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Abstract—In order to be truly autonomous, robots that
operate in natural, populated environments must have the
ability to create a model of these unpredictable dynamic
environments and make use of this self-acquired uncertain
knowledge to decide about their actions. A formal Bayesian
framework is introduced, which enables recursive estimation
of a dynamic environment model and action selection based
on this estimate. Existing methods are combined to produce a
working implementation of the proposed framework. A Rao-
Blackwellized particle filter (RBPF) is deployed to address the
Simultaneous Localization And Mapping (SLAM) problem and
combined with recursive conditional particle filters in order to
track people in the vicinity of the robot. In this way, a complete
model is provided, which is utilized for selecting the actions of
the robot so that its uncertainty is kept under control and
the likelihood of achieving its goals is increased. All developed
algorithms have been applied to the domain of the Autonomous
City Explorer robot and results from the implementation on the
robotic platform are presented.

. INTRODUCTION

is finally called to make use of its self-acquired uncertain
knowledge to decide about its actions.

The problem of SLAM is one of the fundamental prob-
lems in robotics and has been studied extensively over
the last years. The most popular approach [2] is based
on the Extended Kalman Filter (EKF). This approach is
relatively effective since the resulting estimated paster
is fully correlated about landmark maps and robot poses.
Its disadvantage is that motion model and sensor noise
are assumed Gaussian and it does not scale well to large
maps, since the full correlation matrix is maintained. To
overcome these drawbacks particle filters have been used
as an effective means for state estimation. This framework
has been extended, in order to approach the SLAM problem
with landmark maps in [3]. In [4] a technique is introduced
to improve grid-based Rao-Blackwellized SLAM. A similar
approach is taken here with the difference that scan-majchi
is not performed in a per-particle basis but only before new

A long term goal of robotics is to bring robots into theodometric measurements are used by the filter. This way
real world, enable them to operate efficiently and safely iRetter performance is achieved.
natural, populated environments, and become part of ouruntil now, no complete Bayesian framework exists for
everyday lives. This requires robots with complex coggitivthe dynamic environment mapping problem. One of the

capabilities that can achieve higher levels of cooperadiuch

first attempts was introduced in [5]. In [6] scan registratio

interaction with humans. In order to address these chaengtechniques are used to match raw measurement data to
a robot capable of autonomously exploring densely popdiatestimated occupancy grids in order to solve the data associ-
urban environments is created within the Autonomous Citgtion problem and the Expectation-Maximization algorithm
Explorer (ACE) project [1]. To be truly autonomous such as used to create a map of the environment. A drawback
system must be able to create a model of its unpredictahjle that the number of dynamic objects must be known in
dynamic environment, based on noisy sensor information ar@vance. Particle filters have been used to track the state
reason about it. More specifically, a robot is envisioned thaf moving objects in [7]. However the static environment is
is able to find its way in an urban area, without a city magissumed known. Particle filters have also been used in [8] to

or GPS. In order to find its target the robot will approachsolve the data association problem for mapping but without
pedestrians and ask for directions. considering robot localization.

