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Abstract. 6D SLAM (Simultaneous Localization and Mapping) or 6D
Concurrent Localization and Mapping of mobile robots considerssix di-
mensions for the robot pose, namely, the x, y and z coordinates and
the roll, yaw and pitch angles. Robot motion and localization on nat-
ural surfaces, e.g., driving with a mobile robot outdoor, must regard
these degreesof freedom. This paper preserts a robotic mapping method
based on locally consistert 3D laser range scans. Scan matching, com-
bined with a heuristic for closedloop detection and a global relaxation
method, results in a highly precise mapping system for outdoor environ-
ments. The mobile robot Kurt3D wasusedto acquire data of the Schloss
Birlingho ven campus. The resulting 3D map is compared with ground
truth, given by an aerial photograph.

1 Intro duction

Automatic ernvironment sensingand modeling is a fundamental sciertic issue
in robotics, sincethe presenceof mapsis essetial for many robot tasks. Manual
mapping of environments is a hard and tedious job: Thrun et al. report a time
of about one week hard work for creating a map of the museumin Bonn for
the robot RHINO [25]. Especially mobile systemswith 3D laser scannersthat
automatically perform multiple stepssudc as scanning,gaging and autonomous
driving have the potential to greatly improve mapping. Many application areas
benet from 3D maps, e.g.,industrial automation, architecture, agriculture, the
construction or maintenance of tunnels and mines and rescuerobotic systems.
The robotic mapping problem is that of acquiring a spatial model of a robot's
ernvironment. If the robot poseswere known, the local sensorinputs of the robot,
i.e., local maps, could be registeredinto a common coordinate systemto createa
map. Unfortunately, any mobile robot's selflocalization su ers from imprecision
and therefore the structure of the local maps, e.g., of single scans,needsto be



usedto create a preciseglobal map. Finally, robot posesin natural outdoor en-
vironments involve yaw, pitch, roll anglesand ele\ation, turning poseestimation
as well as scanregistration into a problem in six mathematical dimensions.

This paper proposesalgorithms that allow to digitize large ervironments
and solve the 6D SLAM problem. In previous works we already presened par-
tially our 6D SLAM algorithm [19,23,24]. In [19] we use a global relaxation
scan matching algorithm to create a model of an abandonedmine and in [24]
we preseried our rst 3D model containing a closedloop. This paper's main
contribution is an octree-basedmatching heuristic that allows usto match scans
with rudimentary starting guessesand to detect closedloops.

1.1 Related Work

SLAM. Depending on the map type, mapping algorithms di er. State of the
art for metric maps are probabilistic methods, where the robot has probabilistic
motion and uncertain perception models. By integrating of these two distribu-
tions with a Bayes lter, e.g.,Kalman or particle lter, it is possibleto localize
the robot. Mapping is often an extension to this estimation problem. Beside
the robot pose, positions of landmarks are estimated. Closed loops, i.e., a sec-
ond encourter of a previously visited areaof the ervironment, play a special role
here.Once detected, they enablethe algorithms to bound the error by deforming
the already mapped area suc that a topologically consistert model is created.
Howewver, there is no guarantee for a correct model. Seweral strategies exist for
solving SLAM. Thrun reviewsin [26] existing techniques, i.e., maximum likeli-
hood estimation [10], expectation maximization [9,27], extended Kalman lIter
[6] or (sparse extended) information Iter [29]. In addition to these methods,
FastSLAM [28] that approximates the posterior probabilities, i.e., robot poses,
by particles, and the method of Lu Milios on the basis of IDC scan matching
[18] exist.

In principle, these probabilistic methods are extendableto 6D. However no
reliable feature extraction nor a strategy for reducing the computational costs
of multi hypothesistracking, e.g., FastSLAM, that grows exponertially with the
degreesof freedom, has beenpublished to our knowledge.

