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Abstract—Recently, Rao-Blackwellized particle Iters have our map representation. Finally, we show experimentstitids

become a popular tool to solve the simultaneous localizatio jng the improvements of our approach to Rao-Blackwellized
and mapping problem. This technique applies a particle Iter in mapping.

which each particle carries an individual map of the envirorment.
I. Relatea Work
paper presents an approximative but highly e cient approach Solutions to the SLAM problem can be classi ed according
to mapping with Rao-Blackwellized particle Iters. Moreover, it g theijr underlying estimation technique. The most popu-
provides a compact map model. A key advantage is that the | ohoroaches are Extended Kalman lters (EKFs), maxi-
individual particles can share large parts of the model of tle N . - ”
environment. Furthermore, they are able to re-use an alreag MumM likelihood techniques, sparse extended informaticerd
computed proposal distribution. Both techniques substarially (SEIFS), and Rao Blackwellized particle lters (RBPFs).€Th
speed up the overall process and reduce the memory require- e ectiveness of the EKF comes from the fact that it estimates
ments. Experimental results obtained with mobile robots inlarge-  the fully correlated posterior over landmark positions estabt
anle indoor environments and based on published, standard poses [10, 17]. Its weakness lies in the strong assumptions
atasets illustrate the advantages of our methods over préws . - -
Rao-Blackwellized mapping approaches. regarding the motion model and the sensor noise. Moreover,
the landmarks are assumed to be uniquely identi able. There
exist techniques [16] to deal with unknown data association
I. Introduction in the SLAM context. However, if certain assumptions are
violated the lIter is likely to diverge [6].
Learning maps is a fundamental task of mobile robots andan alternative approach is to use a maximum likelihood
a lot of researchers focused on this problem. In the Iiteeatua|gorithm that computes a map by constructing a network
the mobile robot mapping problem is often referred to as thg relations. The relations represent the spatial comgsai
simultaneous localization and mapping (SLAMYblem [3, 7, petween the poses of the robot [8, 12].
8,9, 13, 14, 15, 20]. In general, SLAM is a complex problem Thrun et al. [20] proposed a SEIF method which uses the
because for learning a map the robot requires a good p@sgerse of the covariance matrix. In this way, measurements
estimate while at the same time a consistent map is needed4@ be integrated eciently. Eusticeet al. [5] presented an
localize a robot. This dependency between the pose and froved technique to accurately compute the error-bounds
map estimate makes the SLAM problem hard and requires\{@hin the SEIF framework and thus reduces the risk of
search for a solution in a high-dimensional space. becoming overly con dent.
Murphy, Doucet, and colleagues [15, 2] introduced Rao- In [15, 2], Rao-Blackwellized particle Iters have been
Blackwellized particle Iters (RBPFs) as an ective means introduced as an ective means to solve the SLAM problem.
to solve the SLAM problem. The main problem of the RadEach particle in a RBPF represents a potential trajectory of
Blackwellized approaches is their complexity, measured ife robot and a map of the environment. The framework has
terms of the number of particles required to learn an aceurdeen subsequently extended by Montemestoal. [13, 14]
map. Reducing this quantity is one of the major challenges ffor approaching the SLAM problem with landmarks. To learn
this family of algorithms. accurate grid maps, RBPFs have been used by Eliazar and
The contribution of this paper is a technique that reduces tRarr [3] and Hahnedt al.[9]. Whereas the rst work describes
computational and the memory requirements in the contextaf e cient map representation, the second one presents an
Rao-Blackwellized mapping. In this way, it becomes feasibimproved motion model that reduces the number of required
to maintain a comparably large set of particles online. Thigrticles. A combination of the approach of Hahaeehl. and
is achieved by enabling a subset of samples to share lalgentemerloet al. as been presented by Grisedti al. [7],
parts of the map and to use the same proposal distributievhich extends the ideas of FastSLAM-2 to the grid map case.
Our system allows a standard laptop computer to perform &lle present in this paper an approximative solution to Rao-
computations necessary to learn accurate maps with mane tidackwellized mapping which describes how to draw particle
one thousand samples online. and how to represent maps so that the system can be executed
This paper is organized as follows. After the discussion sfgni cantly faster and needs less memory resources.
related work, we briey introduce Rao-Blackwellized map- Lisien et al. [11] realized an hierarchical map model in
ping. We then describe our technique for @ently drawing the context of SLAM and reported that this improves loop-
particles from a proposal distribution. After this, we mes closing. Bosseet al. [1] describe a generic framework for



