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Abstract— This paper 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.
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. INTRODUCTION

Augmented 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. 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. 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,
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 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, try to solve the
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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 and narrow baseline
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 other’s’
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.

Il. 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.

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.

I11. NATURAL FEATURES DETECTING AND MATCHING

This section introduces the natural features detecting and
matching methods used in our system. Recently, and the
scale invariant feature transform, also known as SIFT, 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 extreme 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). Key point localization: Key points are then
detected at the local minima and maxima within the
calculated DoG scale-space while others are
discarded based on measures of their stability.

(3). Orientation assignment: One or more orientations
are assigned to each key point 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). Key point descriptor: For each detected key point,
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. 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.

IV. 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:
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(a). Scene representation;
(b). Building the classification trees;
(c). Scene learning and recognition.

A. Scene Representation

A scene is represented by the local patches surrounding the
SIFT features detected from the two key frames. 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.

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.

C. Scene Learning and Recognition:

We now turn to the online incremental scene learning and
recognition problems with the above modified classification
trees.

V. 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.

(2). 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.

VI. 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. To build
a sub-map, we firstly get two reference key frames of the
target scene with user’s cooperation, and then obtain feature
correspondences between these two key frames 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. 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 key frames 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 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 frame are
simply dropped down each tree, and the class with the
greatest sum of patch numbers returned by (10) forms the
recognition result. 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
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.
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VIl. RESULTS

We implement the proposed algorithm on a desktop PC with
an Intel 3.0-GHz processor with NVIDIA 8800GTS card
and 1 GB of RAM. Software is written in using the Open
CV library. 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].
Indoor Environments:

The first experiment is taken to demonstrate the multiple sub
maps manipulating capability of our method. In this
experiment, we build twenty classification trees in advance
for online scene learning and recognition use.
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