3D Mapping. Instead of using 3D scanners,which yield consistert 3D scans
in the rst place, somegroups have attempted to build 3D volumetric represen-
tations of ervironments with 2D laser range nders. Thrun et al. [28], Fruh et
al. [11] and Zhao et al. [31] usetwo 2D laser scanners nders for acquiring 3D
data. One laser scanneris mounted horizontally, the other vertically. The latter
one grabs a vertical scanline which is transformed into 3D points basedon the
current robot pose.Sincethe vertical scanneris not able to scansidesof objects,
Zhao et al. usetwo additional, vertically mounted 2D scanners,shifted by 45
to reduce occlusions[31]. The horizontal scanneris usedto compute the robot
pose.The precision of 3D data points dependson that poseand on the precision
of the scanner.



A few other groups use highly accurate, expensive 3D laser scanners[1,12,
22]. The RESOLV project aimed at modeling interiors for virtual reality and
tele-presencg22]. They useda RIEGL laserrange nder onrobots and the ICP
algorithm for scan matching [4]. The AVENUE project dewelops a robot for
modeling urban ernvironments [1], using a CYRAX scannerand a feature-based
scanmatching approad for registering the 3D scans.Nevertheless,in their recert
work they do not usedata of the laser scannerin the robot cortrol architecture
for localization [12]. The group of M. Hebert has reconstructed environments
using the Zoller+F rohlich laser scannerand aims to build 3D models without
initial position estimates,i.e., without odometry information [14].

Recerly, di erent groups employ rotating SICK scannersfor acquiring 3D
data [15,30]. Wulf et al. let the scannerrotate around the vertical axis. They
acquire 3D data while moving, thus the quality of the resulting map crucially
dependson the poseestimate that is given by inertial sensors,.e., gyros[30]. In
addition, their SLAM algorithms do not considerall six degreesof freedom.

Other approacesuseinformation of CCD-camerasthat provide a view of the
robot's environment [5,21]. Nevertheless,camerasare di cult to usein natural
environments with changing light conditions. Camera-basedapproachesto 3D
robot vision, e.g., stereo camerasand structure from motion, have di culties
providing reliable navigation and mapping information for a mobile robot in
real-time. Thus somegroupstry to solve 3D modeling by using planar scanner
basedSLAM methods and cameras,e.g.,in [5].

1.2 Hardw are used in our Exp erimen ts

The 3D laser range nder. The 3D laserrange nder (Fig. 1) [23]is built
on the basisof a SICK 2D range nder by extensionwith a mount and a small
senomotor. The 2D laser range nder is attached in the certer of rotation to
the mount for achieving a cortrolled pitch motion with a standard servo.

The areaof up to 180 (h) 120 (v) is scannedwith di erent horizontal (181,
361, 721) and vertical (128, 256, 400, 500) resolutions. A plane with 181 data
points is scannedin 13 ms by the 2D laserrange nder (rotating mirror device).
Planes with more data points, e.g., 361, 721, duplicate or quadruplicate this
time. Thus a scanwith 181 256 data points needs3.4 seconds.Scanningthe
ernvironment with a mobile robot is donein a stop-scan-gofashion.
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Fig. 1. Kurt3D in a natural environment. Left to right: Lawn, forest track, pavemert.



The mobile robot. Kurt3D Outdoor (Fig. 1) is a mobile robot with a size of
45cm (length) 33 cm (width) 29 cm (height) and a weight of 22.6kg. Two
90 W motors are usedto power the 6 skid-steeredwheels,whereasthe front and
rear wheelshave no tread pattern to enhancerotating. The core of the robot is
a Pentium-Centrino-1400 with 768 MB RAM and Linux.

2 Range Image Registration and Rob ot Relo calization

Multiple 3D scansare necessaryto digitalize environments without occlusions.
To create a correct and consistert model, the scanshave to be merged into
one coordinate system. This processis called registration. If the robot carrying
the 3D scannerwere precisely localized, the registration could be done directly
basedon the robot pose.However, due to the unpreciserobot sensors,self lo-
calization is erroneous,so the geometric structure of overlapping 3D scanshas
to be consideredfor registration. As a by-product, successfulkegistration of 3D
scansrelocalizesthe robot in 6D, by providing the transformation to be applied
to the robot poseestimation at the recert scanpoint.

