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Abstract. Hybrid maps are quickly becoming popular in the field of mobile robotics.
There is, however, little understanding of the general principles that can be used to
combine different maps into a hybrid one, and to make these maps to cooperate. In
this note, we propose a definition and a classification of hybrid maps, and discuss the
synergies that can make a hybrid map something more than the sum of its parts. We
illustrate these points with experimental results obtained on a metric-topological map.

1 Introduction
Autonomous robots typically rely on internal representations of the environment, or maps,
to plan and execute their tasks. Several types of map have been proposed in the literature,
and there is general consensus that different types have different advantages and limitations,
and that each type is more suited to certain tasks and less to others [5, 14, 22]. For instance,
metric maps allow the robot to compute optimal paths and to perform accurate localization.
However, metric maps are hard to create and maintain due to the inaccuracies in the robot motion and sensing, involve heavy computational costs, and do not interface well with symbolic
problem solvers and humans. By contrast, topological maps scale better to large environments and they interface more naturally with symbolic systems and humans. However, these
maps only allow coarse localization and suboptimal path planning, and they make it difficult
to distinguish between different places without using some metric information.
Because of these reasons, it is becoming common wisdom in the field of mobile robotics
to use hybrid spatial representations that integrate several maps, usually of different types.
The rationale for this is that by combining maps with different advantages and limitations
we can gain the advantages from each component while eliminating some of its drawbacks.
For instance, several authors have recently proposed hybrid metric-topological maps with
the intent to combine the accuracy of metric maps with the scalability of topological maps
[20, 7, 18, 13, 11, 22, 2].
When taking a closer look at the hybrid maps proposed in the literature, one notices that
there are almost as many different ways to perform the “hybridization” as there are authors.
Some authors propose a hierarchical structure [14, 17] while others rely on a more flat structure [23, 10]. Some build a topological map on the top of a metric one [5, 20, 12] while
others do the reverse [11]. Some use an integrated representation including both topological
and metric information [7, 10, 2] while others use clearly separated representations [18, 13].

Some let much information flow between different maps [22] while others favor rather isolated maps [1].
In face of this variety, there is unfortunately no systematic analysis of the different ways
in which different maps can be combined, and how they can be made to cooperate. This
foundational gap makes any hybrid map somehow ad-hoc, since there is no clear grounding
for the choices made in its construction.
In this note, we report some reflections about hybrid maps with the aim to start filling this
gap. In particular, we propose: (i) a definition of hybrid map; (ii) a classification of hybrid
maps along the dimensions of heterogeneity, hierarchy, and separability; (iii) a list of the
possible synergies that make a hybrid map something more than the sum of its parts; and
(iv) a list of the new problems that a designer of a hybrid map should consider. To better
illustrate these reflections, we present a specific example of a simple hybrid map developed
in our research, and show experiments run on an iRobot Magellan Pro robot in an office
environment.
2 Hybrid Maps
In order to study hybrid maps, we first need to fix some terminology. We therefore propose
definitions for some basic notions related to robot maps. Our definitions are rather minimalistic. Their aim is to allow us to discuss more precisely the different varieties of hybrid maps
and their inner mechanisms, without committing to any specific formalism.
Definition 1. A robot map is any digital representation of the space.



     pos where:  is a metric space equipped



   is a set of objects, and pos    is a
 to an element of  (or to a subset of  ).

Definition 2. A metric map is a triple
with a distance function ,
function that associates each object in



Thus, a metric map is simply a collection of objects together with their position (or extent)
is some -dimensional metric space. (See, e.g., [19] for a definition of mathematical metric
spaces.) Note that these objects do not need to represent physical objects. For instance, the
above definition captures both feature maps [9] and grid maps [15] by letting the objects
represent features or cells, respectively.
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Definition 3. A topological map is a pair
where:
nodes, and
is a set of edges.

