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Abstract— One of the greatest challenges nowadays in
robotics is the advancement of robots from industrial tools
to companions and helpers of humans, operating in natural,
populated environments. In this respect, the Autonomous City
Explorer (ACE) project aims to combine the research �elds of
autonomous mobile robot navigation and human robot interac-
tion. A robot has been created that is capable of navigating in
an unknown, highly populated, urban environment, based only
on information extracted through interaction with passers-by
and its local perception capabilities.

This paper describes the algorithms and architecture that
make up the navigation subsystem ofACE. More speci�cally, the
algorithms used for Simultaneous Localization and Mapping
(SLAM), path planning in dynamic environments and behavior
selection are presented, as well as the system architecture
that integrates them to a complete working system. Results
from an extended �eld experiment, where the robot navigated
autonomously through the downtown city area of Munich, are
analyzed and show that the robot is capable of long-term, safe
navigation in real-world settings.

I. INTRODUCTION
Robots are generally understood as tools, performing well-

de�ned tasks in structured industrial or laboratory settings.
One of the biggest challenges of robotics is to evolve them
to companions and helpers capable of operating ef�ciently
and safely in natural, populated environments. However, such
systems require complex cognitive capabilities in order to
achieve higher levels of cooperation and interaction with
humans and cope with rapidly changing objectives.

Several systems have been developed in this direction
that are capable of autonomously navigating in unstructured
terrains, e.g. [1], and more recently in urban environments,
e.g. [2]. In all of these approaches, global waypoints, in the
form of GPS coordinates, topological information about the
route as well as speci�c mission information are provided
in advance. Therefore the robots are not required to interact
or cooperate with humans to reach their goals. Human robot
interaction on the other side has been mainly investigated
in structured indoor environments, leading to the creation
of guide or mall robots [3], [4], which can autonomously
interact with people and provide them with information.
Complete environment knowledge is again required, simpli-
fying navigation.

The Autonomous City Explorer(ACE) project [5] aims
to combine these two lines of research. A robot has been
created that is capable of navigating in an unknown urban
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Fig. 1. TheACE robot and its components. (1) Differential drive mobile
platform, (2) LMS200 laser range �nder, (3) LMS400 laser range �nder,
(4) Touch screen, (5) Robotic head with �ve cameras.

environment, based only on information extracted through
interaction with passers-by and its local perception capabil-
ities. More speci�cally, the project objective was to develop
a robot that manages to �nd its way from the Technical Uni-
versity of Munich to the central square of Munich, without
any prior map knowledge or GPS information. Directions
are solely obtained by asking pedestrians for the way. The
objective was successfully accomplished on 31 August 2008.

This paper presents the algorithms and subsystems used
by ACE for reliable navigation and behavior selection, as
well as results from the conducted �eld experiments. It is
organized as follows: Sec. II brie�y reviews the hardware and
software components of the system. Sec. III highlights how
the system can model its environment based on noisy sensor
data and use this self-acquired model to navigate safely.
Sec. IV describes the behaviors that make up the system
and how they are selected, coordinated and translated to
navigation commands. The latter are executed as described in
Sec. V. Finally, experimental results are presented in Sec.VI.

II. SYSTEM DESCRIPTION

The ACE robot is based on a differential drive platform
capable of carrying a payload of 150kg. Fig. 1 shows the
robot and its components. A SICK LMS200 laser range
�nder is used for navigation and is mounted with a horizontal
scan plane. A SICK LMS400 laser range �nder is mounted
at a 45� angle from the plane. This is deployed for terrain
traversability assessment and curb detection. For interaction
with humans a touchscreen and speakers are used. A robotic
head which comprises of �ve cameras and an animated
mouth is mounted on the robot, for gesture recognition and
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Fig. 2. The software architecture of the navigation subsystem of ACE.

people tracking [6]. More details on the hardware compo-
nents can be found in [5].

The software architecture of the navigation and behavior
selection subsystem of theACErobot, is illustrated in Fig. 2.
It is divided into three layers: (i)Processing Layer, (ii)
Control Layerand (iii) Execution Layer.