The following method registerspoint setsin a common coordinate system. It
is called Iterative ClosestPoints (ICP) algorithm [4]. Given two independerily
acquired sets of 3D points, M (model set) and D (data set) which correspond
to a single shape, we aim to nd the transformation consisting of a rotation R
and a translation t which minimizes the following cost function:

WO
E(R;t) = wij jimi (Rdj + t)ji*: )
i=1 j=1
w;; is assignedl if the i-th point of M describesthe samepoint in spaceas the
j-th point of D. Otherwise w;; is 0. Two things have to be calculated: First,
the corresponding points, and second,the transformation (R, t) that minimizes
E (R;t) on the baseof the corresponding points.

The ICP algorithm calculatesiterativ ely the point correspondencesin eath
iteration step, the algorithm selectsthe closestpoints as corresppndencesand
calculatesthe transformation (R ;t) for minimizing equation (1). The assumption
is that in the last iteration step the point correspondencesare correct. Besl et
al. prove that the method terminates in a minimum [4]. Howe\er, this theorem
doesnot hold in our case,sincewe usea maximum tolerable distance dmax for
assiating the scandata. Such a threshold is required though, given that 3D
scansoverlap only partially .

In ewery iteration, the optimal transformation (R, t) hasto be computed.
Eqg. (1) can be reducedto

ER)/ < dimi (R + O @
P.,.P .. i=1

with N = 'i';"l' }2{ w;j , sincethe correspondencematrix can be represeried
by a vector corntaining the point pairs.

Four direct methods are known to minimize eq. (2) [17]. In earlier work [19,
23,24] we used a quaternion based method [4], but the following one, based
on singular value decomposition (SVD), is robust and easyto implement, thus



we give a brief overview of the SVD-basedalgorithm. It was rst published by
Arun, Huang and Blostein [2]. The di cult y of this minimization problem is to
enforcethe orthonormality of the matrix R. The rst step of the computation
is to decouplethe calculation of the rotation R from the translation t using the
certroids of the points belongingto the matching, i.e.,

1 X
. mi; Cd = N
i=1 i=1

d; 3)

and
M= fm%=m; cmQuun | D°=fd? = di cCyQr (4)

After substituting (3) and (4) into the error function, E(R;t) eq.(2) becomes:

X
E(R;t)/ m® Rd® ? with t=cm Rcqg (5)
i=1
The registration calculatesthe optimal rotation by R = VU T. Hereby, the
matricesV and U are derived by the singular value decompositon H = UV T
of a correlation matrix H. This 3 3 matrix H is given by

XN Sxx Sxy Sxz
H=  dim{ = @Sy, Sy S, A; (6)
i=1 Szx Szy S;2
; - P 0 4O - — P 040 . --.
with S = jop M dy; Sy = o My dy; o2

We proposedand evaluated algorithms to acceleratelCP, namely point re-
duction and approximate kd-trees[19,23,24]. They are usedhere, too.

3 ICP-based 6D SLAM

3.1 Calculating Heuristic Initial Estimations for ICP Scan Matc hing

To match two 3D scanswith the ICP algorithm it is necessaryto have a su -
cient starting guessfor the secondscanpose.In earlier work we used odometry
[23] or the planar HAYAI scanmatching algorithm [16]. Howewer, the latter can-
not be usedin arbitrary ernvironments, e.g., the one presertied in Fig. 1 (bad
asphalt, lawn, woodland, etc.). Sincethe motion models change with dierent
grounds, odometry alone cannot be used. Here the robot poseis the 6-vector
P = (X;y;Z; x; y; z) or, equivalertly the tuple containing the rotation matrix
and translation vector, written as 4 4 OpenGL-style matrix P [8].% The fol-
lowing heuristic computes a su cien tly good initial estimation. It is basedon
two ideas. First, the transformation found in the previousregistration is applied
to the poseestimation { this implements the assumption that the error model
of the poseestimation is locally stable. Second,a poseupdate is calculated by
matching octree represenations of the scanpoint setsrather than the point sets
themselwes{ this is doneto speedup calculation:

! Note the bold-italic (vectors) and bold (matrices) notation. The conversion between
vector represertations, i.e., Euler angles, and matrix represertations is done by al-
gorithms from [8].



1. Extrap olate the odometry readingsto all six degreesof freedom using pre-
vious registration matrices. The change of the robot pose P given the
odometry information (Xn;zn; y:n), (Xn+1;Zn+1; y:n+1) andthe registration
matrix R( xn; yin; zn) is calculated by solving:

0 1 0 1 0 1 0 1
Xn+1 Xn X n+1
Yn+1 Yn R( xn; yins zin) 0 Y n+1
Zn+1 - Zn + Z n+1
x;n +1 x;n 100 x;n +1
yin+1 yin 0 010 yin+1
z;n+1 zn 001 zn+1

Z

Therefore, calculating P requiresa matrix inversion. Finally, the 6D pose
Pn+1 is calculated by

P = P Py

using the poses'matrix represertations.
2. Set P pest t0 the 6-vector (t;R( xn; yin: zn)) = (0;R0)).
3. Generatean octree Oy for the nth 3D scan(model setM).
4. Generatean octree Op for the (n + 1)th 3D scan(data setD).

5. Forseartr deptht 2 [tsar ;0 ;teng ] in the octreesestimate a transformation
Ppest = (t;R) asfollows:

(a) Calculate a maximal displacement and rotation P 5« depending on
the seard depth t and currently best transformation P pest.

(b) For all discrete6-tuples P; 2[ Pmax; Pmax]inthedomain P =
(X;y;2; x; y; 2) displaceOp by P; P Py. Evaluate the matching
of the two octreesby courting the number of overlapping cubesand save
the best transformation as P pest.

6. Update the scanposeusing matrix multiplication, i.e.,
Pn+t1 =  Popest P Pn:

Note: Step 5b requires 6 nested loops, but the computational requiremerts
are bounded by the coarse-to- ne strategy inherited from the octree processing.
The size of the octree cubesdecreasesexponertially with increasingt. We start

Fig. 2. Left: Two 3D point clouds. Middle: Octree corresponding to the black point
cloud. Right: Octree basedon the blue points.



the algorithm with a cube sizeof 75 cm?® and stop whenthe cube sizefalls below
10 cm?. Fig. 2 shaws two 3D scansand the corresponding octrees. Furthermore,
note that the heuristic works best outdoors. Due to the diversity of the environ-
ment the match of octree cubeswill show a signi cant maximum, while indoor
ernvironments with their many geometry symmetries and similarities, e.g.,in a
corridor, are in danger of producing many plausible matches.

After an initial starting guessis found, the range image registration from
section 2 proceedsand the 3D scansare precisely matched.

3.2 Computing Globally Consisten t Scenes

After registration, the scenehasto be correct and globally consisten. A straight-
forward method for aligning seweral 3D scansis pairwise matching, i.e., the new
scanis registeredagainst a previous one. Alternativ ely, an incremental matching
method is introduced, i.e., the new scanis registered against a so-called meta-
san, which is the union of the previously acquired and registered scans.Each
scanmatching hasa limited precision.Both methods accurrulate the registration
errors sud that the registration of a large number of 3D scansleadsto inconsis-
tent scenesand to problems with the robot localization. Closing loop detection
and error di using avoid these problems and compute consistert scenes.

