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Abstract— The Autonomous City Explorer (ACE) project
aims to create a robot capable of navigating unknown ur-
ban environments without the use of GPS data or prior
map knowledge. The robot �nds its way by interacting with
pedestrians and building a topological representation of its
surroundings. This paper outlines the necessary ingredients
for successful low-level navigation on sidewalks, information
retrieval from pedestrians as well as the construction of a
semantic representation of an urban environment. A system
architecture for outdoor localization, traversability assessment,
path planning, behavior selection and topological abstraction in
urban environments is presented. The ef�ciency of the proposed
approach is veri�ed by a number of outdoor experiments with
the ACE robot.

I. I NTRODUCTION

The �eld of autonomous mobile robotics has seen great
successes in the past decade. Inspired by military and civilian
applications a number of researchers have successfully tack-
led the problems of unmanned outdoor navigation in unstruc-
tured terrains [1] and more recently in urban environments1.
The focus of these projects lies on safe and reliable local
navigation, i.e. avoiding collisions, staying on track ande.g.
respecting traf�c rules. The 'big picture' is usually provided
in the form of GPS waypoints. Speci�cally, the robot is
not required to interact or cooperate to reach its goal. In
contrast, human robot interaction is usually investigatedin
the context of structured indoor environments. Among the
more prominent examples of autonomous interaction robots
are tour guides for museums and shopping malls [2], [3]
which possess complete knowledge of their environment and
whose purpose it is to relay useful pre-compiled information
to humans.

The aim of the Autonomous City Explorer (ACE)
project [4] is to combine these two lines of research by
building a robot that must do both: navigate in an unknown
urban environment and interact with human passers-by in
order to retrieve information. The robot is given a designated
goal location in a city2 and should �nd its way to this location
without the use of map knowledge or GPS, obtaining and
interpreting directions by repeatedly asking pedestriansfor
the way. The only similiar work the authors are aware of was
a complete indoor simulation, in which a miniature robot

1http://www.darpa.mil/GRANDCHALLENGE/
2The Marienplatzin Munich, in our case.

had to navigate in a model town with the help of human
instructions, see [5].

This paper provides an overview of the system architec-
ture, behavior modes and data abstraction strategies used by
the ACE robot to navigate urban environments. Section II
brie�y reviews the hardware platform and software frame-
work of the robot. Section III describes how the problem
of navigating on sidewalks is solved. In Section IV the
basic robot behaviors and criteria for switching among
them are explained and Section V describes the human-
robot interaction and the construction of a topological route
graph. Experimental results are presented in Section VI and
discussed in Section VII.

II. SYSTEM ARCHITECTURE

In its current setup, theACErobot comprises a differential
wheel platform with encoders, a SICK LMS200 laser range
�nder for navigation, a diagonally mounted LMS400 for
traversability assessment, speakers, a touchscreen, an ani-
mated mouth for interaction, and a stereo vision system
for image processing. Figure 1 shows the robot and its
components. The software is run on two onboard Linux PCs
(one for navigation, one for vision processing) with four
2.2GHz cores each, powered by an array of rechargeable lead
batteries. A third PowerPC independently controls the dif-
ferential wheel platform and receives asynchronous driving
commands from the navigation PC. All processes run at �xed
update rates in a pull architecture fashion, meaning data is
queried from sensors and re�ning processes at �xed intervals.
Figure 2 shows the abstraction hierarchy and the �ow of data
for the navigation-related processes along with their update
frequencies. The processing chain can roughly be divided
into three stages: Firstly, the raw laser data from both laser
range �nders is fused with odometry data from the wheel
encoders and the odometry error is corrected by means of
the localization module. Secondly, the corrected global laser
data is incorporated into an occupancy grid representation.
Data from the LMS200 is fed directly into an occupancy
grid, while the data from the downward looking LMS400 is
�rst transformed to 3D point cloud data, then processed by
the traversability assessment module and incorporated into
a separate occupancy grid. Finally, the two grids are fused
and the resultant occupancy grid is passed to path planning
module, which plans a path based on the currently selected
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Fig. 1. TheACErobot with its components (1) Differential wheel platform
(2) LMS200 laser scanner for navigation (3) LMS400 laser scanner for
traversability assessment (4) Loudspeakers (5) Touchscreen (6) Animated
mouth (7) Stereo vision system

robot behavior. The individual processes are explained in
more detail in the following sections.

III. S IMULTANEOUS LOCALIZATION , MAPPING AND

NAVIGATION ON SIDEWALKS

A. Simultaneous Localization and Mapping

The problem ofSimultaneous Localization and Mapping
(SLAM) has been studied extensively over the last years.
Within the ACE project a grid-based approach has been
chosen that makes use of particle �lters. Such �lters have
been used to approach the problem of SLAM with landmark
maps in [6]. In [7] a technique was introduced to improve
grid-based Rao-Blackwellized SLAM.

