(6)

Here is a compensation value that will be used to compensate
for the gray value difference between the two selected pixels
caused by image noise. Since we cannot obtain the noise mode
.
in advance, we simply chose the randomly in the range
Fig. 3 illustrates the effectiveness of the above two improvements when using different number of patches. This experiment
is carried out on ZUBUD image database and Gaussian white
noise is added to the images to simulate real-life application’s
environment. Twenty random trees each with the depth of 12 are
used in this experiment, and the recognition method is based on
the sum of the patch numbers discussed in Section V-C. We can
see that the recognition rate can be improved obviously with the
use of Gaussian smoothing, and further improvement can be obtained by considering the influence of image noise in node tests
as (6). However, the recognition rate is not always improved
will deteriorate the
with the increasing of z since a higher
partition of the space of image patches. For example, if we set
to 256, then all the patches from different training imall the
ages will reach into the same node, which makes it impossible
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Fig. 4. Comparison of the learning times between traditional method and our method when using different number of patches.

to get the correct recognition result. In all of our experiments,
we set z to 10, which is found to be a reasonable trade-off between the patch space partition and noise restraint.
Thirdly, in original work, the leaf node stores each class’s
posterior probability obtained through (5). When adding a new
patch, we need to recalculate all the posterior probabilities of
. The above recalthe reached nodes due to the change of
culation is time-consuming and will be an obstacle to online
scene learning process when system contains a great number
of classes. In our system, since we stipulate that the total patch
number is identical for each class, then the normalization term
in (5) can be rewritten as

(7)
where is the total patch number for each class, and (5) can be
rewritten as

(8)

We can see that the posterior probability
is
in direct ratio to ; thus, to find the class that has the greatest
posterior is identical to find the class which has the maximal .
According to the above discussion, we store the number of
reached patches instead of posterior probability into the leaf
node as
(9)
With this modification, we need only to modify the corresponding class’s patch number of the reached node instead of
all the posteriors when a patch is added. Thus, the computation complexity to training a class is dominated by
(
is the number of patches for each class) in our method instead
(
is the number of classes) in traditional apof
proach. Fig. 4 gives the results to prove the proposed method’s
effectiveness in reducing training timings. Fig. 4(a) gives the
training time of a single class with different number of patches
when using the traditional method. Fig. 4(b) is the result of
our method. We can see that the training time of the proposed

method does not increase with class number and is much less
than the timings needed in traditional method. These results
prove that the proposed method makes the learning process fast
enough for online implementation even with a large number of
scenes (classes).
C. Scene Learning and Recognition
We now turn to the online incremental scene learning and
recognition problems with the above modified classification
trees.
When adding a new scene into the system, we firstly get a
from the
certain number of local patches
two keyframes used to reconstruct the sub-map. Then, all the
above patches are rotated according to the orientations of SIFT
descriptors to resist camera rotations and smoothed by Gaussian
filter to reduce the influence of image noise. The treated patches
are simply dropped down each tree according to the binary tests
as (6), and then (9) is used to deduce the class ’s patch numbers
which will be stored in the reached nodes. When removing a
map from the system, we need only to set the corresponding
class’s patch number as 0 in each leaf node.
In recognition stage, a scene is identified by dropping the deof the current frame down each
tected patches
tree and considering the sum of the patch numbers (subject to a
threshold) stored in the leaf nodes they reach as

(10)

VI. FEATURE TRACKING AND CAMERA POSE ESTIMATING
This section introduces our hybrid natural features tracking
strategy and camera pose estimating method.
When a scene has been identified, we use OPENVIDIA to
get the SIFT feature correspondences between the current frame
and the recognized scene. Since there may be some outliers, we
apply three-point RANSAC to compute an initial pose consistent with the most matches. We also take the following strategies
to increase RANSAC performance.
1) We reject matches which are collinear or very close to
each other in the image as these produce poor pose estimates.
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2) The
test developed by Matas [28] is used. When
three matches are chosen, a fourth feature is also randomly selected as an evaluation feature. This feature is
the first to be projected to evaluate the pose. If this prediction does not find a match, then that pose is abandoned. It is possible that good poses are thrown away,
but because of the great speed-up this test gives, many
more poses are checked.
3) We also set a time limit to insure the continuity of the
system. The next frame is input and the recognition
algorithm is run again if a valid pose is not obtained
within the predefined time limit. A time limit of 30
ms is chosen which is felt to be enough time to try a
reasonable number of poses.
With the obtained innerlies, we compute a more robust and
stable result through minimizing the actual residual errors, given
as follows:
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imal normalized cross-correlation score with the transformed
patch on the reference image. In the above computation, if the
cross-correlation score is below the predefined threshold (0.7
in our case), we consider this feature is occluded and discard it
simply. In Section VIII-D, we will discuss the performance of
the proposed lost feature recovering method by comparing it to
other methods.
The outlier proportion of the above modified optical flow
tracker is commonly small; therefore, we use the Tukey biweight estimator as (13) instead of RANSAC to eliminate
outliers and compute camera pose simultaneously in tracking
stage:

