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Abstract

This p ap er describ es Minerva, an inter active tour-guide r ob ot that was suc c ess-

ful ly deploye d in a Smithsonian museum. Minerva's softwar e is p ervasively pr ob-

abilistic, r elying on explicit r epr esentations of unc ertainty in p er c eption and c on-

tr ol. This article describ es Minerva's major softwar e c omp onents, and pr ovides a

c omp ar ative analysis of the r esults obtaine d in the Smithsonian museum. During

two we eks of highly suc c essful op er ation, the r ob ot inter acte d with thousands of

p e ople, b oth in the museum and thr ough the Web, tr aversing mor e than 44km at

sp e e ds of up to 163 cm/se c in the unmo di�e d museum.

1 In tro duction

Rob otics is curren tly undergoing a ma jor c hange. While in the past, rob ots ha v e predom-

inately b een emplo y ed in assem bly lines and other w ell-structured en vironmen ts, a new

generation of service rob ots has b egun to emerge, designed to assist p eople in ev eryda y

life [34 , 58 , 79, 86]. These rob ots m ust cop e to a m uc h larger degree with the uncertain t y

that inheren tly exists in real-w orld application domains. Uncertain t y arises from four pri-

mary sources:

1. En vironmen t s. Most in teresting real-w orld en vironmen ts are unpredictable. This is

the case, for example, if rob ots op erate in the pro ximit y of p eople. The t yp e en viron-

men ts considered in this pap er are extremely dynamic, imp osing signi�can t uncertain t y

in the rob ot's in ternal p erception of the w orld.

2. Rob ots. Rob ot hardw are, to o, is unpredictable. Rob ots are sub ject to w ear-and-tear,

and in ternal sensors for measuring rob ot actuation, suc h as o dometry , are often only

appro ximately correct.

3. Sensors. Sensors are inheren tly limited. The ph ysical pro cess that generates sensor

measuremen ts t ypically induces signi�can t randomness on its outcome, making sensor



measuremen ts noisy . Moreo v er, the range and resolution of sensors are in trinsically

limited. Suc h limitatio ns mak e it often imp ossible to measure imp ortan t quan tities

when needed.

4. Mo dels. Mo dels of ph ysical phenomena suc h as rob ots and rob ot en vironmen ts are

inheren tly appro ximate. Th us, the use of mo dels in tro duces additional uncertain t y , a

fact that is still mostly ignored in rob otics.

This article fo cuses on the probabilistic paradigm for rob otics. This paradigm pa ys tribute

to the inheren t uncertain t y in rob ot p erception, relying on explicit represen tations of un-

certain t y when determining what to do. View ed probabilistically , p erception is a statistical

state estimation problem, where information deduced from sensor data is represen ted b y

probabilit y distributions. Planning and con trol is a decision-theoretic utilit y optimization

problem, in whic h a rob ot seeks to maximi ze exp ected utilit y (p erformance) relativ e to its

in ternal b eliefs. Our cen tral conjecture is that the probabilistic approac h is a viable solution

to a large range of rob ot problems in v olving sensing in the ph ysical w orld [104 ].

The fo cus of this article is a sp eci�c rob ot system, dev elop ed to ev aluate the idea of

probabilistic rob otics in a complex real-w orld setting. Minerva , whic h is sho wn in Figure 2,

is an in teractiv e m useum tour-guide rob ot. In the fall of 1998, Minerv a w as deplo y ed in one

of the largest m useum in the US: The Smithsonian Museum of American History in W ash-

ington, DC. Minerv a op erated in the cen ter area of the m useum's �st 
o or, guiding visitors

through a decade-old exhibition kno wn as Material World . Figure 1 sho ws a panoramic view

of the exhibition's main area. The rob ot's task in v olv ed attracting p eople and explaining to

them the v arious exhibits while guiding them through the m useum. The rob ot also enabled

remote users to visit the m useum through a W eb link. This link allo w ed p eople to w atc h

images collected in the m useum, and to con trol the rob ot's op eration. During its 14 da y-long

deplo ymen t, Minerv a tra v ersed more than 44 km through cro wds of p eople, giving 620 tours

to p eople and visiting more than 2,600 exhibits.

Op erating in a m useum is a c hallenging task, di�eren t in man y asp ects from more tra-

ditional op eration domains of mobile rob ots. The m useum en vironmen t can b e densely

cro wded, with dozens of p eople gathering around the mac hine. Consequen tly , the rob ot's

sensor measuremen ts are extremely erroneous, making simple tasks suc h as lo calization

c hallenging. In fact, p eople often seek to compromise the system, whic h imp oses additional

c hallenges on the soft w are design. W e did not mo dify the en vironmen t in an y w a y to facili-

tate the rob ot's op eration. Th us, the rob ot had to rely on natural cues for its orien tation.

A further c hallenge arose from the need to op erate at w alking sp eed while at the same time

a v oiding collisions with p eople at all costs. Collisions with exhibits and other obstacles in

the m useum w ere almost equally undesirable, as man y of the m useum's exhibits w ere fragile

and precious. A particular c hallenge w as the fact that not all obstacles and hazards w ere

\visible" to the rob ot's sensors. F or example, the m useum p ossessed a do wn w ard escalator

in close pro ximit y to the rob ot's op erational area. F alling do wn this escalator w as to b e

a v oided; ho w ev er, none of the rob ot's sensors w ere able to detect this hazard. Similarly , sev-

eral obstacles w ere encased in glass cases; ho w ev er, the rob ot's primary obstacle detection

sensors, a pair of laser range �nders, use ligh t for measuring range and hence are unable to

detect glass. The presence of suc h in visible hazards raised the question as to ho w to a v oid

them if they cannot ev en b e detected.

A t the same time, the m useum en vironmen t creates a c hallenging h uman rob ot in terac-

tion problem. In the Smithsonian m useum, most of the in teraction to ok place o v er short
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Figure 1 : P anoramic view of the Material W orld Exhibition, Minerv a's ma jor op eration area, whic h is

lo cated in the en trance area of the Smithsonian 's National Museum of American History (NMAH).

p erio ds of time, e.g., 10 min utes. P eople who approac hed the rob ot w ere t ypically inex-

p erienced with rob otic tec hnology . Ho w ev er, pro viding visitors with complicated op eration

man uals w as not an option. Instead, the rob ot had to b e self-explanatory and engaging.

Once leading a tour, the rob ot had to comm unicate e�ectiv ely its in ten ts and goals. P eople

seemed to enjo y blo c king the rob ot's path|so ho w can a rob ot e�ectiv ely mak e progress

ev en with dozens of p eople around? A t other times, the c hallenge w as to attract p eople,

e.g., b et w een tours when one group of p eople had just left. Finally , one c hallenge w as the

design of a W eb in terface, enabling p eople all around the w orld to pa y a \virtual visit" to

the m useum. Museums are curren tly b ound b y their lo cation when trying to attract p eople.

The use of rob ots promises to op en up m useums to p eople all o v er the w orld, whic h could

fundamen tally alter the w a y m useums op erate. Minerv a, th us, w as a unique testb ed for

In ternet tec hnology using rob ots in public places.

As apparen t from our domain description, uncertain t y indeed pla ys a primary role in

the Minerv a pro ject. Minerv a's soft w are w as p erv asiv ely probabilistic, relying on explicit

represen tation of uncertain t y at v arious areas of p erception, planning, and con trol. Minerv a

emplo ys a probabilistic algorithm for learning maps of its en vironmen t. Once a map has b een

learned, another probabilistic algorithm, called Mark o v lo calization, is used for lo calizing

Minerv a relativ e to its map. T o generate motion, Minerv a uses a probabilistic motion planner

that an ticipates future uncertain t y , thereb y reducing the c hances of lo osing trac k of the

rob ot's p osition. The motion commands are then pro cessed b y a reactiv e collision a v oidance

mo dule, whic h considers uncertain t y when a v oiding in visible hazards. Minerv a also emplo ys

learning algorithms at the user in teraction lev el, enabling it to learn b eha viors for attracting

p eople, and to comp ose tours so as to meet the desired tour-length regardless of ho w cro wded

the m useum is.

Minerv a is a second generation rob ot, follo wing the successful example of the rob ot Rhino

dev elop ed b y the same team of researc hers [15]. Rhino w as deplo y ed in the Deutsc hes Mu-

seum in Bonn in 1997, and shared man y of the same probabilistic na vigation algorithms.

Minerv a, ho w ev er, w en t b ey ond Rhino in v arious w a ys, from using new probabilistic algo-

rithms for learning maps from scratc h, to a m uc h-impro v ed skill set for p eople in teraction.

This article describ es the ma jor soft w are comp onen ts of the Minerv a rob ot, and compares

them to those implemen ted on Rhino, Minerv a's predecessor. W e will argue throughout

that the probabilistic nature of Minerv a's primary soft w are comp onen ts w as essen tial for its

success.

2 Soft w are Arc hitecture Ov erview

Minerv a's soft w are arc hitecture consists of appro ximately 20 distributed mo dules, whic h

comm unicate async hronously , as sho wn in T able 1. A t the lo w est lev el, v arious in terface

mo dules comm unicate directly with the rob ot's sensors (lasers, sonars, cameras, motors,
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(a) (b) (c)

Figure 2 : (a) Minerv a. (b) Minerv a giv es a tour in the Smithsonia n's National Museum of American

History . (c) In teraction with m useum visitors.

pan/tilt unit, face, sp eec h unit, touc h-sensitiv e displa y , In ternet serv er, etc.) and e�ectors.

On top of that, v arious na vigation mo dules p erform functions lik e mapping, lo calization,

collision a v oidance, and path planning. The in teraction mo dules determine the \emotional

state" of the rob ot, con trol its head direction, and determine ho w to engage the p eople

around it using sounds or sp eec h. The W eb in terface consists of mo dules concerned with

displa ying information suc h as images and the rob ot's p osition on the W eb, and with receiv-

ing W eb user commands. Finally , the high-lev el mo dules p erform global mission sc heduling

and con trol.

The main comp onen ts of the data and con trol 
o w are as follo ws. Sensor readings, in

particular laser range scans, sonar scans, images from a camera p oin ted to w ards the ceiling,

and o dometry readings, are con tin uously broadcast across the net w ork of mo dules. O�-line,

b efore the deplo ymen t, these data are collected b y the mapp er, whic h builds a geometric

map of the en vironmen t that is used b y the lo calization mo dule and the planning mo dules.