Particle �lters allow the approximation of arbitrary prob-
ability distributions, making them more robust to unpre-
dicted events such as small collisions which often occur
in challenging environments and cannot be modeled. The
only drawback is the increase of computational cost, as more
particles must be used to improve the approximation quality.
However, if an appropriate proposal distribution is chosen,
the approximation can be kept suf�ciently accurate even with
a small number of particles. Furthermore, grid-based SLAM
does not rely on prede�ned feature extractors, which are
dependent on the assumption that the environment exhibits
a known structure. In cluttered outdoor environments the
grid-based approach provides a more robust and accurate
mapping. In the remainder of this section the approach is
brie�y explained.

The idea of Rao-Blackwellization [8] is to evaluate some
of the �ltering equations analytically and some others by
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Fig. 2. Hierarchy of navigation-related processes runningon ACE

Monte Carlo sampling. This results in estimators with a
smaller variance than those obtained by pure Monte Carlo
sampling.

In the context of SLAM the posterior distribution
p(X t ; mjZ t ; Ut ) needs to be estimated. Speci�cally, the map
m and the trajectoryX t of the robot need to be calculated
based on the observationsZ t and the odometry measure-
mentsUt , which are obtained by the robot and its sensors.

The Rao-Blackwellization technique allows the factoriza-
tion of the posterior

p(X t ; mjZ t ; Ut ) = p(X t jZ t ; Ut )p(mjX t ; Z t ): (1)

The posterior distributionp(X t jZ t ; Ut ) can be estimated by
sampling, where each sampled particle represents a potential
trajectory. This is the localization step. Next, the posterior
p(mjX t ; Z t ) over the map can be computed analytically, as
described in [9], since the history of posesX t is known.

An algorithm similar to [7] is used to estimate the SLAM
posterior. Due to space limitations only the main differences
are highlighted. Each particlei is weighted according to the
recursive formula

wi
t =

p(zt jmt � 1; x i
t )p(x i

t jx
i
t � 1; ut � 1)

q(X i
t jX i

t � 1; Z t ; Ut � 1)
wi

t � 1: (2)

The termp(x i
t jx

i
t � 1; ut � 1) is an odometry-based motion

model. The motion of the robot in the interval(t � 1; t] is
approximated by a rotation� rot 1, a translation� trans and a
second rotation� rot 2. All turns and translations are corrupted
by noise. An arbitrary error distribution can be used to model



odometric noise, since particle �lters do not require speci�c
assumptions about the noise distribution.

The likelihood of an observation given a global map and
a position estimate is denoted asp(zt jmt � 1; x i

t ). It can
be evaluated for each particle by using the particle map
constructed so far as well as the map correlation. More
speci�cally, a local mapmi

local (x i
t ; zt ) is created for each

particle i . The correlation with the most recent particle map
mi

t � 1 is evaluated as follows:

� =

P
x;y (mi

x;y � �mi ) � (mi
x;y;local � �mi )

q P
x;y (mi

x;y � �mi )2
P

x;y (mi
x;y;local � �mi )2

; (3)

where �mi is the average map value in the overlap between
the two maps and is given by:

�mi =
1

2n

X

x;y

(mi
x;y + mi

x;y;local ): (4)

The observation likelihood is proportional to the correlation
value:

p(zt jmi
t � 1; x i

t ) / � (5)

An important issue for the performance and the effective-
ness of the algorithm is the choice of proposal distribution. In
this work the basis for the proposal distribution is provided
by the odometry motion model, but is combined with a scan
alignment that integrates the newest sensor measurements
and improves the likelihood of the sampled particles. More
speci�cally, new odometry measurements are corrected based
on the current laser data and the global map, before be-
ing used by the motion model. This is achieved by scan
matching. It must be noted, that this is not performed on
a per particle basis like in other approaches [7], since no
signi�cant improvement in the accuracy of the estimator has
been observed compared to the higher computational cost.

B. Traversability Assessment

The Occupancy Grid Mapperuses the laser data from the
LMS200 to build an occupancy grid map of its surroundings
as described in [9]. This is the basic grid,gb, providing
traversability information of the parallel plane 12cm above
the ground. However, this grid provides no information about
negative obstacles (the curbside) or positive obstacles that
cannot be seen by the lower laser range �nder (cars between
the wheelbase, overhanging obstacles etc.). To this end, the
supplemental LMS400 has been mounted at a 30� downward
looking angle as depicted in Figure 1. In this way, it captures
consecutive pro�les of the terrain in front of the robot, as
illustrated in Figure 3.