(13)
is the Tukey biweight objective function which can
where
be computed as

(11)
if
where
corresponding to (1), is the number of innerlies.
We use the Levenberg–Marquardt algorithm to solve the above
problem.
Once the initialization has been done, the optical flow tracker
is used to track features between consecutive frames. However,
optical flow tracker suffered from losing features. This is especially true in the case of features going out of the field of
view or occluded by users and some scene objects. Thus, the
valid matches will become less and less during tracking process,
which will finally result in the failure of registration.
In man-made environments, most of the immediate surroundings of the natural features can be viewed as nearly planar. Furthermore, the scene depth is usually much smaller than the distance between the scene and camera. Therefore, it can be assumed that most of the features can be simulated using homography even with large camera motion and moderate illumination
changes.
For the patch of a given feature , the transformation from
the reference image to the current frame can be denoted as
follows:

(12)
where
is the homography between the current and reference images. It can be obtained with the correspondences of the
is the th pixel in the
neighboring features.
patch surrounding the feature .
To recover the lost features, we firstly compute the candidate
positions of the lost features on the current image using the calculated projection matrix . Then the patches of the lost features on the reference image are transformed using (12). The
correlation operations are performed with the features detected
surrounding the reprojection to recover the
within
lost features. The recovered feature is the point that has the max-

(14)

if
where is the standard deviation derived from all the residuals. We solve (13) using Levenberg–Marquardt method and the
camera pose of the previous frame.
VII. REGISTRATION METHOD
This section gives the detailed descriptions of the proposed
registration method.
When system is started, an initialization stage is carried out to
generate the random trees which will be used for online scene
learning and recognizing. We build the classification trees by
randomly selecting the node tests, i.e., the and in (6). The
compensation value for each node test is selected randomly
.
in the range
To build a sub-map, we firstly get two reference keyframes of
the target scene with user’s cooperation, and then obtain feature
correspondences between these two keyframes using the GPUSIFT. With the feature correspondences obtained, we use the
RANSAC and five-point algorithm to estimate the camera poses
to triangulate the matched natural features. The camera pose
and triangulated features are finally optimized by using (2) to
overcome the image processing errors.
Once a new sub-map has been added into the system, the next
step is to learn the reconstructed scene using the built classification trees. We firstly rotate the local patches detected from the
two keyframes according to the orientations of SIFT descriptors
to resist camera rotations. Then each rotated patch is smoothed
by Gaussian filter to reduce the influence of image noise. Each
treated patch is simply dropped down each tree according to the
node tests defined in advance and (9) is taken to compute the
current class’s patch numbers that will be stored in the reached
nodes for scene recognition use.
To recover from tracking failures, a scene recognizing stage
is firstly performed by using the trained random trees and the
input frame. The rotated and smoothed local patches of the input
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Fig. 5. Flowchart of the proposed registration algorithm.

