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Abstract—The Autonomous City Explorer (ACE) project had to navigate in a model town with the help of human
aims to create a robot capable of navigating unknown ur- instructions, see [5].
ban environments without the use of GPS data or prior  1pig naner provides an overview of the system architec-
map knowledge. The robot nds its way by interacting with - - .
pedestrians and building a topological representation of its ture, behavior modes 'and data abstragtlon strategies ysed b
surroundings. This paper outlines the necessary ingredients the ACE robot to navigate urban environments. Section I
for successful low-level navigation on sidewalks, information brie y reviews the hardware platform and software frame-
retrieval from pedestrians as well as the construction of a \work of the robot. Section Il describes how the problem
semantic representation of an urban environment. A system ot hayigating on sidewalks is solved. In Section IV the
architecture for outdoor localization, traversability assessment . . . L
path planning, behavior selection and topological abstraction in basic robot behawors and crlterla for SW'tCh'ng among
urban environments is presented. The ef ciency of the proposed them are explained and Section V describes the human-
approach is veri ed by a number of outdoor experiments with ~ robot interaction and the construction of a topologicalteou
the ACE robot. graph. Experimental results are presented in Section VI and

discussed in Section VII.
I. INTRODUCTION

. . Il. SYSTEM ARCHITECTURE
The eld of autonomous mobile robotics has seen great

successes in the past decade. Inspired by military andaivil In its current setup, thACE robot comprises a differential
applications a number of researchers have successfully tatvheel platform with encoders, a SICK LMS200 laser range
led the problems of unmanned outdoor navigation in unstrud?der for navigation, a diagonally mounted LMS400 for
tured terrains [1] and more recently in urban environmientstraversability assessment, speakers, a touchscreen, ian an
The focus of these projects lies on safe and reliable locgtated mouth for interaction, and a stereo vision system
navigation, i.e. avoiding collisions, staying on track ang. for image processing. Figure 1 shows the robot and its
respecting traf ¢ rules. The 'big picture' is usually praiéd Components. The software is run on two onboard Linux PCs
in the form of GPS waypoints. Speci cally, the robot is (one for navigation, one for vision processing) with four
not required to interact or cooperate to reach its goal. 13-2GHz cores each, powered by an array of rechargeable lead
contrast, human robot interaction is usually investigated batteries. A third PowerPC independently controls the dif-
the context of structured indoor environments. Among théerential wheel platform and receives asynchronous dgivin
more prominent examples of autonomous interaction robof®mmands from the navigation PC. All processes run at xed
are tour guides for museums and shopping malls [2], [3]pdate rates in a pull architecture fashion, meaning data is
which possess complete knowledge of their environment ary'eried from sensors and re ning processes at xed intetval
whose purpose it is to relay useful pre-compiled infornatio Figure 2 shows the abstraction hierarchy and the ow of data
to humans. for the navigation-related processes along with their tgpda
The aim of the Autonomous City ExplorerACE) frequencies. The prpcessing chain can roughly be divided
project [4] is to combine these two lines of research byNto three stages: Flrstly,l the raw laser data from bothrlase
building a robot that must do both: navigate in an unknowf2n9€ nders is fused with odometry data from the wheel

urban environment and interact with human passers-by fcoders and the odometry error is corrected by means of
order to retrieve information. The robot is given a desigdat the localization module. Secondly, the corrected globsgia

goal location in a city and should nd its way to this location data is incorporated into an occupancy grid representation
without the use of map knowledge or GPS, obtaining anffata from the LMS200 is fed directly into an occupancy
interpreting directions by repeatedly asking pedestrians grid, while the data from the downward looking LMS400 is

the way. The only similiar work the authors are aware of wadSt transformed to 3D point cloud data, then processed by
a complete indoor simulation, in which a miniature robothe traversability assessment module and incorporated int

a separate occupancy grid. Finally, the two grids are fused
Lhttp:/fwww.darpa. mil/GRANDCHALLENGE/ and the resultant occupancy grid is passed to path planning
2The Marienplatzin Munich, in our case. 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 lasemaea for
traversability assessment (4) Loudspeakers (5) Touchsd@eAnimated

mouth (7) Stereo vision system Fig. 2. Hierarchy of navigation-related processes runmng\CE

robot behavior. The individual processes are explained ionte Carlo sampling. This results in estimators with a
more detail in the following sections. smaller variance than those obtained by pure Monte Carlo
sampling.