Due to sensor limitations the robot can observe only a In robotics, action selection is related to optimization.
small part of its environment and these observations agtions are selected so that the utility toward the goal ef th
corrupted by noise. By integrating successive obsenatiofobot is maximized. Reviews on action selection in robotics
a map can be created, but since also the motion of the roligdve been presented in [9], [10].
is subject to error, the mapping problem comprises also a lo- The first contribution of this paper is the introduction of a
calization problem. This duality constitutes the Simutans ~ formal Bayesian framework that enables recursive estimati
Localization And Mapping (SLAM) problem. In dynamic of a dynamic environment model and action selection based
environments the problem becomes more challenging sing@ these uncertain estimates. This is presented in Section
the presence of moving obstacles can complicate data asfio-in Section |ll, it is shown how existing methods can
ciation and lead to incorrect maps. Moving entities must bge combined to produce a working implementation of the
identified and their future position needs to be predicteg ovproposed framework. A Rao-Blackwellized particle filter
a finite time horizon. The autonomous sensory-motor systefRBPF) is deployed to address the SLAM problem and
combined with recursive conditional particle filters in erd
to track people in the vicinity of the robot. Conditional diis
have been used in the literature for tracking given an a
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preferences of the system designer. Furthermore no policy
learning is required. This is a major advantage in dynamic
environments since learning policies can be computatipnal
demanding and policies need to be re-learned every time
the environment changes. In such domains the system needs
to be able to decide as soon as possible. However, the
optimality of this approach depends on the quality of the
approximation of the true distributions. State of the art
estimation techniques enable very effective and qualdati
approximations of arbitrary distributions. In the remaind
of this section the proposed Bayesian framework is going to
be presented in more detalil.
In terms of probabilities, the domain of the city explorer
Fig. 1. The Autonom_ous City Explorer (ACE) robotic platformhieh  can be described by the joint distributianS,Bt,Ct,ZdUt).
was used for the experiments. This consists of the state of the system and the model of
the dynamic environmerfy, the set of behaviors available
. . o to the systenB;, a set of processed perceptual inputs that
E::I?zr:agnvc\)/:/tvr? i:qcighg]ntt:;l?/ Eiﬁg{rjzfeyd ar;(zprzoqm?sd Vbc;ybeare gssociated \{vith events in the envir_onment and are used
' %0 trigger behaviors;, system observationg and control

complete model qf dynamic, populated_ enwronmem; can t?T(?easurement‘it that describe the dynamics of the system. In
provided. Estimations serve as the basis for all decisiods a

actions of robots acting in the real world. In Section IV thes the specific domain, observations are the range measurement

L 7 . ; “~acquired by the sensors and control measurements are the
estimations are combined with concepts from information

theory and the field of robotic exploration and criteria ar odometry measurements acquired from the mobile robot.

formulated to characterize the effect of future actionsesenh Behaviors are predefined combinations of simpler actuator

are utilized for coordinating the behaviors of the robot Sc():ommand patters, that enable the system to complete com-

that uncertainty is kept under control and the Iikelihood:Jlexer task objectlve§ [10]. The behavior trlggerlngl esent
coo L . depend on the perceived state of the system and its goals.
of achieving its goals is increased. Finally, results fro

the implementation of the proposed algorithms on the AC he state vecto§ is dAefmed as
robotic platform, that is depicted in Fig. 1, are presented i S = {X,mYLY2 .. ¥yM, 1)
Section V.

whereX; represents the trajectory of the robotjs a map of
Il BAYESIAN FRAMEWORK the environment an\z_{l,YtZ, ..., YM the positions of M moving
objects present at time!
A Bayesian approach is taken in this paper in order to deal The joint distribution can be written as

with uncertain system state knowledge and uncertain sgnsor P(S,Bt,C, Z|U) =

information, while selecting the behaviors of the system. t

The main inspiration behind this approach is derived from = po [] {p(sj|Si-1,Uj) p(z|S) p(bj|Bj-1,.Cj,S))}. (2)
the human cognition mechanisms. According to [11], action =1

selection is a fundamental decision process for humans, amfle termpy is used for simplicity and it expresses the initial
depends on the state of both bOdy and the environment. S.Qjﬁditionsp(s07 bo’co’zmuo)that are given to the system and
nals in the human sensory and motor systems are corruptesh contain prior knowledge about the domain. The first term
by variability or noise. Therefore the nervous system needs the product represents the dynamic model of the system
to estimate these states. Recent studies that have iratestig and it expresses our knowledge about how the state variables
the mechanisms used by the human nervous system to sol®lve over time. The second line expresses the likelihood
such estimation and decision problems, have shown thgf making an observatior given knowledge of the current
human behavior is close to that predicted by Bayesian theoitate. This is the sensor model or perceptual model. The
This theory defines optimal behavior in a world characterizethird term constitutes the behavior model. The behavior of
by uncertainty, and provides a coherent way of describingie system depends on behaviors selected previously by the
Sensory-motor processes. robot, on perceptions and the estimated state at the current
Bayesian inference also offers several advantages oughe.
other methods like Partially Observable Markov Decision The complexity of this equation is enormous, since depen-
Processes (POMDPs) [12], which are typically used for plartence on the whole variable history is assumed. In order to
ning in partially observable uncertain environments. Dioma simplify it, Bayes filters make use of the Markov assumption.
specific knowledge can be easily encoded into the system by

