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_Abstract—6D SLAM (Simultaneous Localization and Map- ynown precisely, the local sensor inputs of the robot, i.e.,
ping) of mobile robots considers six dimensions for the robi

pose, namely, thex, y and z coordinates and the roll, yaw local maps, could be registered into a common (_:oordlna‘te
and pitch angles. Robot motion and localization on natural SyStém to create a map. Unfortunately, any mobile robot's
surfaces, e.g., when driving with a mobile robot outdoor, mst  self localization suffers from imprecision and therefdne t

regard these degrees of freedom. This paper presents a robot  structure of the local maps, e.g., of single scans, needs to
mapping method based on locally consistent 3D laser range jyq ysed to create a precise global map. Finally, robot poses

scans. Scan matching, combined with a heuristic for closed in natural outdoor environments involve vaw. pitch. roll
loop detection and a global relaxation method, results in a yaw, pitch,

highly precise mapping system for outdoor environments. T~ @ngles and elevation, turning pose estimation as well as sca
mobile robot Kurt3D was used to acquire data of the Schloss registration into a problem in six mathematical dimensions

Birlinghoven campus. The resulting 3D map is compared with  This paper proposes algorithms that allow to digitize
ground truth, given by an aerial photograph. large environments and solve the 6D SLAM problem. In
previous works we have already presented partially our
6D SLAM algorithm [14], [17], [18]. In [14] we use a

For protecting humans, it is nowadays important to builglobal relaxation scan matching algorithm to create a model
robots that are able to operate in earthquake, re, expbosigf an abandoned mine and in [18] we presented our rst
and chemical disaster areas. The community of Urb@&D model containing a closed loop. This paper's main
Search and Rescue Robotics (USAR) grows very fast. Maogntribution is an overview of our 6D SLAM mapping
robots are manufactured, both from research institutes agystem.
from industry. However, until now, there have been no sys-
tems that can reliably map their environment. The mobife: State of the Art
robot Kurt3D is capable of mapping its environmentin 3D 1) SLAM.: Depending on the map type, mapping algo-
and self localize in six degrees of freedom, i.e., consieri rithms differ. State of the art for metric maps are probabili
its X, y andz positions and the roll, yaw and pitch anglesic methods, where the robot has probabilistic motion and
(6D SLAM). The robot maps large surrounding areas thahcertain perception models. By integrating of these two
can be indoor environments [17], urban environments [18]istributions with a Bayes lter, e.g., Kalman or particle
tunnel and mines [14] and natural landscapes, e.g., fordsdr, it is possible to localize the robot. Mapping is often
areas. These mapping abilities makes the system suitat@garded as an extension to this estimation problem. Beside
for Urban Search and Rescue tasks. the robot pose, positions of landmarks are estimated. @lose

Automatic environment sensing and modeling is a fuleops, i.e., a second encounter of a previously visited area
damental scienti c issue in robotics, since the presence of the environment, play a special role here. Once detected,
maps is essential for many robot tasks. Manual mappitigey enable the algorithms to bound the error by deforming
of environments is a hard and tedious job: Thrun et ahe already mapped area such that a topologically consisten
report a time of about one week hard work for creatingodel is created. However, there is no guarantee for a
a map of the museum in Bonn for the robot RHINGrorrect model. Several strategies exist for solving SLAM.
[19]. Especially mobile systems with 3D laser scannef®hrun reviews in [20] existing techniques, i.e., maximum
that automatically perform multiple steps such as scannifidkelihood estimation [7], expectation maximization [6],
gaging and autonomous driving have the potential to greafB1], extended Kalman lter [4] or (sparse extended) infor-
improve mapping. Many application areas bene t from 3DBnation lter [23]. In addition to these methods, FastSLAM
maps, e.g., industrial automation, architecture, agice] [22] that approximates the posterior probabilities, rebot
the construction or maintenance of tunnels and mines apdses, by particles, and the method of Lu Milios on the
rescue robotic systems. basis of IDC scan matching [13] exist.