On-line, during regular run time, the map is not mo di�ed. Instead, the sensor data are sen t

to the lo calization mo dule, whic h estimates the rob ot's p ose relativ e to the map. The p ose

estimates are passed on to sev eral mo dules, most notably the mission planner, the motion

planner, and the reactiv e collision a v oidance mo dule. The mission planner monitors the user

in terface and the W eb for user commands. It also exc hanges information with the in teraction

mo dules, whic h con trol Minerv a's face, v oice, displa y , pan/tilt unit, etc. Once a tour has

b een c hosen, it informs the motion planner of the lo cation of the next exhibit to visit. The

motion planner then generates via-p oin ts, whic h are passed on to the collision a v oidance.

The collision a v oidance uses the sensor data (sonars, lasers) to \translate" the via-p oin ts in to

motor commands (forw ard and rotational v elo cities). Additionally , a related mo dule uses

the actual lo cation estimates and the map to generate \virtual" obstacles that corresp ond to

hazards in the map. These virtual measuremen ts are also considerd in collision a v oidance.

T o accommo date c hanges in the rob ot's path that migh t arise from unexp ected obstacles,

the motion planner concurren tly replans and generates new via-p oin ts as necessary .

Most of Minerv a's soft w are can adapt to the a v ailable computational resources. F or ex-

ample, mo dules that consume substan tial pro cessing time, suc h as the motion planner or

the lo calization mo dule, can pro duce results regardless of the time a v ailable for computa-

tion. The more pro cessing cycles that are a v ailable, ho w ev er, the more accurate the result.

In Minerv a's soft w are, resource 
exibilit y is ac hiev ed b y t w o mec hanisms: selectiv e data

pro cessing and an y-time algorithms [22 , 108]. Selectiv e data pro cessing is ac hiev ed b y con-
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high-lev el con trol and learning

(mission planning, sc heduling)

h uman in teraction mo dules

(\emotional " FSA, W eb in terface)

na vigation mo dules

(lo calization , map learning, path planning)

hardw are in terface mo dules

(motors, sensors, In ternet)

T able 1 : Minerv a's la y ered soft w are arc hitectu re.

sidering only a subset of the a v ailable data, whic h for example is the case in the lo calization

routine. Other mo dules, suc h as the motion planning mo dule, are an y-time. That is, they

can quic kly draft initial solutions, whic h are then re�ned incremen tally , so that an answ er

is a v ailable when needed.

Minerv a's soft w are do es not p ossess a cen tralized clo c k or a cen tralized comm unication

mo dule. Sync hronization of di�eren t mo dules is strictly decen tralized [36 , 91]. Time-critical

soft w are (e.g., all device driv ers), and soft w are that is imp ortan t for the safet y of the rob ot

(e.g., collision a v oidance), are run on the rob ot's on-b oard computers. Higher-lev el soft w are,

suc h as the task con trol mo dule, is run on stationary o�-b oard computers. This soft w are

organization has b een found to yield robust b eha vior ev en in the presence of unreliable

comm unication links (sp eci�cally the radio link whic h connected the on-b oard and o�-b oard

computers) and v arious other ev en ts that can temp orarily dela y the message 
o w or reduce

the a v ailable computational resources. The mo dular, decen tralized soft w are organization

eases the task of soft w are con�guration. Eac h mo dule adds a certain comp etence, but not all

mo dules are required to run the rob ot. The idea of decen tralized, distributed decision making

has b een at the core of researc h on b eha vior-based rob otics o v er the last decade [1 , 14, 78],

but here mo dules are t ypically m uc h lo w er in complexit y (e.g., simple �nite state mac hines).

3 Mobile Rob ot Lo calization

3.1 The Lo calization Problem

A prime example of probabilistic computing in Minerv a is lo calization. Lo calization is the

problem of determining a rob ot's p ose from sensor data, where the term p ose refers to the

rob ot x - y -co ordinates in the en vironmen t along with its heading direction. Lo calization

enables the rob ot to �nd its w a y around the en vironmen t, and to a v oid \in visible" hazards

suc h as the escalator. It is therefore an essen tial comp onen t of Minerv a's and Rhino's

soft w are arc hitecture. The reader should notice that lo calization is a k ey comp onen t in man y

other successful mobile rob ot systems (see e.g., [9 , 61, 57]). Occasionally , the lo calization

problem has b een referred to as \the most fundamen tal problem to pro viding a mobile rob ot

with autonomous capabilities" [21 ].

The literature distinguishes three t yp es of lo calization problems, in increasing order of

di�cult y:

1. P osition trac king. Here the initial rob ot p ose is kno wn, and the goal of lo calization

is to comp ensate small o dometry error as the rob ot mo v es. T ypically , the uncertain t y

in p osition trac king is lo cal, making unimo dal state estimators suc h as Kalman �lters

applicable [2 , 44 , 61, 85].
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2. Global lo calization. If the rob ot do es not kno w its initial p ose, it faces a global

lo calization problem. T o lo calize itself from scratc h, a rob ot m ust b e able to cop e with

am biguities and m ultiple b eliefs during lo calization.

3. Rob ot kidnappin g [35]. This problem is a v arian t of the global lo calization problem

in whic h a w ell-lo calized rob ot is tele-p orted to some random p ose without b eing told.

It is harder than the global lo calization problem, since the rob ot migh t falsely b eliev e

it is somewhere else. Rob ot kidnapping sim ulates catastrophic failure of a lo calization

routine and tests a rob ot's abilit y to reco v er from suc h failures|a critical abilit y for

truly autonomous rob ots.

Minerv a's lo calization algorithm can cop e with all three lo calization problems.

3.2 Probabilistic Lo calization

Approac hed probabilistically , the lo calization problem is a densit y estimation problem, where

a rob ot seeks to estimate a p osterior distribution o v er the space of its p oses conditioned on

the a v ailable data. Denoting the rob ot's p ose at time t b y s

t

and the data leading up to

time t b y d

0 ::: t

, the p osterior is con v enien tly written as

p ( s

t

j d

0 ::: t

; m ) : (1)

Here m is the mo del of the w orld (e.g., a map). W e will denote this p osterior b

t

( s

t

), and

refer to it as the rob ot's b elief state at time t . F or no w w e will assume the rob ot is giv en a

map. F urther b elo w, w e will describ e our approac h for learning a map from data.

Minerv a uses laser range scans and images collected from a camera p oin ted to w ards the

ceiling for lo calization. Suc h sensor data come in t w o 
a v ors: Data that c haracterizes the

momen tary situation (e.g., camera images, laser range scans), and data relating to c hange

of the situation (e.g., motor con trols or o dometer readings). Referring to the former as

observations and the latter as action data , let us without loss of generalit y assume that b oth

t yp es of data arriv e in an alternating sequence:

d

0 ::: t

= o

0

; a

0

; o

1

; a

1

; : : : ; a

t � 1

; o

t

: (2)

Here o

t

denote the observ ation and a

t

denotes the action data item at time t .

T o estimate the desired p osterior p ( s

t

j d

0 ::: t

; m ), our approac h resorts to a Markov as-

sumption , whic h states that the past is indep enden t of the future giv en kno wledge of the

curren t state. The Mark o v assumption is often referred to as the static world assumption ,

since it assumes the rob ot's p ose is the only state in the w orld that w ould impact more

than just one isolated sensor reading. Clearly , this is not the case in the m useums full of

p eople. Ho w ev er, for no w w e will consider only the static case; an extension for dealing with

en vironmen t dynamics is describ ed further b elo w.

Armed with the necessary assumptions, the desired p osterior is no w computed using

a recursiv e form ula, whic h is obtained b y applying Ba y es rule and the theorem of total

probabilit y , exploiting the Mark o v assumption t wice:

b

t

( s

t

) = p ( s

t

j o

0

; : : : ; a

t � 1

; o

t

; m )

Ba y es

= �

t

p ( o

t

j o

0

; : : : ; a

t � 1

; s

t

; m ) p ( s

t

j o

0

; : : : ; a

t � 1

; m )

Mark o v

= �

t

p ( o

t

j s

t

; m ) p ( s

t

j o

0

; : : : ; a

t � 1

; m )
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Figure 3 : Probabilistic generalizatio n of mobile rob ot kinematic s: Eac h dark line illustrates a commanded

rob ot path, and the shaded area sho ws the p osterior distribution of the rob ot's p ose. The dark er an area,

the more lik ely it is. The path in the left diagram is 40 meters and the one on the righ t is 80 meters long.

T ot : Prob :

= �

t

p ( o

t

j s

t

; m )

Z

p ( s

t

j o

0

; : : : ; a

t � 1

; s

t � 1

; m ) p ( s

t � 1

j o

0

; : : : ; a

t � 1

; m ) ds

t � 1

Mark o v

= �

t

p ( o

t

j s

t

; m )

Z

p ( s

t

j a

t � 1

; s

t � 1

; m ) p ( s

t � 1

j o

0

; : : : ; o

t � 1

; m ) ds

t � 1

= �

t

p ( o

t

j s

t

; m )

Z

p ( s

t

j a

t � 1

; s

t � 1

; m ) b

t � 1

( s

t � 1

) ds

t � 1

: (3)

Here �

t

is a constan t normalizer, whic h ensures that the result sums up to 1. Within the

con text of mobile rob ot lo calization, the result of this transformation

b

t

( s

t

) = �

t

p ( o

t

j s

t

; m )

Z

p ( s

t

j a

t � 1

; s

t � 1

; m ) b

t � 1

( s

t � 1

) ds

t � 1

(4)

is often referred to as Markov lo c alization [16 , 39 , 52 , 56, 94], but it equally represen ts the

basic up date equation in Kalman �lters [54 ], Hidden Mark o v mo dels [76 ], and dynamic b elief

net w orks [23 , 83 ]. Kalman �lters [54 ], whic h are historically the most p opular approac h for

p osition trac king, represen t b eliefs b y Gaussians. The v anilla Kalman �lter also assumes

Gaussian noise and linear motion equations; ho w ev er, extensions exist that relax some of

these assumptions [51 , 66 ]. Kalman �lters ha v e b een applied with great success to a range

of trac king and mapping problems in rob otics [62 , 96]; though they tend not to w ork w ell

for global lo calization or the kidnapp ed rob ot problem. Mark o v lo calization using discrete,

top ological represen tations for b w ere pioneered (among others) b y Simmons and Ko enig [94 ],

whose mobile rob ot Xa vier tra v eled more than 230 kilometers through CMU's hallw a ys o v er

a p erio d of sev eral y ears [92 , 93].

