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Abstract

This paper describes an interactive tour-guide robot, which
was successfully exhibited in a Smithsonian museum. Dur-
ing its two weeks of operation, the robot interacted with
more than 50,000 people, traversing more than 44km. Our
approach speci�cally addresses issues such as safe naviga-
tion in unmodi�ed and dynamic environments, and short-
term human-robot interaction.

1 Introduction

This article describes Minerva, a mobile robot designed to
educate and entertain people in public places. The robot's
purpose is to guide people through a museum, explaining
what they see along the way. The robot was recently in-
stalled successfully in the Smithsonian's National Museum
of American History, in an exhibition hosted by its Lemel-
son Center for Invention and Innovation. During a two-
week installation period in the summer of 1998, the robot
successfully educated (and entertained) tens of thousands
of people.

Minerva is controlled by a fairly generic software ap-
proach for robot navigation and human robot interaction,
which addresses the following problems:

� Navigation in dynamic environments.Public places are
often packed with people. People behave not necessarily
cooperatively (many try to “break” the system). Our ap-
proach provides means for safe and effective navigation
through crowds.

� Navigation in unmodi�ed environments. No modi�ca-
tion of the environment is necessary for the robot's oper-
ation. Instead the our software enables robots to adapt to
their environments.

� Short-term human-robot interaction. Our software is
specially designed to interact with people—or crowds of
people—who have not been exposed to robots before. To

appeal to people's intuition, the robot's interface uses pat-
terns of interactions similar to those found when people
interact with each other.

� Virtual tele-presence. A Web interface enables people
around the world to monitor the robot, control its move-
ment, and watch images recorded by the robot's cameras.

This article describes the software architecture, reportsre-
sults obtained in the museum, and compares our approach
to Rhino, the world's �rst museum tour-guide robot, devel-
oped by the same team and deployed in mid-1997 [4].

2 General Software Architecture

Minerva's software architecture consists of approximately
20 distributed modules which communicate asynchronously
using TCX [7]. These modules can broadly be classi�ed
into four groups: the hardware interface modules, the navi-
gation modules, the interaction modules, and the Web inter-
face. At the lowest level, various modules interface directly
to the robot's sensors and effectors (lasers, sonars, cameras,
motors, pan/tilt unit, face, speech unit, touch-sensitivedis-
play, Internet server, etc.). On top of that, various naviga-
tion modules performed functions like mapping, localiza-
tion, collision avoidance, path planning, and global mission
planning. The interaction modules determine the “emo-
tional state” of the robot, control its head direction, and
determine what it says (speech, sounds). Finally, the Web
interface consists of modules concerned with displaying in-
formation such as images and the robot's position on the
Web, and with receiving Web user commands.

Among the various design principles involved in the soft-
ware design, three stick out as the most important ones:

1. Probabilistic reasoning. Minerva uses probabilistic
methods to model and reason about its environment. For
example, instead of determining the exact pose of the
robot (the termposerefers to the robot'sx -y location
along with its heading direction), Minerva maintains a
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Figure 1: (a) Minerva. (b) Minerva's motorized face. (c) Minerva gives a tour in the Smithsonian's National Museum of American History.

probability distributionsover poses, denotedP r ( x; y ; � ) .
Probabilistic representations are essential for the robust-
ness of the approach.

2. Learning. Learning plays a key role in Minerva. For
example, the robot learns maps of its environment, sen-
sor models, and it also learns models of travel times that
affect the on-line composition of tours.

3. Any-time algorithms. Minerva's computationally de-
manding modules (such as the localization and the path
planner) are implemented asany-timealgorithms. Such
algorithms return an answer at any time, whenever
needed; however, the answer might not be optimal. As
a result, people never have to wait for a computation to
terminate.

The remainder of this paper describes Minerva's major soft-
ware modules.

3 Mapping

Minerva uses two types of maps to orient itself: Occupancy
maps [22, 6, 25], as shown in Figure 2, and texture maps of
the museum's ceiling, as shown in Figure 3. Both maps are
learned from sensor data. Sensor data—laser scans, camera
images and odometry readings—are collected when man-
ually joy-sticking the robot through its environment. The
problem of building maps is usually referred to as “concur-
rent mapping and localization” [3, 17], as errors in odome-
try have to be corrected when building a map.

3.1 Occupancy Map

The occupancy map is learned �rst. To accommodate er-
rors in odometry, which can easily grow as large as tens of
meters, the approach described in [26] is employed. This
approach phrases the concurrent mapping and localization

problem as amaximum likelihood estimation problem, in
which one seeks to determine the the most likely map given
the data.