The robotic mapping problem is that of acquiring a spa- In principle, these probabilistic methods are extendable
tial model of a robot's environment. If the robot poses wer® 6D. However no reliable feature extraction nor a strategy
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for reducing the computational costs of multi hypothessarrying the 3D scanner were precisely localized, the reg-
tracking, e.g., FastSLAM, that grows exponentially witk thistration could be done directly based on the robot pose.
degrees of freedom, has been published to our knowledgmwever, due to unprecise robot sensors, self localization
2) 3D Mapping.: Instead of using 3D scanners, whiclis erroneous, so the geometric structure of overlapping 3D
yield consistent 3D scans in the rst place, some groupgsans has to be considered for registration. As a by-product
have attempted to build 3D volumetric representations eficcessful registration of 3D scans relocalizes the rabot i
environments with 2D laser range nders. Thrun et al. [228D, by providing the transformation to be applied to the
and Frih et al. [8] use two 2D laser scanners nders for absbot pose estimation at the recent scan point.
quiring 3D data. One laser scanner is mounted horizontally, The following method registers point sets into a common
the other vertically. The latter one grabs a vertical scaa li coordinate system. It is calldterative Closest Points (ICP)
which is transformed into 3D points based on the curreatgorithm [3]. Given two independently acquired sets of 3D
robot pose. The horizontal scanner is used to compute fg@ints,M (model set) and (data set) which correspond to
robot pose. The precision of 3D data points depends on tlaasingle shape, we aim to nd the transformation consisting

pose and on the precision of the scanner. of a rotationR and a translatiort which minimizes the
A few other groups use highly accurate, expensive 3@llowing cost function:

laser scanners [1], [9], [16]. The RESOLYV project aimed at ap'J

modeling interiors for virtual reality and tele-presenté]f E(R;t)= wi jimi  (Rdj + t)jj?: 1)

They used a RIEGL laser range nder on robots and the i=1 j=1

ICP algorithm for scan matching [3]. The AVENUE projecly,. s assigned 1 if thé-th point of M describes the same
deyelops a robot for modeling urban environments [1ﬂ)oint in space as th-th point of D. Otherwisew;; is 0.
using a CYRAX scanner and a feature-based scan matchifigy things have to be calculated: First, the corresponding
approach for registering the 3D scans. Nevertheless, in thﬁoints, and second, the transformatin ¢) that minimizes
recent work they do not use data of the laser scanner in t@?R't) on the base of the corresponding points.
robot control architecture for Iocaliza’;ion [9]. The group The ICP algorithm calculates iteratively the point cor-
of M. Hebert has reconstructed environments using thgspondences. In each iteration step, the algorithm select
Zoller+Frohlich laser scanner and aims to build 3D mode{fie closest points as correspondences and calculates the
ywthout _|n|t|al position estimates, i.e., without odometr {yansformation R:t) for minimizing equation (1). The
information [191- . assumption is that in the last iteration step the point cor-
Recently, different groups employ rotating SICK scaryespondences are correct. Besl et al. prove that the method
ners for acquiring 3D data [24]. Wulf et al. let the scannggrminates in a minimum [3]. However, this theorem does
rotate around the vertical axis. They acquire 3D data whilgyt hold in our case. since we use a maximum tolerable
moving, thus the quality of the resulting map cruciallyjistancedmay for associating the scan data. Such a thresh-

depends on the pose estimate that is given by inertigl js required though, given that 3D scans overlap only
sensors, i.e., gyros. In addition, their SLAM algorithms dgatjally.

not consider all six degrees of freedom. In every iteration, the optimal transformatioR (t) has

B. The Exploration Robot Kurt3D to be computed. Eq. (1) can be reduced to
. . W
In our experiments we use the exploration robot Kurt3D, E(R:t) / Ni iimi  (Rd; + )jj%: @)

that is also used in RoboCup Rescue competitions. Fig. 1
shows the rqbot that is equipped with a tiltable SICK lasgfiih N = P %l;ﬂli P 'Ei wij , since the correspondence
range nder in a natural outdoor environment. matrix can be represjented by a vector containing the point
pairs.
Four direct methods are known to minimize Eq. (2) [12].
earlier work [14], [17], [18] we used a quaternion based
thod [3], but the following one, based on singular value
%composition (SVD), is robust and easy to implement,
If the robdus we give a brief overview of the SVD-based algorithm.