In the context of SLAM the posterior distribution
p(X¢; mjZ¢; Up) needs to be estimated. Speci cally, the map
A. Simultaneous Localization and Mapping m and the trajectory<; of the robot need to be calculated

The problem ofSimultaneous Localization and Mappingbased on the observatiorZs and the odometry measure-
(SLAM) has been studied extensively over the last yeargientsU;, which are obtained by the robot and its sensors.
Within the ACE project a grid-based approach has been The Rao-Blackwellization technique allows the factoriza-
chosen that makes use of particle Iters. Such lters havéion of the posterior
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. _ The posterior distributiop(XjZ;; U;) can be estimated by
Particle lters allow the approximation of arbitrary prob- sampling, where each sampled particle represents a gaitent

ability distributions, making them more robust to unpreyajectory. This is the localization step. Next, the pdster

dicted events such as small collisions which often occy§mjx,:z,) over the map can be computed analytically, as

in challenging environments and cannot be modeled. Thesscribed in [9], since the history of posKs is known.

only drawback is the increase of computational cost, as more 5, algorithm similar to [7] is used to estimate the SLAM

particles must be used to improve the approximation qualityssterior. Due to space limitations only the main differic

However, if an appropriate proposal distribution is choserye highlighted. Each particieis weighted according to the
the approximation can be kept suf ciently accurate evemwit .o, rsive formula

a small number of particles. Furthermore, grid-based SLAM
does not rely on prede ne_d feature extraqtors, which are o op(zme xhHp(xxt ue 1) )
dependent on the assumption that the environment exhibits W = X1iX] -7, U to1- (2)
: aX{jX{ 132Uk 1)

a known structure. In cluttered outdoor environments the o
grid-based approach provides a more robust and accurateéThe termp(x;jX; 1;U: 1) iS an odometry-based motion
mapping. In the remainder of this section the approach model. The motion of the robot in the interv@tl 1;t] is
brie y explained. approximated by a rotation, 1, a translation ¢ans and a

The idea of Rao-Blackwellization [8] is to evaluate somesecond rotation, ». All turns and translations are corrupted
of the lItering equations analytically and some others byby noise. An arbitrary error distribution can be used to nhode

I1l. SIMULTANEOUS LOCALIZATION, MAPPING AND
NAVIGATION ON SIDEWALKS

P(Xt;mjZe; Up) = p(XtJZe; Up)p(mjXe; Ze): 1)




odometric noise, since particle Iters do not require speci non-traversable. If there exists a smooth continuous slope
assumptions about the noise distribution. towards the point of measurement (case (b)) the area is

The likelihood of an observation given a global map andraversable, whereas a step such as the curbside (case (a))
a position estimate is denoted @§zjm. 1;x}). It can is clearly not. Secondly, and more problematically, theotob
be evaluated for each particle by using the particle mais exposed to vibration and shaking while drivingvhich
constructed so far as well as the map correlation. Mommeans that height measurements are noisy and frequently
speci cally, a local mapm}OCaI (x};z) is created for each exceed static thresholds even when the terrain is traviersab
particlei. The correlation with the most recent particle ma@mnd completely at. To remedy these problems, we use
m} , is evaluated as follows: a history of scans and assess traversability by looking at

(M. m) (m mi) each measurement's neighbors and the state of previously
p Y Y o Xxyilocal . (3) recorded measurements. o

wy My M2 (Mo M2 For the purposes of thACE project it was found suf -
. cient to assess the traversability of each new measurement
wherem' is the average map value in the overlap betweepy the following scheme: Suppose that the laser scan at

the two maps and is given by: time t is denoted byX and consists ofn; individual
1 X . . measurements i.e. X = fXg1;X¢2::0;Xen, 9, Where
= —  (ml, + m,,. ): 4) T Ve 7o ity in th
n Xy x;y;local Xti = [Xti Yei Zi]- For every pointxy; in the new scan
Xy examine the points with neighboring indices (i.e. the pint
The observation likelihood is proportional to the corrielat fx; «:::X:i+kg as well as the points with neighboring
value: ' ' indices in the previous scdiX; 1 k:::Xt 1i+kgand nd
p(zijmi 1:xi) / (5) the neighborx,, with the smallest Euclidean distance. Let

An important issue for the performance and the ef'fectivet—he z-coordinate ok, be denoted by, and let the height
P ) . PE e difference between the new point and its nearest neighbor be
ness of the algorithm is the choice of proposal distribution

; . e Zii = Zi  Znpn .- Thenxy; is traversable if either of th

this work the basis for the proposal distribution is progde , ;% = 1 <mn N X © © ot the