P r ( m j d ) (1)

Here m denotes the map, andd the data. The likelihood
P r ( m j d ) takes into account the consistency of the odome-
try (small odometry errors are more likely than large ones),
and it also considers the perceptual consistency (inconsis-
tencies in perception are penalized).1 As shown in [26], the
likelihood function can be re-expressed as
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( t ) denotes the robot's pose at timet , s
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an observation (laser, camera) andu

( t ) an odometry read-
ing. This expression can be maximized ef�ciently using the
EM algorithm, as described in [26]; as a side effect, the esti-
mation routine “guesses” the errors in the robot's odometry,
and produces the most likely path that is probabilistically
consistent with the map. The resulting map, for the mu-
seum, is shown in Figure 2. This map is approximately 67
by 53 meter in size. See [26] for more details.

3.2 Texture Maps of the Ceiling

In our previous work, we exclusively relied on occupancy
maps for navigation. The sheer size and density of people

1 For completeness, we note that Minerva used a simpli�ed version of
the method described in [26], where the “backwards phase” was omitted
and maximum likelihood estimates of the robot's path were used for map-
ping instead of entire distribution.



Figure 2: Occupancy map of the center portion of the Smithsonian mu-
seum.

in the present museum, however, forced us to augment our
approach using a camera pointed at the ceiling. The ceiling
map is a large-scale mosaic of a ceiling's texture. Such ceil-
ing mosaics are more dif�cult to generate than occupancy
maps. This is because the height of the ceiling is unknown,
which makes it dif�cult to translate coordinates in the image
plane into real-world coordinates.

A typical ceiling mosaic is shown in Figure 3. Our
approach uses the (previously learned) occupancy map to
adjust errors in the odometry. While those poses are not
(yet) accurate to the precision that can be attained using
the high-resolution vision sensors, they eliminate the dif-
�cult to solve global alignment problem. The likelihood
P r ( m j d ) of the ceiling map is then maximized by search-
ing in the space the following parameters: the pose� at
which each image was taken, the height of ceiling segments,
and two additional parameters per image specifying vari-
ations in lighting conditions. Our approach employs the
well-known Levenberg-Marquardt algorithm for optimiza-
tion. As a result, the images are brought into local align-
ment, the ceiling height is estimated, and a global mosaic
is constructed. Figure 3 shows the ceiling mosaic used in
the museum. A typical run for an environment of its size
involves optimizing over about 3000 unknowns, which re-
quires approximately 30 minutes of processing time on a
state-of-the-art computer.

4 Localization

In everyday operation, Minerva continuously tracks its posi-
tion using its maps. Position estimates are necessary for the
robot to know where to move when navigating to a speci�c
exhibit, and to ensure the robot does not accidentally leave

Figure 3: Mosaic of the museum's ceiling. The various bright spots corre-
spond to lights. The center portion of the ceiling contains an opening—the
lights there are approximately 15 meters higher.

its operational area. A key complication arises from the fact
that during everyday operation, people frequently obstruct
the robot's sensors. This applies to both sensor systems used
for localization: The laser scanners, which are blocked by
people's legs, and the ceiling cameras, which people often
block intentionally, to confuse the robot.

Minerva employs a modi�ed version of Markov localiza-
tion [5, 15, 24]. Markov localization maintains a probability
distribution over all possible poses, denotedP r ( � ) . It uses
Bayes rule to incorporate sensor readings
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and it uses convolution to incorporate robot motion
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As shown in [5], our implementation computes both terms
in an any-time fashion. Figure 4 illustrates how Minerva lo-
calizes itself from scratch (global localization). Initially, the
robot does now know its pose; thus,P r ( �

(0)

) is distributed
uniformly. After incorporating one sensor reading (laser and
camera) according to the update rule (3),P r ( �

(1)

) is dis-
tributed as shown in Figure 4a. While this distribution is
multi-modal, high likelihood is already placed near the cor-
rect pose. After moving forward, which is modeled using
(4), and after incorporating another sensor reading, the �nal
distributionP r ( �

(2)

) is centered around the correct pose, as
shown in Figure 4b.

