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Abstract—In the Autonomous City Explorer (ACE) project
a mobile robot is developed, which is capable of nding its
way to a given destination in an unknown urban environment.
An exemplary mission is to nd the way from our institute
to the Marienplatz, a public place in the center of Munich,
without any prior knowledge or GPS information. Inspired
by the behavior of humans in unknown environments, ACE
must nd its way by asking pedestrians. The route is about 1.5
kilometers far and includes heavily traveled roads and crowded
public places. In order to navigate safely in an unknown
urban environment, some challenges arise for the vision system.
Robust human detection, tracking and the estimation of human
body poses is essential for natural interaction with pedestrians.
Furthermore, the robot needs to be able to detect sidewalk and
crossroads. A visual odometry system is used to support the
conventional navigation. Outdoor experiments were conducted
twice successfully. After about 5 hours and interacting with 25
and 38 persons respectively, ACE arrived the Marienplatz. This
paper describes both, an architecture of the vision system used
for ACE and the algorithms used to deal with the described
challenges.

Fig. 1. Approximate trajectory with three stations: crogsan street (a),
interaction with a pedestrian (b) and nally approaching tarienplatz (c)

I. INTRODUCTION

Most of the current robots have been used for specic
industrial tasks, such as working at an assembly line. Oth&rmed by a touch screen. To enhance the natural interaction
robots have been developed to assist humans in househdIGE has the ability to speak and to recognize human body
activities [1] or guide humans through museums [2] [3poses.
[4]. Autonomous vehicles have been developed for outdoor Another important ability for a robot, which has to drive
navigation on roads. One big goal of research in robotics @ a sidewalk, is to detect the sidewalk robustly. ACE is not
to bring robots into the real world, so they have to be able tallowed to cross junctions or to enter the road, so crossroad
interact and act safely in both, indoor and outdoor crowdekave to be detected robustly. To traverse crossroads safely
human environments. ACE tracks a certain person wearing a T-shirt with chess

In order to address these challenges, a robot capable lmfard pattern. For an effective and safe navigation in autdo
autonomously exploring highly populated urban environenvironments, visual odometry also plays an essential roll
ments is created in the Autonomous City Explorer (ACE) Outdoor experiments were conducted successfully on 30th
project. The main mission for ACE is to nd its way to and 31st of August, 2008. Starting from our institute, ACE
the Marienplatz, a public place in the center of Munichsucceeded to reach the Marienplatz. The whole process took
through interaction with humans. The robot must be ablabout 5 hours, while the route was approximately 1500m,
to perform vision guided dialogue-based navigation in aimcluding heavily traveled roads and crowded public places
unknown urban outdoor environment without any prior mag-ig. 1 illustrates the approximate trajectory of the ACEabb
knowledge or GPS information. from our institute to the Marienplatz. The whole route is

Consequently, the robot must be able to nd a human anaipproximately 1500m. 25 and 38 pedestrians, respectively,
initialize the interaction. As a speech based dialog systerhave interacted with ACE and given ACE information
the most natural way of interaction, is impossible with thebout the direction of the destination. The relatively éarg
background noise at heavily frequented public places @rumber of pedestrians and long time are caused by interested
traf ¢ noise. Therefore, the human-robot-interaction e pedestrians who initialized the interaction just to see how
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ACE would react. An example for natural human-robot- 1 { Visual |
interaction is shown in Fig. 1 (b), where ACE is interacting — Qiasiy
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with a pedestrian. ]
The remainder of this paper is organized as follows: The | | ) ‘

technical details about ACE, particularly the multi-focal *Ii Human

.

. . . . . Tracki
camera platform, is introduced in Section Il. Section I mee )

describes the architecture of the vision system. The pexpos

approaches to the several challenges of the application and
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corresponding results are described in Section V. Sedtion 4 Siticwt?lk
. \ ctection
gives an outlook to future works.