) : . . following conditions holds:
by the odometry motion model, but is combined with a scan oS Az <
alignment that integrates the newest sensor measurement ) Zt; ‘.Zf‘”er' an Zé' Zt”pper bl
and improves the likelihood of the sampled particles. More )1z < Zdiff andXpn traversable _
speci cally, new odometry measurements are correcteddbas®/here Zairr  is a threshold parameter describing the maxi-
on the current laser data and the global map, before bBIUM height difference that occurs in consecutive measure-
ing used by the motion model. This is achieved by scaflents of 'smooth’ slopes. Since this method continually
matching. It must be noted, that this is not performed orrows' the traversable region over the history of measure-
a per particle basis like in other approaches [7], since n®ents, it is dependent on proper initialization. The rst
signi cant improvement in the accuracy of the estimator hag'eéasuremenk ; is assessed only by the rst condition,

been observed compared to the higher computational cosPecause there is no previous measurement available.
Once each measurement has been classi ed as traversable

B. Traversability Assessment or non-traversable it is incorporated into an occupancygl gri
The Occupancy Grid Mappeuses the laser data from theg", which is aligned with the ground plane that the robot
LMS200 to build an occupancy grid map of its surroundingsirives on. There is no need to use a beam model for the
as described in [9]. This is the basic grig?, providing occupancy grid update, because the laser beam does not

traversability information of the parallel plane 12cm abov coincide with the plane. Therefore only cells containing th
the ground. However, this grid provides no information abouneasurements are updated using the probabilistic counting
negative obstacles (the curbside) or positive obstaclas thmodel [10].
cannot be seen by the lower laser range nder (cars betweenln order to use the complete available traversability infor
the wheelbase, overhanging obstacles etc.). To this erd, timation the basic grigP® has to be fused with the grigl to
supplemental LMS400 has been mounted at acd@nward obtain the nal grid g" used for path planning. The fused
looking angle as depicted in Figure 1. In this way, it capguregrid g" is initialized with the parameters gP such as width,
consecutive pro les of the terrain in front of the robot, asheight or resolution. The probabilities are set to
illustrated in Figure 3. o (cy) i pT(cy)  max(Pe: PP Y))

After the laser data has been transformed to global 3p/ (x;y)= "™ V" ' oce: PHX YD)
coordinates, traversability can be assessed by means of P(xy) otherwise,

the z-coordinaté of each measurement. However, a simple ) . (6)
thresholdingz > Zipwer andz < zupper Of individual z- wherep(x;y) is the occupancy probability of the cell con-

values is not feasible for two reasons: Firstly, as depictd@Ning the global poin(x;y). For path planning this grid

n Flgure_ 4} a single negat|v¢z-mea§urement does n.Ot, 4The mobile platform of theACE robot was designed for indoor use and
necessarily imply that the corresponding patch of terrain is thus not damped very well in outdoor settings.

5Note thatn; can be different for each scan because we might want to
3j.e. the orthogonal distance to the ground plane on whichahet drives  pre- Iter the scan to eliminate noise.



iteratively. Noisy sensor data causes spurious junctions i
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 Graplfil2] 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 germkrate
Fig. 3. The mobile robot captures consecutive curbside ps | 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.

(b) IV. NAVIGATION CONTROL

co a1 il s devend _ @ When navigating through urban environments a mobile
1g. 4. raversability assessment is dependent on contsgulala: a, H : H H : H o
Negative height measurement of non-traversable area (b)tMedzeight robot IS faced W|t_h different kinds 'Of situations requiring
measurement of traversable area appropriate behaviors. Th&CE 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,

. : b approach a person.
P (6 Y) fwg o wg o app per: _ N

Their proper selection, execution and monitoring is per-

formed based on the navigation control architecture shown
is the highest occupancy estimate coming frgy where in Fig. 5.

is thresholded by the valugy, i.e. all p(X;y)  Pocc are
interpreted as occupied. The probability

n “v) =
Pmax (X' y) max; (pn (Xi 1Y )) otherwise,

(xi;y;) are the cell centers of all cels (x;;y;) for which TheBehavior Selectiomodule is responsible for choosing
Xi;¥i 2 ¢ (x;y). w2 denotes the cell width ofl, andw?  the appropriate navigation behavior depending on the otirre
that of g, respectively. situation. It is triggered by events, such as inputs from the

C. Path Planning Human—Robot—Interact!o_ri—{Rl) module, the detectio.n of an

' intersection from the vision system, or the completion &f th

The Path Planningmodule utilizes a dual approach toprevious behavior. Trigger signals are prioritized actayd
generate safe paths. to their relevance for safety and goal completion.