Unfortunately, Markov localization assumes the environ-
ment isstatic. Populated environments, such as the mu-
seum, are highly dynamic. The key idea to accommodate
dynamics is to�lter the sensor readings. More speci�cally,
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Figure 4: Global localization:
(a) Pose probabilityP r ( � ) dis-
tribution after integrating a �rst
laser scan (projected into 2D).
The darker a pose, the more
likely it is. (b) P r ( � ) after in-
tegrating a second sensor scan.
Now the robot knows its pose
with high certainty/accuracy.

the robot sorts sensor readings into two buckets, one which
contains readings that are assumed to be corrupted by peo-
ple, and one which are assumed to correspond to static ob-
stacles in the map (called: authentic). Figure 5 shows an
example of a laser scan. Both �gures are generated from
a single laser scan; Authentic readings are shown in Figure
5a, and corrupted ones in Figure 5b. This example is proto-
typical and demonstrates the high accuracy in the identi�-
cation of corrupted readings.

The �lter is described in detail in [11] (called therenov-
elty �lter ). In essence, the robot computes theexpectedsen-
sor reading

E

P ( o j � ;m )

[ o ] := =

Z

dist ( � ) P r ( � ) xi (5)

where dist ( � ) denotes the exact measurement one would
expect when the robot's pose is� , which is computed us-
ing ray-tracing. P r ( � ) is the robot's current belief. Prox-
imity measurements are assumed to be corrupted if they
areshorterthan the expected valueE

P ( o j � ;m )

[ o ] ; otherwise,
they are labeled authentic. This �lter, which is analyzed in
detail in [11], proved extremely ef�cient in sorting out “cor-
rupted” sensor readings. It is essential for localization in
dynamic environment.

5 Collision Avoidance

Minerva's collision avoidance module controls the momen-
tary motion direction and velocity of the robot so as to
avoid collisions with obstacles—people and exhibits. Most
mobile robot collision avoidance methods consider only
the kinematics of a robot; they do not take dynamics into
account. This is legitimate at speeds where robots can
stop almost instantaneously. At velocities of up to 163
cm/sec, which was Minerva's maximum speed when un-
der exclusive Web control, inertia and torque limits impose
constraints on robot motion which may not be neglected.
Hence, it is essential to consider the robot's dynamics.

Minerva's collision avoidance method, called� DWA is
described in depth in [9, 10]. Here we will only sketch it. In

essence, the input to� DWA are raw proximity sensor read-
ings along with a desired target location, based on which
� DWA sets the robot's velocity (translation and rotation). It
does this by obeying a collection of constraints, which come
in two �avors: hard and soft. Hard constraints establish the
basic safety of the robot (e.g., the robot must always be able
to come to a full stop before impact) and they also express
dynamic constrains (e.g., torque limits). Soft constraints are
used to trade off the robot's desire to move towards the goal
location, and its desire to move away from obstacles into
open space. In combination, these constraints ensure safe
and smooth local navigation.

The � DWA algorithm was originally designed for circu-
lar robots with synchro-drive. Minerva, however, possesses
a non-holonomic differential drive, and the basic shape re-
sembles that of a rectangle. Collision avoidance with rect-
angular robots is generally regarded more dif�cult. How-
ever,� DWA could easily be extended to robots of this shape
by adapting the basic geometric model. The approach was
able to safely steer the robot at speeds of 1.6m/sec, which
is twice as high as that of any robot previously used in our
research. This suggests that the� DWA approach applies to
a much broader class of robots than previously reported.

6 Path Planning

The path planner computes paths from one exhibit to an-
other. The problem of path planning for mobile robots has
been solved using a variety of different methods [19]. Pre-
vious path planners, however, do not take into account the
danger of getting lost; instead, they minimize path length.
In wide, open environments, the choice of the path in�u-
ences the robot's ability to track its position. In particular,
locations like the wide open center portion of the museum
lack the necessary reference points to maintain accurate lo-
calization. To minimize the chances of getting lost, it is
therefore important to take uncertainty into account when
planning paths.

Our idea is simple but effective: In analogy to ships,



average min max
static 398 � 204 sec 121 sec 925 sec
with learning 384 � 38 sec 321 sec 462 sec

Table 1: This table summarizes the time spent on individual tours. In the
�rst row, tours were pre-composed by static sequences of exhibits; in the
second row, tours were composed on-the-�y, based on a learned model of
travel time, successfully reducing the variance by a factorof 5.

which typically stay close to coasts to avoid getting lost
(unless they are equipped with a global positioning sys-
tem), Minerva's path planner is called acoastal planner.
In essence, paths are generated according to a mixture of
two criteria: path length andinformation content. The latter
measure, information content, re�ects the amount of infor-
mation a robot is expected to receive at different locations
in the environment. A typical map of information content
is shown in Figure 6a. Here the grey scale indicates infor-
mation content: the darker a location, the less informative
it is. This �gure illustrates that the information content is
smallest in the center area of the museum.