"( )   ) 

is a set of

This definition does not relate topological maps to topological spaces, as one could expect, but to graphs. This is because most topological maps found in the literature are simply
regarded as graphs.
Maps as defined here are mere representations of the space. In order to be used inside
mobile robots, they are usually augmented with at least two additional features. 1 First, a
reference system, that allows the robot to uniquely refer to map elements, e.g., for communicating map information. Typical reference systems include a Cartesian frame in the case of
metric maps, and a set of labels in the case of topological maps. Second, a notion of state,
1

In most practical applications, the map is also augmented with a representation of the uncertainty associated
with its information. This issue, however, is not relevant to the present discussion.
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usually consisting of the current position of the robot in the map: this can be an element of
the metric space in the case of metric maps, or a node in in the case of topological maps.
It is interesting to better specify the notion of a map being “useful” to a robot for a given
task. Consider a robot , described in terms of its motion and sensing capabilities. In general,
we are interested in maps that contain the right information to allow to localize in them.
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Definition 4. A map
is localizable for a robot if there is a function Loc
the position of in
at any point in time .

57698 that estimates

This definition is intentionally vague. One could give a more specific definition by choosing a specific formalism to describe the robot and the map, e.g., as a dynamic system, but this
would reduce generality. The pre-theoretic definition above shall suffice for our purposes.
Another interesting usability property for a map is that it contains the right information to
decide how the robot can move, e.g., information about the geometry of free space.
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Definition 5. A map
any
elements of
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is traversable for a robot if there is a predicate Conn
, tells us if there is a sequence of actions for to go from

predicate often computes the connecting path as a side effect.
The Conn
Two things should be noted here. First, being localizable and traversable are not properties
of a map, but rather of the relation between a map and a robot. Intuitively, a localizable map
contains the right information to allow a given robot to answer the question “Where am I?”,
and a traversable map contains the right information to answer the question “How do I go
from A to B?”. Second, if a map is localizable (or traversable), then it is so on a given spatial
extent and at a given resolution. There is a complexity tradeoff between extent and resolution:
for instance, topological maps typically cover a larger extent than metric maps, but at the
expense of a lower resolution. As we shall see, hybrid maps offer one way to improve this
tradeoff.
We are now in a position to define the notion of a hybrid map.
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where:
Definition 6. A hybrid map, or H-map, is a pair
is a set of maps, and
is a set of links. Each link is a pair
is an object of
and
is an object of
, with
.

Intuitively, a hybrid map is a representation of space that combines two or more distinct
maps of different types. We call the constituent maps components in order to distinguish them
from the H-map itself. We also use the abbreviations M-component and T-component to refer
to a metric and a topological component of a H-map, respectively.
The links in a H-map establish the correspondence between its components by binding
some of their elements. Without this connectivity information, the H-map would simply be a
storage for independent maps, and most of the advantages of the hybridization would be lost.
A simple example of H-map is
where:
is a global metric map,
is a topological map covering the same space, and connects each node in to a point in
. Several mobile robots use a similar setup, e.g., [20, 17]. Typically, the robot plans a path
on , project this path into
by exploiting the links in , and uses
for path following
and self-localization. Another example is
where: is a coarse
grid map with cells,
are finer grid maps that constitute a tessellation of the
environment, and connects each cell in to a corresponding . This map can be used, for
instance, to perform hierarchical self-localization. Similar setups are found, e.g., in [16, 24].
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3 Inside a Hybrid Map

Af]

A hybrid map as defined above is simply a collection of maps together with the information
needed to register them. Multi-resolution mosaic grid maps like
, or systems with two
independent maps used for two independent tasks like
, would all fit this definition. Intuitively, however, we feel that a “real” hybrid map should be more than this. The purpose of
this section is to investigate what is in this more.

A 

3.1 Dimensions of hybridization
We classify H-maps along three different dimensions, which depend on the types of their
components and on how these components are integrated.

A 

Heterogeneity. A H-map is heterogeneous if at least two of its components are of essentially
different types, and it is homogeneous if all its components are of similar types. The
map discussed above is an example of a heterogeneous H-map, while
provides an
example of a homogeneous H-map.