As a rst step, bounding boxes are put around each The selected behavior needs to be properly executed by
obstacle and all of the box vertices that lie in free spacge system. To this end tigehavior Contromodule receives
are inserted into a visibility graph as described in [11]perceptual data, e.g. position of a tracked person or human
Next, all nodes with direct VISIbI'Ity are connected via edg input from the HRI, and generates a goa| point for the
with edge costs corresponding to their Euclidean distanceghot to reach, according to the requirements of the current
This approach yields shortest distance paths that bypasshavior. The goal point is send to thath Planningmodule,
obstacles as closely as possible. While this methodology \ighich computes global waypoints as described in Sectien I1I
advantageous in places where a sufciently large obstacle and forwards them to th@bstacle Avoidancenodule.
offset can be used, it is problematic in narrow sidewalkthis module takes into account dynamic obstacles in the
navigation scenarios, where a maximum clearance pathjginity of the robot and ensures it moves safely in its local
desired. To remedy this, the visibility graph algorithm isenvironment, by issuing the appropriate motor commands to
combined with the well-known Voronoi method. the mobile platform. A method similar to [14] is used to

Voronoi graphs have been used in the planning literatuigenerate smooth and safe robot trajectories.
for de ning collision free paths in bounded environments,

such as corridors or streets. They have also been used in orde V. HUMAN-ROBOT INTERACTION

to discretize the continuous environment into a nite set The ACE robot interacts with humans in order to retrieve
of places [12] for topological map-building. Unfortunatel directions to the designated goal location, as it has no GPS
they cannot be utilized in scenarios where the map is buittr prior map knowledge. To interpret the numerous user
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B. Building the Route Graph from Human-Robot Interaction
Platform

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

Fig. 5. Navigation control architecture. a representation of the path that lies ahead. Classicat rout
graphs are described in [17] and [18]. While it follows this
path the robot updates the graph to a metrical route graph

inputs and detect inconsistencies, it maintains and updatgith the data from the real environment. An overview of
a topological representation of the information it has beethis process is depicted in Fig. 7. The route information
given. The following subsections describe the user interfa acquired through human-robot communication is stored as

Platform Wheels

and route graph construction. a topological graph where the nodesN; = (Xi;Vi;G)
o represent intersections with edge cost 1 to the adjacent
A. Communication Interface intersections in the directionx{;y;) in robot coordinates.

The robot communicates with the human user through syfdditionally, each node has a certainty valgethat ranges
thesized speech (Mary TTS [15], the passer-by can choo@M 0 to 1. A node that is known to exist but whose
between German and English language). The user can reS§2ct c_oordlnates are unknown (such as the goal node) has
by means of gestures and a touch screen. An overview grcertainty value of 0. A n_ode that ha_s successfully been
the human-robot interaction is shown in Fig. 6. If the robof€ached by the robot receives a certainty value of 1. Al
needs information it stops and looks for passers-by with i{ther nodes have certainty values(@ 1) which re ect the
active camera head. On detection, a human is asked to toukgft@inty of the topological information received so faheT
the screen and point in the direction of the next intersactic®d9es denote actions that connect intersections (e.gwfoll
the robot needs to reach in order to get to its designated gd8f road in direction ;yi) until the next intersection is

location. reached). .
The camera head will look in the direction of the recog- 1N€ robot starts only with the knowledge of the current
nized gesture and capture an image, which is presented to #f51ti0n Nsare = (0;0,1) and a given goal (e.g. the

human. The passer-by will then choose the exact direction farienplatz in Munich)Ngoa = (0;0;0) with an unknown

this image. She/he will be asked to describe the subsequéSition- The adjacency matrix is a 2x2 zero matrix, as
path to the goal through buttons on the touchstedhit the s_ta_rt and goal positions are not adjacent. The_adj_acency
is necessary for the robot to cross the street it will ask th&@atrix is expanded through human-robot communication by
human to assist it and lead the way to the other side. Finalljn€ "ow and one column per intersection and the value of the
the robot thanks the passer-by for helping and starts moviﬁgnnectlon 'between the !ntersectlon IS set tq 0.5 (reptieen

in the given direction. For details on the human recognijtiorf '€ Uncertainty due to misunderstanding or inaccurate huma

human tracking and gesture recognition see [16]. knowledge). o _ _ _
If there is aplausibility con ict between the information