Closing the Loop. After matching multiple 3D scans,errors have accunulated
and loopswould normally not be closed.Our algorithm automatically detectsa
to-be-closedloop by registering the last acquired 3D scanwith earlier acquired
scans.Herehy we rst createa hypothesisbasedon the maximum laserrangeand
on the robot pose,so that the algorithm doesnot needto processall previous
scans.Then we usethe octree basedmethod preserted in section 3.1 to revise
the hypothesis.Finally, if a registration is possible,the computed error, i.e., the
transformation (R, t) is distributed over all 3D scans.The respective part is
weighted by the distance covered betweenthe scans,i.e.,

_ length of path from start of the loop to scanposei
' overall length of path

1. The translational part is calculated ast; = ¢t.

2. Of the three possibilities of represerting rotations, namely, orthonormal ma-
trices, quaternions and Euler angles, quaternions are best suited for our
interpolation task. The problem with matrices is to enforce orthonormalit y
and Euler anglesshov Gimbal locks [8]. A quaternion as usedin computer
graphicsis the 4 vector q. Given a rotation asmatrix R, the corresponding
guaternion q is calculated as follows:

P trace (R) !

1 5 e

§ =B igeas ras ; with the elemerts rij of R.2 0

27 trace(r)

l’jl;z r1;1

27 trace(r)
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The quaternion describesa rotation by an axisa 2 2 and an angle that
are computed by
0 ,q 1
1X 2
a0

a= pqy=§ and = 2arccostp:

1 a2

=z
1 a3

The angle is distributed over all scansusing the factor ¢; and the resulting
matrix is derived as [8]:

cogc )+ a2(1l cos(G )) a;sin(c )+ axay(l cogc ))
R =@ a; sin(c )+ axay(1 codc )) cos@G )+ a§(1 coqGi ))
ay sin(c )+ axa; (1 codc ) ax sin(c ) + aya; (1 codqc ))

aysin(c )+ axa;(1 cogc ))
acsin(c )+ aya. (1 coqc ) A: (®)
cos@ )+ a2(1 cogc ))

The next step minimizes the global error.

Diusing the Error. Pulli presers a registration method that minimizes the
global error and avoids inconsistert sceneq20]. The registration of one scanis
followed by registering all neighboring scanssud that the global error is dis-
tributed. Other matching approacheswith global error minimization have been
published, e.g., [3,7]. Benjemaaet al. establish point-to-p oint correspondences

2 If trace (R) (sum of the diagonal terms) is zero, the above calculation has to be
altered: | ri1.1 > ro.2 and ri.1 > ra.3 then,

0 lp r2;3 rs;2 1 0 lp r3;1 18 1
27 14ry;1 ra2 ra33 27 1 ryatran 33
lp ri:-0+ro.
5 1+ ri:1 ra:2 ra:s %p 1,2+ 021
. 1 rg;a+rz ra;s
q= 1 f1;2+ 021 yif ra2 > rg5 9= p '
A e —— T r
1+ryn rz2 ra;s 3 11 2;2 3;3
lp r3;1+ris 1p r2;3+r3;2
2 2

1+rg;n ra2 133 1 rg;a+rz ra;s

otherwise the quaternion g is calculated as
0 p ri:2 raa 1

1 ry;1 ro2+rss

N~

rs3;1+ri;3
1+rg;n rae 133

p r2;3*+r3;2

1 ry;1 ro2+ra:s
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1 I'l;l r2;2"’ r3;3



rst andthen userandomizediterativ eregistration on a setof surfaceq3]. Eggert
et al. compute motion updates, i.e., a transformation (R;t), using force-based
optimization, with data setsconsideredas connectedby groups of springs [7].
Basedon the idea of Pulli we designedthe relaxation method simultaneous
matching[23]. The rst scanis the masterscanand determines the coordinate
system.lIt is xed. The following three stepsregister all scansand minimize the
global error, after a queueis initialized with the rst scanof the closedloop:

1. Pop the rst 3D scanfrom the queueasthe current one.

2. If the current scanis not the master scan, then a set of neighbors (set of all
scansthat overlap with the current scan)is calculated. This set of neighbors
forms one point set M . The current scanforms the data point setD and is
aligned with the ICP algorithms. One scan overlaps with another i more
than p corresponding point pairs exist. In our implementation, p = 250.