frame are simply dropped down each tree, and the class with
the greatest sum of patch numbers returned by (10) forms the
recognition result.
To get the initial camera pose, we firstly use the GPU-SIFT
to obtain the feature correspondences between the input frame
and the recognized scene. The modified three-point RANSAC
algorithm discussed in Section VI is then used to compute an
initial pose consistent with the most matches. This computed
pose is finally optimized by using (11) to get a more robust and
stable result for camera tracking use.
Once a valid initial pose is obtained, the next step is to track
natural features between consecutive frames to compute camera
poses for registration use. We use the optical flow tracker to
track natural features from the previous frame to the current
frame, and then use the Tukey biweight estimator as (13) to
eliminate outliers and compute the camera pose simultaneously.
With the camera pose computed, we can then augment the virtual objects to the real world. The above computed camera pose
is also used to recover the lost features. We firstly compute the
candidate positions of these features on the current frame and
transform the corresponding patches using (12). Then, NCC operations are performed to recover the positions of the lost features in the current frame. The recovered features will be fed
into the optical flow tracker. Hence, there will always be a sufficient number of natural features that has been tracked for the
estimation of the corresponding camera pose.
Fig. 5 gives the flowchart of the proposed registration method
which can be divided into following three stages: 1) sub-map
building and scene learning, 2) scene recognition, and 3) camera
initialization and tracking. All the above steps are implemented
in online fashion and the complete algorithm is described as
follows.
Step 1) Select a target scene; get two reference images. Detect and match SIFT features in these two images
using the GPU-SIFT.
Step 2) Reconstruct the selected scene using the method discussed in Section IV; add local patches of this scene
to the classification trees as a new class using the
method discussed in Section V-C.

Step 3) If the user wants to build anther sub-map, go back to
step 1; otherwise, turn to the next step.
Step 4) Detect SIFT features in current frame; get local
patches surrounding the detected features.
Step 5) Recognize the current scene with the obtained
patches and (10).
Step 6) If a target scene is identified, turn to the next step;
otherwise, go back to step 3.
Step 7) Match features between the current frame and the
identified scene.
Step 8) If current frame is the initial frame, initialize camera
pose using RANSAC and (11). Otherwise, calculate
the camera pose using (13) directly.
Step 9) If a valid pose is obtained, turn to the next step; otherwise, go back to step 3.
Step 10) Superimpose virtual object, recover the lost features,
track features using optical flow tracker, and go back
to step 8.
VIII. RESULTS
We implement the proposed algorithm on a desktop PC with
an Intel 3.0-GHz processor with NVIDIA 8800GTS card and 1
using the OpenCV liGB of RAM. Software is written in
brary. The image size is 320 240. Experiments are performed
during live operation using a handheld CCD camera which is
calibrated in advance using GML Camera Calibration Toolbox
[29].
A. Indoor Environments
The first experiment is taken to demonstrate the multiple submaps manipulating capability of our method. In this experiin advance
ment, we build twenty classification trees
for online scene learning and recognition use. Each scene is
represented using 100 local patches surrounding the SIFT features detected from the two keyframes used to reconstruct the
sub-map. These patches are then used to train the built classification trees.

Authorized licensed use limited to: Huazhong University of Science and Technology. Downloaded on November 14, 2009 at 18:16 from IEEE Xplore. Restrictions apply.

GUAN AND WANG: REGISTRATION BASED ON SCENE RECOGNITION AND NATURAL FEATURES TRACKING TECHNIQUES

1401

Fig. 6. Results of the indoor experiment.

Seven sub-maps are made on different places in our laboratory whose area is about 80 square meters. The user creates the
maps and adds some AR to show the tab of the target scenes.
Fig. 6(a) gives the matched SIFT features between the two reference images from the first scene. Fig. 6(c), (e), (g), (i), (k),
and (m) shows other scenes with the reconstructed natural features and the four points used to define the sub-map coordinate
systems. Fig. 6(b), (d), (f), (h), (j), (l), and (n) shows the corresponding registration results. Fig. 6(o)–(q) gives the results
with changes of the volumes, viewing angles, and illumination,
respectively. The system is able to successfully identify all the
mapped areas and switch between them automatically. When
the user is traversing the areas between sub-maps, the system
becomes lost and attempts to recognize a target scene [Fig. 6(s)].
Once the user arrives at a mapped location, the system is able to
identify and registration resumes [Fig. 6(t)].
As a comparison, the single map system [2] and the recorded
video sequence are used to build one large map of the same en-