Ag]

Hierarchy. A H-map is hierarchical if its components are hierarchically ordered, and it is flat
otherwise. Two maps are hierarchically ordered if one represents the same environment
as the other, wholly or partially, at a lower resolution or a higher abstraction level. An
example of hierarchical H-map is the
map above. An example of flat H-map is one
consisting of an occupancy grid used for obstacle avoidance, plus a feature map used for
self-localization, both covering the same space.

AP]

Separability. A H-map is separable if each component can be used independently from the
other components, and it is integrated if each component needs the other ones in order to
function. Consider for example the
map above. If the nodes in have an associated
signature, then the T-component can have its own localization mechanism and the H-map
is separable. If the nodes in do not have a signature, then the T-component must rely on
the M-component to determine the current node, hence the H-map is not separable.
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In practice, each one of these properties is a matter of degrees. Accordingly, we can place
any H-map in a 3D continuous space that has these dimensions as axes, as in Fig. 1. For
example, the multi-layer maps in [24, 6] consist of a set of maps of the same type but at
different resolutions: these are hierarchical and separable, but homogeneous. [10] proposes
a topological map enriched with local metric information: this is heterogeneous but it is not
fully hierarchical, since the metric and topological components have comparable resolutions,
and it is not separable, since the metric component cannot be used as a metric map by itself. The hybrid feature-topological map in [1] is heterogeneous and hierarchical, but it is
not separable since the T-component relies entirely on the M-component for node detection.
Finally, several authors have proposed hybrid maps consisting of a set of small metric maps
connected by a topological map [7, 13, 22, 2]. These are both heterogeneous and hierarchical,
and the maps in [13, 22] are also separable since the T-component has its own independent
localization and/or planning process. The simple H-map described in Sect. 4 below is also of
this type.
In the rest of this note, we shall require that H-maps are heterogeneous, since this property
is somehow implicit in calling a map “hybrid”. The other two properties are also desirable in
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Figure 1: Dimensions of hybridization, indicating the place of some of the H-maps in the literature.

H-maps: hierarchy improves the complementarity between the components, and separability
guarantees that each component is able to produce some independent information that can be
used by another other one, therefore enabling synergies.
3.2 Synergies
The most obvious reason for using a H-map is the ability to exploit the individual advantages
of each one of its component maps. There can be even more to gain, though, by exploiting the
interaction between these components. Exchanging and combining information between the
components can result in a number of synergies, which in turn can increase performance to a
level that would be hard or impossible to achieve using one single component. Note that two
components can have a synergy between them but still be separable: synergy simply means
that a component is able to use information from another one to improve its own performance
— although it could still operate without that.
In the following, we discuss some of the synergies that may occur in H-maps. Most of
the examples concern topological-metric maps, since these are currently the most popular
H-maps, but similar synergies can be exploited between other types of components as well.

  HÓ]
 in its entirety, and then extract information from it to build Ô] .
Sequential. We first build 
 . A synergetic
The problem of getting a consistent map must be solved when building

 when building Õ] . For
effect may occur since we can rely on the correctness of 

Building. During the building of a H-map, one component can provide information used to
be these components. We distinguish two cases.
build another one. Let

example, [11] first build a consistent T-component and then extract a metric map from
it. The synergetic gain is that global consistency in the T-component is achieved at a
low computational cost using a relaxation algorithm; this consistency is then reflected in
the metric component. Other authors first build the M-component, and then extract a Tcomponent from it [20, 12, 17]. The synergetic gain here is that “closing the loop” can be
achieved more reliably in metric maps.
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Concurrent.
and
are built simultaneously, and each component provides information
which is used in building the other one. For instance, in [21] the authors first build a global
metric map, then they extract a T-map from it and solve the global consistency problem
on this T-map, and finally they fine-tune the M-map to maximize global consistency. The

