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Abstract— Line segment based representation of 2D robot problem with such single scan line segment representagjon i
maps is known to have advantages over raw point data or that a single object might be present in multiple scans; én th

grid based representation gained from laser range scans. It . . ; ;
significantly reduces the size of the data set. It also contas aligned global map, a single object might be represented by

higher geometric information, which is necessary for robus multiple line segments_. This repres?r_‘t_ation is no_t onilyig
post processing. The paper describes an algorithm to conver redundant, but errors in data acquisition and allgnmerﬂi lea
global 2D robot maps to line segment representation, using a to inconsistencies. Figure 5a,b shows an example.
pre-aligned set of point-based single scans as input. Meashift However, having advanced point-based alignment algo-
clustering on the set of all line segments is utilized to Meqy iy, o and simple and fast line segment fitting for single
perceptually similar segments to single instances: localllinear .
features in the environment are unambiguously representetty ~ SCans at hand, the presented approach offers fast andeeliab
single line segments in the final global map. Apart from a conversion of aligned point-based global maps to segment-
scaling parameter, the approach is parameter free. Experirants  based global maps. The approach merges perceptually simila
on real World data sets prove its appllcablllty in the field of Segments to a Slngle Segment and Solves the problem Of
robot mapping. inconsistency and redundancy.

|. INTRODUCTION The approach utilizes a classic clustering approach, ‘'mean

Robot mapping based on laser range scans is a major fisldift clustering’ [5], [3], [4], which simultaneously and
of research in robotics in the recent years. The basic tadfratively moves all segments in a parameter space toigerta
of mapping is to combine spatial data usually gained frorflensity modes. Segments ending in the same mode belong to
laser range devices, called 'scans’, to a single data set, tWe_same cluster, an_d can be further pr_ocessed to determine
'global map’. The global map represents the environmert Single representative segment, see Figure 5c,d.
scanned from different locations. Although most of the In practice, the mean shift merging approach needs a sin-
current approaches [6], [13], [16] use data points to creaffie parameter only. It defines the scale of the map, or, more
and to represent the global map, it becomes increasingffuitive, the minimum size of a significant detail (strictl
popular to use geometric mid level data representatios, likEPoken, there are three further parameters, the bandwith 'h
line segments, basic geometric objects or splines, or, gnd kernel Wiqthﬁz,ay. However, these are directly derived
3D, linear patches [17]. The main advantages of such from the scaling parameter and turned out to be constant
representation are over all experiments). Since the scale of objects in robot

. High data compression rate. Representing e.g. a wall &PPIng is known, this parameter can be determined once;

a single segment means storing its two endpoints Oné}}je algorithm stays parameter free from there on. The length

« Higher geometric information level. Storing data usin ocation and direction of the line segments is automaticall

mid level geometric elements simplifies further procesg2diusted. Since mean shift clustering is a 'soft approauh’,

ing steps. For example, finding rectangles in a map Ilgin sizes or spatial/directional resolution must be defined
significantly simpler if the map data consists of line The presented approach works in two phases, both utiliz-
segments, not of raw data points, see e.g. [9]. ing mean shift clustering. Phase one detects clusteref
« High level of accuracy: compared to grid based maﬁegments of similar direction with the additional condition
representation, segment based maps armére accu- of mutual spatial nearness. Phase two computes sub-custer
rate since they provide floating point resolution and ddf €achCa, joining nearly collinear segments.
not suffer from discretization problefEL8]. A short introduction to mean shift clustering is given
This paper aims at representation of 2D laser data usiﬁ'@)}< se<_:t|on . iecnorr IV explains dthe mer_gln%/ process,
line segments. More specific, it processes a simplificatfon &xperiments and results are reported in section V.
already segment basedbot maps. This is not a limitation,
since in general it is simple to compute a non optimal Il. RELATED WORK