t was rst published by Arun, Huang and Blostein [2].
- The dif culty of this minimization problem is to enforce
the orthonormality of the matriR. The rst step of the
computation is to decouple the calculation of the rotation
R from the translatiort using the centroids of the points
: belonging to the matching, i.e.,
. st e a 2 z , LN TS
Fig. 1. Kurt3D in a natural environment, i.e., lawn, forestk, pavement. Cm = N mi, Cqg = N

i=1 i=1

i=1

Il. RANGE IMAGE REGISTRATION AND ROBOT
RELOCALIZATION

Multiple 3D scans are necessary to digitalize enviror{r—1

ments without occlusions. To create a correct and congisteh

model, the scans have to be merged into one coordin

system. This process is called registration.

d; (3)



and 1
Xn+1 Xn

0 0 1
M 0= fm|o: m Cm 01N ;Do: fd|0 = d; Cd01;N - (4) Yn+1 Yn
Zn+1 - Zn

+
After substituting (3) and (4) into the error function, i: : ;:
E(R;t) Eq. (2) becomes: 0 zn +1 zin 1 0 1
Q Xn+1
E(R;t) / m{? Rd’ ? with t=cm Rcq: (5) R(xn s yns zn) ‘ 0 é )Z/ni
i=1 1 0 0 E x;n +1
The registration calculates the optimal rotation Ry= 0 0 10 yin +1
VU T. Hereby, the matrice¥ andU are derived by the 0 01 | Z{”z” }
singular value decompositiagd = UV T of a correlation P
matrix H. This3 3 matrix H is given by Therefore, calculating P _requires a matrix inver-
0 1 sion. Finally, the 6D pos® .1 is calculated by
X SXX SXy sz Pn+1 = P Pn
H = d,OmPT =@ Syx Sy Syz A, (6) . . .
i=1 Six Sz Sz using the poses' matrix representations.
y
P P
with So = {4, m%dd; Sy = Ly mQdy; 2. 2) Set Ppestto the 6-vectot;R( xn: yins zin)) =
(0;R(0)).

We use algorithms to accelerate ICP, namely point reduc-3) Generate an octre®y for the n-th 3D scan (model
tion and approximatkd-trees as proposed and evaluated in ~ getM).
[14], [17], [18].
4) Generate an octre®p for the (n +1)-th 3D scan

IIl. ICP-BASED 6D SLAM (data seD).
5) For search depth2 [tsiar :::;tend in the octrees es-
A. Calculating Initial Estimations for ICP Scan Matching timate a transformation P pest= (t; R) as follows:

To match two 3D scans with the ICP algorithm it is a) Calculate a quimal displacement and rotation
necessary to have a suf cient starting guess for the second P max depending on the search depthand
scan pose. In earlier work we used odometry [17] or the currently best transformation P pes
planar HAYAI scan matching algorithm [11]. However, b) For all discrete 6-tuples P 2
the latter cannot be used in arbitrary environments, e.g., [ Pmax Pmad n the_ domain
the one presented in Fig. 1 (bad asphalt, lawn, woodland, P = (Xyiz; x; y; 2) displace Op
etc.). Since the motion models change with different by Pi P Pn. Evaluate the matching
grounds, odometry alone cannot be used either. Here the of the two octrees by counting the number
robot pose is the 6-vectoP = (X;Y;z; x; y; z) OF, of overlappmg cubes and save the best
equivalently the tuple containing the rotation matrix and transformation as P pes
translation vector, written as 44 OpenGL-style matrix  6) Update the scan pose using matrix multiplication,
P [5].! The following heuristic computes a suf ciently ie.,

good initial estimation. It is based on two ideas. First, the
transformation found in the previous registration is agqbli
to the pose estimation — this implements the assumptionNote: Step 5b requires 6 nested loops, but the com-
that the error model of the pose estimation is locallgutational requirements are bounded by the coarse-to- ne
stable. Second, a pose update is calculated by matchstgategy inherited from the octree processing. The size of
octree representations of the scan point sets rather tleanttie octree cubes decreases exponentially with increasing
point sets themselves — this is done to speed up calculatigve start the algorithm with a cube size of 75 tmand

1) Extrapolate the odometry readings to all six degre€tP When the cube size falls below 10 Trfig. 2 shows
of freedom using previous registration matrices. TH&© 3D scans and the corresponding octrees. Furthermore,
information  (Xn;Zn; yin),  (Xn+1;Zn+1; yn+1) :
and the registration matrid®( xn; yn; zn) IS
calculated by solving:

Pny = P best P Pn:

INote the bold-italic (vectors) and bold (matrices) notati@he con- Fig. 2. Left: Two 3D point clouds. Middle: Octree correspimgto the

version between vector representations, i.e., Euler angied matrix black point cloud. Right: Octree based on the blue points.
representations is done by algorithms from [5].