T o implem en t Equation (4), one needs to sp ecify p ( s

t

j a

t � 1

; s

t � 1

; m ) and p ( o

t

j s

t

; m ). Both

densities are usually time-in v arian t, hence the time index can b e omitted. The �rst densit y

c haracterizes the e�ect of the rob ot's actions a on its p ose and can therefore b e view ed as

a probabilistic generalization of mobile rob ot kinematics; see Figure 3 for examples. The

other densit y , p ( o j s; m ), is a probabilistic mo del of p erception. Figure 4 illustrates a sensor

mo del for range �nders, whic h uses ra y-tracing and a mixture of four parametric densities

to calculate p ( o j s; m ). In our implemen tation, b oth of these probabilistic mo dels are quite

crude, using uncertain t y to accoun t for mo del limitations. F or brevit y , w e omit a more

detailed description of these mo dels and instead refer the reader to [39 ].

Figure 5 illustrates ho w Minerv a lo calizes itself from scratc h (global lo calization). Ini-

tially , the rob ot do es no w kno w its p ose; th us, p ( s

0

) is distributed uniformly . After incor-
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Figure 4 : Probabilistic sensor mo del for laser range �nders: (a) The densit y p ( o j s; m ) relates the actual,

measured distance of a sensor b eam to its exp ected distance computed b y ra y tracing, under the assumption

that the rob ot's p ose is s . A comparison of actual data and our (learned) mixture mo del sho ws go o d

corresp onden ce. Diagram (b) sho ws a sp eci�c laser range scan o , for whic h diagram (c) plots the densit y

p ( o j s; m ) for di�eren t lo cations in the map.

p orating one sensor reading (laser and camera) according to the up date rule (4), p ( s

1

) is

distributed as sho wn in Figure 5a. While this distribution is m ulti-m o dal, high probabilit y

mass is already placed near the correct p ose. After mo ving forw ard and subsequen tly incor-

p orating another laser range measuremen t, the resulting p osterior p ( s

2

) is cen tered on the

correct p ose, as sho wn in Figure 5b.

3.3 Mon te Carlo Lo calization

Of fundamen tal imp ortance for the design of probabilistic algorithms is the c hoice of the rep-

resen tation. During the m useum exhibit, w e used a piecewise constan t grid-represen tation

for represen ting the b elief b , describ ed in detail in [39 ]. More recen tly , w e dev elop ed an alter-

nativ e represen tation whic h is b oth more e�cien t than grids and more accurate. Therefore,

w e will describ e it here.

The Mon te Carlo lo calization algorithm (MCL) is a v ersion of Mark o v lo calization that

uses samples to appro ximate the b elief b [24 , 25, 29, 37 , 60 ]. It is based on the SIR algorithm

(SIR stands for sampling/im p ortance resampling) originally prop osed in [82 ], and is a

v ersion of p article �lters [30, 31 , 64, 75]. Similar algorithms are kno wn as c ondensation

algorithm [49 , 50] in computer vision, and survival of the �ttest in AI [55 ]. The basic idea of

8



(a) (b)

rob ot

-

rob ot

-

Figure 5 : Global lo calization: (a) P ose p osterior b

t

( s

t

) after in tegrating a �rst laser scan (pro jected in to

2D). The dark er a p ose, the more lik ely it is. (b) sho ws b

t

( s

t

) after in tegrating a second sensor scan. No w

the rob ot kno ws its p ose with high certain t y/a ccu rac y .

MCL is to appro ximate b ( s ) with a w eigh ted set of samples (particles), so that the discrete

distribution de�ned b y the samples appro ximates the desired one. The w eigh ting factors are

called imp ortanc e factors [82 ]. The initial b elief is represen ted b y a uniform sample of size

k , that is, a set of k samples dra wn uniformly from the space of all p oses, annotated b y the

constan t imp ortance factor k

� 1

. MCL implemen ts the up date equation (4) b y constructing

a new sample set from the curren t one in resp onse to an action item a

t � 1

and an observ ation

o

t

:

1. Dra w a random sample s

t � 1

from the curren t b elief b

t � 1

( s

t � 1

), with probabilit y giv en

b y the imp ortance factors of the b elief b

t � 1

( s

t � 1

).

2. F or this s

t � 1

, randomly dra w a successor p ose s

t

, according to the distribution p ( s

t

j a

t � 1

; s

t � 1

; m ).

3. Assign the (unnormalized) imp ortance factor p ( o

t

j s

t

; m ) to this sample and add it to

the new sample set represen ting b

t

( s

t

).

4. Rep eat Step 1 through 3 k times. Finally , normalize the imp ortance factors in the

new sample set b

t

( s

t

) so that they add up to 1.

Figure 6 sho ws MCL in action. Sho wn in the �rst diagram is a b elief distribution (sample

set) at the b eginning of the exp erimen t when the rob ot do es not (y et) kno w its p osition.

Eac h dot is a three-dimensional sample of the rob ot's x - y -lo cation along with its heading

direction. The second diagram sho ws the b elief after a short motion segmen t, incorp orating

sev eral sensor measuremen ts.. A t this p oin t, most samples concen trate on the cen ter region

in the m useum. Ho w ev er, the symmetry of this region mak es it imp ossible to disam biguate

them. Finally , the third diagram in Figure 6 sho ws the b elief a few momen ts later, where

all samples fo cus on the correct p ose.

The MCL algorithm is in fact quite e�cien t [24 , 25, 37 ]; sligh t mo di�cations of the basic

algorithms [60 , 106 ] require as few as 100 samples for reliable lo calization, consuming only a

small fraction of time a v ailable on a lo w-end PC. Our implemen tatio n is an y-time [22 , 108],

meaning that it can adapt to the a v ailable computational resources b y dynamically adjusting

the n um b er of samples k . With sligh t mo di�cations|suc h as sampling from the observ a-

tion [106 ]|MCL has b een sho wn to reco v er gracefully from global lo calization failures, suc h

9



(a) (b)

(c)

Figure 6 : Global lo calization of a mobile rob ot with the MCL algorithm, using a camera p oin ted at the

ceiling and the ceiling map sho wn in Figure 10b.

as manifested in the kidnapp e d r ob ot pr oblem men tioned ab o v e, where a w ell-lo calized rob ot

is telep orted to some random lo cation without b eing told. Another feature of MCL (and

Mark o v lo calization in general) is that the underlying mo dels|in particular p ( s j a; s; m ),

p ( o j s; m ) and the map|can b e extremely crude and simplistic, since probabilistic mo dels

carry their o wn notion of uncertain t y . This mak es probabilistic algorithms relativ ely easy

to co de. In comparison, traditional rob otics algorithms that rely on deterministic mo dels

mak e m uc h stronger demands on the accuracy of the underlying mo dels.

3.4 Distance �lters for Finding P eople and Filtering Sensor Data

One of the k ey c haracteristics of the m useum en vironmen t is that p eople p opulate it. A t

p eak m useum hours, w e often coun ted more than 100 p eople surrounding the rob ot. The

presence of p eople raises additional c hallenges to the rob ot's soft w are. In particular, the

Mark o v assumption in Mark o v lo calization requires a static en vironmen t, that is, one where

the rob ot's p ose is the only state that c hanges. P eople induce systematic noise on sensor

data, in v alidating the Mark o v assumption. While plain Mark o v lo calization (and MCL) is

usually robust to small disturbances of this kind, it ma y easily fail when the n um b er of

10



(a) (b) (c)

Figure 7 : Distance �ltering for lo cating p eople. Diagram (a) sho ws a laser range scan in a cro wded situation,

pro jected at the rob ot's most lik ely p osition. The distance �lter sorts eac h individual measuremen t in to t w o

bins: \authen tic " measuremen t s, sho wn in (b), and measuremen ts b eliev e to corresp ond to p eople, sho wn

in (c).

nearb y p eople is large, and if p eople in ten tionally attempt to confuse the rob ot|b oth of

whic h frequen tly happ ened in the Minerv a exhibit.

One approac h for accommo dating p eople is to include p eople's lo cation in the state s that

is b eing estimated. While suc h an approac h is completely legitimate, it p oses serious com-

putational problems, since the state space is no w m uc h larger. It also requires probabilistic

mo dels of the motion of cro wds.

Minerv a uses an alternativ e approac h. It �lters range measuremen ts using a distanc e

�lter [39 ]. The distance �lter sorts individual measuremen ts in to t w o bins: one that is

b eliev ed to b e \authen tic," b y whic h w e mean that the sensor detected a kno wn obstacle,

and one that is b eliev ed to originate from a p erson or another unkno wn obstacle.

The idea of the distance �lter builds on a crucial prop ert y of range measuremen ts: Mea-

suremen t errors induced b y p eople mak e range measuremen ts shorter, not longer. Th us,

readings are �ltered out whic h, with high probabilit y , are to o short. More sp eci�cally , let

o

�

denote a single measuremen t (b eam) tak en at angle � relativ e to the rob ot. If the p ose

s

t

is kno wn, the exp ectation of this measuremen t is giv en b y

E [ o

�

j s

t

] =

Z

o

�

p ( o

�

j s

t

; m ) do

t

(5)

Th us, the probabilit y that a reading o

�t

is shorter than exp ected if o

�t

< E [ o

�

j s

t

]. Of

course, in practice the p ose s

t

is unkno wn, and all w e ha v e is the b elief b

t

( s

t

). Th us, the

in tegral

Z

I

o

�t

<E [ o

�

j s

t

]

b

t

( s

t

) ds

t

(6)

is the probabilit y that o

�t

is a shorter-than-exp ected reading under the b elief b

t

. Here

I is the indicator function, whic h is 1 i� its argumen t is true. T o accommo date p eople in

lo calization, our approac h simply discards measuremen ts that with high probabilit y (.99) are

short. It uses only the remaining measuremen ts for lo calization. A systematic comparison

and ev aluation in [39 ] illustrates that distance �lters are extremely e�ectiv e in �ltering our

undesired sensor measuremen ts, while retaining su�cien tly man y authen tic measuremen ts

to ensure accurate and reliable lo calization. Our comparison also sho ws that distance �lters

are capable of reco v ering from global lo calization failures (rob ot kidnapping).
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An additional b ene�t of the distance �lter arises from the fact that it aids h uman rob ot

in teraction. Sev eral of Minerv a's in teraction strategies describ ed b elo w rely on the abilit y

to �nd p eople.

4 Concurren t Mapping and Lo calization

W e no w return to the question of acquiring maps. Recall that our lo calization algorithm

relies on a map m of the en vironmen t. In Rhino, Minerv a's predecessor, the map w as con-

structed b y hand. Ho w ev er, man ual mapping is tedious, and precludes the rapid installation

of a tour-guide rob ot. Minerv a, in con trast, learns the map from sensor data.