defining dependences between variables, priors over state&Capital letters are used throughout the paper to denote uhdirhe
history of the quantities from time point O to time pointvhereas lowercase

or and't'onal prqbabmty tables. This knowmdg? (_:an bgetters symbolize the quantity only at one time step. For examplvould
acquired by learning from an expert or by quantifying theymbolize the sensor measurements acquired only at timet.step



Observationsz and control measurements_1 are consid- C. Behavior Selection

ered to be conditionally independent of past measurementsging|ly the behavior of the system needs to be selected by
and control readings given knowledge of the stteThis sing the estimation about the state of the system and ¢urren
way the joint distribution is simplified to observations. That includes calculating the probabdliteer
P(S,Bt, Z|Ut) = the whole set of behavior variablgs(b|S,C, Z,U;) for the
current time step. The same inference rules as before can be

t . . .
= Po I_L{p(sﬂsj‘l’uj) p(zlsj) p(bjlbj_1,¢j,8))}.  (3) used, resulting to the following equation
J:

(ke[S 2, Up) Oy p(zlst)pbrlbr-1, ¢ %) p(st]Ze, W), (6)

As discussed previously, the goal of an autonomous sys- S

tem is to be able to choose its actions based only on iighere again the normalization constant has been left oet. Th
perceptions, so that the probability of achieving its gasls sensor modep(z|s, ) in the sum, updates the prediction
maximized. This requires the ability to recursively estiena over states with current observations. The second term,
all involved quantities. Using the joint distribution desed p(bt|by_1,c,%), represents the behavior selection model and
above this is made possible. In the next subsection it wilkill be defined for the ACE domain in the following sections.

be analyzed how this information can be derived, by makinghe last term is the posterior described by (4). By placing
use of Bayesian logic. (5) in (6)

A. Prediction p(be]S, Gz, W) O ) plbfbra,c,s)p(slZ W)  (7)
The first step is to update information about the past by o S‘_ ) ) )
using the dynamic model of the system, in order to obtaii" €xpression is acquired, which contains the estimated

a predictive belief about the current state of the systerROSterior. _ . _
After applying the Bayes rule and marginalizing unrelevant AS mentioned previously, system behaviors are triggered

variables, the following equation is acquired by processed perceptual events. Thgse events naturally de-
pend on the state of the system and its environment. There-
P(&t[Ze-1,Up) = fore the behavior selection mode(b;|b_1,¢,) can be
1 ( P(silsi_1,Uj) further analyzed to
=n Y Pop(sils—1.w) [ -Pzls) p(bx|br—1,61,%) = p(bi[br_1,G)p(ci]s:). (8)
%1 =L -p(bjlbj-1,¢j,8)) . . o
Replacing the previous equation in (8), leads to
05 p(stfs—1,U)p(s-1]Zi-1,Ui-1 (4)
SZl ( | ) ( | t ) p(b(ls,Ct,Z(,Ut) 0 z p(b[‘bt—lact)p(ctlst)p(&‘zhut) (9)
S
where: 1 The behavior selection model is weighted by the estimated
n= P(S_1,B1C 1.2 1]U1) pOSteI’IOI’.dIStI’IbutIOFp(S[|Z(,Ut) fqr_ all possible valu'es of the
. o state variables and the probability of the behavior trigger
is a normalization constant. The term p(b|b_1,¢) expresses the degree of belief that

The first term of the sum is the system state transitiogjyen the current perceptual input the current behaviol wil
model and the second one is the prior belief about the staigy to the achievement of the system tasks. This probgabilit

of the system. Prediction results from a weighted sum ovelan pe pre-specified by the system designer or can be
state variables at the previous time step. acquired by learning.

