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Environment representation and situation awareness are key issue for
personal and service robotics. Recent research in mobile robotics mainly
concentrated on environment representations for efficient and robust
navigation (e.g. Simultaneous Localization and Mapping). However,
personal robots need competences that go beyond navigation and thus
environment representations that include relationships and semantics of
objects. Only this will enable personal robots to reason about the
environment and develop cognitive competencies.
Many methods have been proposed to represent an environment in the
framework of autonomous navigation, from precise geometric maps based
on raw data or lines up to purely topological maps using symbolic
descriptions. Each of these methods is optimal concerning some
characteristics but can be very disappointing with respect to other
requirements. However, none of them is able to cope with the large variety
of environments that humans encounter in their daily live.

Most current approaches make a trade-off between precision and global
distinctiveness. Precision and distinctiveness have a strong link with the
level of abstraction of the features used for navigation (fig.1). Raw data
represent the lowest level in the hierarchy of abstraction. Localization and
mapping with raw data can result in high precision, but the required data
volume scales very badly with the size of the environment, the
distinctiveness of the individual data points is very low and semantic
information cannot be integrated. An example of such an approach is
Markov localization [Fox98, Thrun01]. The second level of abstraction
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Figure 1: This figure depicts the hierarchy of abstraction levels towards
cognitive maps. More we go up in the hierarchy, more we reduce the geometric
information and we increase the distinctiveness and semantics information. For
localization and mapping, geometric precision and distinctiveness is of
importance, whereas for the development of cognitive competencies, semantics
and relations between objects come forward.

corresponds to geometric features (lines, edges). The stochastic map
technique to SLAM [Leonard92, Castellanos99, Dissanayake01] and the
multi-hypothesis localization [Arras03] are typical examples belonging to
this level. These approaches still feature high precision with reduced
memory requirements, but have shortcomings concerning global
distinctiveness and unmodeled events and are still purely geometrical.
Partially geometric features correspond to the third level of the hierarchy.
Representations using partially geometric features are for examples
fingerprints (a sequence of low level features) described in [Lamon01,
Lamon03], but also more bio-inspired approaches [Arleo00, Berthoz97,
Hafner00] using neural networks, e.g. the work by Hafner [Hafner00] uses a
neural network to create a topological map of the environment based on
images of an omni-directional camera. On the highest abstraction level the
environment is represented by a symbolic description. This can be very
compact and distinctive, but reliable tools for extraction of high level
features and appropriate concepts for probabilistic high-level knowledge
representations are still under development.
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Figure 2: Cognitive Map: Relationship between objects – from
relationships to scenarios

The aim of the present work is to suggest and discuss a multilevel
representation approach for robust and compact environment representation
with the goal of establishing cognitive maps for future service and personal
robots. This is realized by integrating different level of abstraction and
representations in a common framework for navigation and interaction. For
example, to get from the airport to a given room in a hotel, maps of the city
streets and of the hotel are necessary, but also knowledge about
transportation systems and much more. Clearly, this task requires different
representations and levels of abstraction for planning and decision-making.
A crucial point is then the linkage between the different levels of abstraction
so that the representation remains coherent over time. In the multi-level
representation we propose, the mobile robot uses the most suitable level of
abstraction, depending on the task it has to accomplish and the certainty
about its pose. Moreover, depending on the actual situation, it has to be able
to switch from one level to another (see figure 1).

In this paper we will discuss the possibility to integrate most recent
results in mobile robot navigation in a multi-level hierarchical representation
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and we will present our first attempts towards multi-resolution, multi-
representation maps. The presentation starts with a general description of the
proposed framework. We will then discuss typical sensors used in mobile
robotics and their impact to the environment representation. Firstly our
approach combining low-level features for local metric and fingerprints for
global topological localization and mapping will be presented and
highlighted with experimental results. Secondly our concepts towards
cognitive representation are presented. The cognitive maps or mental maps –
term introduced for the first time in [Tolman48] – permit an encoding of the
spatial relations between relevant locations or objects within the
environment. More details with regards to the cognitive maps can be found
in [O’Keefe78], The cognitive maps can be viewed as topological
representations (see figure 2). The main idea is to combine objects and their
relationships in a probabilistic object-graph model in order to enable
planning and reasoning on an abstract level. Preliminary simulation results
will outline this approach, its potential and related challenges.
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