Il. TECHNICAL DETAILS ’ I i

Signi cant effort has been devoted to develop a robotic ‘ D‘:g:jgn ! ﬁ g;‘fr{l;‘l’;;
system that meets the requirements and challenges outlined § ‘
in the previous section. In this section, the hardware cempqg. _ . _ .
. . . 2. System architecture of the vision system in combamatwith the
nents, especially the camera head, are explained. The A L%igaﬂon and interaction of ACE
robot in its newest revision consists of a mobile platforrthwi
two differential drive wheels, four castor wheels, as weall a

an upper body with a camera head, a communication system

and two PCs. The upper body was completely redesigné’tﬁ’im in a certain direction. The modub®dy pose estimation

to achieve better stability due to a lower center of masill be activated and will send the estimated body pose to
With the new revision of the ACE setup, a new multi-theinteraction Now, the robot will turn its head in the given

focal high-performance vision system is also introduce].[1 direction and will make a picture to specify the directioman

It comprises several vision sensors with independent mdhe robot will drive in this direction. When ACE is following
tion control which strongly differ in elds of view and & sidewalk, the vision system needs to activate the module

measurement accuracy. High-speed gaze shift capabilitiééewalk detectionto follow sidewalks safely and to detect
and novel intelligent multi-focal gaze coordination copise crossings. The detection of crossroads if performed by,both

provide fast and optimal situational attention changeshef t detection of traf C signs and traf c lights and by analysié o
individual sensors. Thereby, large and complex dynarryicall,the S|dgwalks ShaPe-_ In orde_r tq provide a r_1atura| way of
changing environments are perceived exibly and ef cignt interaction, semantic information is passed toititeraction
The vision system consists of a wide-angle stereo-camq?éowl& e.g. ACE was able to process user information like
mounted on a central panttilt-platform, see FRy. As an follow the road to the next crossing, then turn right until
upgrade from the previous vision system, the main cameY@U réach the next but one crossing”. When ACE needs to

is now a 3-sensor, multi-baseline Bumblebee XB3 by Poirfif®SS @ road, the moduleuman trackingis activated and

Grey Research, with enhanced exibility and accuracy pethe robot will follow a certain person which will guide ACE

cause of the switchable baseline. Additionally, two telgph aCToss the street.
cameras are gimbal-mounted on the ce_ntral platfqrm with IV. SYSTEM DESCRIPTION
2 DoF each. Aperture angles of approximately §@ide)
and 20 (telephoto) and focal-lengths of 2mm and 25mm, This section describes the subsystems and the used algo-
respectively, are provided. The system is encapsulated afithms. Furthermore, some results of the modules will be
accepts camera pose commands from a higher-level decisii¢sented.
and planning unit via a CAN-based interface. The system ) i
body is made of aluminum alloy. Overall dimensions aré“ Robust Human Detection and Tracking
(37x30x5) cm and the weight is 2.2 kg. For a successful human-robot interaction, pedestrians
should be detected at rst. Most proposed human detection
. ARCHITECTURE models are based on feature extraction and classi cation
Fig. 2 shows the architecture of the vision system anfb]. They are robust but not real-time capable or highly
the connections to theavigationandinteractionmodules of dependent on high resolution, which is not suitable for
ACE. More information about this two modules can be foundhighly dynamic outdoor environment. Some skin color based
in [5]. The vision system can switch between several statatrategies are also proposed [7] and [8] which can process
and is controlled by thénteraction The visual odometryis in real-time but not robustly enough. Therefore, we combine
running continuously to support the conventional odometrgimple algorithms to achieve a relatively robust and real-
and localization of the navigation module. When the robaime capable human detection. Considering the common
wants to interact, the moduleuman detectioris activated characteristics of pedestrians, for instance, the skiorcol
and the vision system will search for humans and send raotion and the upright posture in the street, we propose a
signal to theinteraction when a human is detected. Now,top-down biased, saliency map model, which predicts the
ACE will ask the pedestrian for a way and the user willpositions of potential pedestrians in an input image.




ef ciently regarding computational cost, N is set to a sreall
value representing several smaller areas in the imagege whil
Kmax andlmax are chosen within reasonable limits.

