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I. INTRODUCTION

The long term aim of our research is to find an on-line,
probabilistic mapping algorithm for mobile robot naviga-
tion in both indoor and outdoor environments. Needless to
say, there are many challenges. Outdoor environments can
be huge, unstructured and dynamic. Many of the existing
solutions to the robotic mapping problem indoors will not
be applicable outdoors [1], simply because the methods
employed do not scale well to larger and more complex
environments. Our first approach is to use a topological
representation of the world. Later, metric information or
additional topologies could be added to form a hybrid map,
which would allow the robot to perform specialized tasks.

Topological approaches to the robotic mapping problem
use landmarks to define the nodes (places) of the map.
The gathering of landmarks into distinct places is a largely
unsolved problem. Existing approaches include defining the
places by hand, unsupervised clustering algorithms [2], and
detection of “distinctive places” [3]. If the whole set of
landmarks is available, the mapping problem can be viewed
as a search problem to find the best topological map that
fits the observed landmarks (and other sensor data, such
as odometry). The landmarks can be artificial landmarks
such as beacons, or natural occurring features extracted by
sensors such as laser range finders, sonars or cameras.

When building the topological map, one must also
consider the correspondence problem and perceptual alias-
ing (multiple places have similar appearance); we wish
to maintain a one-to-one correspondence between nodes
in our map representation and places in the real world.
The classical – and very successful – approaches to this
problem are various probabilistic techniques [1]. However,
probabilistic approaches can be computationally expensive,
often growing exponentially with the size of the map [4].
The method we propose can be considered probabilistic
(because the link likelihood is determined by visual sim-
ilarity of image sequences) and avoids the computational
problem of considering multiple hypotheses.

II. TOPOLOGICAL MAPPING USING VISION

This section describes our proposal for topological map-
ping using vision. The approach utilizes local features
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extracted from panoramic images combined with a seg-
mentation technique to derive a topological map from a
sequence of images obtained by a mobile robot. At each
time step, the new image is compared to the previous
images and the result (i.e. the number of feature matches
between the two images) is stored in a matrix. Figure 1
shows an example for a run of 602 images. Note that
there are two indications of closed loops in the matrix
from images around 40 to 420 and from the first to last
images. When a map is required by the planning system,
the topological map is created in two steps. First, the
sequence of images is divided into smaller sections, where
each section represents a place. This place detection need
not consider the correspondence problem at all; instead,
one area might very well be represented by two or more
nodes. Second, the links between the nodes are generated
by considering the result matrix and the result from the
place detector. Although much work remains, the approach
has been shown to give good preliminary experimental
results in a fairly complex indoor environment (Figure 3).

A. SIFT - feature matching applied on panoramic images

SIFT, the Scale Invariant Feature Transform, first pre-
sented in 1999 [5], was developed and patented by David
Lowe. The main characteristic of SIFT is that it uses a
feature description that is invariant to scaling and rotation.
It is also insensitive to changes in illumination and camera
location.

The landmarks extracted from the images are the Mod-
ified Scale-Invariant Feature Transform (MSIFT) features,
as described by Andreasson [6]. The images are obtained
with an omnidirectional camera, which simplifies calcula-
tions, since we need not worry about the direction of the
robot (Θ), only its position (x, y). An example of feature
matching is shown in Figure 2.

B. Place detection

In our approach, a place is a collection of images that are
considered similar enough, i.e., there is a sufficient number
of feature matches between the images. The place detection
algorithm relies heavily on the assumption that the images
are acquired in sequence, and that the distance travelled
between each image is not too great. The place detector
uses a quick and greedy algorithm that simply searches for
the longest image sequences. For an example of another
approach, see [7].



Fig. 1. Result matrix, illustrating the number of feature matches between
images of a 602-image run.

Fig. 2. Some of the features matched between two panoramic images.

By using only local feature matching as the criterion for
determining boundaries between places, we do not require
any knowledge about the geometry of the environment.
This gives the algorithm the potential to work well in
unstructured environments. On the other hand, there is also
a chance that we will misclassify an image because of noise
or occlusion. This can be solved by introducing a filter that
removes images that do not “fit” into the sequences.

C. Building the topological map

To get a complete topological map, the places detected
need to be connected to each other. Because the images
are assumed to be obtained in sequence, there are weak
links (following Lu and Milios [8]) between consecutive
nodes in the sequence. In addition, a strong link exists
between node A and node B when an image in node A
matches an image in node B. This means that we expect
strong links to form between nodes in larger areas, because
some features are common to some images in the nodes.
Also, we expect that if we revisit a previously visited
area, a link will be created between the revisited node
and the new node. Unfortunately, the feature matching is
not perfect, so that false links will be created. Working

Fig. 3. Resulting probabilistic topological map. Link likelihood is
illustrated by line boldness. Weak links are not shown.

towards a probabilistic approach, we propose the concept
of link likelihood. Simply put, the link likelihood measures
the probability that two nodes share common features. The
link likelihood can be seen as function of the number of
image matches between node A and B. An example of the
resulting topological map can be seen in Figure 3. Darker
lines indicate links with high likelihood; weak links are not
shown. It is interesting to note that the two loops indicated
in the result matrix are in fact found by this method. There
is also one obvious false link. This link exist because
of perceptual aliasing; it could be removed by increasing
the matching threshold or by other improvements to the
matching algorithm.
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