SLAM in large-scale environments. They use a graph stractur IV. SpeedindJp Rao-Blackwellized Mapping
of local maps with relative coordinate frames similar to the

work described in [4]. This approach is able to reduce tr?'” this section, we present our approach to Rao-

complexity and at the same time it can better deal wit ackwellized mapping which is able to handle large pagticl
X o . ets while reducing the memory and computational require-
linearization problems in the context of EKF-SLAM. Our 9 y b q

. : . ments. Our implementation is based on the open-source im-
approach is related to this framework since we also use lo A mentation [18] of the mapping system of Grisettal. [7].
maps attached to a graph structure to model the environm

However, our motivation to use such a map representation ise mayor drawback of this approach lies in its complexity.
P . prep ItTuns online only for small particle sets. This is due to an
to allow multiple particles to share a map.

informed but expensive to compute proposal distributiofnctvh

The contribution of the paper is a computational and meny getermined for each particle individually. Furthermazach
ory e cient Rao-Blackwellized particle Iter for SLAM. Our particle maintains a full grid map.

approach allows the robot to eiently determine the proposal In the context of Rao-Blackwellized particle lters for

distribu_tion; to sample the qut generation of particlesuin SLAM, the proposal is used to model the relative movement
approximative manner. Additionally, we present a compa_g‘e the vehicle under uncertainty. In most situations, this

map model in which multiple particles share a map. Thig,certainty is similar for all samples within one movemént.

memory and computational requirements compared 10 Stgigs harticles as long as they appear to represent similar
of-the-art Rao-Blackwellized mapping approaches. state hypotheses. In this section, we derive a way to sample
multiple particles from the same proposal. As a result, the
time consuming computation of the proposal distribution ca
be carried out for a few particles that are representatiges f

. . groups of similar samples.

RBPFs for SLAM are used to estimate the posteriof Furthermore, local maps which are represented in a robot-

p():jl:‘t;hm J Zl:t;ullftrll) aboyt the t;ajt_ector%%(l;t ct))f the trpbot centered coordinate frame look similar for many particlé.
and the mapn ot In€ environment given the obsevaliang o efore present a compact map model in which multiple

and od(_)metry measuremgmtﬁ 1. Its key idea is to separate articles can share a map. Instead of storing an individagl, m
the_ est!manon of the trajectory of the robot from the ma ach sample maintains only a set of reference frames for the
estimation process di erent local maps. This substantially reduces the memory
requirements of the mapping algorithm.

Ill. Rao-Blackwellized Mapping

P(XLt; M Zog; Urt 1) = P(Mj Xat; Za) P(Xet j Zoes Uz 1): (1)

This can be done eciently, since the posterior over mapdA. Di erent Situations During Mapping

P(mj x.1; 211) can be computed analytically given the knowl- pefore we derive our new proposal distributions, we start
edge ofx;x andzy;. Computing the posterigi(xit j ir; Uit 1) with a brief analysis of the behavior of a RBPF. One can

is similar to the localization problem, since only the tcif#y gjstinguish three dierent types of situations during mapping:
of the vehicle needs to be estimated. This is done using a par- The robot is moving throughnknownareas

ticle Iter which incrementally processes the observasi@amd . :
: . is moving throughwell-knownareas, or
the odometry readings. The overall process can be summdarize . :
is closing a loop

by the following four steps: o )
In each of those situations, the Iter behaves efiently.