synergetic gain here comes from combining the lower computational complexity of the
T-map with the higher resolution of the M-map.
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Localizing. If two components
of the H-map are localizable, then the output of the
function in
can be used as input for the
function in
. Usually, this output
is seen as a sort of a virtual sensor by the latter
function.
This type of synergy can be observed in several of the metric-topological maps reported
in the literature, in which each node in the T-component is associated to an M-component
representing a small part of the environment [8, 13, 1]. In these maps, M-localization is used
to detect that the robot has passed a “gateway” and hence to signal a node transition to the
T-component. In the opposite direction, self-localization in the T-component can be used to
select the current M-component, and possibly an entrance point in it [18, 22].

G

Planning. If a H-map is hierarchical, then task- and path-planning can be made on a component at a higher abstraction level, and the result can be projected, via the links, to a
component at a lower level for navigation. The advantage is that planning at higher levels of
abstraction is less complex, and it can profit from symbolic information. This is the approach
taken in most of the metric-topological hybrids in the literature. For example, [13] rely on
a knowledge-based planner to generate a sequence of behaviors on a topological map, and
use these behaviors as guidelines for reactive navigation using local metric maps. Synergy
between different abstraction levels can also be used for exploration planning, like in [17].
Focusing. A general feature of hierarchical H-maps is that we can use the state information
(Loc) of a component at a higher abstraction level to focus the attention on one (or some) of
the components at a lower level. Focusing can make tasks like localization and map building
more computationally tractable. It can also make object recognition and data association less
complex, since we can concentrate on the objects which are in the current focus.
An example of focusing can be found in multi-resolution grid maps [6, 17], although these
maps are not heterogeneous. In metric-topological H-maps where each node in the T-map is
associated to a separate M-map, topological localization allows the robot to focus on a single
M-map, and to perform position tracking only on that map [13, 22, 1], greatly improving the
scalability of the metric localization algorithms used.
3.3 Challenges of H-maps
While H-maps may offer new advantages in addition to the ones offered by single maps, they
also present some new problems that do not arise in single maps. An obvious problem is the
increased complexity introduced by the synergies. For instance, if the location output from
one component is used in another one as a virtual sensor, then we must define a sensor model
for this input, which might not be trivial. If there are several flows of location information,
care must be taken to avoid circular dependencies.
Another problem is the possibility of unbounded error propagation across components.
Consider for instance a H-map in which a T-component is used to select one of many local
metric maps. If T-localization is one node off, then metric localization is attempted in the
wrong patch, which may result in a catastrophic failure, as reported, e.g., by [13, 22].

A related problem is what we call the problem of location seeding. Consider a H-map in
which different maps (of whatever type) are used to cover different parts of the environment.
Suppose that the robot exits one map and enters another one. How should its location (state)
in that map be initialized? Depending on how this problem is addressed, the resulting H-map
can have different characteristics in terms of robustness and flexibility.
4 A Simple Example
In order to illustrate the notions discussed in these notes, and to show how our framework is
connected to a real world scenario, we describe a simple H-map developed in our work, and
point out how this H-map realizes some of the above synergies. An extended description of
this system is available in [3].
4.1 Representation
Our H-map can be described as a pair
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D  ÛH  H   , where  is a T-map, in which nodes represent open spaces in the
environment (rooms and corridors)
and
edges represent passages between these spaces


(doors and junctions); and  H
are M-maps, in the form of occupancy grids, each
covering the area of one open space.
e , and each edge 5ÜÝ&Þß8 in  with
each
node
in
with
one
G is a set of links that connect
Ü