vironment. We can see from Fig. 7(b) that there are not enough
features to calculate the camera pose (tracking falls into a local
minimum) when the camera is moved to the lower textured place.
However, the tracking quality heuristics have not detected this
failure and the mapping thread still adds keyframes to the system
which finally result to the failure of registration [Figs. 7(c) and
7(d)]. In contrast, our multiple sub-maps approach can overcome
the above problem successfully. Because no geometric links exist
between the sub-maps, users can simply ignore the lower textured place and only build sub-maps of interested scenes to fulfill
wide-area registration task.
B. Outdoor Sprawling Environments
Another experiment is carried out to show how the proposed
method can be used in large sprawling environments. We build
20 maps around our campus on different sights as illustrated
in Fig. 8. Fig. 9 gives the augmentation results of these scenes
where sub-maps are made. The virtual objects are the 3-D
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using multiple sub-maps allows a robust tracking and mapping
experience, without the fragility and the waiting for the bundle
adjustment of the single map system.
C. Registration Accuracy
We use the RMS errors [8] to test the accuracy of registration.
We are especially interested in the RMS errors under the circumstance of changes in rotations and zooming ratio. Fig. 11(a)
gives the RMS errors of the proposed method when camera rotates along Z-axis from 0 to 60 . The purpose is to simulate the
case when users make large changes in view angles. Fig. 11(b)
gives the RMS errors when camera zooms. The purpose is to
simulate the case when users move close to or far from the scene.
All the above errors are below 3 pixels which demonstrate the
accuracy of the proposed method.
Fig. 7. Results of the single map system described in [2].

D. Comparison With Previous Methods

Fig. 8. Distribution of the selected scenes in the outdoor experiment.

words indicating the scene number. We can see that scenes
7–9 are similar (architectural style, shape, and color), but have
varying amounts of clutter depending on its occupants. Our
method can differentiate these similar scenes and superimpose
corresponding virtual objects successfully. Relocalization into
the first scene is shown in Fig. 10(a). Fig. 10(b)–(d), (g), and
(h) give the registration results in cases of partial occlusion in
scenes 11, 14, and 19, respectively. Fig. 10(e) and (f) shows the
results with large changes in volumes and viewpoints in scenes
16 and 18.
We also try to build a map covering the four nearest sights
(7, 8, 9, and 10) using the single map system [2]. The system
is able to create a map containing 143 keyframes. However, at
this map size, the new keyframe cannot be inserted timely due
to the significant amount of time taken by bundle adjustment.
This really reduces the freedom to explore. Also, the incomplete tracking quality heuristics cause the insertion of incorrect
information into the map which results in tracking failures continually. The above problems lead to the system becoming more
frangible to use, and the user having to retrace their steps when
the tracking collapse more and more frequently. In contrast,

We carry out two experiments to compare the RMS errors
obtained using the proposed feature tracking method with other
methods. The comparisons made are 1) comparison with the
Yuan’s KLT-based tracking method and 2) comparison with the
Klein’s two-stage coarse-to-fine matching method.
In the first experiment, we compared the registration accuracy of the proposed approach with the method given by Yuan
et al. [8]. In this experiment, we changed the camera view point
angle from 0 (the camera’s optical axis is orthogonal to the real
scene) to 45 in the live video sequence. The recorded RMS errors are shown in Fig. 12(a). We can see that the errors of the
Yuan’s method deteriorate over time. This is mainly due to the
direct use of the NCC to recovery the lost features in tracking
processes, whereas, our method can always provide reasonable
tracking results since the lost patches are warped by homography to take account of viewpoint changes between the patch’s
first observation and the current camera position. This experiment convincingly proves the validity of the proposed homography-based lost feature recovery method.
In the second experiment, we compare our method with the
Klein’s method [2] in which a two-stage coarse-to-fine wide
baseline strategy is used to match features between the current and reference frames directly. Fig. 12(b) gives the RMS errors recorded in this experiment. We can see that our method is
more stable and accurate than the Klein’s method, which really
demonstrates the effectiveness of the proposed feature tracking
method.
E. Timings
The computation times of the first experiment are recorded.
As can be seen from Table I, it mainly consists of the following
parts:
1) time for GPU-SIFT-based feature detecting and matching;
2) time for reconstructing the sub-map;
3) time for training the classification trees;
4) time for scene recognition using the built classification
trees;
5) time for RANSAC and LM-based tracking initialization;
6) time for feature tracking and lost feature recovering;
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Fig. 9. Results of the outdoor experiment.

7) time for M-estimator-based camera pose estimation.
The computation time of the GPU-SIFT detecting and
matching is 0.03 s. The average time for reconstructing the
sub-map is about 0.12 s. The training and recognition times are
all less than 0.01 s. The times for RANSAC and LM are less
than 0.04 s. Feature tracking and recovering take about 0.04 s.
M-estimator needs 0.015 s.
Thus, adding a new sub-map [Table I(a)] takes about 0.16
s. Camera initialization time [Table I(b)] is less than 0.08 s.
Camera tracking [Table I(c)] takes about 0.055 s. The frame rate
is about 18 fps for camera tracking and augmentation, which is
fast enough for online AR applications.