B. Correction Step I1l. PROPOSED APPROACH

The next step of the estimation procedure is the correction In the previous section a general Bayesian framework for
step. Current observations are used to correct the preglictistate estimation and decision making has been introduned. |
belief about the state of the system, resulting to the pioster order to be able to use it and create an autonomous robotic
belief p(s|Z;,Ut). During this step, all information available system for the ACE application domain, the probability
to the system is fused: distributions mentioned need to be estimated. How this can

be made possible, is discussed in this section. The steictur
P(sZ2;U) O plzfs) P(s|2-2,Uh) ®) of the proposed approach is presented in Fig. 2. Whenever
It can be seen from (5) that the sensor model is used tew odometry and range measurements become available
update the prediction with observations. The behavior ef thto the robot, they are provided as input to a particle filter
robot is assumed not to have an influence on the correctitised SLAM algorithm. The result is an initial map of the
step. The effect of the decision the robot will take at thenvironment and an estimate of the trajectory of the robot.
current time step about its behavior, will be reflected in th@his information is used by a person tracking algorithm to
control measurements that are going to be received at thbtain a model of the dynamic part of the environment. The
next time step. Therefore the behavior and behavior triggencertainty of the map and the position estimate of the robot
variables have been integrated out of (5). is taken into account in order to improve data association. A



( ) Actuator Commands p(X,m|Z,U;) needs to be estimated. Namely the nmap
Range Senser AR Robet and the trajectory; of the robot need to be calculated based
b p— on the observationg; and the odometry measuremeiis
Measurements which are obtained by the robot and its sensors.
( ) The use of the Rao-Blackwellization technique, allows the
il ST VAV o P— factorization of the posterior
| N — Map Estimate
Environment Behavior Selection p(><t7 m|Zt7Ut) = p(>(t |ZtﬂUt) p(m|)<(7Z() (10)
Model
— The posterior distributiorp(X;|Z;,U;) can be estimated by
person Tracker sampling, where each particle represents a potential tra-
Person Postions jectory. This is the localization step. Next, the posterior
P p(m|X;,Z;) over the map can be computed analytically as
Fig. 2. Proposed approach. described in [14] since the history of pos&sis known.

An algorithm similar to [4] is used to estimate the SLAM

posterior. Due to space limitations only the main differesic
estimate of the position and velocity of all moving entities are going to be highlighted. Each particleis weighted
the environment is generated, conditioned on the initigh maaccording to the recursive formula
and pogition of the robot. All this_information constitutes Wi p(2t|m—17xi)p(XHX{_17Ut)Wj
the environment model and the estimated state vegtirat h = a1 2, Ur) h—1- (11)
was mentioned before. A behavior selection module uses o e
these estimates to infer behavior triggering eventsand The termp(x{# i _1,W) is an odometry-based motion model.
select the behavidy of the robot. According to the selected The motion of the robot in the intervat —1,t] is approxi-
behavior, a set of actuator commands is generated whiEhted by a rotatiord, & translationdrans and a second
drives the robot toward the completion of its goals. In th&Otation Ao All tums and translations are corrupted by
following subsections each of the components and algosthnfCiSe- An arbitrary error distribution can be used to model

mentioned here are going to be further analyzed. odometric noise, since particle filters do not require dfeci
) assumptions about the noise distribution.
A. Rao-Blackwellized SLAM The likelihood of an observation given a global map