e and Óà corresponding to a passage between two spaces.
a pair of positions in 

Intuitively, the T-component gives the topological structure of the environment, while the
M-components detail the metric structure of each subspace in it. Fig. 2 shows a sample H-map
for an office environment. The size of the environment is about
meters.
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4.2 Building
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We start with a H-map with an empty T-component and no M-components. We then add
nodes and edges to . Each time we add a new node, we also add a new M-component to ,
together with the corresponding links in .
The T- and M-components are built concurrently. First, we detect open spaces (rooms
and corridors) in the neighborhood of the robot. To do so, we collect sensor data in a small
grid centered on the robot, and apply a morphological analysis to extract a local topology
from it, as described in [4]. Second, we match this local topology to the current . As a
result, new nodes and edges can be added to . We associate a signature to these nodes to
enable place recognition, consisting in a bounding box that represents the extent of that space.
Third, for each new node in we build an M-component and add it to the H-map. This is
an occupancy grid built using the measurements that were taken inside that node. Finally, we
extract information about the position of the doors, and add the corresponding links to the
H-map. The process is repeated until the entire area is explored. The H-map shown in Fig. 2
was built in this way using an iRobot Magellan Pro equipped with sonar sensors.
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Figure 2: A topological-metric hybrid map built automatically out of data recorded in an ordinary office space.
On top is a CAD-like map of the environment. Below is the topological component. Three of the metric components are shown along with some of the links connecting them to the nodes and the door areas to the edges.

4.3 Localizing
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, where is a node in and is a
The robot’s location in our H-map is given by a pair
position in the corresponding M-component
. Metric localization inside one M-component
is easy since this component is small, and can be done using standard methods like EKF or
MCL. In our experiments, we simply rely on odometry for local metric localization.
Topological localization relies on a door transition detector based on the method for node
detection described above. When a door transition is detected, we use the metric information
in the M-component to find what door is passed. This door is connected to an edge in the
T-component, which allows us to determine which node the robot entered. We then switch
focus on the corresponding M-component, and restart metric localization in that map. Here
we face the location seeding problem. In our implementation we use the observed position
and orientation of the door, computed by the topological door detector, to set the robot’s pose
in the M-component.
4.4 Properties and synergies



With respect to the dimensions defined above, our H-map can be classified as heterogeneous
since the T- and M-components are fundamentally different: objects in represent architectural elements, while objects in each
represent small cells of space. Our H-map is clearly
hierarchical, since each
gives a fine-grained description of the element represented by
a single node in . Finally, both the T-component and each one of the M-components have
their own processes for building and localization, and they could be used as separate maps.



 

 

Hence, our H-map is separable. This makes our H-map a full-fledged hybrid map.
Our H-map exploits several synergies between the T- and M-components. During building, the node detection process in the T-component provides a decomposition of the space
into areas which are suitable for building local metric maps using odometry. It also identifies the measurements needed to build each M-component. Finally, the T-component detects
transitions from one local map to the next, and takes care of dealing with small loops.
During localization, location information from the M-component is used to help the Loc()
function in by determining which edge was traversed when the robot exits a node. In exchange, location information from the T-component is used to focus the metric localization on
a single M-component, and to seed the metric localization when we detect an edge traversal
as discussed above.
Although simple, this example shows in which sense a hybrid map can be more than the
mere sum of its parts. Our T- and M-components could be used separately, but they would
have serious limitations. The M-components would only have a small extent, since our naive
mapping and localization algorithms based on odometry would not scale up to larger environments, and the T-component would have coarse resolution, since its basic elements are
rooms and corridors and we cannot discriminate positions inside these elements. By contrast,
the combined H-map can cover the larger extent provided by the T-component at the finer
resolution provided by the M-components.



5 Conclusions
Hybrid maps are likely to become the dominant paradigm for representing spatial information
in autonomous robots. Still, the term “hybrid map” is used today to denote very different
systems, and with little understanding of the principles underlying map combinations. We
hope that these notes will help to start filling this important foundational gap.
Although the simple H-map described here was mainly intended for illustration purposes,
it incorporates the main advantage of an hybrid map: it covers a larger extent of space, and
with better resolution, than what would be individually allowed by any one of its component maps. Current work to improve this H-map include the development of a hybrid SLAM
algorithm, and practical testing in mixed indoor/outdoor environments.
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