segment-based pre-representation of a global map: in thegegment extraction as well as segment merging are clas-
typical case, global robot maps consist of aligned singlg. problems in computer vision. [18] gives a thorough
scans. (Non optimal) segment detection in point-basedesing,eryiew, especially examining three different methodse T
scans is a solved task, see e.g. [14], [8] or Figure 5a,b. Thest method is closely related to our method in the sense that
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our method, this method is incremental, while we perform sithe setting of robot mapping; in each single scan the order
multaneous off-line merging. As [18] reports for increnant of points is known. This makes the pre-processing step, i.e.
methods: The disadvantage of such approaches is that it idetecting segments in single scans, a fas:) task. The
harder to detect and filter out dynamic aspects such as beamstime order of mean shift i©(k log(k)), k=number of
reflected by people walking by and outlier§he advantage segmentsk is usually significantly smaller than.
of incremental methods is, that they can be used on-line to In contrast to online processes, our approach is meant as
assist e.g. the alignment process. The incremental methoda post-processing step after scan alignment, it is an rdf-li
[18] has a rather simple merging step, which traces back tipeocess which does not aid e.g. in the alignment process. It
point-data of segments to merge, it is therefore not esgtireis designed to translate data of successful yet point based
segment based. In contrast, in our approach the point datbgnment algorithms like ICP-based approaches [16], [2],
can be omitted as soon as the pre-segments in single scft®] or Particle Filter based approaches [6]; especially it
are computed. The second, off-line approach in [18] is acan be used to simplify the result of already segment based
advanced version of the Hough Transform [7]. It operates aalignment approaches like FFS [11].
the entire point set, and therefore does not take advantage
of the partially ordered data points. The third technique in HI. M EAN SHIFT
[18] is a widely accepted line fitting approach, Expectation Mean shift, first described in [5], generalized in [3] and
Maximization (EM). EM suffers from multiple problems: it made further approachable for Computer Vision application
tends to converge to local minima if insufficiently initizdid. by [4], is a gradient descent procedure to find multiple modes
Additionally, the model has to be known to a certain extenbf density distributions. It iteratively shifts data painto
i.e. the number of line segments. Additionally, it operaias their mean in a certain neighborhood. Using mean shift as
the entire point set, which reduces the runtime performanca clustering method, data points converging to the same
A modified EM version for line fitting is described in [12]. mode belong to one cluster. The main advantage and, at
It is able to find line segments in unordered point sets witthe same time a drawback of mean shift is that, except
high robustness with respect to the initial model. It is aenorfor the definition of the neighborhood, it is parameter free.
general approach, with the drawback of multiple parametefhis includes that neither the number of clusters nor the
and slower performance. step-width of the gradient steps have to be determined. The
[14] compares different line extraction algorithms for 2D drawback is, that mean shift is known to be very sensitive to
In contrast to the presented approaches, we only extras linthe selection of the kernel, which determines the degree of
in a single scan (any of the presented methods in [14] couldcal vs. global operation. Therefore, using mean shifttmus
be used for that); the main contribution of this paper i®e a careful consideration. In our case, domain knowledge
the clustering and merging of segments. All of the methods available to determine the kernel for robust operatidre T
in [14] aim to extract line segments from arbitrary pointdomain knowledge consists of the size of significant elesient
sets, which in an off-line setting can be arbitrarily largein the environment.
Using the information of point-order in single scans, we [3] broke the ground for mean shift, showing its mathemat-
drastically reduce the runtime, since we convert each singical foundation, proving convergence and showing example
scan to segments immediately. Hence the raw data points aigplications. The following will give a short introductid¢a
processed irO(n), the follow up processes work on the setmean shift.

of segments. For data pointg € P C R", the sample meam(x) with
[1] presents a method for line segment reduction in mapgernel K at z € R"” is defined as
The technique is based on the notion of a matching chain,
- - _ ZP K(p—z)p
which describes a set of segments connected by a geomet- m(zx) = N K2 Q)
rically simple 'matching’ relation. This method is critica XpKp-a)

since dissimilarities accumulate and transfer throughstite In our approach, we utilize a multivariate Gauss kernel,
of the matching chain. In data sets with ambiguous matchirgge section IV. Mean shift denotes the differente: =
relation, like the 'spiral’ example (see Figure 2), such amu(x) — z. For a finite set{¢;} = T C R", the cluster
approach would lead to over-merging, i.e. merging segmentgnters the algorithm iteratively performs steps— m(t;)
belonging to different underlying subsequent sectionshef t simultaneously for alk; until maz(Am(t;)) is sufficiently
spiral. The merging methods looked at in [1] are additignallsmall, i.e. the algorithm converged. For eaghthe mean
closely linked with the scan alignment process, i.e. they am(t;) (equation 1 withz = ¢;) is computed simultaneously,
designed for online merging purposes. before allt; are replaced byn(t;).