3. If the current scan changesits location by applying the transformation
(translation or rotation) in step 2, then ead single scan of the set of neigh-
bors that is not in the queueis addedto the end of the queue.If the queue
is empty, terminate; elsecontinue at step 1.

In contrast to Pulli's approacd, our method is totally automatic and no interac-
tiv e pairwise alignment hasto be done. Furthermore the point pairs are not xed
[20]. The accunulated alignmert error is spread over the whole set of acquired
3D scans.This di uses the alignment error equally over the set of 3D scans[24].

4 Experiment and Results

The following experiment has beenmade at the campusof SchlossBirlinghoven
with Kurt3D. Fig. 3 (left) shows the scanpoint model of the rst scansin top
view, based on odometry only. The rst part of the robot's run, i.e., driving
on asphalt, contains a systematic drift error, but driving on lawn shovs more
stochastic characteristics. The right part shows the rst 62 scans,covering a
path length of about 240 m. The heuristic has beenapplied and the scanshave
beenmatched. The open loop is marked with a red rectangle.

At that point, the loop is detected and closed. More 3D scanshave then
been acquired and added to the map. Fig. 4 (left and right) shows the model
with and without global relaxation to visualize its e ects. The relaxation is
able to align the scanscorrectly even without explicitly closing the loop. The
best visible di erence is marked by a red rectangle. The nal map in Fig. 4
contains 77 3D scans,ead consisting of approx. 100000data points (275
361). Fig. 5 shows two detailed views, beforeand after loop closing. The bottom
part of Fig. 4 displays an aerial view as ground truth for comparison. Table 1
comparesdistances measuredin the photo and in the 3D scene.The lines in
the photo have beenmeasuredin pixels, whereasreal distances,i.e., the (x; z)-
values of the points, have been usedin the point model. Taking into accourt
that pixel distancesin mid-resolution non-calibrated aerial image induce some
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Fig. 3. 3D model of an experiment to digiti\ze part - of. the campus of Sdloss Bir-
linghoven campus (top view). Left: Registration basedonodometry only. Right: Model
basedon incremental matching right before closing the loop, containing 62 scansead
with approx. 1000003D points. The grid at the bottom denotes an area of 20 20m?
for scalecomparison. The 3D scan posesare marked by blue points.

Table 1. Length ratio comparison of measured distances in the aerial photographs
with distancesin the point model as shown in Fig. 4.

1st line | 2nd line | ratio in aerial views | ratio in point model | deviation
AB BC 0.683 0.662 3.1%
AB BD 0.645 0.670 3.8%
AC CD 1.131 1.141 0.9%
CD BD 1.088 1.082 0.5%

error in ground truth, the correspondenceshow that the point model at least
approximates reality quite well.

Mapping would fail without rst calculatingheuristic initial estimations for
ICP scanmatching, sincelCP would likely corvergeinto an incorrect minimum.
The resulting 3D map would be somemixture of Fig. 3 (left) and Fig. 4 (right).

Fig. 6 showsthree views of the nal model. Thesemodel views correspond to
the locations of Kurt3D in Fig. 1. An updated robot trajectory hasbeenplotted
into the scene.Thereby, we assignevery 3D scanthat part of the tra jectory which
leads from the previous scan poseto the current one. Since scan matching did
align the scans,the trajectory initially hasgapsafter the alignment (seeFig. 7).
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Fig. 4. Top left: Model with loop closing, but without global relaxation. Dierences
to Fig. 3 right and to the right image are marked. Top right: Final model of 77 scans
with loop closing and global relaxation. Bottom: Aerial view of the scene.The points
A { D are used as referencepoints in the comparison in Table 1.
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Fig. 5. Detailed view of the 3D model of Fig. 4. Left: Model before loop closing. Right:
After loop closing, global relaxation and adding further 3D scans. Top: Top view.
Bottom: Front view.