Raw sensor data are given as input to theProcessing Layer
of the architecture, which is described in Sec. III. The SLAM
module processes the data in order to create a representation
of the environment. This representation is fused with a grid
containing terrain traversability information, producedby the
Traversability Assessmentsubsystem, to obtain a 2.5D map
used for planning the path of the robot to a goal point. The
latter is selected by theControl Layer.

Commands, processed sensor data, and trigger signals
requesting behavior switches, are retrieved from the rest
of the ACE subsystems, such as theVision, the Human-
Robot Interaction(HRI) or the Traversability Assessment
subsystem. TheControl Layer is responsible for selecting,
controlling and monitoring the current navigation behavior
according to these inputs and the perceived world state.
This way, a global path is generated which is send to the
Execution Layer. There the global waypoints are transformed
to appropriate motor commands. An obstacle avoidance
module and the platform control ensure the safe motion of
the robot.

III. PROCESSING LAYER
In order to navigate safely to a certain goal, theACErobot

must be capable to localize itself, generate a representation
of the environment and to �nd a drivable path through it.
This section describes the approaches used for Simultaneous
Localization and Mapping (SLAM), grid fusion to obtain a
2.5D map and path planning.

A. Simultaneous Localization and Mapping
The problem of SLAM has been studied extensively over

the last years. Within theACE project a grid-based approach
has been chosen that makes use of particle �lters. Particle

�lters allow the approximation of arbitrary probability dis-
tributions, making them more robust to unpredicted events
such as small collisions which often occur in challenging
environments and cannot be modeled. 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.

The idea of Rao-Blackwellization is to evaluate some
of the �ltering equations analytically and some others by
Monte Carlo sampling. This leads to estimators with smaller
variance than those obtained by pure Monte Carlo sam-
pling. In the context of SLAM the posterior distribution
p(Xt ;mbjZt ;Ut) needs to be estimated. Speci�cally, the map
mb and the trajectoryXt of the robot need to be calculated
based on the observationsZt and the odometry measurements
Ut , which are obtained by the robot and its sensors. The
Rao-Blackwellization technique allows the factorizationof
the posteriorp(Xt ;mbjZt ;Ut) = p(Xt jZt ;Ut)p(mbjXt ;Zt).

The posterior distributionp(Xt jZt ;Ut) can be estimated by
sampling, where each sampled particle represents a potential
trajectory. This is the localization step. Next, the posterior
p(mbjXt ;Zt) over the map can be computed analytically, as
described in [7], since the history of posesXt is known.

An algorithm similar to [8] 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 jmi
t� 1;xi

t )p(xi
t jx

i
t� 1;ut� 1)

q(Xi
t jXi

t� 1;Zt ;Ut� 1)
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t� 1: (1)

The term p(xi
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 rotationdrot1, a translationdtrans and a
second rotationdrot2. All turns and translations are corrupted
by noise. In the speci�c implementation presented here, noise
is assumed zero mean normally distributed.

The likelihood of an observation given a map and a posi-
tion estimate is denoted asp(zt jmi

t� 1;xi
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 map
mi

local(x
i
t ;zt) is created for each particlei and its correlation

with the most recent particle mapmi
t� 1,
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is evaluated. The term ¯mi symbolizes the average map value
in the overlap between the two maps. Finally, the observation
likelihood is considered proportional to the correlation value
p(zt jmi

t� 1;xi
t) µ r .

An important issue for the performance and the effective-
ness of the algorithm is the choice of the proposal distribution
q(Xi

t jX
i
t� 1;Zt ;Ut� 1), from which particles are drawn from.

In order to acquire it, new odometry measurements are
corrected based on the current laser data and the map of
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Fig. 3. Schema of the path planning approach: Shown are C-Space
obstacles (black), the respective bounding boxes (blue rectangles) and the
Voronoi graph (red) with corresponding nodes (dots), the visibility graph
(thin green dashed lines) and the resulting A* path (thick green line) from
the robot (triangle) to the goal point (cross).

the particle with the highest likelihood. A scan matching
technique, similar to the one described in [9], is used. The
corrected odometry measurements are applied to the motion
model.