AN

Motion map
—— Orientation map: Considering that most pedestrians stand
Image 1 uprightly, we also integrate an orientation map into thel na
— 4’/ saliency map. We use Gabor lters introduced in [14]. In
/ Color map Saliency map order to apply the lIter at different scales, the input image
\\ is resized accordingly to save computation time. Modeling

_Image 2 the task to detect humans in the scene, Gabor lters at an
angle of90 and scales of 20, 40, and 80 pixels were used.

Qrientation mapy The latter two scales were weighted double.

2) Human Tracking:When implemented on the robot, the
most salient spot in the saliency map will then become the
center of attention for the camera head. The camera platform

1) Human detection:Fig. 3 illustrates the human detec-is controlled to locate the most salient position of theesaly
tion model. From the incoming image sequence two cormap, one of the detected pedestrians, in the image center,
secutive images are being taken into account to compute tidiich also shows its current interest in interaction witteon
saliency map. This saliency map is derived from feature maygd the pedestrians.
for color, orientation, and motion. For color and orierdati To lower the computational cost, we constrain a search/in-
feature maps are only computed for the second image, whilerest area for human tracking as follows: If the salient
the motion feature map is computed using the differenggosition is very close to the principle point, it would be
between color values of both images. Each feature map risasonable to only have a look at a smaller area in the center
going through a normalization process before the weightasf the image for the next time step. On the opposite, if the
sum is computed to get the saliency map. Color and moticsearch area has already been reduced and the most salient
feature maps were weighted almost equally strong, abopbint was close to the image boarder it would make sense to
three times stronger than the orientation map. enlarge the size of the interest area to be processed admn. T

Color map: To reduce the in uence of different lighting size of the interest area varies between 250x220 to 640x480
conditions, an equalization in R-, G-, B-channel of inpu{see Fig. 4). This method also helps rudimentarily to keep th
images is executed. To achieve robustness, the color éatglystem focused on one target / human being and not switch
map is the weighted sum of three feature maps in differemtack and forth between several points of interest.
color spaces, inspired by [7] [8]. For each color space the
model is given rules by which a certain pixel is either
determined to be skin color (pixel set to 255, white) or not
(pixel set to 0, black). Color spaces used by this model are
normalized RGB, HSV and YCrCb.

Motion map: The input data for the motion feature map
is the absolute value of the difference between the gragscal
values for each pixel in two consecutive images. The result swc20 | 2501220
is one gray scale image showing intensity changes from one 4266320
image to the next. Note that areas in this image showing sdouicd
great intensity are not necessarily the areas where theegtea
motion can be seen. To compensate the small motion caused  Fig. 4. Interest areas during the image processing loop
by shaking of the camera resulting little offsets between

images in the sequence, the gray scale motion image as3) gyperimental EvaluationTable | shows the result of

described above is not only computed once, but several imgg hyman detection model and the interest area used during
while the two input images are shifted towards each othef, 11 minute test run. Pedestrians were usually located in a
by one pixel in one dimension at a time. Then the COMMOPhge yp to 8 meters away from the camera. The results in

Fig. 3. Feature maps and saliency map

way is to solve the optimization problem: the outdoor environment are very promising.
N Since the interest area for human detection varies, the
min la(xisyi)  l2(xi Ky 1) (1)  computational cost for each step also varies. Working on the
i=1 hardware described previously, the maximum computation

to compute the offsetk 2 ( Kmax ;kmax) and | 2  time for one time step using 640x480 is 0.7s, while the
( Imax ;lmax ). N is the number of pixels in the image, minimum computation time using 250x200 is 0.2s. We
where each pixel can be addressed by a [frjry;). k also implement the color map computation using Graphics
and | represent the offset in x- and y-direction between therocessing Unit (GPU), which brings a speed-up of approx-
two gray scale images. In order to use this method moteately 30%.