Formally, information content is de�ned as theexpected
reduction in entropy upon sensing, i.e.,

H [ P r ( � )] �

Z

P r ( � ) E [ s j � ] H [ P r ( �

0

j s )] d� : (6)

Here E [ s j � ] denotes the expected sensor reading at pose� .
When constructing the map shown in Figure 6a, this ex-
pression is computed off-line for every location, making the
assumption that the robot knows its position within a small,
Gaussian-distributed uncertainty margin. Our approach also
exploits the fact that the robot's sensors cover a360

� �eld
of view, which allows us to ignore the orientation� when
considering information content. When computing (6), the
presence of people is taken into account by modeling noise
in sensing (assuming 500 randomly positioned people in the
museum).

As described above, paths are generated by simultane-
ously minimizing path length and maximizing information
content, using dynamic programming [14]. A typical re-
sult is shown in Figure 6b. Here the path (in white) avoids
the center region of the museum, even though the shortest
path would lead straight through this area. Instead, it gen-
erates a path that makes the robot stay close to obstacles,
where chances of getting lost are much smaller. In compar-
ative tests, we found that this planner improved the certainty
in localization by a factor of three, when compared to the
shortest-path approach.

7 High-Level Control

It was generally desirable for tours to last approximately six
minutes—which was determined to be the duration the aver-

(a) “authentic” readings (b) “corrupted” readings

Figure 5: Filtering out corrupted sensor data in dynamic environments: (a)
Authentic readings only; (b) readings corrupted by people.Only authentic
readings are used for localization. Corrupted readings areemployed to �nd
people, e.g., when determining the robot's mood.

age visitor would like to follow the robot. Unfortunately, in
practice the rate of progress depends crucially on the num-
ber and the behavior of the surrounding people. Thus, the
duration of tours can vary widely if the the exhibits are pre-
selected. To meet the target duration as closely as possible,
tours are composed dynamically, based on the crowdedness
in the museum.

To address this problem, Minerva uses a �exible high-
level interface, capable of composing tours on-the-�y. This
interface learns the time required for moving between pairs
of exhibits, based on data recorded in the past (using max-
imum likelihood estimators). After an exhibit is explained,
the interface chooses the next exhibit based on the remain-
ing time. If the remaining time is below a threshold, the
tour is terminated and Minerva instead returns to the cen-
ter portion of the museum. Otherwise, it selects exhibits
whose sequence best �t the desired time constraint. The
learning algorithm (maximum likelihood estimator) and the
decision algorithm were implemented in RPL, a language
for reactive planning [20], which is interfaced to the lower-
level control structures using HLI, a component of GOLEX
[12].

Table 1 illustrates the effect of dynamic tour decomposi-
tion on the duration of tours. Minerva's environment con-
tained 23 designated exhibits, and there were 77 sensible
pairwise combinations between them (certain combinations
were invalid since they did not �t together thematicly). In
the �rst days of the exhibition, all tours were static. The �rst
row in Table 1 illustrates that the timing of those tours varies
signi�cantly (by an average of 204 seconds). The average
travel time was estimated using 1,016 examples, collected
during the �rst days of the project. The second row in Table
1 shows the results when tours were composed dynamically.
Here the variance of the duration of a tour is only 38 sec-
onds.

The high-level interface also made the robot return to its
charger periodically, so that we could hot-swap its batteries.
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Figure 6: Coastal navigation: The entropy map, shown in (a), characterizes the information loss across different locations in the unoccupied space. The
darker an area, the less informative it is. The information loss is largest in the center of the museum, far away from any obstacle. (b) Path generated by the
planner, taking both information loss and distance into account. Here Minerva avoids the center area of the museum.

8 Spontaneous Short-Term Interaction

Interaction with people was Minerva's primary purpose.
The type of interaction was characterized by several factors:

� Visitors of the museum typically had no prior exposure
to robotics technology, and many of them did not intend
to interact with the robot when visiting the museum. Vis-
itors could not be “instructed” beforehand as to how to
operate the robot.

� The robot often had to interact with crowds of people, not
just with single individuals.

� Most people spent less then 15 minutes (even though
some spend hours, or even days).