F rom a statistical standp oin t of view, concurren t mapping and lo calization is an estima-

tion problem, similar to lo calization. This estimation problem is m uc h higher dimensional

than the rob ot lo calization problem. F or example, some of the grid maps sho wn in this

pap er are describ ed b y 50,000 parameters. What mak es this problem particularly di�cult

is its c hic k en-and-egg nature, whic h arises from the fact that p osition errors accrued during

mapping, are di�cult to comp ensate [77 ]. Put di�eren tly , lo calization with a map is rela-

tiv ely easy , as is mapping with kno wn lo cations. The problem of simultane ously lo calizing

and mapping, ho w ev er, is hard.

Curren tly , the b est mapping algorithms are all probabilistic, follo wing the same basic

state estimation framew ork describ ed ab o v e. One p opular family of approac hes, kno wn as

SLAM algorithms [18 , 19, 61, 62, 96], emplo ys Kalman �lters [54 , 66] for concurren tly es-

timating rob ot p oses and maps. Unfortunately , this approac h requires that features in the

en vironmen t can b e uniquely iden ti�ed|whic h is a consequence of the Gaussian noise as-

sumption inheren t in Kalman �lters. F or example, it do es not su�ce to kno w that the rob ot

faces a do orw a y; instead, it m ust kno w which do orw a y it faces, to establish corresp ondence

to previous sigh tings of the same do orw a y . This limitation is of great practical imp ortance.

It is common practice to extract a small n um b er of iden ti�able features from the sensor

data, at the risk of discarding all other information. Some recen t approac hes o v ercome this

assumption b y \guessing" the corresp ondence b et w een measuremen ts at di�eren t p oin ts in

time, but they tend to b e brittle if those guesses are wrong [43 , 65 ]. In the Smithsonian

m useum en vironmen t, w e kno w of no set of uniquely iden ti�able features that w ould giv e

metric maps of the nature required for lo calization.

4.1 EM Mapping

Minerv a uses an alternativ e approac h for mapping, whic h is based on the same mathematical

framew ork as the Kalman �lter approac h ab o v e [105 ]. In particular, our approac h seeks to

estimate the mo de of the p osterior, �m = argmax

m

p ( m j d ), instead of the full p osterior

p ( m j d ). This migh t app ear quite mo dest a goal compared to the full p osterior estimation

in the Kalman �lter approac h. Ho w ev er, if the corresp ondence is unkno wn (and noise is

non-Gaussian), this in itself is a c hallenging problem.

T o see, w e note that the p osterior o v er maps can b e obtained in closed form:

b

t

( m ) = p ( m j d

0 ::: t

) =

Z

b

t

( s

t

; m ) ds

t

(7)

= �

00

t

p ( m )

Z Z

� � �

Z

t

Y

� =0

p ( o

�

j s

�

; m )

t

Y

� =1

p ( s

�

j a

� � 1

; s

� � 1

; m ) ds

1

ds

2

: : : ds

t

;
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where the initial p ose is|somewhat arbitrarily|set to s

0

= h 0 ; 0 ; 0 i . This expression is

obtained from (4) b y in tegrating o v er s

t

, follo w ed b y recursiv e substitution of the b elief from

time t � 1 to time 0, and resorting of the resulting terms and in tegrals. F or con v enience,

w e will assume a uniform prior p ( m ), transforming the problem in to a maxim um lik eliho o d

estimation problem. Notice that Equation (7) in tegrates o v er all p ossible paths, a rather

complex in tegration. Unfortunately , w e kno w of no w a y to calculate �m analytically for data

sets of reasonable size.

T o �nd a solution, w e notice that the rob ot's path can b e considered \missing v ariables"

in the optimization problem; kno wing them indeed greatly simpli�es the problem. The

statistical literature has dev elop ed a range of algorithms for suc h problems, one of whic h is

the EM algorithm [27 , 68]. This algorithm computes a sequence of maps, denoted m

[0]

, m

[1]

,

. . . , whic h successiv ely increasing lik eliho o d. The sup erscript

[ � ]

is not to b e confused with

the time index t or the index of a particle i ; all it refers to is the iteration of the optimization

algorithm.

EM calculates a new map b y iterating t w o steps, an exp e ctation step , or E-step , and a

maximization step , or M-step :

� In the E-step, EM calculates an exp ectation of a join t log-lik eliho o d function of the

data and the p oses, conditioned on the K -th map m

[ K ]

(and conditioned on the data):

Q [ m j m

[ K ]

] = E

m

[ K ]
[log p ( s

0

; : : : ; s

t

; d

0 ::: t

j m

[ K ]

) j d

0 ::: t

)] : (8)

The k ey observ ation is that computing Q in v olv es calculating the p osterior distribution

o v er p oses s

0

; : : : ; s

t

conditioned on the K -th mo del m

[ K ]

. W e ha v e already seen

ho w to estimate the p osterior o v er p oses giv en a map, in the section on lo calization.

T ec hnically , calculating (8) in v olv es t w o Mark o v lo calization runs through the data, a

forw ards run and a bac kw ards run, since al l data has to b e tak en in to accoun t when

computing the p osterior p ( s

�

j d

0 ::: t

) (the algorithm ab o v e only considers data up to

time � ). W e also note that in the v ery �rst iteration, w e do not ha v e a map. Th us,

Q [ m j m

[ K ]

] calculates the p osterior for a \blind" rob ot, i.e., a rob ot that ignores its

measuremen ts o

1

; : : : ; o

t

.

� In the M-step, the most lik ely map is computed giv en the p ose estimates obtained in

the E-step. This is formally written as

m

[ K +1]

= argmax

m

Q [ m j m

[ K ]

] : (9)

T ec hnically , this is still a v ery di�cult problem, since it in v olv es �nding the opti-

m um in a high-dimensional space. Ho w ev er, it is common practice to decomp ose the

problem in to a collection of one-dimensional maxim izatio n problems, b y stipulating

a grid o v er the map and solving (9) indep enden tly for eac h grid cell. The maxim um

lik eliho o d estimation for the resulting single-cell random v ariables is mathematically

straigh tforw ard.

Iterations of b oth steps tends to increase the log-lik eliho o d. Details of the mathematical

deriv ation and the implemen tation of this algorithm can b e found in [105 ].
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(a) (b)

Figure 8 : (a) Ra w data collected in a large op en hall (the Dinosaur Hall in the Carnegie Museum of Natural

History , Pittsburgh, P A) and (b) map constructed using EM and o ccupancy grid mapping.

4.2 Occupancy Grid Maps

In a �nal mapping step, Minerv a transforms its maps in to o ccupancy grids [33 , 71]. Occu-

pancy grids are widely used in mobile rob otics [8 , 32 , 45 , 103 , 107 ]. Most state-of-the-art

algorithms for generating suc h maps are probabilistic.

Occupancy grid mapping addresses a m uc h simpler problem than the one ab o v e, namely

the problem of estimating a map from a set of sensor measuremen ts given that one already

kno ws the corresp onding p oses. Let h x; y i denote a sp eci�c grid cell, and m

h xy i

t

b e the

random v ariable the mo dels its o ccupancy at time t . Occupancy is a binary concept; th us,

w e will write m

h xy i

t

=1 if a cell is o ccupied, and m

h xy i

t

= 0 if it is not. Substituting m

h xy i

t

in to

Equation (4) under the consideration that this is a discrete random v ariable yields

b

t

( m

h xy i

t

) = �

t

p ( o

t

j m

h xy i

t

)

1

X

m

h xy i

t

= 0

p ( m

h xy i

j a

t � 1

; m

h xy i

t � 1

) b

t � 1

( m

h xy i

t � 1

) ; (10)

whic h in static w orlds simpli�es to

b

t

( m

h xy i

) = �

t

p ( o

t

j m

h xy i

) b

t � 1

( m

h xy i

) = �

t

p ( m

h xy i

j o

t

) p ( o

t

)

p ( m

h xy i

)

b

t � 1

( m

h xy i

) : (11)

The second transformation pa ys tribute to the fact that in o ccupancy grid mapping, one

usually is giv en p ( m

h xy i

j o

t

) instead of p ( o

t

j m

h xy i

) [103 ]. One could certainly lea v e it at this

and calculate the normalization factor �

t

at run-time. Ho w ev er, for binary random v ariable

the normalizer can b e eliminated b y noticing that the so-called o dds , whic h is the follo wing

quotien t:

b

t

( m

h xy i

=1)

b

t

( m

h xy i

=0)

=

p ( m

h xy i

=1 j o

t

)

p ( m

h xy i

=0 j o

t

)

p ( m

h xy i

=0)

p ( m

h xy i

=1)

b

t � 1

( m

h xy i

=1)

b

t � 1

( m

h xy i

=0)

: (12)

As is easily sho wn [103 ], this expression has the closed-form solution

b

t

( m

h xy i

) = 1 �

(

1 +

p ( m

h xy i

)

1 � p ( m

h xy i

)

"

t

Y

� = 0

p ( m

h xy i

j o

�

)

1 � p ( m

h xy i

j o

�

)

1 � p ( m

h xy i

)

p ( m

h xy i

)

#)

� 1

: (13)
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(a)

(b)

(c)

Figure 9 : (a) Ra w data collected in the Smithsonian m useum. (b) Data after adjusting the scans using EM.

(c) Final o ccupancy grid map. This map is appro ximat ely 110 meters wide and is the largest w e ev er built.

Ho w ev er, a smaller map (constructe d from a di�eren t data set) w as used for na vigation , due to c hanges in

the op erational area of the rob ot.
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(a) (b)

Figure 10 : (a) Occupancy map of the cen ter p ortion of the Smithsonian m useum. (b) Mosaic of the

m useum's ceiling. The v arious brigh t sp ots corresp ond to ligh ts. The cen ter p ortion of the ceiling con tains

an op ening|the ligh ts there are appro ximat ely 15 meters higher.

F or example, Figure 8a sho ws a ra w data set of a large hall (appro ximately 50 meters wide),

along with the result of �rst applying EM, and then o ccupancy grid mapping using the p oses

estimated with EM (Figure 8b). Figure 9 sho ws a map of a fraction of the Smithsonian

m useum. These data w ere collected appro ximately six mon ths b efore the exhibition, to

dev elop and test our na vigation routines. Figure 9a sho ws the ra w data. Here the rob ot

accrued an o dometry error of 70 meters and appro ximately 180 degrees. Figure 9b sho ws the

result of EM mapping. The �nal o ccupancy grid map is sho wn in Figure 9c. This map is o v er

110 meters wide. While it is geometrically somewhat inaccurate (see the upp er b oundary of

the area on the left, whic h should b e a straigh t line), it is su�cien tly accurate for na vigation

purp oses. Ho w ev er, this map do es not co v er the rob ot's en tire op eration range, whic h w as

de�ned after gathering these data. Th us, w e collected a di�eren t data set just da ys b efore

the exhibition b egan. The resulting map is sho wn in Figure 10a. This map is appro ximately

65 meters wide.