Indoor Outdoor
environment| environment
abs. percent| abs. percent,|

Humans detected 287 51.7 %| 498 92.6 %
Humans not detected 268 48,3 %| 40 7.4 %
No humans in the sceng 319 53

Interest areas used for image processing

640 x 480 303 34.7%| 135 228 %
564 x 480 23 26 % 6 1.0 % Fig. 5. Image with detected skin parts (left). This image hamnbken
0 0 with a stereo camera with a high aperture and has already leetred.
jgg X ggg 1‘?155) 1%3 0//0 53 3‘]"_ 0//0 The right side shows the three-dimensional reconstructidneoscene using
37E i 355 e (y;’ =25 0/2 a stereo matching algorithm.
376 x 320 13 15% 5 0.8 %
284 x 220 79 9.0% | 39 6.6 % @ © © @
250 X 220 267 305 %] 321 543 % S
Total number of images| 874 591
TABLE |
RESULTS OF A11 MINUTES TEST RUN
Fig. 6. lllustration of the selection of the best link in 4 e

B. Gesture Recognition

A robot working in close collaboration with humans mus . . .
) : : arge colored point cloud. With the skin detector, we know
be able to interact safely. To increase its acceptanceotiad r :
what parts of the point cloud may belong to a human body.

should have the ability to recognize the gestures, actiods aConsequentIy the remaining parts of the human body have

the intention of its companions, so it is essential to edéma . .
P ! . to be found. The results of the skin color detection and the
the human body pose in real time. Some algorithms for the . . ) .
L . corresponding color point cloud obtained by stereo vision
estimation of human body poses using camera systems are A ) . :
X . can be found in Fig. 5. Starting with the detected skin parts,
also proposed [9], which serve as foundation of our worlsp

The algorithm presented in the following is able to leave ou e segmentation algorithm searches for locally adjacent

. . d';tructures and will create one cluster for each detectad ski
body parts and is therefore able to deal with occluded bo B’art As the skin detector may deliver false positives and
parts. A more detailed description can be found in [16]. ’ y P

In a rst step, possible humans need to be detected, e.g. Bwo or more skin parts of the same human are detected, the

using a skin color lter. A disparity map containing depth cYusters have to be validated.

. T . . ; 2) Algorithm for the Body Pose EstimatiorAfter one

information is computed using a stereo matching algorithm, : .
. . : Cluster has been computed and validated for each human in

It leads to a three-dimensional representation of the scene

Starting with the detected skin parts, our algorithm seglsnena scene, they can be used to extract the body poses. The
. ; . , algorithm will be executed once for each cluster, so the
this point cloud into smaller clusters. The possible maiche .

. . . . _accurate number of humans can be found. As the algorithm

are then veri ed, and the body pose is estimated using . .
. : : should be able to deal with all different types of colors and
kinematic human model with 28 degrees of freedom. AS : ) . ; ;
. . . . . Clothes, color provides little useful information and isneo
our algorithm is capable of dealing with arbitrary three-

. . : . . sequently not used. Thus, the segmentation and estimation
dimensional representations, it can easily be adaptedeo us : : -
of the body pose is performed by using only the position of

a three-dimensional laser range nder instead of a ster . ; : . :
camera system. The reduced (the hand has not been con&isflﬁ)I points. Starting with the head, the algorithm will try to

ered) human model has 15 links and 28 degrees of freedortn.he attaghed links iteratively. l.f a I?nk Is not part of th?
Each link provides one to three degrees of freedom, and Hg1age or1s occluded by_ an object in front of it, no .vaI|'d
rotated around the axis of the coordinate system of the Iinlt< can be made and the link and all links attached to it wil
it is connected to. As the hands and the feet are too small
to be detected robustly by the stereo matching and they are
not relevant to estimate the pointing direction, they haot n
been taken into account. Hence, this model is reduced by 10
degrees of freedom. To validate the human model, the link
lengths and the angles between the links are considered. For
each link, a minimal and a maximal value for each of the
parameters have been estimated. As they are coupled, the lef
and right shoulder are treated specially.