1) Sampling The next generation of particles is obtainegyhenever the robot is moving through unknown terrain, the

from the current generation by sampling from a so-call§ghje ctory uncertainty grows. This is due to the fact that th
proposal distribution.

o o ) . errors are accumulated along the trajectory. The resulting
2) Importance WeightingAn individual importance weight ,ncertainty can only be bounded by observations which cover

is assigned to each particle according to the most rec%nfpartially) known region.

opservgtlon, .the pose estimate, and the map associatef}, i, second case, a map of the surroundings of the robot is
with this _partlcle_. ) i , known and in this way the SLAM problem turns into a local-
3) ResampllngPartlcleS with a low |.mporta.\nce nght ar€zation problem which is typically easier to handle. Whesrev
typically replaced by samples with a high weight. Thig,o 4p 0t is closing a loop, the particle cloud is often widel
step is necessary since only a nite number of particleg, eaq. By reentering known areas, the lIter can typically
is used to approximate a continuous distribution.  yetermine which particles are consistent with their own map
4) Map Estimation The map of each partlgle is updated,j \yhich are not. Such a situation leads to an unbalanced
based on pose represented by that particle. distribution of particle weights. The next resampling awoti
Several authors proposed optimizations to Rao-Blackeealli then eliminates a series of unlikely hypotheses.
mapping. They either presented compact map representaFor each of these three situations, we will present a prdposa
tions [3] to deal with large particle sets or accurate prapoddistribution that needs to be computed only for a small set of
distributions [7, 9, 13] in order to keep the number of sammpleepresentatives rather than for all particles. For therrégg,
small. let us assume that



C. Computing the Proposal for Already Visited Areas

Whenever the robot moves through known areas, each parti-
cle stays localized in its own map according to Assumption 3.
© To update the new pose of each particle while the robot moves,

Fig. 1. Image (a) depicts the pose hypothesis of a particldoéal map, and i ileali ;
the computed proposal which represented by the/tished ellipse. Image we maximize the likelihood of the observation around thespos

(b) illustrates the proposal distribution representechindgo-centric reference Predicted by odometry
frame of that sample. Image (c) shows a second particle anchitp. By 0 ) o)
carrying out a coordinate transform, the proposal of thé particle can be X = argmaxp(xtj Mm% 4 U 1): (6)
used by the second particle as long as their maps are lodaliias (d). Xt
1) the current situation is known, which means that the Analog to Eq. (3)-(5), we can express the proposal of
robot can determine whether it is moving through urparticle j using the one of particle. The only di erence is
known terrain, within a known area, or is closing a looghat we do not apply the and operators based on the
2) the corresponding local maps of two samples are simila@ses of the samples. Instead, the operators are applied bas
if considered in a particle-centered reference frame. fm the particle dependent reference fratfésand 1) of the
the following, we refer to this property éscal similarity local maps. These reference frames were established when
of the maps, previously mapping the terrain. This results in

3) an accurate algorithm for pose tracking is used and the
observations are &cted by a limited sensor noise.

pOx § M x5z 1)
10 X () B () B 10y 7
(p(XtJ rT][ 11Xt 1!Zt!ut 1) ) ( )

B. Computing the Proposal for Unknown Terrain Combining Eq. (6) and Eq. (7) leads to

. (1) ) I ) R
When moving through unknown areas, most parts of the * argxmaxp(xtj M7 Xy 25 U 1) (8)
map are irrelevant for computing the proposal distribution ) ' ) L) )
Only a local map around the current pose is therefore taken | argx[naxp(xtj M %z U ) b ©)
into account. This map, calleuf'*l, refers to the local map of | {%) }
particlei with respect to the posmef')1 of that particle at time . _ . X
stept 1. In the surroundings of the robot, we can approximate 1D OOy (10)