Our approach of mean shift clustering is simple, robust [3] describes two versions of mean shiftlurring and
and fast: mean shift is simple to implement and takes nmon blurring In both versions, the point s&t® (= T at
input parameters. Robust: since the mean shift clusteririgration0) is initialized to7° = P. In the blurring version,
process works on all data points simultaneously, the effe@ is iteratively set (blurred) taP «— T7~! at iteration,
of outliers is reduced. Clustering is done with respect toe. the computation ofAm(¢;) is based on the previous
modes of data density, which is an averaged property ofiteration resultT7—!. In contrast, the non-blurring version
certain neighborhood. Fast: the approach takes advanfagekeeps the sef fixed, i.e. Am(t;) is computed using the



original data setP. Our merging procedure follows the the order of scan points is knows. is the set union of all
non-blurring approach. In this approach and with a Gausegments gained from all single scans.
kernel K, the mean shiftAm is in the gradient direction = Segments; exceeding a certain length are first split into
of the density estimatey(z) = >, K(p — ) using the smaller subsegments (for ease of notation we denote this
same kerneK. Hence mean shift is steepest gradient asceset also withS = {s;}). The center-points and directions
to the modes of the density distribution & (with K) of these subsegments form the initial data get= 7Y
without explicit computation of the densify8] proves that for mean shift clustering process. The length constraint is
the step size is well-adjusted, i.e. no overshoots are Iplessi directly derived from the kernel design (related ¢p and
Under the non-blurring assumptior? (does not change, does not impose a new parameter. This step guarantees that
and therefore its density does not change either), thissleathe center point is an appropriate location description for
directly to convergence of the algorithm: each individuak; and that short and long segments are likewise represented
point t; € T climbs until it reaches a mode. The orderedy locally near-uniform distributed center points. Thedlh
set7; = (t9,..,tF) point t; at iterations0..r is called the near uniform distribution justifies the geometric meaning
trajectory of ¢;. Figure 2,a,b, shows examples of trajectoriesof the density modes to be cluster centers. Additionally,
As mentioned before, mean shift mode seeking can tsegment shortening renders unnecessary the introdudtion o
interpreted as clustering: sinég was initialized usingP, weights to represent significant differences in lengthuFég
it is possible to assign all pointg; the same label if the 1 shows a segment set and its representation in center-
corresponding; converged to the same mode. The modéirection joint space. Please keep in mind thatis to
represents the cluster center, or the location of locatihést interpret modr, i.e. 0 = 7, hence the illustration is topo-
density in P. The design of the kernel, i.e. the standardogically inaccurate in the third dimensigi®l. The center-
deviationo,, for each dimensiom is an important factor.
It designs the neighborhood for the mean shift process and
is responsible for the number of modes. The two extremes
are a broad kernelo{, = oo Vn), which leads to a single
mode, and the zero-radius kernel,(— 0Vn), which makes

each data poinp; a density mode. Careful choice of the
kernel is of paramount importance for successful appboati
of mean shift. Section IV will show the kernel definition for

segment merging.

The runtime for mean shift is (brute force implementation)
O(n?) in the numbem of line segments. It can be easily
reduced taD(nlog(n)) using appropriate data structures (e.g.
KD-trees). Pre processing single scans to gain line segment

is anO(n) processp=number of data points. Fig. 1. Center-direction joint space of data set 'Spiralithn800 points
representing the 300 segments (at bottom). The data sealSghown in
IV. SEGMENT MERGING USINGMEAN SHIET Figure 2c,d, consists of 10 superimposed spirals with 3@nsegs each.

. o . . . The 10 spirals are slightly rotated and translated relativeach other.
The basic motivation of segment merging using clustering

is the simple idea to combine spatially close segments Witfirection joint space combines perceptually differennsent
similar directions in a single cluster. The clustering BSE features, spatial location and direction. In our approag,

is performed in two separate phases, determining locallyccount for this difference by linear scaling of the direti
common directions (phase 1) and collinearity of segmentgye relative to the spatiap(t2) values: for robot mapping
(phase 2). The clustering is followed by the actual merging, real world scenes, we assume that a spatial difference
process, combining segments of a single cluster. of |[pl*¥|| = 20cm relates to a directional difference of
10 degrees. This means, we are using a certain constant