1) SegmentationThe three-dimensional representation of

Fig. 7.
the scene acquired by the stereo vision system contains a 9

Results of the human body pose estimation.



Fig. 9. Images of the traf c signs, that can be found at evencfion in
the city center of munich, the operational area of ACE.

on the left or on the right side of the street. A simple classi
was trained with measurements to perform this detection.
Combined with the detection of traf ¢ signs, which will be
explained in the next section, a robust detection of cresigo
and a safe following of sidewalks can be ensured.

2) Traf ¢ Sign Detection:For the detection of crossroads,
the assumption that every crossroad in the area where ACE
is driving is equipped with traf ¢ signs or traf ¢ lights can

, , i . be made. The algorithm developed for ACE searches for
not be included in the resulting human model. The algorithigo, tor traf ¢ lights and the traf ¢ sings shown in Fig. 9.
IS illustrated in Fig. 6, while Fig. 7 shows th_e results_ fromOpenCVs rapid object detection was used to detect the traf ¢
different scenes. The rst row shows the undistorted |magq§ghtS and signs. To achieve good results, cl@@00images
as seen from the camera, with the detected skin parts. In tHsve been made to train the haar like features [15]. One
next two rows the estimated human body poses are shOW s cator has been trained for each trafc sign or light.
from two different points of view. The achieved results are quite good, the hit rate lies wihin
range of79 to 88% and the number of false positives within
. L L 2 to 6%, depending on the classi cator. When the robot is

Safety is a main Issue for a robot ngwgatmg throu_g%pproaching a crossroad, the trafc sings will be seen in
an “fba_” enwronmen_t. As ACE must dr!ve together Wltr?‘nore than one image. The false positives will only occur in
pedestrians on the sidewalk, the robot is not allowed Bhe singe image, so by tracking the detected traf ¢ sigrs, th

travel on streets or to cross streets autonomously. When ACfEse positives can be detected and discarded. If the tigori
needs to cross a street, it will follow a certain person. lenc '

. , isses a traf ¢ sign in one single image within a sequence
g:gsr;gg;gews the ability to robustly detect sidewalks a'ﬂ images, it will be able to detect the sign in the rest of the

. . ) sequence. Consequently, most of the not detected signs and
1) Sidewalk Detection:To detect the sidewalk, an algo- ¢, <o positives can be handled.

rithm based of the algorithm presented in [_17] was used. Thf'3ne computation time of the algorithm is abc@0 ms for
pr0p0§ed methqd USES one camera and is real tlmg capa@é%h classi er, so the total computation timeli? seconds.

at a high resolution. The algorithm uses the assumption, thag the robot drives with less tha@5 meters per second,
the area in front of the robot is free. This assumption cafe ¢omputational time is adequate for a robust detection of
be cross checked with a laser scanner. If the area is 1&gyt 5igns. As the used camera has a large eld of view, the
the texture in the area is compared to the texture of the reéémputational time can be decreased by selecting a region
of the image. All areas in the image with a similar textures interest.

are assumed to be free. To deal with different terrain types,

an extended version of the algorithm was equipped with B. Modeling Navigational Knowledge by Route Graphs
memory. Textures which are known to be free are saved and

this history of textures is used to detect free areas in the

image. In order to increase the robustness for sudden change

of the terrains texture, the oldest textures are weightell wi

a low weighting factor and the new images with a higher

one.