Under the Assumptions 2 and 3, we can estimate the poses
of all samples according to Eq. (10). In this way, the complex

Under Assumption 2, which requires that the maps ebmputation of an informed proposal needs to be done only

pO M xzouw 1) 0 poe j O s zow ) ()

particlei and j are locally similar, we can write once. When the robot is in one of the two situations described
. . 0 0 above, the computation of the importance weights is done as
1 ORI | U O (3) proposed in [7] except that we have to evaluate the weights

i only once.
Here and are the standard pose compounding operators

(see [12]). E.g.a bis an operator that translates all the points

in the domain of the functiom so that the new origin of the D- Computing the Proposal When Closing a Loop

domain ofais b and s its inverse. In contrast to the two situations described before, the
We observed that the proposal distributions for efient computation of the proposal is more complex in case of a

particles are similar if transformed to an ego-centricneriee loop-closure. This is due to the fact that Assumption 2 (loca

frame similarity) is typically violated even for subsets of pakhs.
) 0 This fact can be illustrated by supposing a widely spreaddtlo
PO J M5 X 520U 1) Xy of particles when closing a loop. The dirent samples re-
CopO XY sz ) X (4) enter the previously mapped terrain atelient locations. This

results in di erent hypotheses about the topology of the envi-
As a result, we can determine the proposal for a paricleronment and de nitively violates Assumption 2. Dealing lwit
by computing the proposal in the reference frame of particlesuch a situation, requires additionalat in the estimation

and translating it to the reference frame of partigle process.
) ) Let us start with the informed proposal considering all
P(% ] My X7 20 U 1_) _ _ sensor observationg and the most recent odometry read-
o (o OO zou 1) xP): (5) ing up 1. The proposal can be factorized as
. L A RN () I
This computation is illustrated in Figure 1. Eq. (5) shows (X J Z11 Xy 43 U 1)_ _
how trar;]sforn;]a pkroposal bet_we_elz_r;] particlels while theI robot = pz]z: 1;_xg:)t l)p(xt_j XS)l; Ut 1) (11)
moves through unknown terrain. The complex proposal com- = pzjx m?)l) 0(% | )(?)1; U 1); (12)

putation needs to be performed only once and can then be
translated to the reference frame of the other particles.  where is a normalizer resulting from Bayes' rule.



_«— uncertainty

Whenever a particlecloses a loop, we consider that its map
mg)l consists of two components. The rst one is a local map ,
m,gca,, which has no overlap with the previously seen area arfepot

does not aect the loop closure. Secondly, a loop n’m@op original cluster newly created particle clusters
which models a previously mapped part of the environmenrity. 2. The left image depicts a cluster while the robot israpphing a
re-visited after moving through unknown terrain for a lon op-closure. The shown particle cluster splits up int@¢hdi erent clusters
. . opology hypotheses) as depicted in the right image.
period of time.
can be done in a straightforward way by comparing the area

s m® - iy m® @
Pz ixm’) = Pz % Mg, Mog,) (13)  covered by the current observation given the particle pase a

Under the assumption that these two maps are disjoint ¢ map constructed so far.

is possible to choose a likelihood function that allows us to More di- cultis to decide whether or not the robot is closing
apply the following factorization a loop. To make this decision, we apply the approach proposed

_ 0 0 . 0 _ 0 by Stachnisset al. [19] in the context of exploration with
P(Z ] Xt Mgear Moop) 1 P(Z ] Xt Mge,)P(Z ] X Mo )(14) - active loop-closing. This approach uses a dual representat

Notice that the computation of the proposal in case of Cé)n5|st|ng of a grid map and a topologic map that models the

loop-closure is more expensive than in the two other sibuati trajectory of the vehicle. By comparing both representejo