B. Grid Fusion
In order to integrate traversability information, such as

detected curbs, the gridmb from the SLAM module is fused
with the gridmn retrieved from theTraversability Assessment
subsystem, to obtain the combined 2.5D gridmc.

The fused gridmc is initialized with the parameters ofmb

such as width, height or resolution. The probabilities are set
to

pc(x;y) =

(
pn

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

(3)
where p(x;y) is the occupancy probability of the cell con-
taining the global point(x;y). For path planning this grid
is thresholded by the valuepocc, i.e. all p(x;y) � pocc are
interpreted as occupied. To consider the case when the
resolution of the traversability information is �ner than
the resolution of the occupancy gridmb, the probability
pn

max(x;y) is the highest occupancy estimate from all cells
in mn which overlap with the respective cell inmb. Equation
(3) ensures that the traversability information is only fused,
if it indicates that the respective cell is classi�ed as occupied
and the respective probability is higher than the estimate of
the SLAM module.

The resulting 2.5D gridmc is send to thePath Planning
module. This way the non-traversable regions not detected
from the horizontally mounted laser range �nder are also
taken into account during path planning.

C. Path Planning
The Path Planningmodule generates safe paths to a goal

point chosen by theBehavior Controlmodule. A visibility
graph is created, on which an A* search is performed.

For the creation of the visibility graph a dual approach is
used, which is illustrated in Fig. 3. A C-Space transformation
is performed on the global map which is created incremen-
tally by the SLAM module that has been analyzed above.
The C-Space (con�guration space) is commonly used for
motion planning and refers to the set of possible positions
the robot can reach. Bounding boxes are derived as described
in [10], shown as blue rectangles in Fig. 3. These enclose

each obstacle with a certain offset. All of the box vertices that
lie in free space, blue dots in Fig. 3, are inserted as nodes
into the visibility graph. The robot position and the goal
point are also inserted in the graph. If only these nodes were
used to compute a path, this would bypass the obstacles as
close as possible. Such a path is advantageous in open places,
where enough space is available and the most ef�cient path
is desired. However, in situations where the robot has to go
along a narrow sidewalk for example, a maximum clearance
path is preferable. Therefore the above is combined with an
extension of the Voronoi method.

Voronoi graphs belong to the class of distance transforma-
tion algorithms and 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 for topological map-building. Recently, an ex-
tension has been proposed [11], 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 is extended by
the points that are closer than a distance threshold from any
obstacle. The resulting graph which is exemplary shown in
Fig. 3 with red, is then pruned in order to eliminate spurious
junctions and branches.

The presented path planning approach makes use of the
alignment attribute of the resulting Voronoi graph as follows.
Junctions, red dot in the middle of Fig. 3, of the generated
Voronoi graph are detected and inserted into the visibility
graph. Nodes between junctions are then sampled on the
Voronoi graph according to a prede�ned distance and also
added to the visibility graph, red dots on the left and right
in Fig. 3.

Finally, edges are inserted between all nodes of the visi-
bility graph that have direct visibility and are assigned edge
costs proportional to their Euclidean distances. By applying
A*, a heuristic based best-�rst search is performed on the
extended visibility graph. This results in a fast determination
of the shortest distance paths, which enable the robot to
navigate safely in narrow passages as well as ef�ciently in
open spaces.

The presentedProcessing Layercreates a representation
of the environment and searches for a drivable path in it.
The required control input is coming from theControl Layer
which is described in the next section.

IV. CONTROL LAYER

When navigating through urban environments, a robot is
faced with different kinds of situations that require different
kinds of navigation behaviors. It must be able to explore
the environment, follow a sidewalk, safely cross a street,
approach a person or follow a certain direction. As can be
seen in Fig. 2 theControl is split into theBehavior Selection
and theBehavior Controlmodules, which are described later
in this section. Next the behaviors of theACE robot are
introduced.