A. Data Representation: Center-Direction Joint Space 4 R X | >
bandwidthh to scale the direction dimension, see equation

Let S = {s1,.,sm} be a set ofm 2-dimensional line

4.
segments. We represent eaghin the 3-dimensionatenter-
direction joint space B. Phase 1: Detection of Locally Common Directions
s — p; = (,y,0) € Rx R x [0..71] @) Goal of this phase is to cluster segments by their

direction and spatial region. Emphasis in this phase is on
where(z,y) is the center of;. « is the direction ofs;, i.e  separation of segments of sufficiently different direction
the angle between, and the x-axis (modr, i.e. heading and consolidation of segments of similar direction. This
independent). In the following we denote fpr= (z,y,«): phase is meant to learn sets of common directions of
p12 = (z,y) andpl®! = a. spatially near segments. We use a symmetric Gauss kernel
The segments are gained from a pre-processing step: (sameo,, = o € R™ for all dimensionsn). o is the only
each single scan, segments are created using the approachaimeter in the entire system. It depends on the scale of
[8]. Finding segments in single scans is a simple task, sintbe data. Definingr once based on the scale of the data



(i.e., based on the minimal unit-size of a significant featur resulting segment clusters. Segments of similar direction
in our case20 cm), o can be determined once: the systenand spatial neighborhood are clustered. Please note that
stays parameter free for environments of identical scalelustering by spatial neighborhood and direction is défer
Looking at the spatial dimensiong'?l only, we define than just (1-dimensional) clustering by direction alore: i
symmetric neighborhoods which are not biased towardslows segments to differ more strongly by direction if
any direction in the spatial distribution of the segmentsthey are spatially close. Vice versa, it allows for distioot
center-points. This approach is geometrically motivated af smaller directional distances if segments are located in
follows: since we do not assume any expected directionsdifferent neighborhoods, which is in accord with human
priori, we do not prefer collinearity to the weaker conditio perception. As an example, see Figure 2,d: a few segments
of parallelism. This is the main difference between the firgh cluster1 and2 (black/red) share approximately the same
and second phase. The influence of spatial distance aduection, but are part of different clusters.

distance in direction is governed by the aforementioned _ _ )
bandwidthh. Taking into account the kernel symmetry, the™- Phase 2: Clustering by Collinearity

bandwidthh and the mod computation in, we define the Phasel determines locally common directions, but can

kernel K (x) (index1 for phasel) for equation 1 by: not distinguish between collinear and non-collinear (both
) approximately), e.g. segments, 1b, 1¢ in Figure 2,d. Phase
Ki(z) = Ky (22 2B = o5 (3) 2 aims to sub-cluster each phaseluster using the infor-
_ _ mation of the cluster’s direction: only collinear segmesnts
with distanced merged. For simplicity of notation, we denote clustergin
. 2 and their corresponding clusters by the same symbol
s \/le[lﬂ]ll“‘ . <m1n(|x[3]|,h77 - |a:[3]|)> w o ponding y y

We define thalirection of a clusteas the average direction
0 = t£3] of any corresponding point; € C; (as a result
of phasel, all points have approx. the same direction).
The cluster's direction is the only information we keep
from phasel, the clusters’ locations/'[':2 are omitted.
Omitting the location information is the price we pay for
higher robustness: in the second phase, the locations are re
computed but with given direction. Re-computation does not
increase the order of magnitude of the algorithm, but dauble
(in the worst case of a single cluster) the processing time.
Since all segments in one cluster are now assigned the same
direction, it is sufficient to represent the segmestsn a
2-dimensional space: pha8amean shift clustering operates
in a 2-dimensional space, defining a single cluster’s points’
location. We initialize the process I§§° = P2l
We design an anisotropic kern&,. Elongated in the
cluster’s direction, and narrowed in the perpendiculagedir
tion, it aims to merge collinear segments only. It emphasize
the density in directiorf; each mean shift gradient ascent
(c) (d) therefore favors gravitation between center points betang
to collinear segments. We define the standard deviation
Fig. 2. Result of phase 1. a) 2D (x,y) view. blue: Traject®rig, black O, 0y for the kernel based om defined in phasd. In

points: T2, red points:T". b) same as (a), but 3B, y, a view. The vertical . . . _ o .
jumps in the display of the trajectories are a result of th@okogy (mod our |mplementat|on, we fix, = 20 and Oy = 0/10- With

7) of the center-direction space. c) labeled segment clis&ame color cluster directiond = t[,3], the 2-dimensional Gauss kernel
displays same cluster (some example clusters are numbefedjagnified K. is defined by ’
view of center of (c). Segments 1a, 1b, 1c still belong to thees cluster. 2

They will be separated in phase 2.