SLAM is a complex problem because the robot needdnd a position estimate is denoted @g|m_1,%). It can
a reliable map for localizing itself and for acquiring thisbe evaluated for each particle by using the particle map
map it requires an accurate estimate of its location. Rarticconstructed so far and map correlation. More specifically a
filters have been applied to solve many real world estimatid@cal map,m.,(x,%) is created for each particle The
and tracking problems [13], since they provide the meargprrelation to the most actual particle map, 4, is evaluated
to estimate the posterior over unobservable state vasabl@s follows:

from sensor measurements. They have also successfully been ny(ng’(y —m)- (m'xylocal —m)
applied to approach the SLAM problem. In this paper a grid- P = — — — (12)
based Rao-Blackwellized SLAM algorithm is used. \/Zx,y(W,y_ M) S xy (M 1oca — M)

This approach allows the approximation of arbitrary prob- - .
ability distributions, making it more robust to unpreditte wheren is the average map .value in the overlap between
events such as small collisions which often occur in chaf—he two maps and is given by:

i i 1
lenging environments and cannot be modeled. Furthermore =5 4 ' ‘
it does not rely on predefined feature extractors, which ™= 2n 2 (Mo Meytocar) (13)
would assume that some structures in t_he environment & Re observation likelihood is proportional to the corriglat
known. This allows more accurate mapping of unstructure\(/jalue
outdoor environments. The only drawback is the increase i i
of the required computational costs, as more particles are P(z|m_1.%) Op (14)
used to improve the approximation quality. However if the An important issue for the performance and the effective-
appropriate proposal distribution is chosen, the appraximness of the algorithm is the choice of the proposal distribu-
tion can be kept very accurate even with a small numbeion. In this work, the basis for the proposal distributi@n i
of particles. In the remainder of this section the approach provided by the odometry motion model, but is combined
briefly highlighted. with a scan alignment that integrates the newest sensor

The idea of Rao-Blackwellization is that it is possiblemeasurements and improves the likelihood of the sampled
to evaluate [13] some of the filtering equations analyticall particles. More specifically, new odometry measuremergs ar
and some others by Monte Carlo sampling. This results icorrected based on the current laser data and the global map,
estimators with less variance than those obtained by pubefore being used by the motion model. This is achieved
Monte Carlo sampling. by scan matching. It must be noted here, that this is not

In the context of SLAM the posterior distribution performed on a per particle basis like in other approachles [4



since no great improvement in the accuracy of the estimatdhe summation is only done over the state of the robot,
has been observed, compared with the higher computationgl since both the state of the moving objects and the map
costs involved. are conditioned on it. Both distributionp(x,m/Z;,U;) and
" _ i . p(y"|%,Zt,Ut), have been estimated by using particle filters

B. Conditional Particle Filter for Tracking and therefore can be approximated according to their pertic

The proposed particle filter described in the previousveights [15], given in (11) and (16), leading to
segtion, can be usgd to provide 'the robot Wi'Fh an estimate p(b|S,C, 2, Up) O
of its most likely trajectoryX; relative to an estimated map

my, without taking into account the dynamic objects in theN

MK
i i ,j ]

environment. Since we are interested to estimate the positi Zl P(br[br—1, c) pce %) Wi 3 (% — x) |_|1 ;W{n Sy

of moving objects in relation with the robot and its estindate '~ == (18)

map, we have to extend the state vector. The new state veciicre & is the Dirac delta function. N is the number of

§ can be defined as in (1). B o _ particles used by the Rao-Blackwellized SLAM algorithm,
Following the description of conditional particle filtens i \; is the number of persons tracked by the robot and K is
[7], the state vector can be estimated as: the number of particles of each conditional particle filter.
M After the probability of each behavior is calculated, the
P(S1Z,Up) = p(%, mZ, W) [ p(Y"1%,Z, W) (15)  behavior which maximizes the probability of task completio
m=1 is chosen.
This factorization shows clearly how the moving object Bt:argmaxmbt\S,Ct,Zt,Ut)

positions are conditioned on the robot trajectory estimat_iehe order of calculation for this equation@NMK), which

