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Abstract

Our work addresses the problem oflearning a set of visual
landmarks for mobile robot localization. The learning frame-
work is designed to be applicable to a wide range of envi-
ronments, and allows for different approaches to computing
a pose estimate. Initially, each landmark is detected using
a model of visual attention and is matched to observations
from other poses using principal components analysis. At-
tributes of the observed landmarks can be parameterized us-
ing a generic parameterization method and then evaluated in
terms of their utility for pose estimation. We discuss the sta-
tus of the work to date, and future directions.

Problem Statement
Our goal is to develop a framework for a robotic system
which can automatically acquire knowledge of its environ-
ment that is useful for the task of navigation. An impor-
tant aspect of this system is the ability to localize. It is well
known that odometry alone is not sufficient for a robot to
maintain an accurate estimate of its position or pose. As a
result, a robot requires other external cues in order to lo-
calize accurately. In previous work (Sim & Dudek 1999),
we have developed a framework for the localization prob-
lem which employs supervised learning to infer the corre-
lation between attributes of the observed landmarks and the
pose of the robot. The landmarks themselves are initially
extracted as the maximal responses of an attention operator.

Our prior work serves as a proof-of-concept of the ap-
proach. There remain several unanswered questions. First,
what attention operators are best suited to the task of local-
ization? Second, how should the correlation between land-
mark attributes and pose be calculated? Finally, what is the
best approach to collecting training data? We intend to ad-
dress these issues in our future work.

Previous Work
Prior work on the localization problem includes the Markov
localization framework (Foxet al. 1998), which computes a
probability density function over the pose space and updates
this funtion over time by exploiting the Markov assumption
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and a prior map. There are two disadvantages to that ap-
proach – first, computational condiderations require that the
pose space be discretized; and second, in the basic frame-
work pose estimates are derived from the global sensor out-
put – outliers in the field of view can pose problems for the
estimator. Furthermore, the goal of the Markov localization
framework is to minimize the positional uncertainty over the
trajectoryof the robot, and hence assumes a prior probabil-
ity density estimate of the pose at each stage, requiring the
robot to move in order to refine its pose estimate.

Our prior work addressed these issues in the context of
computing a precise pose estimate without anya priori
knowledge or motion on the part of the robot (Sim 1998).
The mechanism operates by firstexploringthe environment,
collecting images from a set of sample positions. From this
training data a set oftracked landmarksare computed by
first selecting a set of candidates on the basis of the output of
an attention operator, and then tracking the candidates over
the input images. Figure 1 depicts a set of candidates ex-
tracted from an image taken in our lab. A supervised learn-
ing scheme is employed to compute a set of parameteriza-
tions from the variations of visual attributes of the tracked
landmarks with respect to changes in robot pose. For exam-
ple, we consider the variation in appearance and position of
a landmark as a function of the robot’s position. The uncer-
tainty of these parameterizations can then be estimated from
the training data using a cross-validation scheme.

Once training is complete, the robot is equipped to gener-
ate a pose estimate from anywhere in its pose space. When
an estimate is required, it acquires an input image and ex-
tracts a set of candidate landmarks. These candidates are
matched to the learned tracked landmarks, and a separate
pose estimate is generated for each match. The resulting es-
timates are then combined in a robust manner, taking into
account thea priori uncertainty of the tracked landmark pa-
rameterizations. Figure 2 demonstrates the accuracy of the
method. Each ‘x’–‘o’ pair represents a generated pose esti-
mate and the actual pose of the robot, over a 2m by 2m pose
space in a laboratory environment.

Future Work
Currently, we are evaluating the suitability of different atten-
tion operators for the task of extracting candidate landmarks.
The generic nature of our framework allows for a straight-
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Figure 1: A scene with extracted landmark candidates.
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Figure 2: A set of pose estimates obtained from a 2m by 2m
laboratory environment.

forward substitution of a new attention operator. The quality
of the results will be measured in terms of the raw accuracy
of the resulting pose estimation system, as well as its ability
to measure the uncertainty of the pose estimates.

In order to address the problem of selecting an appropri-
ate attention operator, we will consider the prior work of
Shi and Tomasi (Shi & Tomasi 1994), which selects features
which are well disposed to tracking, Reisfeldet al. (Re-
isfeld, Wolfson, & Yeshurun 1995), which selects features
on the basis of symmetry, and Itti and Koch (Itti, Koch, &
Niebur 1998), which employs a variety of criterion in order
to select regions of high saliency.

Second, we are investigating alternative parameterization
paradigms. Our initial parameterization method linearizes
the joint data-pose space, and the results are very good
compared to the standard linear least-squares estimation ap-
proaches which treat the pose and data spaces as duals. We
are also considering non-linear parameterization approaches
such as neural networks and regularization.

Finally, we are considering the important problem of de-
ciding what are the best poses from which to collect training

observations. In formulating a solution to such a problem,
one must consider seriously the issue of what constitutes a
good model of a landmark, as well as the costs associated
with physically moving the robot to new vantage points.

Our consideration of these issues will rely heavily on the
theoretical framework for inverse problem theory developed
by Tarantola (Tarantola 1986), Whaite’s approach to model
parameter estimation using active vision (Whaite & Fer-
rie 1990) and the approach to map-building developed by
Kuipers and Byun (Kuipers & Byun 1991), which constructs
local regions of reliability in the pose space.

We expect that a theoretically rigorous approach to the
problem of learning to estimate pose from visual landmarks
will lead to an implementation that is successful both exper-
imentally and in practical settings.
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