The results of the sidewalk detection are saved 5D

map, which is not recreated in every computation step. The

last 10 results of the sidewalk detection are merged into one  Fig. 10. Route graph witl topological and3 metrical nodes.

map. As the algorithm runs with5-20 Hz, the movement

can be neglected. Furthermore, the shape of the sidewalk wadVith the gestures, the human users provide the robot
used to detect crossings and to estimate, if the robot igndriv with information how to get from crossing to crossing.

Fig. 8. lllustration of the sidewalk detection algorithm.

C. Sidewalk and Traf ¢ Sign Detection



As described above, the robot has the ability to recognizeorrect the systematic error; Kalman lter is selected to
junctions. Based on this information the robot creates eombine the odometry results from two odometry systems,
topological route graph as a representation of the path thanabling ACE to localize itself with a better accuracy.
lies ahead. While it follows this path the robot updates the 2) Camera Ego-motion Estimatiorl:ucas-Kanade algo-
graph to a metrical route graph with the data from the realthm [19] is a classic differential optical ow technique.
environment. A more detailed description of this proces¥he advantage is its ability to handle a large pixel motion
can be found in [5]. Fig. 10 shows such a route graphxactly with the local sub-pixel accuracy. And the pyrarhida
with 6 nodes. When the robot has gained topological routinplementation of the Lucas-Kanade algorithm [18] can do
knowledge (nodeart, 1 and 2, it can start following the it still robustly and ef ciently. 18x18 xed interest poist
route towards the goal (nod&s 4 and goal). Starting at a are selected and the 324 sets of optical ow results are
crossing it follows the street in the given direction until i separated into 36 groups. Each group consists3 of 3
reaches the given goal. windows. In every group we set a threshold to eliminate
E. Visual Odometry some windows whose optical ow values seem not t_o _be

: ideal enough. The average optical ow values of remaining

The goal of ACE is to navigate in an unpredictableyindows in every group are computed and could be seen as a
and unstructured urban environment. For achieving the aialid optical ow value of this group. Only the optical ows
accurate localization is one of the preconditions. By nowgf 36 feature points are computed with a better accuracy.
ACE only has the odometry information by analyzing andafter optical ow computation, image Jacobian matrik
calculating the data from the angle-encoders on the wheels. applied to determine the camera velocity vecter in
If ACE moves on the cobblestone sidewalk or there argp world coordinate system according to the corresponding
sands on the ground, the wheels will slip, which causegixel velocity v, in 2D image plane:, = J . Least
an inaccurate localization. Therefore, we want to use th&yuares methods utilized in the form of pseudo-inverse
visual information to support the localization. How to l6&a matrix to obtain an optimal solution of camera ego-motion.
the position and orientation of a moving object using visual 3) Robot Localization:Using the camera ego-motion, the
information has long been a research focus of the computgfecise position and orientation of ACE will be obtainedaft
vision community [10] [11] [12]. In this subsection ansetting up kinematic models, system calibration and data
elaborated visual odometry system is presented to estimaigion. Similar to a unicycle, ACE has only a velociff()
the current position and orientation of ACE platform. along the forwarding directionX(, ) and an angular velocity

1) System OverviewBecause ACE will explore the out- (1 ,) relative to itself in robot coordinate. Actually it does
door urban environments, and communicate frequently withave translation directions of X and Y in world coordinate
the humans, so the camera for visual odometry may nete to its current angular velocity. Based on the characters
gaze directly forward. For avoiding the disturbance of thef non-holonomic system the instantaneous velocities ef th
independently moving entities such as passers-by, theream@aCE robot v = [Ty ;! ]7 can be transformed to the
is mounted in the front of ACE and gazes downwards agstantaneous camera velocities = [Tex; Toy:! <" at

shown in Fig. 11. every time moment (see Fig. 12):
T« = !1zRcos = ! ,Xg
Ty= Tx !'zRsin = Ty !yuyo (2)
lez= iz

In our model the camera coordinate system is assumed
parallel to the robot coordinate system. But when the camera
is being mounted on ACE, it's very dif cult to achieve that.
There is an error angle as shown in Fig 13. And the