After the laser data has been transformed to global 3D
coordinates, traversability can be assessed by means of
the z-coordinate3 of each measurement. However, a simple
thresholdingz > z lower and z < z upper of individual z-
values is not feasible for two reasons: Firstly, as depicted
in Figure 4, a single negativez-measurement does not
necessarily imply that the corresponding patch of terrain is

3i.e. the orthogonal distance to the ground plane on which therobot drives

non-traversable. If there exists a smooth continuous slope
towards the point of measurement (case (b)) the area is
traversable, whereas a step such as the curbside (case (a))
is clearly not. Secondly, and more problematically, the robot
is exposed to vibration and shaking while driving4, which
means that height measurements are noisy and frequently
exceed static thresholds even when the terrain is traversable
and completely �at. To remedy these problems, we use
a history of scans and assess traversability by looking at
each measurement's neighbors and the state of previously
recorded measurements.

For the purposes of theACE project it was found suf�-
cient to assess the traversability of each new measurement
by the following scheme: Suppose that the laser scan at
time t is denoted byX t and consists ofnt individual
measurements5, i.e. X t = f x t; 1; x t; 2 : : : ; x t;n t g, where
x t;i = [ x t;i yt;i zt;i ]. For every pointx t;i in the new scan
examine the points with neighboring indices (i.e. the points
f x t;i � k : : : x t;i + k g as well as the points with neighboring
indices in the previous scanf x t � 1;i � k : : : x t � 1;i + k g and �nd
the neighborx nn with the smallest Euclidean distance. Let
the z-coordinate ofx nn be denoted byznn and let the height
difference between the new point and its nearest neighbor be
� zt;i = zt;i � znn . Thenx t;i is traversable if either of the
following conditions holds:

1) zt;i > z lower andzt;i < z upper

2) j� zt;i j < z dif f andx nn traversable
where zdif f is a threshold parameter describing the maxi-
mum height difference that occurs in consecutive measure-
ments of 'smooth' slopes. Since this method continually
'grows' the traversable region over the history of measure-
ments, it is dependent on proper initialization. The �rst
measurementX 1 is assessed only by the �rst condition,
because there is no previous measurement available.

Once each measurement has been classi�ed as traversable
or non-traversable it is incorporated into an occupancy grid
gn , which is aligned with the ground plane that the robot
drives on. There is no need to use a beam model for the
occupancy grid update, because the laser beam does not
coincide with the plane. Therefore only cells containing the
measurements are updated using the probabilistic counting
model [10].

In order to use the complete available traversability infor-
mation the basic gridgb has to be fused with the gridgn to
obtain the �nal grid gf used for path planning. The fused
grid gf is initialized with the parameters ofgb such as width,
height or resolution. The probabilities are set to

pf (x; y) =

(
pn

max (x; y) if pn (x; y) � max(pocc; pb(x; y)) ,
pb(x; y) otherwise,

(6)
wherep(x; y) is the occupancy probability of the cell con-
taining the global point(x; y). For path planning this grid

4The mobile platform of theACE robot was designed for indoor use and
is thus not damped very well in outdoor settings.

5Note thatn t can be different for each scan because we might want to
pre-�lter the scan to eliminate noise.
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Fig. 3. The mobile robot captures consecutive curbside pro�les.
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Fig. 4. Traversability assessment is dependent on contiguous data: (a)
Negative height measurement of non-traversable area (b) Negative height
measurement of traversable area

is thresholded by the valuepocc, i.e. all p(x; y) � pocc are
interpreted as occupied. The probability

pn
max (x; y) =

(
pn (x; y) if wn

c � wb
c,

maxi (pn (x i ; yi )) otherwise,
(7)

is the highest occupancy estimate coming fromgn , where
(x i ; yi ) are the cell centers of all cellscn (x i ; yi ) for which
x i ; yi 2 cf (x; y). wn

c denotes the cell width ofgn and wb
c

that of gb, respectively.

C. Path Planning

The Path Planningmodule utilizes a dual approach to
generate safe paths.

As a �rst step, bounding boxes are put around each
obstacle and all of the box vertices that lie in free space
are inserted into a visibility graph as described in [11].
Next, all nodes with direct visibility are connected via edges
with edge costs corresponding to their Euclidean distances.
This approach yields shortest distance paths that bypass
obstacles as closely as possible. While this methodology is
advantageous in places where a suf�ciently large obstacle
offset can be used, it is problematic in narrow sidewalk
navigation scenarios, where a maximum clearance path is
desired. To remedy this, the visibility graph algorithm is
combined with the well-known Voronoi method.