Fortunately, loop-closing situations occur rarely. Thieathas one is able to accurately determine whether or not a robot is
' i .~ . closing a loop.
to travel through unknown and eventually known terrain fof . Lo .
9 y Assumption 2 (local similarity) typically holds only up to

a comparably long period of time before a loop-closure ca, . . L.
P ylong p P tHe rst loop closure but is then violated. By explicitly mod

occur. . . : A .
According to the importance sampling principle, the péatic eling the di erent topolc_)g|c_al hypotheses_, itis stil poss@le
. : to represent the posterior in an appropriate way. To achieve
weights are given by T ) : .
local similarity, we introduce the notation ofparticle cluster

W = ) pO< j z; xf)l; rrﬁ,)cal; ml(gop; Ut 1) which describes a subset of particles for which the assempti
= Wy IF TN OO (15)  of local similarity between maps holds. Ambiguities in the
PO 26”35 Mgy Ue 1) posterior can then be modeled using multiple particle ehsst

) Op@ i x";mP_)p@ i x; m,(('))op) Such clusters are obtained by grouping similar samplesato th
WE 1 0) AN OR0) (16) the maps within one cluster represent the same topology.
2 p(zt”((it)  Mocal In the following, we explain how to represent such a set
i) S i)y 1. of samples and how to split up a particle cluster in case the
W p(z j sl )= (7 assumption of local similarity is violated.
2 In our current system, we represent a map as a set of local
maps also called patches. A global map for a given partiale ca

where 1 and , are normalization factors resulting from

Bayes' rule. be obtained by specifying the location of each patch within
a global reference frame. Each sample therefore has to store
E. Approximative Importance Weight Computation only a list of reference framdé’ for the patches. In this way,

Eg. (17) tells us how to update the particle weights ifhe individual patche®;; :::;F_’N need to be stored only once
case of a loop closure. Unfortunately, the computation €' cluster. The map of particlecan be computed by
the normalizing factors; and » cannot be done eciently. m = 0 p o (19)
Therefore, in our current implementation, the weights are n
evaluated according to the raw observation model based ORpjithin one particle cluster, the local maps of each particle
the loop mapmoop fullls the assumption of local similarity. Therefore, the

Wt(i)- Wt(i)lp(ztjx(i);ml((i))o) (18) can share .their patches. Thi; re.sul_ts. in a more compact
P representation compared to storing individual grid maps.ur

rather than according to Eq. (17). This means that we ignat@rrent implementation, we used a graph structure where eac
the ratio of the normalizing factorg and , and approximate node is a reference to the corresponding patch. To actually
the importance weights when closing a loop. This is signifmplement this representation, we store for each partiode t
icantly faster to compute and as we will demonstrate in thgate vectors”

experiments, the approximation error is small. i — 0 . 0. Ol (20)
SR S L e
V. AchievingSituation Estimation Local Similarity , and robot pose AIUSteT 1D 1o locations
PoseTracking Each clustelCy is represented by
All of the derivations made in the previous section require - Dl . .
the robot to know whether it is mo?/ing through unkn?nwn = Fl"{Z"PP}k' |{%};m (1)
terrain, through a previously mapped area, or is currently pointer to patchesgraph edges

closing a loop (Assumption 1). Here, we describe how tdote that the numbely of patches does not grow with the
distinguish the dierent cases. Detecting the rst two situationsength of trajectory traveled by the robot. It grows with the



Fig. 4. The left image depict the Intel Research Lab and thlet one the
Austin ACES building at the University of Texas.

TABLE |
Comparison of memory and computational resources based eiviit
dataset using &PCwith a 1.3 GHz CPU.