4.3 Ceiling Maps

Rhino, Minerv a's predecessor, relied on lasers for lo calization. T o deal with the large op en

spaces, Minerv a additionally had a camera p oin ted at the ceiling, whic h w e used appro xi-

mately half of the time to augmen t the laser for lo calization. The ceiling map is a large-scale

mosaic of a ceiling's texture. Suc h ceiling mosaics are more di�cult to generate than o ccu-

pancy maps. This is b ecause the heigh t of the ceiling is unkno wn, whic h mak es it di�cult

to translate co ordinates in the image plane in to real-w orld co ordinates.

A t ypical ceiling mosaic is sho wn in Figure 10b. Our approac h uses the (previously

learned) o ccupancy map to pre-adjust errors in the o dometry . While those p oses are not

accurate to the precision that can b e attained using the high-resolution vision sensors, they

eliminate the di�cult-to-solv e global alignmen t problem. The lik eliho o d p ( m j d ) of the ceiling

map is then maxim ized b y searc hing in the space the follo wing parameters: the p ose s at

whic h eac h image w as tak en, the heigh t of ceiling segmen ts, and t w o additional parameters

p er image sp ecifying v ariations in ligh ting conditions. Our approac h emplo ys the w ell-kno wn

Lev en b erg-Marquardt algorithm [28 ] for optimization. As a result, the images are brough t

in to lo cal alignmen t, the ceiling heigh t is estimated, and a global mosaic is constructed.
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Figure 10b sho ws the ceiling mosaic of the rob ot's op erational range. A t ypical run for

an en vironmen t of its size in v olv es optimizing o v er ab out 3000 unkno wn v ariables, whic h

requires appro ximately 30 min utes of pro cessing time on a state-of-the-art computer. In

follo w-up researc h, w e dev elop ed a probabilistic mosaicing algorithm whic h do es not require

pre-adjustmen t using o ccupancy grid maps [26 ].

5 Planning and Na vigation

Minerv a emplo ys three mo dules concerned with planning and na vigation: a lo w-lev el reactiv e

collision a v oidance mo dule, a motion planner for mo ving from one exhibit to another, and

a mission planner for sc heduling tours and battery c hanges.

5.1 Collision Av oidance

Minerv a's collision a v oidance mo dule con trols the mom en tary motion direction and v elo cit y

of the rob ot to a v oid collisions with obstacles|p eople and exhibits alik e. Man y collision

a v oidance metho ds for mobile rob ots consider only the kinematics of a rob ot, without taking

dynamics in to accoun t [10]. This is legitimate at sp eeds where rob ots can stop almost

instan taneously . Ho w ev er, at v elo cities of up to 163 cm/sec, inertia and torque limits imp ose

constrain ts on rob ot motion, whic h ma y not b e neglected. T o con trol the rob ot in tigh t run-

time conditions, this mo dule is reactiv e in that it considers only a small n um b er of recen t

sensor readings.

Minerv a's collision a v oidance metho d, called � D W A is describ ed in depth in [38 ]. It has

b een directly adopted from the Rhino soft w are [15 ]; therefore w e will only sk etc h it here.

In essence, the input to � D W A is ra w pro ximit y sensor readings along with a desired target

lo cation, based on whic h � D W A sets the rob ot's v elo cit y (translation and rotation). It do es

this b y ob eying a collection of constrain ts, whic h come in t w o 
a v ors: hard and soft. Hard

constrain ts establish the basic safet y of the rob ot (e.g., the rob ot m ust alw a ys b e able to

come to a full stop b efore impact) and they also express dynamic constrains (e.g., torque

limits). Soft constrain ts are used to trade o� the rob ot's desire to mo v e to w ards the goal

lo cation, and its desire to mo v e a w a y from obstacles in to op en space. In com bination, these

constrain ts ensure safe and smo oth lo cal na vigation.

A k ey issue in collision a v oidance is in visible hazards. Recall that certain hazards, suc h as

do wn w ard escalators, are in visible to Minerv a's sensors; y et it is essen tial that the rob ot a v oid

them. These hazards are part of the map, where a p erson has mark ed them, so a v oiding them

requires the collision a v oidance to translate map co ordinates in to lo cal rob ot co ordinates.

A t �rst glance, one migh t b e tempted to p erform this translation using a simple geometric

transformation, whic h considers the rob ot's most lik ely p osition ^s

t

= argmax

s

t

b

t

( s

t

) only .

Ho w ev er, suc h an approac h is brittle in the face of uncertain t y . It w ould also fail to tak e

adv an tage of the probabilistic nature of Minerv a's lo calization approac h.

Rather than relying on a single estimate of p osition for a v oiding in visible hazards, Min-

erv a emplo ys a safer rule that guaran tees the rob ot's safet y with high probabilit y , ev en if

the rob ot is highly uncertain as to where it is. The basic idea is to a v oid places that with

probabilit y > 0 : 01 are hazardous. This is ac hiev ed b y adding \virtual" range measuremen ts

to the ph ysical measuremen ts, whic h with high probabilit y ( > 0 : 99) are shorter than an

actual noise-free measuremen t of the distance to the nearest hazardous place.
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One of the adv an tages of the probabilistic framew ork is that the computation of suc h

virtual measuremen ts mathematicall y straigh tforw ard. Let us consider the virtual measure-

men t at angle � relativ e to the rob ot. Let � ( �; s

t

; m ) denote the distance to the nearest

in visible hazard in the direction � , assuming that the rob ot's p ose is s

t

. Since � assumes

kno wledge of the rob ot's p ose, it is easily computed using ra y tracing. In practice, of course,

one do es not kno w the p ose s

t

; instead, all one is giv en is the p osterior b

t

( s

t

). The follo wing

term calculates the probabilit y that our noise-free virtual sensor w ould return a measuremen t

o

�t

that is larger than a , under the b elief b

t

( s

t

):

p ( o

�t

> a ) =

Z

I

� ( �;s

t

;m ) >a

b

t

( s

t

) ds

t

(14)

Here I denotes the indicator function whic h is 1 i� its argumen t is true. If w e c hose a virtual

sensor measuremen t a for whic h p ( o

�t

> a ) � 0 : 99, w e can b e 99%-certain that the \true"

distance to the nearest hazardous region in the direction � is larger than a . Put di�eren tly ,

our approac h generates virtual measuremen ts

sup

a

f p ( o

�t

> a ) � 0 : 99 g (15)

b y maxim izing a under the constrain t that the true distance is underestimated with prob-

abilit y at least 99%. Virtual measuremen ts are generated for all angles � , at an angular

resolution of 2 degrees. Using these virtual measuremen ts, the rob ot is safe with probabilit y

99%, ev en though it ma y b e uncertain as to where it is relativ e to the map. This approac h,

whic h tak es adv an tage of the explicit represen tation of uncertain t y in the rob ot's p ose esti-

mate, w as found to b e essen tial for ensuring the rob ot's safet y , b oth in the Rhino and the

Minerv a pro ject [15 ].

5.2 Motion Planning

Minerv a's motion planner computes globally consisten t motion commands that guide the

rob ot from one exhibit to the next. Uncertain t y pla ys a ma jor role in Minerv a's motion

planning algorithm. While Rhino op erated in a narro w m useum, alw a ys in safe pro ximit y

su�cien tly man y kno wn ob jects to guaran tee accurate lo calization, the Smithsonian m useum

con tained a large, op en, featureless region in its cen ter. Here the danger of getting lost is

signi�can t, sp eci�cally at p eak op ening hours where this space is �lled with h undreds of

p eople. Th us, to minim ize the danger of getting lost, Minerv a's path planner seeks the

pro ximit y of kno wn obstacles. Minerv a's motion planner is called a c o astal planner [80 , 81].

The analogy is to ships, whic h t ypically sta y close to the coast to a v oid getting lost (unless

they are equipp ed with a global p ositioning system).

P ossibly the most general framew ork for probabilistic planning is kno wn as p artial ly

observable Markov de cision pr o c esses , or in short POMDP [70 , 95, 97]. Recen tly , POMDPs

ha v e b ecome p opular in AI [53 , 63 ]. POMDPs address the problem of c ho osing actions so as

to minim ize a scalar c ost function , denoted C ( s ). In rob ot motion planning, w e use C ( s ) = 0

for goal lo cations s , and � 1 elsewhere. Since reac hing a goal lo cation t ypically requires a

whole sequence of actions, the con trol ob jectiv e is to minimi ze the exp e cte d cumulative c ost :

J =

t + T

X

� = t +1

E [ C ( s

�

)] : (16)
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Here the exp ectation is tak en o v er all future states. T ma y b e 1 , in whic h case cost is often

discoun ted o v er time b y an exp onen tial factor.

The basic idea of POMDPs is to construct a v alue function in b elief space, using a

generalized v ersion of v alue iteration [7, 48 ]. A v alue function, denoted b y V , measures the

exp ected cum ulativ e cost if one starts in a state s dra wn according to the b elief distribution

b , and acts optimally thereafter. Th us, the v alue V ( b ) of the b elief state is the b est p ossible

cum ulativ e costs one can exp ect for b eing in b . This is expressed as

V ( b ) =

Z

t + T

X

� = t +1

E [ C ( s

�

) j s

t

= s ] b ( s ) ds: (17)

F ollo wing [7 , 99], the v alue function can b e computed b y recursiv ely adjusting the v alue of

individual b elief states b according to

V ( b )  � min

a

Z

[ V ( b

0

) + C ( b

0

)] p ( b

0

j a; b; m ) db

0

; (18)

whic h assigns to V ( b ) the exp e cte d v alue at the next b elief, b

0

. Here the immediate cost

of a b elief state b

0

is obtained b y in tegrating o v er all states C ( b

0

) =

R

C ( s

0

) b

0

( s

0

) ds

0

.

The conditional distribution p ( b

0

j a; b; m ) is the b elief space coun terpart to the next state

distribution, whic h is obtained as follo ws:

p ( b

0

j a; b; m ) =

Z

p ( b

0

j o

0

; a; b; m ) p ( o

0

j a; b; m ) do

0

; (19)

where p ( b

0

j o

0

; a; b; m ) is a Dirac distribution de�ned through Equation (4), and

p ( o

0

j a; b; m ) =

Z Z

p ( o

0

j s

0

; m ) p ( s

0

j a; s; m ) b ( s ) ds

0

ds: (20)

Once V has b een computed, the optimal p olicy is obtained b y selecting actions that minim ize

the exp ected V -v alue o v er all a v ailable actions:

� ( b ) = argmin

a

Z

V ( b

0

) p ( b

0

j a; b; m ) db

0

: (21)

While this approac h de�nes a mathematicall y elegan t and consisten t w a y to compute the

optimal p olicy from the kno wn densities p ( s

0

j a; s; m ) and p ( o

0

j s

0

; m )|whic h are in fact

the same densities used in mapping and lo calization|there are t w o fundamen tal problems.