Fig. 3. Top left: Model with loop closing, but without globetlaxation. Top right: Model based on incremental matchiefpre closing the loop,
containing 77 scans each with approx. 100000 3D points. Flieag the bottom denotes an area of 280n? for scale comparison. The 3D scan
poses are marked by blue points. Bottom: Aerial view of thensc The points A — D are used as reference points in the césopan Table I.

diversity of the environment the match of octree cubes wilegistered against a previous one. Alternatively,ir@cre-

show a signi cant maximum, while indoor environmentsnental matchingnethod is introduced, i.e., the new scan is

with their many geometry symmetries and similarities, ,e.gegistered against a so-calletetascanwhich is the union

in a corridor, are in danger of producing many plausiblef the previously acquired and registered scans. Each scan

matches. matching has a limited precision. Both methods accumulate
After an initial starting guess is found, the range imagae registration errors such that the registration of adarg

registration from section 2 proceeds and the 3D scans amgmber of 3D scans leads to inconsistent scenes and to

precisely matched. problems with the robot localization. Closed loop detettio
and error diffusing avoid these problems and compute
B. Computing Globally Consistent Scenes consistent scenes.

After registration, the scene has to be correct and globally1) Closing the Loop.After matching multiple 3D scans,
consistent. A straightforward method for aligning severarrors have accumulated and loops would normally not be
3D scans ispairwise matching i.e., the new scan is closed. Our algorithm automatically detects a to-be-@lose



loop by registering the last acquired 3D scan with earlier
acquired scans. Hereby we rst create a hypothesis based
on the maximum laser range and on the robot pose, so
that the algorithm does not need to process all previous
scans. Then we use the octree based method presented in
section I11-A to revise the hypothesis. Finally, if regation

is possible, the computed error, i.e., the transformation (

t) is distributed over all 3D scans. The respective part is
weighted by the distance covered between the scans:

_ length of path from start of the loop to scan pase
G = :
overall length of path

1) The translational part is calculated as= ¢;t.

2) Of the three possibilities of representing rotation:s
namely, orthonormal matrices, quaternions and Eulg. . |
angles, quaternions are best suited for our interpol
tion task. The problem with matrices is to enforce or
thonormality and Euler angles show Gimbal locks [5]
A quaternion as used in computer graphics is the =

vectorg [5]. It describes a rotation by an axas2 R® o _
and an angle that are Computed by The angleis F|g._4. Dgtal!ed view of the 3_D model of Fig. 3 Left: M‘odel bet loop
L . closing. Right: After loop closing, global relaxation andding further 3D
distributed over all scans using the factpr scans. Top: Top view. Bottom: Front view.
2) Diffusing the Error.: Pulli presents a registration TABLE |
method that minimizes the glob_al error and_ avoids i_nC0n3i§ength ratio comparison of measured distances in the gghniaographs
tent scenes [15]. B_ased on the idea Of Pulli we demg_ned the (ap) with distances in the point model (PM) as shown in Fig. 3.
relaxation methodimultaneous matchinghat is described

. . 1st line 2nd line ratio AP ratio in PM dev.
in detail in [17], [18]. AB BC 0.683 0.662 3.1%
AB BD 0.645 0.670 3.8%

IV. EXPERIMENT AND RESULTS AC cD 1131 1141 0.9%

The following experiment has been made at the campus CD BD 1.088 1.082 0.5%

of Schloss Birlinghoven with Kurt3D. Fig. 3 (left) shows
the scan point model of the rst scans in top view, base-Bh_ h leads f h ) o th t
on scan matching. The left part shows the rst 62 scan\él, Ich leads from Ine previous scan pose fo the curren

covering a path length of about 240 m. The heuristic h&Se: Since scan matching di(_j align the scans, the trajectory
[ gﬁa\lly has gaps after the alignment (see Fig. 6).