A. Robot Behavior Description
The behaviors available to the robot are (1)Explore, (2)

FollowPerson, (3) GoInDirection, (4) ReachGoaland (5)
Idle. In the rest of this section each of them is going to
be presented.

1) Explore: The ability to explore its environment in
order to �nd people to interact with and increase its map
knowledge, is fundamental for the robot. Optimization is
performed to choose its next goal, in order to achieve
a trade-off between maximizing its information gain and
minimizing traveling costs. Given an occupancy grid map,
frontier regions between known and unknown areas are
identi�ed, as described in [12]. The cells of the gridm
that belong to a frontier regionf , are denoted bymf . The
expected information gainI(mf ;xt) acquired by reaching
a frontier region from the current robot positionxt , is
calculated as in [13]. The traveling costs associated with
reaching a frontier region, cost(mf ;xt), are proportional to
the path length to it. In order to achieve the aforementioned
trade-off, the autonomous explorer chooses its next goal, on
the frontier region that maximizes the following objective
function

m�
f = argmaxmf

f I (mf ;xt) � gcost(mf ;xt)g: (4)

The parameterg is used to de�ne how much the path cost
should in�uence the exploration process.

2) FollowPerson: The robot must be able to follow a
person in order to cross a street safely, or in case a human
wants to lead the robot to an interesting location. The
vision system of the robot is used to track the person [6].
The tracker runs at 10 Hz and its outputs are send to the
Behavior Control. There they are �ltered in order to get rid
of ambiguous measurements and a goalqg for the robot to
reach is generated at 1 Hz.

3) GoInDirection: 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 its designated goal location [6]. The
coherence of the information received during the interactions
is checked within theHRI subsystem of theACE robot [14].
The Behavior Controlmodule receives the veri�ed direction
and sets the necessary constraints to thePath Planning
module, so that the robot travels on the sidewalk toward
the speci�ed direction until a crossroad is detected by the
vision system. Safe navigation on the sidewalk is achieved by
incorporating the curbs into the map as described in Sec. III-
B. Whenever a crossroad is detected the robot stops and asks
for help [14].

4) ReachGoal: In this behavior the robot tries to reach
a given goal positionqg. A minimum distance path is
searched. If no direct path toqg can be found, a goal-directed
exploration takes place, by choosing the frontier closest to qg:

m�
f = argminmf

f cost(mf ;qg)g: (5)

To avoid �uctuation of the robot motion, theBehavior Con-
trol module constrains the variance of the path as described
in the next section.

INACTIVE
ca = NONE
pa = 0
ba = IDLE

ACTIVE
pa = p(ca)
ba = b(ca)

PRIORITY

CHECK

start received
trigger(c� ;b� )

received
trigger(c� ;b� )

IF p(c� ) � p(ca)
ca = c�

s(ba) == completed,
s(ba) == f ailed

Fig. 4. Finite State Machine of theBehavior Selectionmodule.

5) Idle: In this behavior the robot stops immediately and
no motion commands are send to theMobile Platform. It
is chosen either in emergency situations or when interaction
with humans is taking place. It is also the default behavior in
case the previous behavior has been terminated and no new
trigger requests are available.

The correct selection and control of these behaviors is
conducted by the homonymous modules which are presented
in the rest of this section. By coordinating the described
behaviors appropriately, they enable the robot to ful�ll its
overall objective even in unstructured environments.

B. Behavior Selection
TheBehavior Selectionmodule is responsible for choosing

the appropriate navigation behavior depending on the current
situation. SeveralACE subsystemsc, such as the Human-
Robot-Interaction (HRI), the vision system or the internal
navigation system modules, react on environmental events
and emit trigger signals trigger(c;b) to request a desired
navigation behaviorb. Such events are e.g. information
input from humans, the detection of an intersection or the
completion of the previous behavior.