provided by tackling the SLAM problem. : . o .
- N m . is lower than the complexity of existing methods for action
Each conditional distributiom(Y;™| %, Z,Ut) is also rep- . . . :
) . selection under uncertainty, like POMDPs, that typicablyd
resented by a set of particles. The particles are samplé . .
. . : complexity exponential to the number of states.
from the motion model of the moving object. Several dy-

namics models exist, including constant velocity, corstan V. BEHAVIOR SELECTION SCHEME FOR ACE

acceleration and more complicated switching ones [S].&5inC |n this section the application of the proposed general
people move with relatively low speeds and their motion cagayesian framework to the ACE robot domain, is going to
become very unpredictable, a Brownian motion model is age presented. More specifically, the set of available bemgvi

acceptable approximation. . and the behavior selection model of the system.
Each particle of each person particle filtgF,', is weighted )

according to the measurement likelihood: A. System Behaviors

i i The set of available behaviors to the ACE robot consists

W™ = p(zfx, ) (18)  of Explore Approach Reach Goaland Loop Closing A

rfetailed description of each one of them follows.

In order to be able to calculate this likelihood each se lore. ; | ability for t
sor reading needs to be associated to a specific movingl) ExPlore: A very fundamental ability for the robot,
to explore its environment in order to find people to

object. However, measurements can be erroneous, objeﬁs ith. Th lorati i simil h
might be occluded and the environment model might not bEteract with. The exploration strategy is similar to thezon

accurate, therefore leading to false associations. Peicsam despribed in [16]. Given an occupancy grid map,.front.it.ar
be modeled as cylindrical structures during data assoaiati "€9'0"S between known and unknown areas are identified

of the 2D laser data. The radius of the cylinder has beeqnd their entropy is calculated. The entropy of an occupancy

chosen experimentally. A laser measurement is associatddd mapm can be calculated as in [17]

with a person if its distance from a person position estimateH (m) = —r? > —p()logp(l) + (1 - p(1))logp(1 - p(1)),

is smaller than a maximum gating distance. In this case IEm

it is additionally weighted according to its distance from , ) , (1_9_)
herel is a cell of the map andis the resolution. The utility

the position estimate. This way if the gating regions of" ; o i
two persons overlap, the person closest to a laser point%eaeh frontier region is then computed by subtracting & cos

associated with it. proportional to the length of the path to it, from the entropy
value. The goal that maximizes this function is chosen.
C. Simplifying Behavior Selection 2) Approach:After a person is found the robot needs to be
Behavior selection is performed based on (7) which b ble to ;Iowly approach her and initialize interaction, idey
using (15), is written: 0 acquire a new target. Whenever more than one persons are
tracked simultaneously the one closer to the robot is chosen
p(br|S, Z,Up) O 3) Reach goal:If the robot has been instructed a target

" through interaction, it needs to navigate safely to the spec
ified target. An A* based planner is utilized which takes
1,6 m|z;,U U !
;{p(bdb[ 1 GG PO, M2, t)mljl PO, Ze,Lh) into account the motions of moving objects. A more detailed
(17) description is given in [18].



4) Loop closing: As the robot moves, the uncertainty The results of state estimation are used to evaluate if
about its position and its map grows constantly, thereforeehavior triggering events have occurred and how certain
increasing the risk of failure. It is necessary for the robotheir existence is. During this step the teptc|s) in (18)
to find opportunities to close a loop, therefore correctings calculated. A trigger, or a behavior can have eithigh,
its estimates. A way to acquire an estimate for the posmedium low probability or be inactive. These values are
uncertaintyH (p(X|Z:,U;)) of the robot, is to average over predefined in this implementation and encode the goals of
the uncertainty of the differenttposes along the path the system. Three triggers exist that are used to calcuiate t

1 probabilities of the behavior model. These are:

H(PO4lZ, Un) ~ 3 ng(p(xtlzt,ut)) (20) . The existence of a person in the vicinity of the robot
denoted byperson If a person has been detected then
this trigger is activated. Its probabilityp(persons ),
increases as the robot comes closer to a person.