5By pressing left/right/straight the user describes theh piadm one given py the passer_—by and the current know'?dge Pf the
intersection to the next. robot, i.e. the topological route graph, the robot will iirguf
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the human is sure about that particular information and &ada
the topological route graph if necessary. If the informatio
given by the user corresponds to the robot's knowledge, t

value of the corresponding entry in the adjacency matrix wi Adjacency matrix:

0 1

be increased. 01 0 0 0 O
Once the robot has obtained topological route knowledg % g X 8 E

it can startfollowing the routetowards the goal. Starting at 0 0 05 0 05 0

an intersection it follows the street in the given directio 00 9 e o

until it reaches the next intersection (which is recognize

by the robot's vision system as described in [16]). Ther

the coordinates in the route graph are changed from t

relative directions to absolute coordinates (in [m]) and th Nodes

certainty value is set to’1transforming the route graph into N 001

a metrical route graph If at some point the robot cannot Sta,(} . - E38';5; 1?2; 1)

follow the route in the given direction, e.g. when it gets Nz = (119:6; 3:9; 1)

to a dead end, @onict between the route graph and the Nj - §8 : 1;1(’):%5)

environmentarises. The robot will delete the connectio Ngoar = (0; 1;05)

to the next intersection from the adjacency matrix and as
another human for directions.

VI. EXPERIMENTAL RESULTS
. . Fig. 9. Left: Example of an occupancy grid built by the SLAM méxu
The proposed system architecture was continuously benghciuding a route graph; metrical route (in [m]), already ameeby the

marked in several indoor and outdoor navigation scenario@bot, in red; topological route graph given by humans, ineblRight:
Some of the experimental results are presented in this s@dlacency matrix, nodes.
tion.

Over the course of multiple outdoor test runs, large maps

. : . . use of the different planning methods. It can be seen that
were .bu'lt usmg_the Qescnbed S.LAM algorithm. A.120X40. he Voronoi planner yields a nice maximum clearance path
map is shown in Figure 9. This map was obtained usin

200 particles and only information from the LMS200 rang for the narrow sidewalk passage situation (case (a)), asere

nder. It nicely demonstrates how the SLAM module deIivers‘.?he bounding box planner plans across the open space of an

o . . ! L intersection (case (b)). Both are combined for the complex

accurate metric information from intersection to intetset _. .
situation of case (c).
and across larger areas.
Figure 8 (a) and (b) show a typical street setting in VIl. CONCLUSIONS

which the ACE robot had to navigate on the sidewalk. The
Traversability Assessmemtodule was initialized withk = 5,
Ziower = 2CM, Zypper = 2CM andzgigr = 2:5cm. As can
be seen in Fig. 8 (c), the traversable sidewalk (blue) w
clearly separated from the non-traversable street (ree) e
though thez-coordinates of all measurements were rath
noisy due to the shaking motion of the robot, see Fig. 8 (d.

The resulting occupancy grid is superimposed in Fig. 8 (c).
d pancy d P P 9.8 ( ork includes learning 3D representations of persons and

An example of a route graph is given in Fig. 9, where th tacl buildi " I wral 1
robot has completed part of its way (which has been updaté)(lj’S acles (c.ars, uiidings € c.)_as wefl as natural fanguag
gemmunication to facilitate the interaction process.

to a metrical route graph) and part of the way still lies ahea
(represented as a topological route graph). ACKNOWLEDGMENTS
The results of théPath Planningmodule can be seen in

Figure 10. The three situations require the robot to make ' NiS work is supported in part within the DFG excellence
initiative research clusteCognition for Technical Systems —

“Although a small uncertainty remains due to imperfect sensors. CoTeSyssee alsavww.cotesys.org

In this paper, progress within th&utonomous City Ex-
plorer project has been presented. The system architecture
aasnd its individual modules for SLAM, traversability assess
ment, path planning, interaction, and topological mapping
é?ave been described. The results show that the implemented
pproaches represent a successful solution of the various
roblems encountered in urban outdoor environments. Eutur
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Fig. 8. Traversability assessment in a typical street gpt{im) TheACE robot drives on a sidewalk (b) The sidewalk as seen from th&400 (c) The
result of the traversability assessment (non-traversabietpin red, traversable ones in blue, occupancy grid supased) (d) The noisy height pro le
of the data
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Fig. 10. ThePath Planningmodule in three different navigation situations: (a) A narppassage on the sidewalk requiring Voronoi planning (b) Ope
space on an intersection requiring bounding box plannipd/fged situation that requires both (Bounding boxes in daltle, Voronoi path in blue, frontier
regions in green, planned path in red)
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