These requests are handled by theBehavior Selection
through the Finite State Machine (FSM) illustrated in Fig. 4.
The FSM is composed of three control states INACTIVE,
ACTIVE and PRIORITYCHECK. A priority p(c) is assigned
to each subsystemc, which can emit command signals,
according to its relevance for safety and goal completion.
In the presented implementation the priorities were assigned
empirically. At the beginning, thestateof theControl Layer
is set to INACTIVE and the active behaviorba = Idle.
Whenever a new trigger(c� ;b� ) is received, thestateswitches
to PRIORITYCHECK, which is performed betweenc� and the
active command moduleca. If p(c� ) � p(ca), c� becomesca
and the new behaviorba = b� is forwarded to theBehavior
Control where it is executed. TheBehavior Selectionremains
in ACTIVE state until either a new trigger signal is received,
or the Behavior Controlreports a change of the behavior
states(ba) to completedor failed.

C. Behavior Control
TheBehavior Controlmodule is responsible for the proper

execution, monitoring and failure handling of the active be-
haviorba. The pseudo-code shown in Algorithm 1 highlights



Input : behaviorba, robot posext , goal directionf g,
goal pointqg

Output : waypointsqw

main() f1

while state6= INACTIVE do2

requestInput();3

checkConstraints();4

computePath(qc) ! Path Planning module;5

checkConsistency();6

end7

g;8

checkConstraints() f9

if xt == qg then10

s(ba) = completed;11

return;12

end13

if f ailedtrials> MAXTRIALSthen14

goalaccuracy� = decr;15

end16

if goalaccuracy< MINACC then17

s(ba) = f ailed;18

return;19

end20

if ba == GoInDirection then21

qc = ( cos(f g) � d+ xr ;sin(f g) � d+ yr )T ;22

else if ba == Explore then23

qc = minxf 2mf




 xt ;xf




 ;24

else25

qc = qg;26

end27

g;28

checkConsistency() f29

if no valid paththen30

f ailedtrials+ + ;31

return;32

else33

qw = next waypoint from path;34

end35

if ba == GoInDirection then36

if
�
�f qw � f g

�
� < Df then37

goalaccuracy= MAXACC;38

f ailedtrials= 0;39

send(qw);40

else41

f ailedtrials+ + ;42

end43

else44

if
�
�f qw � mqw

�
� < as qw then45

goalaccuracy= MAXACC;46

f ailedtrials= 0;47

send(qw);48

else49

f ailedtrials+ + ;50

end51

end52

g;53

Algorithm 1 : Behavior Control

the control procedure. As long as thestate of the Control
Layer does not become INACTIVE, the Behavior Control
remains in an endless loop (ll.2-7). During each cycle it �rst
requestsba from theBehavior Selectionand any additionally
required data directly from external modules. Depending on
ba, this can be the robot posext , a goal directionf g or a
speci�c goal pointqg.

In the next step, the behavior states(ba) and any con-
straints need to be updated (l.4 and ll.9-28). In case the
failedtrials (i.e. the number of consecutive prior runs where
ba has not been successfully executed) exceeds the up-
per bound MAXTRIALS, the claimedgoalaccuracyis de-
creased. This enables theACE robot to react in situations
where a goal point lies within non-traversable space, e.g.
stairs, or the goaldirection is blocked, e.g. by a car. Decreas-
ing thegoalaccuracyleads to a less strict consistency check
(described below) and allows short-term deviations from the
goal. In situations whereACEencounters larger barriers, e.g.
when the receivedqg lies within a building orf g points into a
wall, thegoalaccuracywould permanently drop leading to a
growing deviation from the actual goal. Therefore, whenever
the goalaccuracydrops below a threshold MINACC, the
Behavior Controlwill report s(ba) = f ailed, enabling the
Behavior Selectionto stop the current behavior and the HRI
module e.g. to ask for new directions.