This type of interaction is characteristic for robots that oper-
ate in public places (such as information kiosks, reception-
ists). It differs signi�cantly from the majority of interactive
modes studies in the �eld (e.g., [1, 16, 18]), which typically
assumes long-term interaction with people one-on-one. The
robot's interaction was driven by two goals: to attract peo-
ple so that they would join a tour, and to clear its path so
that it could make maximum progress when giving tours.

When giving tours, Minerva uses its face, its head direc-
tion, and its voice to maximize its progress. A stochastic
�nite state automaton (with 4 states) is employed to model
simple “emotional states” (moods), which allowed the robot
to communicate its intent to visitors in a social context with
which they were already familiar [8, 23]. Moods ranged
from happy to angry, depending on the persistence of the
people who blocked its path. When happy, Minerva smiled
and politely asked for people to step out of the way; when
angry, it's face frowned and her voice sounded angry. Most
museum visitors had no dif�culty understanding the robot's
intention and “emotional state.”

To attract people, Minerva used a memory-based rein-
forcement learning approach [2, 21]. Reinforcement was
received in proportion of the proximity of people; com-
ing too close, however, led to a penalty (violating Min-
erva's space). Minerva's behavior was conditioned on the
current density of people. Possible actions included dif-
ferent strategies for head motion (e.g., looking at nearest
person), different facial expressions (e.g., happy, sad, an-
gry), and different speech acts (e.g., “Come over,” “do you
like robots?”). Learning occurred during one-minute-long
“mingling phases” that took place between tours.

We found that acts best associated with a “positive” atti-
tude attracted the most people. For example, when group-
ing speech acts and facial expressions into two categories,
friendly and unfriendly, we found that the former type of in-
teraction performed signi�cantly better than the �rst (with
95% con�dence). However, these results have to be inter-
preted with care, as people's response was highly stochastic
and the amount of data we were able to collect during the
exhibition is insuf�cient to yield statistical signi�cance in
most cases.

9 Web Interface

One of the goals of the project was to enable remote to es-
tablish a “virtual tele-presence” in the museum, using the
Internet. Therefore, Minerva was connected to the Web2 ,
where Web users all over the world controlled Minerva and
could “look through its eyes.”

During opening hours, Minerva was controlled predom-
inately by the visitors of the museum, which could select

2 Seehttp://www.cs.cmu.edu/ � minerva .



Figure 7: Web control interface. Users can log in on the left side of the
window, and specify target locations by clicking in the map.The map
shows current robot position, pending target locations, and a dialogue box
displays the current speed of the robot. On the right. users can watch
images recorded using the robot's camera (top image) and by astationary
camera mounted on a pan/tilt unit (bottom image).

tours using a touch-sensitive screen mounted at Minerva's
back. Every third tour, however, was selected by Web
users, using a voting scheme: Votes for individual tours
were counted, and the most popular tour was chosen. At all
times, Web users could watch camera images recorded by
Minerva and an off-board, stationary camera (mounted on a
pan/tilt unit and equipped with a zoom), and they could also
see the robot's location displayed in the map. To facilitate
updating the position of Minerva several times a second,
Web users downloaded a robot simulator written in Java,
and used TCP communication and server-push technology
to communicate the position of the robot in approximately
real time.

During several special scheduled Internet events, all of
which took place when the museum was closed to visitors,
Web users were given exclusive control of the robot. Using
the interface shown in Figure 7, they could schedule target
points, which the robot approached in the order received.
The number of pending target points was limited to �ve.
All rows in Table 2 marked “Web only” correspond to times
where Web users assumed exclusive control over the robot.
In one case, Minerva moved at an average velocity of 73.8
cm/sec. Its maximum velocity was 163 cm/sec, which was
attained frequently.

date uptime travel time distance avg. speed tours exhibits mode
Aug 24 7:16:08 2:34:36 2,881.13m 31.3cm/sec 52 174
Aug 25 7:41:52 2:17:05 2,725.90m 33.1cm/sec 55 169
Aug 26 6:57:35 2:39:24 2,642.23m 27.6cm/sec 28 102
Aug 27 5:40:58 1:33:00 1,147.12m 31.7cm/sec 53 203