Fig. 3. Learned map of the MIT Killian Court using our appreac | | #particles | execution time | max. memory |
number of relevant patches which is related to the size of th o :EB:Z?EE iggg 21 i iég mg
environment. our approach 500 30 min 165 MB

In the beginning of the mapping process, we start witf RBPF of [18 150 (memory swapping) 2.9 GB
a single cluster, but after closing a loop, multiple topglog | RBPF of [18 80 300 min 15GB
hypotheses typically occur. Whenever a topological hypsith RBPF of [18 50 190 min 1GB

represented by a particle cluster needs to be split up, one

has to determine which particle belongs to which top0|dgicaeveral_nest_ed loops which can lead to partlc!e depl_eUcm._A
hypothesis. In our current implementation, we cluster ﬂ:ﬁ@own in this gure, the map does not show inconsistencies
samples according to their Euclidian distance to theecint 1K€ for example double walls. Comparable results have been
nodes in their own graph structure of reference frames. Fpt@ined using the Intel Research Lab and the Austin ACES
each particle, we determine the list of nodes in the eld@@set which are both depicted in Figure 4.

of view of that sample. We order this list according to the 1n€ Second experiment is designed to show the advantages

Euclidian distance from the pose represented by the samBT_eour approach compared to a Rao-Blackwellized mapper

to the corresponding node. Then, a cluster is given by tMdthout our optimizations. For this comparison, we used the

samples which have the same list of nodes. An example whigh€n-source mapper provided in [18]. We compared the dveral
illustrates how new clusters are created in case of a lodfne: needed to correct the MIT Killian Court dataset and

closure is depicted in Figure 2. the memory used to store the maps. This was done using a
Throughout our experiments, we observed that multipfgomparably slow) PC with a 1.3 GHz CPU and 1.5 GB RAM.

particle clusters are created when closing a loop. The hct Q& results of both ma_pp|r|19 appro_achei arle sumrganz?d n
number ranges up to 50. However, after a few iterations onl{2P!€ I In our current implementation, the lter update for
a small number of cluster (up to 5) typically survive. each clustertakes in average 20ms vyhen moving through

Note that it might be possible to represent each cluster by 5?10"\(” terrain and 200 ms when moving thrqugh “r?k”OW”
EKF and not by particles like we do. However, in this case oﬁ'grram._ Wh_en actually closing a Ioo_pach pgrnclerequwes
would have to deal with linearization problems and Gaussiﬁ'tﬁ’pr?x'mat'vell(y 2ms ofdexecunon time er"le the check for
uncertainty. Furthermore, our approach uses grid maps &Ha closure takes around 0.3ms per sample.

does not rely on prede ned feature extractors like typicidFE _S!nce the approximated proposgl IS not as gccurate as the
approaches do. original one, we need more particles to achieve the same

To fulll Assumption 3, we apply an incremental SCanrobustness in lter convergence and quality of the resgltin

alignment technique based on laser range nder datdaps. However, we can maintain more than one order of

The experiments presented in this paper indicate that tH@gn'tUde more particles while requiring less runtime and

setugimplementation is sucient to satisfy the three assump—memory' In all our experiments, this saiently accounted

tions. As a result, we obtain a mapping system which provid&r_l_t::e Ies; accurately_drawn sam_plles. db formi
highly accurate maps in a fast and memorycgent manner. e savings on runtime are mainly caused by transforming

an already computed proposal distribution so that it can be
used for several particles instead of computing it from tetra
each time. The memory savings are due to the fact that
In this section, we present experiments based on real roladit particles within a cluster can share a single map model.
datasets which are commonly used within the SLAM conturthermore, the memory usage and runtime of our approach
munity. In the rst experiment, we corrected several logsle grows much slower when increasing the number of particles.
using our approach. Figure 3 depicts the resulting map of thle reason is that the complexity of our lter grows mainly
MIT Killian Court. This is a challenging dataset, since it isvith the number of topological hypotheses (particle chste
a large (it took 2.5h to record this log le) and it containsvhich need to be maintained and not directly with the number

VI. Experiments



500 50 With our optimizations, we are able to maintain more than

[%] 2]

é 400 5%2‘12‘?5 40 g one order of magnitude more samples and at the same time

§ 300 ‘ ; 30 § require less memory and computatlo_nal resources comp@red t

° | S other state-of-the-art Rao-Blackwellized mapping teghas.