Fig. 13, the scene number varies from 50 to 2000 and the corresponding recognition times are recorded.
We can see that our method runs much faster than the method
of Klein [3] with the same number of scenes. In order to ensure
the continuity of the AR system, we stipulate that the camera
initialization time should not exceed 0.12 s. Removing the
times for feature matching (0.03 s) and camera pose calculation
(0.04 s), the times left to scene recognition is 0.05 s. Since 20
trees can provide reasonable recognition results as discussed
in Section V-B, our system can manage about 650 scenes for
wide-area AR applications and the scalability is significantly
better than the method of Klein.

F. Scalability
An experiment is carried out to test the scalability of our classification trees-based scene recognition method. The intention is
to test how many scenes the method can deal with while maintaining the speed of the camera initialization. We compare our
approach with the method of Klein [3] in which cross correlation is used to recognize the closest keyframe. As illustrated in

IX. DISCUSSION
In this paper, a simple registration method using scene recognition and natural features tracking techniques is proposed for
wide-area augmented reality systems. Virtual objects can be superimposed on arbitrary dispersed places in wide-area environments, depending on the user’s preference or the requirements
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Fig. 10. Results of relocalization, occlusion, and viewpoints changes in the outdoor experiment.

Fig. 11. RMS errors.

of the AR applications. Some issues that should be further addressed to improve the performance of the proposed registration
method are discussed as follows.
1) Only two keyframes are used to build the sub-map of each
target place. The user’s line of sight is limited to the field
covered by these two images. Thus, users can only observe
part of the superimposed virtual object whose volume is beyond the above field. This problem weakens the usability
of the proposed registration method to some degree. In future work, we will develop automatic keyframe selecting
mechanisms to add new keyframes to sub-maps dynamically, and then make use of online structure from motion
techniques to extend the effective view fields of sub-maps
to improve the tracking agility.
2) Random trees are used to learn and recognize keyframes in
this proposed method. As can be seen from Section VIII-F,
the computation time consumed by the random trees-based
keyframe recognition is the pivotal factor that limits the
scalability of our method. While the current system can
manage about 650 scenes, it is far from being satisfied to
meet the requirement of city scale AR applications which
may contain several thousands of sub-maps. In fact, both
the learning and recognizing are processes that can be
highly parallelized. So, in future work, we will try to use
GPU to accelerate the classification trees-based learning
and recognition algorithm to enable our system with the
capability to manage much more scenes.

3) In this research, we specify four points in each sub-map to
define the region in which the virtual objects will be augmented. In fact, we can specify more regions and superimpose more virtual objects using the same method. This
extension is very similar to the multiple markers case in the
ARTOOLKIT.
The proposed method can be used in AR assisted systems
in virtual exhibition, post-disaster reconstruction, etc. For example, the method can be easily used for AR-based virtual exhibition applications. In these applications, visitors would want
to walk anywhere to observe different virtual cultural relics like
antiques, calligraphies, and paintings superimposed in different
places in the exhibition hall. We can use our method to build different sub-maps of different places in which the virtual objects
will be augmented and integrate these sub-maps into a single
system using the proposed random trees-based scene recognition approach. Then, when visitors move to a target place, they
can browse the corresponding virtual relics augmented in the
real world. In the field of post-disaster reconstruction, planners
can superpose different virtual scenes in different places to observe the effects of different reconstruction schemes to assist the
establishment of the final blue print.
X. CONCLUSIONS AND FURTHER WORK
This paper proposes a novel wide-area registration framework based on scene recognition and natural features tracking
techniques. The first contribution is that we demonstrate the
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Fig. 12. Comparing our tracking method to other methods.

TABLE I
COMPUTE TIMINGS

scenes. Both learning and recognition processes are implemented in online fashion that is fast enough for real-time AR
applications. Thirdly, we also propose a hybrid feature tracking
strategy combining both wide and narrow baseline techniques.
While providing accurate registration, our system can automatically switch between different sub-maps seamless. In future
work, the proposed method will be applied in AR applications
such as AR-based virtual exhibition and AR-assisted post-disaster reconstruction scheme evaluation.
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