Ks(x) = em5e Tx (5)

Starting with the set of pointét;} = 7° = P representing with covariance matrix
the (split) segments;, we apply the mean shift clustering

using kernelK; until it converges, forming the final point Y= [‘g ’;] (6)
setT'. A clusterC; in T' consists of points at the same mode. | B o . .

i . with ¢« = &= (0) + sin“(6) T — sin(260) + sin(20)
We assign the label(s;) to the corresponding segments, = T2z T 7202 = 402 FE

ie. I(s;)) = I(s;) & d(t; —t;) < ¢ with d(.) being c= 2@ 4 co(0)

the distance measure defined in equation 4. Figure 2,ab, !

shows the initial point set, the trajectori@s and the final Remark Splitting the process int@ phases makes the
point set of the ’spiral’ example. Figure 2,c,d, shows th@pproach more robust. However, for 'simple’ data sets the
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Fig. 3. Phase 2 and segment merging. a) Segments of singiercfoom
first phase with center points. The ellipse illustrates thisaropic kernel
K>, which is elongated in the average cluster segment diredtipresult of
phase 2: sub-clustered segments. Different colors arereliff sub-clusters.
c) Cluster centers (density modes) of all sub clusters. duRaset M of
merging process. The 30 segments correspond to the 30 mbdes dhe
‘overshooting’ at segment intersections is caused by thiginat segment
distribution, see Figure 2d. It can easily be removed by & posessing
step.

phases can be combined: in order to compien(t;),
replace the average directighwith the ith segment’s di-

rectionp!”! at iteration 0, which i’ Use a kernel with

covariance matrixy =

ab 0
gc 0 (a,b,c, h,o defined as

above) in phase 1 (phase 2 'is then omitted). In this ca
the neighborhood of each point is defined by a different
kernel K (¢;). Since we use the non-blurring approaéh(;)

stays constant over the iterations. Hence the convergenc

still guaranteed. This single phase approach is less robuat

since it uses directions of single segments, instead ohgeer
directions of sets of segments. Hence, if phase 1 of the
phase clustering would lead to clusters with low intra aust
direction deviation of segments, the data set is 'simplenha

phase approach could be performed. The 2 phase appro
is more robust since in the second phase, parallelism can
assumed. This strong assumption makes it easier to mode

'slimmer’ directed kernelKs, i.e. o, >> oy,

D. Segment Merging

e

e

merging Process, we project all segmesitof a single sub-
cluster Ol'” onto le and merge overlapping segments to

a single segment. Figure 4 illustrates this process. The set
M of all (merged) projected segments is the result of the
segment merging phase, see e.g. Figure 3c,d and results in
section V.

w

Fig. 4. Merging process. The segmeats sz, s3 are projected onto the
cluster-representative lin&;. Overlapping segments{, s2) are merged.
The result of the merging process are the (merged) projeedegments.

V. EXPERIMENTS AND RESULTS
A. Hallway

The data set, originating from [14], consists of 100 scans
of 722 scan points each. After removal of invalid scan
points, the data set contains 59245 points, see Figure 6a.
The algorithm of [8] is utilized to compute segments for
each scan. It connects the first and last point in a sequence
of sufficiently collinear points. To improve the result, we
additionally perform a least square fit with each segment.
Figure 5 shows an example of segments extracted from a
single scan and segments being superimposed. The segment

Se

setS gained from single scan segment extraction consists of
1654 segments, see Figure 6a, or the detail in Figureis.

the input to our mean shift process. Phasilentifies 495
sters. Phase splits these clusters to a total 625. The
merging resultM, 525 merged segments, is shown in Figure
gp. In a post processing step we erase small segments with
insufficient scan point support (density too low). This dga

M to a final result o255 segments, Figure 6¢. To evaluate
the quality of the segment merging, we compare the average
ance of the scan point séf to the inputS and the
utput.M of the merging algorithm. We define the distance
E(‘:z:,S) between a pointt and a setS of segments by
mingegs(d(z, s)), with d(z, s) denoting the shortest distance
between pointz and a single segment € S. Since the
process of extracting segments from single scans has a filter