First, in con tin uous domains the b elief space, whic h is the space of all distributions, is an

in�nitely dimensional space. Consequen tly , no exact metho d exists for calculating V in the

general case. Second, ev en if the state space is discrete|whic h is commonly assumed in the

POMDP framew ork|the computational burden can b e enormous. This is b ecause for state

spaces of size n , the corresp onding b elief space is a ( n � 1)-dimensional con tin uous space.

The b est kno wn solutions, suc h as the witness algorithm [53 ], can only handle problems of

the appro ximate size of 100 states, and a planning horizon of no more than T = 5 steps. In

con trast, state spaces in rob otics routinely p ossess orders of magnitude more states, ev en

under crude discretizations. This mak es appro ximating imp erativ e.

Coastal na vigation is a POMDP algorithm that relies on an appro ximate represen tation

for b elief states b . The underlying assumption is that the exact nature of the uncertain t y

is irrelev an t for action selection; instead, it su�ces to kno w the de gr e e of unc ertainty as
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(a) (b)

Figure 11 : Coastal plans: the rob ot activ ely seeks the pro ximit y of obstacles to impro v e its lo calization.

The large op en area in the cen ter of the Smithsonian m useum is appro xima tely 20 meters wide and usually

cro wded with p eople.

expressed b y the entr opy of a b elief state H [ b ]. Th us, coastal na vigation represen ts b elief

states b y the follo wing tuple:

�

b = h argmax

s

b ( s ); H [ b ] i : (22)

While this appro ximation is coarse, it causes v alue iteration to scale exp onen tially b etter to

large state spaces than the full POMDP solution, while still exhibiting go o d p erformance in

practice [80 , 81].

Figure 11 sho ws an example tra jectory calculated b y the coastal na vigation algorithm

for the cen ter region of the m useum. The goal of motion is to reac h a target lo cation

with high probabilit y . By considering uncertain t y , the coastal planner generates paths that

activ ely seek the pro ximit y of kno wn obstacles so as to minimi ze the lo calization error|at

the exp ense of an increased path length when compared to the shortest path. Exp erimen tal

results describ ed elsewhere [81 ] ha v e sho wn that the success rate of the coastal planner is

sup erior to con v en tional shortest path planners that ignore the inheren t uncertain t y in rob ot

motion.

5.3 Mission Planning

Minerv a's high-lev el con troller p erforms t w o imp ortan t tasks:

1. During ev eryda y normal op eration, it sc hedules tours and monitors their execution.

The target duration for tours w as six min utes, whic h w as determined to b e the duration

the a v erage visitor w ould enjo y follo wing the rob ot. Unfortunately , the rate of progress

dep ends critically on the n um b er and the b eha vior of the surrounding p eople. This

mak es it necessary to comp ose tours on-the-
y .

2. The high-lev el con troller also has to monitor the execution of tours, and c hange the

course of actions when an exception o ccurs. Examples include the battery v oltage,

whic h, if b elo w a critical lev el, forces the rob ot to terminate its tour and return to the

c harger. An exception is also triggered when the con�dence of Minerv a's lo calization

routines drop b elo w a critical lev el (luc kily an extremely rare ev en t), in whic h case the

tour m ust temp orarily b e susp ended to in v ok e a strategy for re-lo calization [5 ].
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a v erage min max

static 398 � 204 sec 121 sec 925 sec

with learning 384 � 38 sec 321 sec 462 sec

T able 2 : This table summarizes the time sp en t on individual tours. In the �rst ro w, tours w ere pre-comp o sed

b y static sequences of exhibits; in the second ro w, tours w ere comp osed on-the-
y , based on a learned mo del

of tra v el time, successfully reducing the v ariance b y a factor of 5.

Minerv a's plan-based con troller, a structur e d r e active c ontr ol ler ( sr c ) [3 ] built on top of

RPL [67 ], is a collection of concurren t, p ercept-driv en con trol routines that sp eci�es routine

activities and can adapt itself to non-standard situations. Minerv a executes three kinds

of high-lev el con trol pro cesses: sc heduled tour plans that w ork w ell in standard situations,

monitoring pro cesses that detect non-standard situations, and plan adaptors that are re-

sp onsible for managing the tour plans during their execution. Th us, Minerv a carries out

m useum tours with the constrain t that, when circumstances c hange, a run time plan adapta-

tion pro cess is triggered. F or example, suc h a situation migh t o ccur when the rob ot su�ers

an unexp ected dela y while tra v eling from one exhibit to another, or when tour requests are

added or mo di�ed on-line. During the 14 da y-long deplo ymen t Minerv a's plan-based con-

troller p erformed roughly 3,200 execution time plan revisions, including the insertion of plans

for new user requests, the remo v al of plans for accomplished requests, and tour resc hedul-

ing. The con troller comm uni cated with the rest of the soft w are using HLI, a comp onen t

of GOLEX [46 ]. More recen tly , w e ha v e extended this framew ork to include probabilistic

represen tations [6 , 4 ]; ho w ev er, those extensions w ere not used in the Minerv a pro ject.

T o meet the desired length for individual tours, Minerv a' mission planner comp oses tours

on-the-
y . T o do so, it le arns the time required for mo ving b et w een pairs of exhibits, based

on data recorded in the past (using the empirical mean as estimator). After an exhibit

is explained, the in terface c ho oses the next exhibit based on the remaining time. If the

remaining time is b elo w a threshold, the tour is terminated and Minerv a instead returns to

the cen ter p ortion of the m useum. Otherwise, it selects exhibits whose sequence b est �t the

desired time constrain t.

T able 2 illustrates the e�ect of dynamic tour decomp osition on the duration of tours.

Minerv a's en vironmen t con tained 23 designated exhibits, and there w ere 77 sensible pairwise

com binations b et w een them (certain com binations w ere in v alid since they did not �t together

topic-wise). In the �rst da ys of the exhibition, all tours w ere static. The �rst ro w in T able 2

illustrates that the timing of those tours v aries signi�can tly (b y an a v erage of 204 seconds).

The a v erage tra v el time, sho wn in T able 3, w as estimated using 1,016 examples, collected

during the �rst da ys of the pro ject. The second ro w in T able 2 sho ws the results when tours

w ere comp osed dynamically . Here the v ariance of the duration of a tour is only 38 seconds.

Minerv a's high-lev el in terface also made the rob ot return to its c harger p erio dically , so that

w e could hot-sw ap its batteries.

6 Human Rob ot In teraction

In teraction with p eople is Minerv a's primary purp ose. It is therefore surprising that previous

tour-guide rob ots' in teractiv e capabilities w ere rather limited. The t yp e of in teraction faced

b y a tour-guide rob ot is sp ontane ous and short-term : Visitors of the Smithsonian m useum
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

1 26 68 14 28

2 23 38 13

3 81 66 51 66 60

4 76 22

5 62 49

6 41 44

7 44 1 55 42 51

8 44 63

9

10

11 34 16 69

12 61 53 69 72 32 87 55

13 28

14 33 39

15 60

16 46 68

17 59 13 57

18 46 42 31 36 31 12

19 1 25 58 69 12

20 57 62 37

21 55 24 20 15 74

22 208 66 46 38 38 23 56 39

23 113 76 59 24 46 59

T able 3 : Time (in sec) it tak es to mo v e from one exhibit to another, estimated from 1,016 examples collected

in the m useum. These times, plus the (kno wn) time used for explaining an exhibit, form the basis for the

decision-theo ret ic planner.

t ypically had no prior exp osure to rob otics tec hnology , and they could not b e instructed

b eforehand as to ho w to op erate the rob ot. The rob ot often in teracts with cro wds of p eople

as w ell as individual visitors. In them m useum, most p eople sp en t less then 15 min utes (ev en

though some sp en t hours or ev en da ys). This t yp e of in teraction is c haracteristic for rob ots

that op erate in public places, suc h as receptionists, information kiosks, and merc handising

rob ots. It di�ers signi�can tly from the ma jorit y of in teractiv e mo des studied in the �eld,

whic h t ypically assume long-term in teraction with a single sub ject.

T o maximi ze Minerv a's e�ectiv eness, w e opted to giv e the rob ot h uman-lik e features suc h

as a motorized face, a nec k, and a simple �nite state mac hine em ulating \emotions," and to

use reinforcemen t learning to shap e her in teractiv e skills.

6.1 The F ace

Figure 12 sho ws Minerv a's face. T o engage m useum visitors, w e sough t to presen t as recog-

nizable and in tuitiv e an in terface as p ossible [11 , 87]. Ob viously , the face is only a caricature,

con taining only sc hematic features related to the expression of simple emotions. It con tains,

w e b eliev e, those elemen ts necessary for the degree of expression appropriate for a tour-

guide rob ot. A �xed mask w ould b e incapable of visually represen ting mo o d, and a highly

accurate sim ulation of a h uman face w ould con tain n umerous distracting details b ey ond our

con trol. A ph ysical face w as deemed more appropriate than a sim ulated one displa y ed on

a computer screen, b ecause p eople can view it from arbitrary angles (ev en from the bac k),

letting m useum visitors see it without standing directly in fron t of the rob ot. As Figure 12

do cumen ts, an iconographic face consisting of t w o ey es with ey ebro ws and a mouth is almost

univ ersally recognizable and can p ortra y the range of simple emotions useful for tour-guide

in teraction.
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(a)

(b) (c)

Figure 12 : Minerv a's face with (a) happ y , (b) neutral, and (c) angry facial expressions.

6.2 Emotional States

When giving tours, Minerv a uses its face, its head direction, and its v oice to comm unicate

with p eople, so as to maxim ize its progress and please the audience. A sto c hastic �nite state

mac hine sho wn in Figure 13 is emplo y ed to mo del simple emotional states (mo o ds), whic h

allo w the rob ot to comm unicate its in ten t to visitors in a so cial con text familiar to p eople

from h uman-h uman in teraction [11 , 73 , 74 ]. Mo o ds range from happ y to angry , dep ending on

the p ersistence of the p eople who blo c k its path. When happ y , Minerv a smiles and p olitely

asks for p eople to step out of the w a y; when angry , its face fro wns and the rob ot's v oice

sounds angry . Most m useum visitors had no di�cult y understanding the rob ot's in ten tion

and emotional state. In fact, the abilit y to exhibit suc h extremely caricatured pseudo-

emotions pro v ed to b e one of the most appreciated asp ects of the en tire pro ject.