In case the previous constraint check is passed, the next
checkpointqc for the planning module has to be derived
(ll.21-27). In theGoInDirection behavior,qc is set into the
direction f g at a distanced from the robot. In theExplore
behavior,qc is set to the closest point from the frontierf
derived by (4). For the remaining behaviorsqc is set toqg.
Then qc is send to the path planning module described in
Sec. III-C, which returns a path in form of a list of waypoints.
An exception is made in theFollow behavior, where a direct
line of sight to qc is assumed, since it corresponds to the
position of the person tracked by the vision system. In that
case the planning module is set inactive and the waypoint
qw is directly set toqc.

To verify that the found path satis�es the demanded
goalaccuracy, the next waypointqw is checked for its consis-
tency (ll.29-53). In theGoInDirectionbehavior, i.e. that the
deviation of the direction of the waypointf qw from f g must
be within a boundDf . For the other behaviors the deviation
of f qw from the meanmqw of the n prior qw must be smaller
than the corresponding standard deviationsqw weighted with
a . The parametersn, a and Df are set with respect to
the currentgoalaccuracy. The parameters and thresholds
presented in this section have been derived experimentally.
In case the consistency check is passed successfully,qw is
forwarded to theExecution Layer.

V. EXECUTION LAYER

The Execution Layerobtains global waypoints from the
Behavior Controlmodule which has been described in the
previous section. These are given as input to theObstacle
Avoidancemodule, which generates motor commands for the
mobile platform. This module takes into account dynamic



obstacles in the vicinity of the robot and ensures safe local
navigation. A method similar to [15] is used to generate
smooth and safe robot trajectories.

Scenes and corresponding output of different behaviors
from the conducted �eld experiment with theACE robot are
shown in the next section.

VI. EXPERIMENTAL RESULTS
The navigation subsystem described in this paper has been

tested in several indoor and outdoor scenarios, over several
months. In this section results and experiences from the
major �eld experiment are presented.

The objective of the experiment was for theACE robot
to reach Marienplatz, the central square of Munich, starting
from the Technical University of Munich. This is a distance
of approximately 1.5 km in the most active part of downtown
Munich. The robot did not have prior map knowledge or
GPS and relied only on interactions with passers-by to get
directions and on its on-board sensors, described in Sec. II,
in order to navigate safely. The experiment was conducted
successfully on 31 August 2008.

The robot interacted with 38 persons before reaching its
�nal goal after approximately 5 hours. The large number of
interactions explains also the relatively long completiontime.
Many people were curious and wanted to try out the robot,
therefore frequently stopping it in order to interact with it.
In some not so populated parts of the route, the robot was
able to safely navigate on the sidewalk in a given direction,
for up to 250 m before arriving at a crossroad.

For illustrative purposes, an aerial photo of the area where
the robot navigated can be found in Fig. 5. The approximate
trajectory of the robot is indicated by a yellow line. During
the experiment, a large occupancy grid map was build on-line
by theSLAMmodule. The algorithm, which was described in
Sec. III-A, ran at 2 Hz, used 200 particles and retrieved data
from the LMS200 laser range �nder. Parts of 200� 200 m
of the acquired map are illustrated in Fig. 5 (a)-(d). The
resolution of these grids is 15 cm. It can be seen that
the described algorithm delivers accurate metric maps from
intersection to intersection and across larger areas.

Fig.6 shows three exemplary scenes encountered during
the experiment (left side) and the corresponding outputs of
the Control Layerand Processing Layer(right side). Scene
(a) shows a situation inFollow behavior, where the robot
is guided by the vision system. In scene (b), the robot is
located in a narrow sidewalk passage, where it retrieves
a direction from a passer-by and plans a drivable path by
making use of the dual planning approach. Scene (c) is in
a highly populated street, where the straight direction of
travel is blocked by people.ACE circumvented the people
by dynamically adjusting the behavior constraints.

The right side of Fig. 6 shows the part of the occupancy
grid with dimensions 30� 20 m, which is transformed to
C-Space and used for path planning. The transformation
is indicated by the dark blue regions around the obstacles
(black). The black coordinate raster has a cell size of 5� 5 m
and is only used for illustration purposes. Replanning was
performed at 2 Hz.