£ 2000 20 2 This increase in number of particles we are able to maintain

3 100 /i 10 5 compensates for the errors introduced by our approximsition
ot = Our approach has been implemented, tested, and evaluated

time based on real robots and standard log les used within the

Fig. 5. This plot depicts the number of patches in the memoy the

number of clusters over time for the MIT dataset using 150@igbes. SLAM community to demonstrate the accuracy as well as the

bene ts of our system.

approximated approximated 1 approximated
0.8 exact 0.8 exact 0.8 exact

06 N 06 06 References
0.4 0.4 0.4 M
0.2 02[ ... Ay 02 [1] M. Bosse, P.M. Newman, J.J. Leonard, and S. Teller. Aasditamework

0 5 1015 20 25 30 0 5 10 15 20 25 30 "0 5 10 15 20 25 30 for scala_ble mapping._ IiProc. of the IEEE Int. Conf. on Robotid

time time fime Automation (ICRA)Taipei, Taiwan, 2003.
Fig. 6. Di erence in the particle weights caused the approximativepasem [2] A. Doucet, J.F.G. de Freitas, K. Murphy, and S. Russel.o-Riack-
tation for three dierent samples during a loop closure. The left and middle ~ Wwellized partcile Itering for dynamic bayesian networkén Proc. of

importance weight

image show typical results, the right one depicts the ondefworst results the Conf. on Uncertainty in Arti cial Intelligence (UA2000.

during our experiments. [3] A. Eliazar and R. Parr. DP-SLAM: Fast, robust simultaisdocaliza-
) ) tion and mapping without predetermined landmarks. Phoc. of the

of samples. Notice that themaximummemory usage shown Int. Conf. on Arti cial Intelligence (IJCAI) Acapulco, Mexico, 2003.

of our approach is much higher than the typical one. Ther@! C. Estrada, J. Neira, and J.D. Tardds. Hierachical siReml-time ac-
curate mapping of large environment&EE Transactions on Robotics

exist a few peaks in the memory usage which arise from a 51(4).588-506, 2005.
loop closure where several clusters are temporarily cdeatg5] R. Eustice, M. Walter, and J.J. Leonard. Sparse exteriiedmation

but deleted after a few steps (compare Fiqure 5). The typical Iters: Insights into sparsi cation. IrProc. of the IEEERSJ Int. Conf. on
. P 0( P g ) yP Intelligent Robots and Systems (IROfages 641-648, 2005.
memory usage is around 20% of the maximum usage. [6] U. Frese and G. Hirzinger. Simultaneous localizatiord anapping

Figure 5 depicts the number of patches that need to be stored - a discussion. InProc. of the 1JCAI Workshop on Reasoning with

; ; ; Uncertainty in Roboticspages 17-26, Seattle, WA, USA, 2001.
and the numbe_r of clusters d_urmg the estimation procedseof tgll G. Grisetti, C. Stachniss. and W. Burgard.  Improvingddsised
MIT dataset with 1,500 particles. As can be seen, the nUMber gjam with Rao-Blackwellized particle Iters by adaptiveoposals and

of clusters is typically small until a loop closure occurs. A selective resampling. IfProc. of the IEEE Int. Conf. on Robotid%

; ; ; Automation (ICRA)pages 2443-2448, Barcelona, Spain, 2005.
this point, the number of clusters increases. Howevery afte (8] 3.5, Gutmann and K. Konolige.  Incremental mapping afdacyclic

short period of time most of the clusters VaniSh- environments. InProc. of the IEEE Int. Symp. on Computational
The last experiment evaluates the error introduced by our Intelligence in Roboticg Automation (CIRA)pages 318-325, 1999.