6.3 Learning to A ttract P eople

Ho w can a rob ot attract atten tion? Since there is no ob vious answ er, w e applied an on-line

learning algorithm. More sp eci�cally , Minerv a uses a memory-based reinforcemen t learning

approac h [99 ] (with no dela y ed rew ard). Reinforcemen t is receiv ed in prop ortion of the

pro ximit y of p eople as determined b y Minerv a's p eople �nding mo dule; coming to o close,

ho w ev er, leads to a distinct p enalt y for violating Minerv a's space. Minerv a's b eha vior is

conditioned on the curren t densit y of p eople. P ossible actions include di�eren t strategies

for head motion (e.g., lo oking at nearest p erson), di�eren t facial expressions (e.g., happ y ,

sad, angry), and di�eren t sp eec h acts (e.g., \Come o v er," \do y ou lik e rob ots?"). Learning

o ccurs during one-min ute-long, dedicated mingling phases , whic h tak e place b et w een tours.

During learning, the rob ot c ho oses with high probabilit y the b est-kno wn action (so that it

attracts as man y p eople as p ossible); ho w ev er, with small probabilit y the rob ot c ho oses a

random action, to explore new forms of in teraction. This aproac h is similar to the literature

on the exploration-exploitation dilemma in the k -arm bandit literature [101 ].

During the t w o w eeks in the Smithsonian m useum, Minerv a p erformed 201 attraction

in teraction exp erimen ts, eac h of whic h lasted appro ximately 1 min ute. Ov er time, Minerv a

dev elop ed a \p ositiv e attitude" (sa ying friendly things, lo oking at p eople, smiling). As

sho wn in Figure 14, acts b est asso ciated with a p ositiv e attitude attracted the most p eople.

F or example, when grouping sp eec h acts and facial expressions in to t w o categories, friendly

and unfriendly , w e found that the former t yp e of in teraction p erformed signi�can tly b etter

than the �rst (with 95% con�dence). Ho w ev er, p eoples resp onse w as highly sto c hastic and
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Figure 13 : State diagram of Minerv a's emotions during tra v el. \F ree" and \blo c k ed" indicate whether a

p erson stands in the rob ot's path.

the amoun t of data that w e w ere able to collect during the exhibition is insu�cien t to yield

statistical signi�cance in most cases. Hence, w e are unable to commen t on the e�ectiv eness

of individual actions.

6.4 W eb In terface

One of the goals of the pro ject w as to enable remote users to establish a virtual telepresence

in the m useum, using the In ternet. Therefore, while in the Smithsonian m useum Minerv a

w as connected to the W eb at http://www.cs.cmu. edu/ � mi nerva , where W eb users all o v er

the w orld con trolled Minerv a and could lo ok through its ey es. In addition, a stationary zo om

camera moun ted on a pan/tilt unit enabled W eb users to w atc h Minerv a and nearb y visitors

from a distance.

While the m useum w as op en to visitors, Minerv a w as con trolled predominately b y the

visitors of the m useum, whic h could select tours using a touc h-sensitiv e screen moun ted at

Minerv a's bac k. Ev ery third tour, ho w ev er, w as selected b y W eb users via a v oting sc heme:

V otes for individual tours w ere coun ted, and the most p opular tour w as c hosen. A t all times,

the w eb page displa y ed curren t camera images recorded b y Minerv a and b y the o�-b oard

camera, and a m useum map with the rob ot's p osition. T o facilitate up dating the p osition of

Minerv a sev eral times a second, W eb users do wnloaded a rob ot sim ulator written in Ja v a,

and used TCP comm unicatio n and serv er-push tec hnology to comm unicate the p osition of

the rob ot in appro ximately real time [88 ].

During sev eral sp ecial sc heduled In ternet ev en ts, all of whic h to ok place when the m useum

w as closed to visitors, W eb users w ere giv en exclusiv e con trol of the rob ot. Using the in terface

sho wn in Figure 15a, they could sc hedule target p oin ts, whic h the rob ot approac hed in the

order receiv ed. The n um b er of p ending target p oin ts w as limited to �v e. All ro ws in T able 4

mark ed \W eb only" corresp ond to times where W eb users assumed exclusiv e con trol o v er

the rob ot. In one case, Minerv a mo v ed at an a v erage v elo cit y of 73.8 cm/sec. Its maxim um

v elo cit y w as 163 cm/sec, whic h w as attained frequen tly . Suc h high v elo cities, ho w ev er, w ere

only attained when the m useum w as closed. When visitors w ere around, the sp eed w as
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Figure 14 : Statistics of p eople's resp onse to di�eren t st yles of in teraction (from friendly on the left to

upset/deman din g on the righ t). The data w ere input to a reinforceme n t learning algorithm, whic h learned

in teraction patterns on-line.

reduced to less than 70 cm/sec (w alking sp eed) to a v oid p eople p erceiving the rob ot as a

threat.

7 Statistics

T able 4 surv eys the o v erall statistics of Minerv a's 13 da ys-long p erformance. As can b e seen,

the rob ot tra v eled a total of 44 km, at top sp eed of 163 cm/sec and an a v erage sp eed of 38.8

cm/sec. Minerv a's sp eed w as limited to 70 cm/sec during op ening hours, but limited only

b y hardw are limitations when the m useum w as closed and the rob ot w as con trolled through

the In ternet. Figure 15b sho ws the rob ot's path b et w een t w o battery c harges; a battery

c harge lasted appro ximately t w o hours.

Since the Rhino rob ot w as dev elop ed b y the same researc h team and emplo y ed man y

of the same basic na vigation mo dules, a comparison b et w een b oth rob ots seems in order.

Na vigation in the Smithsonian m useum p osed completely new c hallenges that w ere not

presen t in the Deutsc hes Museum Bonn. Minerv a's en vironmen t w as an order of magnitude

larger, with a particular c hallenge arising from the large op en area in the cen ter p ortion of

the m useum. Minerv a also had to cop e with an order of magnitude more p eople than Rhino.

T o accommo date these di�culties, Minerv a's na vigation system w as more sophisticated.

In particular, Rhino did not use camera images for lo calization, and its motion planner

did not consider information gain when planning paths. In addition, Rhino w as supplied

with a man ually deriv ed map; it lac k ed the abilit y to learn maps from scratc h. W e b eliev e

that these extensions w ere essen tial for Minerv a's success. Rhino also lac k ed the abilit y to

comp ose tours on-the-
y , and it w as also unable to detect exceptions suc h as battery drain

(whic h caused problems) [15 ].

While in the Rhino pro ject, w e carefully coun ted the n um b er of collisions and other

failures, this w as imp ossible in Minerv a's case, since w e w ere often not presen t during rob ot

op eration. Ho w ev er, w e recall t w o o ccasions at whic h the rob ot lost its p osition, b oth times
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(a) (b)

Figure 15 : (a) W eb con trol in terface. Users can authen ticat e themselv es in on the left side of the windo w,

and subsequen tl y sp ecify target lo cations b y clic king in the map. The map sho ws curren t rob ot p osition,

p ending target lo cations, and a dialogue b o x displa ys the curren t sp eed of the rob ot. On the righ t. users

can w atc h images recorded using the rob ot's camera (top image) and b y a stationary camera with zo om

moun ted on a pan/tilt unit (b ottom image). (b) Multi-hour path of the rob ot in the m useum.

in v olving h uge cro wds of p eople that p ersisten tly blo c k ed virtually all of the rob ots sensors

for extended p erio ds of time (e.g., 20 min utes). A misadjusted lo w-lev el motion con troller

in the rob ot's base, whic h w as inaccessible to us, made the rob ot's motion a bit jerkier than

that of Rhino. Ho w ev er, this did not a�ect Minerv a's o v erall p erformance.

A k ey di�erence b et w een b oth rob ots relates to their in teractiv e capabilities. As men-

tioned ab o v e, Rhino's in teraction w as more rudimen tary . It lac k ed a face, did not exhibit

\emotional states," and it did not activ ely attract or engage p eople. As a result, Minerv a

w as m uc h more e�ectiv e in attracting p eople and making progress. When compared to the

Rhino pro ject, w e consisten tly observ ed that p eople cleared the rob ot's path m uc h faster.

W e found that b oth rob ots main tained ab out the same a v erage sp eed (Minerv a: 38.8 cm/sec,

Rhino: 33.8 cm/sec), despite the fact that Minerv a's en vironmen t w as more cro wded. These

n um b ers illustrate the e�ectiv eness of Minerv a's in teractiv e approac h to making progress.

In comparison with Rhino, p eople also app eared more satis�ed and am used. According

to a p oll in v olving 63 p eople (36 male, 27 female), 93.7% lik ed Minerv a, while the remaining

6.3% w ere undecided. When ask ed whether p eople w ere satis�ed with the rob ot, 77.8%

answ ered y es, 15.9% w ere undecided, and only 6.3% resp onded with no. 39.7% of the

visitors w ould b e willing to pa y $1,000 or more, if they could purc hase a rob ot lik e Minerv a

(with the same lev el of capabilit y) for their priv ate home. When ask ed what lev el of animal

(from a list of �v e options) Minerv a's in telligence w as most comparable to, w e receiv ed the

follo wing answ ers: h uman: 36.9%; monk ey: 25.4%; dog: 29.5%; �sh: 5.7%; amo eba:2.5%.

Unfortunately , w e did not ask p eople the same questions at the Rhino exhibition. A similar

ev aluation of the e�ectiv eness of rob ot emotions for rob ots op erating in public places can

b e found in [73 , 74 ].