« The existence of a goal for the robot to reach, which is
given through interaction with people, denoteddnal.
The probability p(goal|s) increases as the distance of
the given target from the current most likely, estimated
robot position decreases.

« The existence of a loop closing opportunitgop. It
depends on the existence of an entry point for loop
closing and the difference between current position
uncertainty and the initial position uncertainty at the
entry point,H (p(x)) — Hinit (entrypoiny. The probabil-

as in [17]. Since the distribution of the particle set can be
arbitrary, it is not possible to efficiently calculate itstrpy.
A Gaussian approximatioN(pt,2;) can be computed based
on the weighted samples with covarianEe The entropy
is then equal toH (N(i, %)) = 3log((2re)"|%|) and can
be calculated only as a function of the covariance matrix.
Such an approximation is rather conservative but absglutel
eligible, since a Gaussian probability distribution haghleir
entropy than any other distribution with the same variance.
In order to detect and close a loop, an approach similar
to the one described in [19] is chosen. Together with the
occupancy grid map a topological map is simultaneously
created. This topological map consists of nodes, which | \ P ) )
represent positions visited by the robot. Each of thesesiode Y P(100pls) increases as the difference in uncertainty
contains visibility information between itself and all eth from the current position to the initial uncertainty at the
nodes, derived from the associated occupancy grid. For each ©€Ntry point position becomes larger.
node the uncertainty of the robéti (p(x|z,u)) when it It remains now to explain howp(b|b;-1,¢) can be
entered the node for the first time is also saved. To determigéquired. At each time step the robot knows its previous
whether or not the robot should activate the loop-closin§ehaviorby_; and the triggers that are active. Using Table
behavior the system monitors the uncertaibityp(x|z,w)) |, behaviors are proposed as recommended and are assigned
about the pose of the robot at the current time step. TH#gh probability. The rest of the behaviors that are possibl
necessary condition for starting the loop-closing prodsss receive lower recommendations and some are prohibited
that the geometric distance of the robot and a node in tHgenoted by ™" in the table). For example, if the previous
map is small, while the graph distance in the topological mapehavior of the roboth_;, was Loop Closing the trigger
is large. If such a situation is detected the node is calléy en 100p has probabilitjow and the robot has no goal assigned
point. Then the robot checks the difference between iteinit then the most recommended behavior for the current time
uncertainty at the entry point and its current uncertaintygtep,bx, will be Explore No other behavior is possible.
H(p(X|z,U)) — Hinit (p(% |z, W)). If this difference exceeds A recommended behavior is assignedjh probability
a threshold then the loop is closed. This is done by drivingalue and all other possible behaviordoav value. Finally
the robot to the nearest neighbor nodes of the entry point ¥®lues are normalized. If only one behavior is possible as in
the topological map. During this process the pose uncéytainthe example given, then it receives a probability of 1. This
of the vehicle typically decreases, because the robot i apvay, p(bt|bi-1,¢,%) is calculated.
to localize itself in the map built so far and unlikely paltis ~ As discussed before, pre-specified values are used in this
vanish. implementation as thresholds for the probabilities ofgeis
and behavior recommendations. These values can also be
S . . . .. _acquired by letting a human operator decide about which
As_h|ghI|ghted n Segtlon lI-C, behavior sglchon 'Shehavior the robot should choose, according to the situatio
described by (18) and is bgsed on a behavior Se!ecn%ese decisions are then modeled to probability distiainsti
model, p(bx|b—1,¢) p(ct|s), which depends on the previous Bayesian decision theory and decision modeling provide the

behavior of th_e system, the pe_rceptual events that aCt'Veﬂ‘iaeoretical background to achieve that. Interesting wamks
system behaviorg; and the estimated state of the syste his direction are [20] and [21]
h .