1:56:21 0:50:55 1,755.98m 57.5cm/sec 28 104 Web only
Aug 28 6:48:59 2:08:14 2,416.15m 31.4cm/sec 54 192
Aug 29 5:40:23 1:50:22 2,436.92m 36.7cm/sec 59 219
Aug 30 6:42:36 2:17:58 3,305.44m 39.9cm/sec 66 231
Aug 31 7:25:57 2:09:02 3,372.91m 43.6cm/sec 77 258
Sept 1 7:11:54 2:22:40 3,707.19m 43.3cm/sec 61 230
Sept 2 4:28:07 1:27:33 1,954.19m 37.2cm/sec 37 137
Sept 3 9:56:53 3:25:08 5,332.76m 43.3cm/sec 54 203
Sept 4 1:13:15 0:52:34 2,143.86m 68.0cm/sec 103 Web only

6:49:35 2:04:49 2,611.71m 34.9cm/sec 48 168
2:17:04 1:17:00 3,411.41m 73.8cm/sec 175 Web only

Sept 5 6:15:46 1:42:34 2,173.90m 35.3cm/sec 49 156
total 94:23:20 31:32:54 44,018.8m 38.8cm/sec 620 2,668

Table 2: Summary statistics of Minerva's operation. The rows labeled
“Web only” indicate times when the museum was closed to the public, and
Minerva was under exclusive Web control. At all other times,Web users
and museum visitors alternated the control of the robot. Minerva's top
speed was 163 cm/sec.

10 Comparison with Rhino

Minerva is the second generation of museum tour-guide
robots. The �rst museum tour-guide robot was called
Rhino, and we installed it in mid-1997 in the Deutsches
Museum Bonn (Germany) [4]. Rhino's success motivated
the creation of another tour-guide robot, called Chips (or
Sage), which was recently developed by a different team of
researchers [23]. The latter robot uses optical markers to
facilitate navigation.

Navigation in the Smithonian museum posed completely
new challenges that were not present in the Deutsches Mu-
seum Bonn. Minerva's environment was an order of mag-
nitude larger, with a particular challenge arising from the
large open area in the center portion of the museum. Min-
erva also had to cope with an order of magnitude more peo-
ple (> 50,000) than Rhino (� 2,000).

To accommodate these dif�culties, Minerva's navigation
system was more sophisticated. In particular, Rhino did not
use camera images for localization, and its motion planner
did not consider information gain when planning paths. In
addition, Rhino was supplied with a manually derived map;
it lacked the ability to learn maps from scratch. We believe
that these extensions were essential for Minerva's success.

A key difference between both robots relates to their in-
teractive capabilities. As mentioned above, Rhino's inter-
action was more rudimentary. It lacked a face, did not ex-
hibit “emotional states,” and it did not actively attract or
engage people. As a result, Minerva was much more ef-
fective in attracting people and making progress. When
compared to the Rhino project, we consistently observed
that people cleared the robot's path much faster. We found
that both robots maintained about the same average speed
(Minerva: 38.8 cm/sec, Rhino: 33.8 cm/sec), despite the
fact that Minerva's environment was an order of magnitude



more crowded. These numbers illustrate the effectiveness
of Minverva's interactive approach to making progress.

In comparison with Rhino, people also appeared more
satis�ed and amused. When asked what level of animal
(from a list of �ve options) Minerva's intelligence was most
comparable to, we received the following answers: hu-
man: 36.9%; monkey: 25.4%; dog: 29.5%; �sh: 5.7%;
amoeba:2.5%. 27.0% of all people (predominately kids
of 10 years of age or less) believed Minerva was “alive,”
whereas 69.8% thought it was not (3.2% were undecided).
A total of 63 people were asked (36 male, 27 female).

Minerva also possesses an improved Web interface,
which enabled Web users to specify arbitrary target loca-
tions instead of choosing locations from a small pool of
pre-speci�ed locations. Rhino's Web interface prescribes
a small set of 13 possible target locations, which corre-
sponded to designated target exhibits. When under exclu-
sive Web control, Minerva was twice as fast as Rhino (see
Table 2). In everyday operation, the maximum speed of
both robots was limited to walking speed (70 cm/sec).

11 Conclusion

This article described the software architecture of a mo-
bile tour-guide robot, which was successfully exhibited for
a limited time period at the Smithsonian's National Mu-
seum of American History. Our approach contains a col-
lection of new ideas, addressing challenges arising from the
size and dynamics of the environment, and from the need
to interact with crowds of people. The empirical results of
the exhibition indicate a high level of robustness and effec-
tiveness. Future research issues include the integration of
speech recognition, to further develop the robot's interac-
tive capabilities.
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