Minerv a also p ossessed an impro v ed W eb in terface, whic h enabled W eb users to sp ecify

arbitrary target lo cations instead of c ho osing lo cations from a small p o ol of pre-sp eci�ed

lo cations. Rhino's W eb in terface prescrib ed a small set of 13 p ossible target lo cations, whic h

corresp onded to designated target exhibits. When under exclusiv e W eb con trol, Minerv a

w as more than t wice as fast as Rhino (see T able 4). In ev eryda y op eration, ho w ev er, the

maxim um sp eed of b oth rob ots w as limited to the same sp eed.
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date uptime tra v el time distance a vg. sp eed tours exhibits mo de

Aug 24 7:16:08 2:34:36 2,881.13 m 31.3 cm/sec 52 174

Aug 25 7:41:52 2:17:05 2,725.90 m 33.1 cm/sec 55 169

Aug 26 6:57:35 2:39:24 2,642.23 m 27.6 cm/sec 28 102

Aug 27 5:40:58 1:33:00 1,147.12 m 31.7 cm/sec 53 203

1:56:21 0:50:55 1,755.98 m 57.5 cm/sec 28 104 W eb only

Aug 28 6:48:59 2:08:14 2,416.15 m 31.4 cm/sec 54 192

Aug 29 5:40:23 1:50:22 2,436.92 m 36.7 cm/sec 59 219

Aug 30 6:42:36 2:17:58 3,305.44 m 39.9 cm/sec 66 231

Aug 31 7:25:57 2:09:02 3,372.91 m 43.6 cm/sec 77 258

Sept 1 7:11:54 2:22:40 3,707.19 m 43.3 cm/sec 61 230

Sept 2 4:28:07 1:27:33 1,954.19 m 37.2 cm/sec 37 137

Sept 3 9:56:53 3:25:08 5,332.76 m 43.3 cm/sec 54 203

Sept 4 1:13:15 0:52:34 2,143.86 m 68.0 cm/sec 103 W eb only

6:49:35 2:04:49 2,611.71 m 34.9 cm/sec 48 168

2:17:04 1:17:00 3,411.41 m 73.8 cm/sec 175 W eb only

Sept 5 6:15:46 1:42:34 2,173.90 m 35.3 cm/sec 49 156

total 94:23:20 31:32:54 44,018.8m 38.8cm/sec 620 2,668

T able 4 : Summary statistics of Minerv a's op eration. The ro ws lab eled \W eb only" indicate times when the

m useum w as closed to the public, and Minerv a w as under exclusiv e W eb con trol. A t all other times, W eb

users and m useum visitors shared the con trol of the rob ot. Minerv a's top sp eed w as 163 cm/sec.

8 Related W ork

There is a h uge b o dy of related w ork, most of whic h is systematically surv ey ed in a recen t

article on Rhino [15 ] (o v er 160 references). Probably the �rst tour-guide rob ot w as Ian

Horswill's P olly [47 ], a small mobile rob ot that guided visitors through the AI Lab at MIT.

T o our kno wledge, Rhino w as the �rst m useum tour-guide rob ot [15 ]; it op erated in the

F all of 1997. Rhino inspired Sage/Chips (the name w as c hanged while the rob ot w as in

op eration) [72 ], whic h had its debut in 1998 in the Carnegie Museum of Natural History in

Pittsburgh, P A (see map in Figure 8). Sage, or Chips, has no w op erated with in terruptions

for appro ximately t w o y ears. Ho w ev er, its en vironmen t has b een mo di�ed signi�can tly to aid

the na vigation, and it also lac k a W eb in terface. Others ha v e dev elop ed proto-t yp e rob ots

that in teract with p eople at fairs and trade sho ws (e.g., [73 , 74, 86]).

W eb in terfaces ha v e gained serious atten tion in rob otics through t the last y ears, since

they allo w p eople to tele-op erate a rob ot at a distan t site. Three early systems, whose

in terfaces w ere designed along these lines, are the Mercury Pro ject [40 ] installed in 1994,

Australia's T ele-rob ot on the W eb [100 ], whic h came on-line nearly at the same time, and the

T ele-Garden [41 ], whic h replaced the Mercury rob ot in 1995. While the Mercury rob ot and

the T ele-Garden enabled W eb users to p erform di�eren t t yp es of digging tasks, exca v ation

of artifacts and w atering and seeding 
o w ers, the T ele-rob ot on the W eb ga v e W eb users

the opp ortunit y to build complex structures from to y blo c ks. The PumaP ain t Pro ject [98 ]

enables p eople to dra w a pain ting b y con trolling a PUMA 760 rob ot arm.

Minerv a's W eb in terfaces b orro w some ideas from Xa vier [93 , 92 ], one of the �rst in ter-

activ e mobile rob ots con trollable via the W eb. Xa vier can b e advised b y W eb users to mo v e

to an o�ce and to tell a kno c k-kno c k jok e after arriv al. Xa vier collects requests o�-line and

pro cesses them during sp ecial w orking hours. It informs the W eb user afterw ards ab out task

completion via email. The W eb in terface relies on clien t-pull and serv er-push tec hniques to

pro vide images tak en b y the rob ot as w ell as a map indicating the rob ot's curren t p osition
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in regular in terv als. In con trast to Xa vier, ho w ev er, our rob ots pro vide status information

with smo oth visualizations. Our in terfaces immediately react to requests and inform users

instan tly ab out the curren t sc hedule of the rob ot. KephOnTheW eb [84 , 69], another mobile

rob ot on the W eb, allo ws virtual visitors to mo v e a Khep era rob ot and to con trol sev eral

cameras, using a set of clic k-able maps. There is also a h uge list of W eb cameras, whic h

deliv er image streams to the W eb. Some of these cameras, suc h as [42 ], whic h is installed on

a rob ot arm in a m useum, can ev en b e con trolled b y virtual visitors. Other W eb in terfaces

can b e found in a recen t magazine issue [90 ].

The last few decades ha v e led to a 
urry of di�eren t soft w are design paradigms for

autonomous rob ots. Early w ork on mo del-based rob otics often assumed the a v ailabili t y of

a complete and accurate mo del of the rob ot and its en vironmen t, relying on planners (or

theorem pro v ers) to generate actions [17 , 59, 89]. Suc h approac hes are often inapplicable to

rob otics due to the di�cult y of generating mo dels that are su�cien tly accurate and complete.

Recognizing this limitation, some researc hers ha v e adv o cated mo del-free reactiv e approac hes.

Instead of relying on planning, these approac hes require programmers to program con trollers

directly . A p opular example of this approac h is the \subsumption arc hitecture" [12 ], where

con trollers are comp osed of small �nite state automata that map sensor readings in to con trol

while retaining a minim um of in ternal state. Some adv o cates of this approac h w en t as far as

refusing the need for in ternal mo dels and in ternal state altogether [12 , 20 ]. Observing that

\the world is its own b est mo del" [13 ], b eha vior-based approac hes usually rely on imm ediate

sensor feedbac k for determining a rob ot's action. Ob vious limits in p erception (e.g., rob ots

cannot see through w alls) p ose clear b oundaries on the t yp e of tasks that can b e tac kled

with this approac h. This leads us to conclude that while the w orld migh t w ell b e its most

ac cur ate mo del, it is not necessarily its most ac c essible one [102 ]. And accessibilit y matters!

The probabilistic approac h is somewhere b et w een these t w o extremes. Probabilistic

algorithms rely on mo dels, just lik e the classical plan-based approac h. F or example, Mark o v

lo calization requires a p erception mo del p ( o j s; m ), a motion mo del p ( s

0

j a; s ), and a map

of the en vironmen t. Ho w ev er, since these mo dels are probabilistic, they only need to b e

appro ximate. This mak es them m uc h easier to implem en t (and to learn) than if w e had

to meet the accuracy requiremen ts of traditional approac hes. Additionally , the abilit y to

ac kno wledge existing uncertain t y and ev en an ticipate up coming uncertain t y in planning

leads to qualitativ ely new solutions in a range of rob otics problems, as demonstrated in this

article.

Probabilistic algorithms are similar to b eha vior-based approac hes in that they place a

strong emphasis on sensor feedbac k. Because probabilistic mo dels are insu�cien t to predict

the actual state, sensor measuremen ts pla y a vital role in state estimation and, th us, in

determining a rob ot's actual b eha vior. Ho w ev er, they di�er from b eha vior-based approac hes

in that they rely on planning, and in that a rob ot's b eha vior is not just a function of a small

n um b er of recen t sensor readings. As an example that illustrates the imp ortance of the latter,

imagine placing a mobile rob ot in a cro wded place full of in visible hazards! Surely , adding

more sensors can remedy the problem. Ho w ev er, suc h an approac h is exp ensiv e at b est,

but more often it will b e plainly infeasible due to lac k of appropriate sensors. Minerv a's

predecessor rob ot Rhino, for example, w as equipp ed with �v e di�eren t sensor systems|

vision, laser, sonar, infrared and tactile|y et it still could not p erceiv e all the hazards and

obstacles in this fragile en vironmen t with the necessary reliabilit y (see [15 ] for a discussion).

Th us, it seems unlik ely that a reactiv e approac h could ha v e p erformed an ywhere nearly as

reliably and robustly in this task domain.
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9 Discussion

This article describ ed the soft w are arc hitecture of a mobile tour-guide rob ot, whic h suc-

cessfully op erated for a t w o-w eek time p erio d at the Smithsonian's National Museum of

American History . During more than 94 hours of op eration (31 : 5 hours of motion), Minerv a

ga v e 620 tours and visited 2,668 exhibits. The rob ot in teracted with thousands of p eople,

and tra v ersed more than 44 km. Its a v erage sp eed w as 38.8 cm/sec, and its maxim um sp eed

w as 163 cm/sec. The map learning tec hniques enabled us to dev elop the rob ot in 3 w eeks,

from the arriv al of the base platform to the op ening of the exhibition. A W eb in terface ga v e

p eople direct con trol of the rob ot when the m useum w as closed to the public.

So what did w e learn? Minerv a's soft w are w as p erv asiv ely probabilistic. As noted in the

in tro duction, the probabilistic paradigm pa ys tribute to the inheren t uncertain t y in rob ot

p erception, relying on explicit represen tations of uncertain t y when determining what to do.

Our results illustrate that probabilistic algorithms are w ell suited for high-dimensional

estimation and learning problems; in fact, w e kno w of no comparable algorithm that can

solv e problems of equal hardness but do es not explicitly address the inheren t uncertain t y in

p erception. Our results also sho w fa v orably p erformance in planning and reactiv e con trol

using probabilistic algorithms. Probabilistic represen tations w ere essen tial or reliable lo cal-

ization, and the rob ot's abilit y to safely a v oid do wn w ard escalators and other \in visible"

hazards in the densely cro wded m useum.

W e conjecture that the probabilistic paradigm is a general, p o w erful approac h to rob otics,

highly applicable to a whole range of rob ot applications in v olving real-w orld sensing. Sensors

are inheren tly limited. En vironmen ts are dynamic. Mo dels are inaccurate. Therefore,

uncertain t y pla ys a predominan t role in rob otics. W e hop e that the results describ ed in

this pap er shed ligh t on to the appropriateness of the probabilistic approac h to rob otics,

illustrating ho w a range of c hallenging problems can b e solv ed in a mathematicall y consisten t

w a y .
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