been applied and the scans have been matched. The 0[5' .
We calculate the transformatioR (t) that maps the last

loop is marked with a red rectangle. At that point, the loo ¢ h ) h h , ¢
is detected and closed. Further 3D scans have then b885¢ ©' such a tr.ajectory patc_ tq the starting pose o
§g next patch. This transformation is then used to correct

hereby, we assign every 3D scan that part of the trajectory

acquired and added to the map. The nal map in Fig. iraiect ich by distributing the t ¢ i
contains 77 3D scans, each consisting of approx. 1000 rajectory patch by distributing the transtormation as
escribed in section I11-B.1. In this way the algorithm com-

data points (275 361). Fig. 4 shows two detailed views, . . 0
before and after loop closing. The bottom part of Fig. gutes a continuous trajectory. An animation of the scanned
frea is available athttp:/kos.informatik.uni-

displays an aerial view as ground truth for compariso brueck def doot/ Th id h h
Table | compares distances measured in the photo and’fiji2erueck.de/6Doutdoor - The video shows the

the 3D scene. The lines in the photo have been measu%&ne along the trajectory as viewed from about 1 m above

in pixels, whereas real distances, i.e., {xez)-values of rt3D’s actual position. ) L
The 3D scans were acquired within one hour by tele-

the points, have been used in the point model. Takingp . ; . . d closed |
into account that pixel distances in mid-resolution nofPeration of Kurt3D. Scan registration and closed loop

tﬂetection took only about 10 minutes on a Pentium-IV-

calibrated aerial image induce some error in ground tru i X .
ggoo MHz, while we did run the global relaxation for

the correspondence show that the point model at le
approximates reality quite well.

Mapping would fail without rst calculating heuristic
initial estimations for ICP scan matching, since ICP woul
likely converge into an incorrect minimum.

Fig. 5 shows three views of the nal model. These mode
views correspond to the locations of Kurt3D in Fig. 1. Ar

updated robot trajectory has been plotted into the sceﬁéﬂ- 5. Defta"_Ed views of the resulting 3D model correspagdio robot
ocations of Fig. 1.

T -~ o



2 hours. However, computing the
ight-thru-animation  took  about
3 hours, rendering 9882 frames with
OpenGL on consumer hardware.

In addition we successfully used the
3D scan matching algorithm in the
context of RoboCup Rescue 2004 and

2005. We were able to produce onliri(#qe'r 6: The trajectory

mapping

shows Fig. 7.

Abstract comparison of SLAM approaches. Left: Philistic

3D maps, even though we did n@hps, since the robot methods. The robot poseés; as well as the positions of the associated
use closed |OOp detection and g|o[ja15es are corrected atlandmarksY; are given in terms of a probability distribution. Global
optimization tries to relax the model, where the landmarks xed. Small
black dots on lines mark adjustable distances. Right: Ouhaagewith
absolute measurement§ (note there are no black dots between scan
poses and scanned landmarks). The pdsesire adjusted based on scan
matching aiming at collapsing the landmark copigs for all landmarks

Y; . Data association is the search for closest points.

relaxation. Some results are availablg Sca" POses:

at:  http://kos.informatik.uni-osnabrueck.de/
download/Lisbon  _RR/.

V. DiscussiON ANDCONCLUSION

This paper has presented a solution to the SLAM problery;
considering six degrees of freedom and creating 3D maps

of outdoor environments. It is based on ICP scan matching,
initial pose estimation using a coarse-to- ne strategyhwit

an octree representation and closing loop detection. Using

an aerial photo as ground truth, the 3D map shows ver[)té1
c

good correspondence with the mapped environment, whi
was con rmed by a ratio comparison between map featurelél

and the respective photo features.

Compared with related approaches from the literature
[4], [7], [20]-[23] we do not use a feature representatior?]
of the environment. Furthermore our algorithm manages

registration without xed data association. In the dateoass

ciation step, SLAM algorithms decide which features correfs]

spond. Wrong correspondences result in unprecise or even

inconsistent models. The global scan matching based relax-
ation computes corresponding points, i.e., closest pgdimts [€]
every iteration. Fig. 7 compares the probabilistic SLAM

approaches with ours on an abstract level as presentedioy

Folkesson and Christensen [6]. Robot poses are labeled with

Xi whereas the landmarks are tiYge. Lines with black

dots correspond to adjustable connections, e.g., springs)
which can be relaxed by the algorithms. In our system, the

measurements are xed and data association is repeat

b

done using nearest neighbor search. Furthermore, we avo

using probabilistic representations to keep the comparati

time at a minimum. The model optimization is solved in i)
closed form, i.e., by direct pose transformation. As a tesul
of these efforts, registration and closed loop detection of
77 scans each with ca. 100000 points took only about g

minutes.
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