Fig. 11. The visual odomery con guration distances between the gravity center of ACE and principal
point in the image plane can not be measured very accurately,
Our visual odometry system is deployed with a highyhich are expressed ag andyo. Two scenarios, namely
speed camera and a 1394B PCl-express adapter which g{ge translation and pure rotation, are designed to estimat
used to capture and transfer the images to the computatiogl v and
units. For the application, our visual odometry algorithm ~after completing the task of robot motion estimation using
is composed of six stepsa) Image capture, undistorsion yisyal information, we fuse it with the conventional odorget
with calibration parametersh) Optical ow algorithm is  gata from the mobile platform to reduce errors and increase
implemented to calculate the interest points velocity ijyccuracy and reliability, accomplished by applying Kalman

the image planer) Estimate the camera motion utilizing |ter [20]. After that, the whole algorithm is nished.
the image Jacobian matrix and the least squares method;

d) Establish a kinematic model describing the relationship V. SUMMARY AND FUTURE WORKS
between camera velocity and robot velocity, so the robot A vision system meeting all the requirements of ACE, a
motion can be computed) Two scenarios are designed torobot which is able to navigate in an unknown urban envi-
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(1]
(2]

Fig. 12. Kinematic model Fig. 13. System calibration

[3]
ronment was presented. Both, hardware setup and software
architecture have been described. The vision system uses
novel multi-focal camera head and is composed of several
modules. Some of the modules serve interaction purpoge, lik
the robust detection of humans to initialize an interaction
or the estimation of human body poses. Other modules
support the navigation of the robot, like visual odometry,
which enhances ordinary localization, as well as detection’!
of sidewalks and crossroads, which also plays an important
role to increase the safety of the robot. The modules, the
connections between the modules as wall the the interpla
with the navigation and interaction systems of ACE have
been presented. Several experiments have supplied pngmisi (8]
results. In the outdoor experiments, ACE succeeded to n 9]
its way from our institute to the Marienplatz, a public place

the city center of Munich. The route includes heavily tragel
roads and crowded public places. The distance between tﬁg]
two places is around500 meters. ACE was able to full ll

the mission and has reached the Marienplatz after about 5
hours and interacted with about 25 and 38 pedestrians on
two different days. [11]
Most of the modules of the vision system have already been
implemented, but the experiments have shown the need for a
module which can compute a con dence for the body posgz]
estimation. Due to bad light condition when the camera is
oriented towards the sun, some of the estimated body po
are invalid. Those poses have to be detected and discarded.
Needless to say, it is crucial for the interaction module to
be informed about the con dence of the estimated pOSer,
As some pedestrians evaluated the interaction by pointing
in directions as rather technical and to achieve a better and
more uent interaction with pedestrians, the interactiash
to be enhanced. For this, the computational speed of the
body pose algorithm has to be increased and the connectidfl
to the interaction module has to be tuned. Furthermore, the
performance and robustness of the human tracking have to
be increased. To achieve a more uent and natural behavit]
of the robot, the connection to the navigation module has to
be enhanced as well. [18]

VI. ACKNOWLEDGMENTS [19]

This work is supported in part within the DFG excellence
initiative research cluste€ognition for Technical Systems [20]
— CoTeSyssee alsowww.cotesys.org and within the
BMBF Network of Computational Neuroscience IBern-

REFERENCES

F. Schubert, T. Spexard, M. Hanheide and S. WachsmAttive
Vision-based Localization For Robots In A Home-Tour Scienar
Proceedings of the 5th International Conference on Compliséon
Systems, 2007.

Nourbakhsh, I.R.; Kunz, C.; Willeke, TThe mobot museum robot
installations: a ve year experimentProceedings. 2003 |IEEE/RSJ
International Conference on Intelligent Robots and Syste2083.
(IROS 2003). Volume 4, Issue , 27-31 Oct. 2003 Page(s): 368@1.3
Schraft, R.D.; Graf, B.; Traub, A.; John, DA Mobile Robot Platform
for Assistance and Entertainmerth Industrial Robot Journal, Vol.
28, 2001, pp. 83-94.