263 m

(a) (b)

(c) (d)

a

b

c

d

6.a

6.b

6.c

Fig. 5. Downtown area of Munich. The route of the robot from the
Technical University of Munich to Marienplatz is indicatedby the yellow
line. (a)-(d): Parts of the map generated by theSLAM module during
navigation. The squares mark the positions of the scenes described in Fig. 6.

In scene (a), theACErobot (green triangle) crossed a street
in Follow behavior. It can be observed from the correspond-
ing output (a2), that the planning module is inactive. The
robot is directly send to the position of the person (red dot),
which is received from the vision system [6].

In scene (b), a person was pointing into the direction
the ACE robot should follow in order to reach Marienplatz.
The direction is perceived by the vision system with a
detection rate of 80:2% and an accuracy of 6:8� , and send
to theBehavior Controlmodule. There it is transformed and
forwarded to thePath Planningmodule, which is active in
this situation. In Fig. 6(b2) the Voronoi Graph (blue lines),
bounding boxes (blue rectangles), visibility graph (cyan)and
resulting path (red) can be seen. The shown path illustrates
the advantage of the dual path planning approach. The �rst
two waypoints (red dots) correspond to nodes retrieved from
the Voronoi Graph. While the path would proceed straight
to the corner of the obstacle in the bottom (below the
second waypoint) if only the bounding boxes were used,
the extension with the Voronoi Graph keeps the robot in the
center of the narrow sidewalk leading to a maximal clearance
from obstacles. However, the passage in the area of the third



(a1) (a2)

(b1) (b2)

(c1) (c2)

Fig. 6. Three different scenes encountered during the experiment (left side)
and the corresponding outputs of theControl and Processing Layer(right
side). (a) shows theACE robot in Follow behavior, (b) shows theGoInDi-
rection behavior on a narrow sidewalk and (c) shows theGoInDirection
behavior in a crowded place. The coordinate raster (black lines) has a cell
size of 5� 5m and is used for illustrative purposes.

and fourth waypoint is closer than the preferred obstacle
distance used for the Voronoi Graph. To drive through this
area, theACE robot needs to get as close to the obstacles
as possible. This is enabled by using the nodes from the
bounding boxes. The solid red center line indicates the actual
path through free C-Space. The dashed red lines on the left
and right indicate the path through free space (i.e. without
C-Space transformation) broadened by the robot width.

Fig. 6(c) shows theGoInDirectionbehavior in a crowded
street where the direct way is blocked. To proceed into the
goal direction f g, indicated by the line between the 2nd
and 3rd waypoint, theACE robot is forced to bypass the
persons by driving almost into the opposite direction (1st
waypoint). This leads to an inconsistency with the desired
goal accuracy (Algorithm 1, l. 42). This situation is mastered
by temporarily relaxing the goal accuracy (Algorithm 1,
l. 15), consequently allowing theACE robot to temporarily
deviate fromf g. The maximum allowed deviation has been
experimentally set toDf = 90� .

VII. CONCLUSIONS AND FUTURE WORKS
This paper described the navigation subsystem of theACE

robot, which has been designed to navigate autonomously
in highly populated urban environments, based only on
information extracted by interactions with humans and its
on-board sensors.ACE integrates innovative algorithms for
dealing with the problems of SLAM, path planning in
unstructured environments and the selection, monitoring and
control of different navigation behaviors. Results from an
extensive �eld experiment, conducted in the downtown city
area of Munich (www.ace-robot.de ), show that the
robot is capable of navigating safely in highly populated
environments over long time periods, while dealing with
unexpected situations which occur frequently in real-world
settings.

However to make the system even more robust, the uncer-
tainty about the motion of dynamic objects needs to be taken
into account similar to [10]. The priorities of the modules
that request behavior transitions can be adapted dynamically,
according to the situation, as in [16]. Finally, evaluation
procedures need to be developed to quantitatively measure
the performance of autonomous robots in relation to the
complexity of the environment.
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