Voronoi graphs have been used in the planning literature
for de�ning collision free paths in bounded environments,
such as corridors or streets. They have also been used in order
to discretize the continuous environment into a �nite set
of places [12] for topological map-building. Unfortunately,
they cannot be utilized in scenarios where the map is built

iteratively. Noisy sensor data causes spurious junctions in
the graph and calculated paths continue through unknown
territories and free space, making them unusable for safe
robot navigation. Recently, an extension has been proposed
in [13] which effectively computes a connected graph in
incrementally updated occupancy grids. This method yields
paths aligned with obstacles in the known space and ending
at the frontiers of unknown space. The set of points of a
Generalized Voronoi Graph[12] is extended by the points
that are closer than a distance threshold from any obstacle.
The resulting graph is then pruned in order to eliminate
spurious junctions and branches. Junctions of the generated
Voronoi graph are detected and inserted into the visibility
graph. Nodes between junctions are then sampled on the
graph according to a prede�ned distance.

To plan a drivable path an A* search is performed on
the �nal visibility graph. Using the dual approach enables
the ACE robot to navigate safely in narrow passages on
sidewalks as well as in open spaces.

IV. NAVIGATION CONTROL

When navigating through urban environments a mobile
robot is faced with different kinds of situations requiring
appropriate behaviors. TheACE robot is capable of the four
following behaviors:

� explore the environment,
� follow a certain direction on the sidewalk,
� follow a person to safely cross a street,
� approach a person.

Their proper selection, execution and monitoring is per-
formed based on the navigation control architecture shown
in Fig. 5.

TheBehavior Selectionmodule is responsible for choosing
the appropriate navigation behavior depending on the current
situation. It is triggered by events, such as inputs from the
Human-Robot-Interaction (HRI) module, the detection of an
intersection from the vision system, or the completion of the
previous behavior. Trigger signals are prioritized according
to their relevance for safety and goal completion.

The selected behavior needs to be properly executed by
the system. To this end theBehavior Controlmodule receives
perceptual data, e.g. position of a tracked person or human
input from the HRI, and generates a goal point for the
robot to reach, according to the requirements of the current
behavior. The goal point is send to thePath Planningmodule,
which computes global waypoints as described in Section III-
C and forwards them to theObstacle Avoidancemodule.
This module takes into account dynamic obstacles in the
vicinity of the robot and ensures it moves safely in its local
environment, by issuing the appropriate motor commands to
the mobile platform. A method similar to [14] is used to
generate smooth and safe robot trajectories.

V. HUMAN -ROBOT INTERACTION

The ACE robot interacts with humans in order to retrieve
directions to the designated goal location, as it has no GPS
or prior map knowledge. To interpret the numerous user
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inputs and detect inconsistencies, it maintains and updates
a topological representation of the information it has been
given. The following subsections describe the user interface
and route graph construction.

A. Communication Interface

The robot communicates with the human user through syn-
thesized speech (Mary TTS [15], the passer-by can choose
between German and English language). The user can reply
by means of gestures and a touch screen. An overview of
the human-robot interaction is shown in Fig. 6. If the robot
needs information it stops and looks for passers-by with its
active camera head. On detection, a human is asked to touch
the screen and point in the direction of the next intersection
the robot needs to reach in order to get to its designated goal
location.

The camera head will look in the direction of the recog-
nized gesture and capture an image, which is presented to the
human. The passer-by will then choose the exact direction in
this image. She/he will be asked to describe the subsequent
path to the goal through buttons on the touchsreen6. If it
is necessary for the robot to cross the street it will ask the
human to assist it and lead the way to the other side. Finally,
the robot thanks the passer-by for helping and starts moving
in the given direction. For details on the human recognition,
human tracking and gesture recognition see [16].

6By pressing left/right/straight the user describes the path from one
intersection to the next.
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Fig. 6. Overview of the human-robot interaction.

B. Building the Route Graph from Human-Robot Interaction

The human user provides the robot with information on
how to get from one intersection to the next. Based on this
information the robot creates a topological route graph as
a representation of the path that lies ahead. Classical route
graphs are described in [17] and [18]. While it follows this
path the robot updates the graph to a metrical route graph
with the data from the real environment. An overview of
this process is depicted in Fig. 7. The route information
acquired through human-robot communication is stored as
a topological graph, where the nodesN i = ( x i ; yi ; ci )
represent intersections with edge cost 1 to the adjacent
intersections in the direction (x i ; yi ) in robot coordinates.
Additionally, each node has a certainty valueci that ranges
from 0 to 1. A node that is known to exist but whose
exact coordinates are unknown (such as the goal node) has
a certainty value of 0. A node that has successfully been
reached by the robot receives a certainty value of 1. All
other nodes have certainty values in(0; 1) which re�ect the
certainty of the topological information received so far. The
edges denote actions that connect intersections (e.g. follow
the road in direction (x i ; yi ) until the next intersection is
reached).