approximative importance weight computation when closing®) D: Hahnel, W. Burgard, D. Fox, and S. Thrun. An eient FastSLAM
. e . algorithm for generating maps of large-scale cyclic envinents from
a loop. We ignore the normalization factors to achieve a (ay laser range measurements. Airoc. of the IEEERSJ Int. Conf. on

faster estimation. We analyzed the loop-closing actiormsian Intelligent Robots and Systems (IROB3s Vegas, NV, USA, 2003.

most situations the approximation error was small. Figure[#] J-J. Leonard and H.F. Durrant-Whyte. Mobile robot lation by
. . . tracking geometric beacons. |[EEE Transactions on Robotics and
depicts the dierences between the sound computation and aytomation 7(4):376-382, 1991.

our approximation for three derent particles during a loop[11] B. Lisien, D. Silver D. Morales, G. Kantor, .M. Reklisit and H. Choset.

At i Hierarchical simultaneous localization and mapping. Piroc. of the
closure. For a more quantnatlye evaluation between both IEEERSJ Int, Conf. on Intelligent Robots and Systems (IR)3.
methods, we computed the KL-divergence (KLD) between the) r Ly and E. Milios. Globally consistent range scan mifigent for

distribution of the importance weights in both cases. Ihaa environment mappinglournal of Autonomous Robo#333-349, 1997.

out, that the average KLD was only02 (a KLD of 0 means [13] M. Montemerlo, S. Thrun D. Koller, and B. Wegbreit. FaSAM 2.0:
’ An improved particle ltering algorithm for simultaneousdalization

that thg distributions are gqu_al and the higher the value the ng mapping that provably converges. Pmoc. of the Int. Conf. on
more di erent are the distributions). Substantiated by the good Articial Intelligence (IJCAI), Acapulco, Mexico, 2003.

; ; ; ; ; [14] M. Montemerlo, S. Thrun, D. Koller, and B. Wegbreit. EBlsAM: A
approximation qua“ty’ We ignore the evaluation gfand » factored solution to simultaneous localization and magpin Proc. of

when computing the particle importance weight. the National Conference on Arti cial Intelligence (AAABOO2.
[15] K. Murphy. Bayesian map learning in dynamic environttsetn Proc. of
. the Conf. on Neural Information Processing Systems (NIRS)9.
VII. Conclusion [16] J. Neira and J.D. Tardos. Data association in stozhasgpping

: : P _ using the joint compatibility testlIEEE Transactions on Robotics and
In this paper, we presented eient optimizations for Rao Automation 17(6), 2001.

Blackwellized SLAM on grid maps. We are able to updat@7] r. smith, M. Self, and P. Cheeseman. Estimating unicerspatial
the complex posterior requiring substantially less resesiby reatl)tionshri]r_)sl in roboticsé In "9§°§ and G. Wilflong, t;%iéoﬁsnonomous

: ; ; Robot Vehiclespages 167-193. Springer Verlag, 1 .
performlng the computatmns only for a set of represerdativ, 18] C. Stachniss and G. Grisetti.  Mapping results obtaineith
instead of for all particles. We extended a state-of-te-ar = Rao-Blackwellized particle Iters. httgwww.informatik.uni-
mapping system in a way that the computation of the proposal freiburg.dé stachnigresearchbpfmappet, 2004.

L . i i . 19] C. Stachniss, D. Hahnel, W. Burgard, and G. Grisetti.gotively closing
distribution is signi cantly faster and needs only a fractiof loops in grid-based fastslardvanced Roboti¢sl9:1059-1080, 2005.

the memory resources. The key idea is that clusters of 8ticj20] s. Thrun, Y. Liu, D. Koller, A.Y. Ng, Z. Ghahramani, and. Burrant-
can share a compact map representation as well as an informedWhyte. Simultaneous localization and mapping with spargeneled

proposal distribution to draw the next generation of p&’ﬁc information Iters. Int. Journal of Robotics ResearcB3(78), 2004.