. The model supplies an expert opinion on each possib

behavior, indicating if it is completely forbidden, rather V. EXPERIMENTAL RESULTS
unwise, or recommended. This is done according to the in- In order to evaluate the performance of the proposed
formation available to the system. According to the sitwati behavior selection mechanism, an experiment was carried
that the robot encounters, it is called to decide which abut. The robot was called to find its way to a given room of
the behaviors described above is the most appropriate. Tthee third floor of our institute, without any prior knowledge
behavior selection scheme is introduced in this section. of the environment. The floor plan as well as the starting

B. Behavior Selection Model



TABLE |
BEHAVIOR SELECTION MODEL

b bi1 Explore Loop Closing Approach Reach Goal
|
Explore —person p(loops) < mediumA—-goal | —personv p(persons) < medium| p(goalls) < medium
Loop Closing || p(loop|s) > medium p(loopls) > low - p(loop|s) > medium
Approach person - p(persons) < high —goalA person
Reach Goal - p(loopls) < medium goal goal goal

| it reaches the target directly, without being controlled by
the proposed scheme, is illustrated by the blue dashed line.
It can be seen that at the early phases of the experiment
the uncertainty of the system is larger with the proposed
scheme, since the robot drives more complex trajectories in
order to approach people, but it is not critical. At some
point it decides to close the loop and its uncertainty is
reduced notably. When it reaches its final goal the overall
system uncertainty is much lower than without behavior
selection. Lower uncertainty is equivalent to safer naiga
and increased task completion likelihood.

Start Positior] i
(@)

1111]

§<oal

i

Fig. 3. Map of the third floor of the Institute of Automatic Caoit
Engineering, Munich.

VI. CONCLUSIONS AND FUTURE WORKS

In this paper a Bayesian framework has been introduced,
- ) ) _that enables recursive estimation of a dynamic environment
position of the robot and the given target room is shown if,,qe| and action selection based on these uncertain esti-
Fig. 3. The robot must interact with people in order 1o askyates. A Rao-Blackwellized particle filter (RBPF) has been
for directions. deployed to address the SLAM problem and conditional
All algorithms described in this paper have been impleparticle filters have been modified to be utilized with in-
mented in C++ and have been tested on-line on the rob@gementally constructed maps for tracking people in the
using an AMD Athlon Dual Core 3800+ processor andsicinity of the robot. This way a complete model of dynamic,
4GB of RAM. For the Rao-Blackwellized partiCle filter 200 popu|ated environments can be provided which is used for
particles were used and the conditional particle filters fogoordinating the behaviors of the robot so that uncertasty
people tracking used 30 particles each. Behavior selectiq@pt under control and the likelihood of achieving its goals
was performed at 1Hz. The SLAM and tracking module wafs increased. Results from the implementation on the ACE
running at 2Hz and the path planner at 1Hz. It has beggpotic platform have also been presented.
found experimentally that at this frequency the tracker can | earning can be used to acquire the behavior selection
track up to 15 moving objects. model from data given by a human expert. More experiments
In Fig. 4 the decisions taken by the robot in differentare going to be conducted in this direction, including more
situations during the experiment are illustrated. At fitst t unstructured, dynamic environments.
robot decides to explore in qrder to acquire information VIl. ACKNOWLEDGMENTS
about where the target room is. Two persons are detected
and the robot decides to approach the one nearest to it inThis work is supported in part within the DFG excellence
order to interact with. A goal position is acquired in theinitiative research clusteCognition for Technical Systems —
form of a waypoint "10m in thex direction and 3m in the CoTeSyssee alsomwwv. cot esys. or g.
y direction”. The robot decides to reach this goal. After the
intermediate goal is reached, a decision is made to explore i
order to acquire new direction instructions. Another perso [1] G. Lidoris, K. Klasing, A. Bauer, T. Xu, K. Kihnlenz, D. Wollherr,
s approached and new insiructions are given which this o, 245 The oromous iy oplrr priect A ey
time will lead to the final goal. As the robot moves its
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