The robot starts only with the knowledge of the current
position Nstart = (0 ; 0; 1) and a given goal (e.g. the
Marienplatz in Munich)Ngoal = (0 ; 0; 0) with an unknown
position. The adjacency matrix is a 2x2 zero matrix, as
the start and goal positions are not adjacent. The adjacency
matrix is expanded through human-robot communication by
one row and one column per intersection and the value of the
connection between the intersection is set to 0.5 (representing
the uncertainty due to misunderstanding or inaccurate human
knowledge).

If there is aplausibility con�ict between the information
given by the passer-by and the current knowledge of the
robot, i.e. the topological route graph, the robot will inquire if
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the human is sure about that particular information and adapt
the topological route graph if necessary. If the information
given by the user corresponds to the robot's knowledge, the
value of the corresponding entry in the adjacency matrix will
be increased.

Once the robot has obtained topological route knowledge
it can startfollowing the routetowards the goal. Starting at
an intersection it follows the street in the given direction
until it reaches the next intersection (which is recognized
by the robot's vision system as described in [16]). There
the coordinates in the route graph are changed from the
relative directions to absolute coordinates (in [m]) and the
certainty value is set to 17, transforming the route graph into
a metrical route graph. If at some point the robot cannot
follow the route in the given direction, e.g. when it gets
to a dead end, acon�ict between the route graph and the
environmentarises. The robot will delete the connection
to the next intersection from the adjacency matrix and ask
another human for directions.

VI. EXPERIMENTAL RESULTS

The proposed system architecture was continuously bench-
marked in several indoor and outdoor navigation scenarios.
Some of the experimental results are presented in this sec-
tion.

Over the course of multiple outdoor test runs, large maps
were built using the described SLAM algorithm. A 120x40m
map is shown in Figure 9. This map was obtained using
200 particles and only information from the LMS200 range
�nder. It nicely demonstrates how the SLAM module delivers
accurate metric information from intersection to intersection
and across larger areas.

Figure 8 (a) and (b) show a typical street setting in
which theACE robot had to navigate on the sidewalk. The
Traversability Assessmentmodule was initialized withk = 5 ,
zlower = � 2cm, zupper = 2cm andzdif f = 2 :5cm. As can
be seen in Fig. 8 (c), the traversable sidewalk (blue) was
clearly separated from the non-traversable street (red), even
though thez-coordinates of all measurements were rather
noisy due to the shaking motion of the robot, see Fig. 8 (d).
The resulting occupancy grid is superimposed in Fig. 8 (c).

An example of a route graph is given in Fig. 9, where the
robot has completed part of its way (which has been updated
to a metrical route graph) and part of the way still lies ahead
(represented as a topological route graph).

The results of thePath Planningmodule can be seen in
Figure 10. The three situations require the robot to make

7Although a small uncertainty remains due to imperfect sensors.
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Fig. 9. Left: Example of an occupancy grid built by the SLAM module
including a route graph; metrical route (in [m]), already covered by the
robot, in red; topological route graph given by humans, in blue. Right:
adjacency matrix, nodes.

use of the different planning methods. It can be seen that
the Voronoi planner yields a nice maximum clearance path
for the narrow sidewalk passage situation (case (a)), whereas
the bounding box planner plans across the open space of an
intersection (case (b)). Both are combined for the complex
situation of case (c).

VII. C ONCLUSIONS

In this paper, progress within theAutonomous City Ex-
plorer project has been presented. The system architecture
and its individual modules for SLAM, traversability assess-
ment, path planning, interaction, and topological mapping
have been described. The results show that the implemented
approaches represent a successful solution of the various
problems encountered in urban outdoor environments. Future
work includes learning 3D representations of persons and
obstacles (cars, buildings etc.) as well as natural language
communication to facilitate the interaction process.
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Fig. 8. Traversability assessment in a typical street setting: (a) TheACE robot drives on a sidewalk (b) The sidewalk as seen from the LMS400 (c) The
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Fig. 10. ThePath Planningmodule in three different navigation situations: (a) A narrow passage on the sidewalk requiring Voronoi planning (b) Open
space on an intersection requiring bounding box planning (c) Mixed situation that requires both (Bounding boxes in darkblue, Voronoi path in blue, frontier
regions in green, planned path in red)
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