C

Having the clusters computed, the actual merging is a siMghich erased small segments, certain outlier pointsXin

ple, straightforward geometric procedure. Phaselits each
clusterC; into sub-clusterﬁl[”, - C’l[kl]. The corresponding
modesM ", .., M*" are points of single line®!", .., R,
the cluster representative lineBY' is defined by M’ and
the cluster’s directiord. To compute the final result of the

have a high distance to the nearest segment. We therefore
erase points outside @fstandard deviations of the minimum
distances and recalculate the mean distance on the iniigr po
setX’. The average distand®s = mean.cx/(D(z, S)) for

the input setS is Dg = 0.0050 meters. For the outpud1,
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Fig. 6. Data set 'Hallway’'(100 scans). a)lnput to merginggass: 1654
Fig. 5. Detail from data set 'Hallway’ (see Figure 6). a) geifrom single  segments. These segments were generated from single €ragsunderly-
scan b) extracted segments, single scan c) segments ofrsppsed scans ing points (59245 points) b) Result of merging procegs 525 Segments.
d) result of scan merging in same area. c) post processed, short segments removed: 255 segmenipré&ssion rate
between a and c is 1:116. Compare also Figure 5

B. Laser on a Stick: Low Cost Low Effort Scanning - NIST

the average distancP »; = mea (D(x, M)) increases . )
d M Bex (D ) Response Robot Evaluation Exercise

to Dayg = 0.0064 meters. As Figure 5 shows, details like
small corners of door entrances are preserved. Comparisonrhe data for this experiment was collected during the
of Figure 6 (a) and (d) illustrate that the overall appeagan®rganized Response Robot Evaluation Exercise organized by
of the map did not change significantly. However, a dat®IST (National Institute of Standards and Technology) in
compression of 1:116 is achieved. In addition, the segmeiiéxas, November 2009 ([15]). The exercise was located in
data structure allows for simpler computation of higheelev 'Disaster City". Disaster City is a TEEX (Texas Engineering
geometric features. Extension Service, a part of Texas A&M University, Col-
lege Station) facility. It offers multiple sites, for exafap

i . Tollapsed buildin s, trains etc. for simulated disaster-en
a set of manually created "truth lines”. Unfortunately, we d P 9

ronment training. During the exercise, different sites aver
not have the data set to compare our results. However, [1

; . seanned with different kinds of equipment (2D scanners,
reports 679 truth-lines. Our merging step (before clegnin quip (
) D scanners, cameras etc.) to evaluate the performance of
results in 525 segments. The (better) lower number Q

. ) .~ sensors and algorithms and to demonstrate their usahility t
our approach results from creation of truth lines in S|nglt1=r

; . : . . . irst responders. The purpose of this specific experiment was
scans in [14]. S-lnce.wsual inspection (e.g. Figure 5_’(d) 0 gain experiences with extremely cost efficient equipment
the accompanying video) does not show over-merging, t e equipment consisted of a single Hokuyo URG-04LX 2D
resulting 525 lines seem consistent with the underlying da}aser scanner<( 2500 US$) mounted on a stick, see Fig. 7
set. With an order of magnitude a@(n) + O(k log(k)) ¢ qevice was carried through the environment by a human
our approach is faster than all compared algorithms in [14].

However. such a comparison has to be taken with a arain éfst-responder to retrieve scans in a 'step and shoot’ manne
L mp . : 9 0 additional sensors were used. The executing responder
salt, since, as mentioned before, thalgorithms in [14] are

differently motivated than ours was in§tructed 'Fo keep a constant step-_lengt_h, apd to trigge
' three single horizontal scan®0( left, walking direction 90°
Please have in mind that the merging step is neitheight) at each step at knee height. A photo of the scanned
responsible for the alignment errors in the underlying datarea (Disaster city location '"House of Pancakes’) can be see
set, nor is it designed to solve the alignment problems. in Figure 7. The result of the superimposgd raw scans

To compare different line extraction algorithms, [14] use
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Fig. 7. Retrieving data in Disaster City. Photo of the scaneevironment
(the wall to the left appears at the top in Figure 8, the drgnight) appears  Fig. 9. ResultM of merging segmentS of Figure 8b. Compare the image
on the bottom of 8). The foreground shows the simple scah-tostick-  with photo Figure 7. The wall on the left and the desk to théatraye easily
mounted laser. detectable. The result consists of 23 segments and cay éasgubmitted

X . . i . even with limited equipment, e.g. hand held devices.

is shown in Figure 8. The superimposition assumes a pre-

determined constant step lenghi3¢m) of the responder. (all NIST, Gaithersburg, MD) for their great and hard work of

The 27 scans were aligned using a technique described ff9anizing and building the 2008 Response-Robot-Exercise
[10]. Expectedly, the alignment can not show a consiste@*Perience. We also want to thank Steve Richards, Acroname

map of the environment: since angular errors are unavaidadnc:» for helping to collect the data set Figure 8.
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