[4& M. Shiomi, T. Kanda, H. Ishiguro and N. Hagiténteractive hu-

manoid robots for a science museuRroceedings of the 1st ACM
SIGCHISIGART conference on Human-robot interaction. pfa-322,
2006.

5] G. Lidoris, F. Rohrnilller, D. Wollherr and M. Bus3he Autonomous

City Explorer (ACE) Project - Mobile robot navigation in Hily
populated urban environmenti IEEE International Conference on
Robotics and Automation (ICRA), Kobe, Japan, May 12-17,2009
B. Leibe, A. Leonardis and B. Schiel®obust object detection with
interleaved categorization and segmentati®#CV Special Issue on
Learning for Vision and Vision for Learning, Sept. 2005. ised
version Nov. 2006.

] S. K. Singh, D. S. Chauhan, M. Vasta, and R. Singhrobust skin

color based face detection algorithifiamkang Journal of Science and
Engineering, 6(4):227-234, 2003.

V. Vezhnevets, V. Sazonov and A. Andree¥aSurvey on Pixel-based
Skin Color Detection Techniquek Proceedings Graphicon-2003.

H. Yang and S. LeeReconstructing 3D Human Body Pose from
Stereo Image Sequences Using Hierarchical Human Body Model
Learning In Proceedings of the 18th International Conference on
Pattern Recognition-2006.

Campbell, J.; Sukthankar, R.; Nourbakhsh, I. and Paliwa robust
visual odometry and precipice detection system using cnasu
grade monocular versigrProceedings of the 2005 IEEE International
Conference on robotics and automation, pp.3421 - 3427, ISBN:
7803-8915-8 , Barcelona, April 2005.

Nister, D., Naroditsky, O., Bergen, ¥isual odometry Proceedings

of the 2004 IEEE computer society conference on computer Visio
and Pattern Recognition, Vol.1, pp. 652-659, ISBN: 0-7@358-4,
Washington DC, July 2004

Fernadez, D. and Price, Afisual odomerty for an outdoor mobile
robot, Proceeding of the 2004 IEEE conference on robotics and
mechatronics, Singapore, December 2004.

?ﬁ K. Kihnlenz, M. Bachmayer and M. Bus# Multi-Focal High-

Performance Vision Systenn the Proceedings of the International
Conference of Robotics and Automation (ICRA), pp. 150-15%, O
lando, USA, May 2006.

] N. Courty and E. MarchandVisual perception based on salient

features In Proceedings of the 2003 IEEE/RSJ Intl. Conference on
Intelligent Robotics and Systems, 2003.

15] R. Lienhart and J. Mayd#n Extended Set of Haar-like Features for

Rapid Object Detectianin Proceedings of the International Confer-
ence on Image Processing-2002.

Q. Muhlbauer, K. Kihnlenz and M. BussA Model-based Algorithm
to Estimate Body Poses using Stereo Visidm Proceedings of
the 17th International Symposium on Robot and Human Intemacti
Communication-2008.

U. lwan and N. lllah. Appearance-Based Obstacle Detection with
Monocular Color Vision In Proceedings of the AAAI National Con-
ference on Arti cial Intelligence-2000.

J. BouguetPyramidal Implementation of the Lucas Kanade Feature
Tracker Description of the algorithnOpenCV Documentation, Intel
Corporation, Microprocessor Research Labs, 1999.

B. Lucas and T. KanadéAn iterative image registration technique
with an application to stereo visiorin Proceedings of the DARPA
Image Understanding Workshop, 1981.

G. Welch and G. BishopAn Introduction to the Kalman Filter
Department of Computer Science, University of North CarqlRG06.