Fig. 6. Detailed views of the resulting 3D model corresponding to robot locations of
Fig. 1.
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We calculate the transformation (R;t) that maps

the last pose of such a trajectory patch to the

starting pose of the next patch. This transforma-

tion is then used to correct the trajectory patch

by distributing the transformation as described in

section 3.2. In this way the algorithm computes a

continuoustrajectory. An animation of the scanned

area is available at http://kos.info rmati k.uni -

osnabrueck.de/6D outdoor/ . The video shows the

scenealongthe tra jectory asviewed from about 1 m

above Kurt3D's actual position. Fig. 7. The trajectory after
The 3D scanswereacquiredwithin onehour by tele- MaPPINg shows gaps, since
operation of Kurt3D. Scan registration and closed the robot posesare corrected

. . at 3D scan poses.

loop detection took only about 10 minutes on a

Pentium-1V-2800 MHz, while we did run the global relaxation for 2 hours. How-
ever, computing the igh t-thru-animation took about 3 hours, rendering 9882
frameswith OpenGL on consumerhardware.

In addition we usedthe 3D scanmatching algorithm in the context of RoboCup
Rescue2004. We were able to produce online 3D maps, even though we did not
use closed loop detection and global relaxation. Someresults are available at
http://kos.infor matik .uni- osnabru eck.d e/ downl oad/L isb on RR/.

5 Discussion and Conclusion

This paper has preserted a solution to the SLAM problem considering six de-
greesof freedomand creating 3D maps of outdoor ervironments. It is basedon
ICP scanmatching, initial poseestimation using a coarse-to- ne strategy with
an octree represenation and closing loop detection. Using an aerial photo as
ground truth, the 3D map shows very good correspondencewith the mapped
environment, which was con rmed by a ratio comparisonbetweenmap features
and the respective photo features.

Compared with related approadches from the literature [6,10,26{29] we do
not usea feature represertation of the environment. Furthermore our algorithm
managesregistration without xed data assaiation. In the data assaiation step,
SLAM algorithms decidewhich featurescorrespond. Wrong correspondencesre-
sult in unpreciseor even inconsistert models. The global scan matching based
relaxation computescorresponding points, i.e., closestpoints, in every iteration.
Furthermore, we avoid using probabilistic represenations to keepthe compu-
tation time at a minimum. The model optimization is solved in a closedform,
i.e., by direct posetransformation. As a result of thesee orts, registration and
closedloop detection of 77 scansead with ca. 100000points took only about
10 minutes.

Fig. 8 comparesthe probabilistic SLAM approacheswith ours on an abstract
level as preserted by Folkessonand Christensen [9]. Robot posesare labeled



Fig. 8. Abstract comparison of SLAM approaches. Left: Probabilistic methods. The
robot posesX; aswell asthe positions of the assaiated landmarks Y; are givenin terms
of a probabilit y distribution. Global optimization tries to relax the model, where the
landmarks are xed. Small black dots on lines mark adjustable distances. Right: Our
method with absolute measuremers Y; (note there are no black dots between scan
posesand scanned landmarks). The posesX; are adjusted based on scan matching
aiming at collapsing the landmark copiesY;, for all landmarks Y;. Data assaiation is
the seard for closestpoints.

with X; whereasthe landmarks are the Y;. Lines with black dots correspond to
adjustable connections,e.g., springs, which can be relaxed by the algorithms. In
our system, the measuremets are xed and data assaiation is repeatedly done
using nearestneighbor seard.

Needlessto say, a lot of work remains to be done. We plan to further im-
prove the computation time and to use sensoruncertainty models. In addition,
semaric labelsfor sub-structures of the resulting point model will be extracted.
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