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Abstract— Geometric representations of the environment In this paper we consider the problem of learning
play an important role in mobile robotics as they support  polyline maps from data gathered with a mobile robot

various tasks such as motion control and accurate localization. equipped with a laser range scanner. A polyline map
Popular approaches to represent the geometric features of an ists of t of wii hich d of
environment are occupancy grids or line models. Whereas consists of a S? Of polylines which are composed o .
occupancy grids require a huge amount of memory and & sequence of line segments that are connected at their
therefore do not scale well with the size of the environment, endpoints. This representation clearly is more general than
line models are unable to correctly represent corners or |ine segments, since every line segment can be represented
connections between ObjeCtS. In this paper we present an by a pOIyIine of Iength one. Addltlona”y, pOly”neS allow

algorithm that learns sets of polylines from laser range h tati f that t individual li
scans. Starting with an initial set of polylines generated from € representation of corners that connect individual line

the range scans it iteratively optimizes these polylines using S€gments. The major questions in the task of finding a
the Bayesian Information Criterion. During the optimization polyline that best fits a given contour or set of points are
process our algorithm utilizes information about the angles \here the individual endpoints of the p0|y|ines should be

between line segments extracted from the original range \5ced and how many line segments should be used to
scans. We present experiments illustrating that our algorithm . .
approximate the given data.

is able to learn accurate and highly compact polyline maps

from laser range data obtained with mobile robots. We present an algorithm that generates polyline maps
from raw laser range scans. This algorithm first extracts
. INTRODUCTION a set of contours out of the range measurements. It then

generates an initial polyline set from these contours. After
Geometric maps play an important role in mobilethis initialization it optimizes the polylines using various
robotics since they support various tasks such as padiperators for splitting, joining and adjusting line segment
planning and accurate localization. One of the most popul&equences in order to determine the best fit to the given
ways to represent the environment of a robot are occupangita. Simultaneously it utilizes information about the rel-
grids. Their advantage is that they can easily be updategtive angles between line segments extracted from the
upon sensory input. Their disadvantages, however, lie in thadividual range scans. To evaluate the models it applies
huge memory requirements, the assumption that neighbahe Bayesian Information Criterion which trades off the
ing cells are independent of each other, and the discretizapproximation error, the number of vertices in the map,
tion problems. To overcome these limitations, many authorgnd the size of the data set.
studied the generation of more compact representationsThis paper is organized as follows. After discussing
such as line models from range scan data. Line maps afglated work in the next section, we describe how to
based on the assumption that most indoor environmengtract an initial polyline map from raw laser range data
consist of planar structures corresponding to walls, doorgcquired with a mobile robot. We then present the different
cupboards etc. They require much less space since plang§erations used to optimize this map. Finally, we present
objects often can be represented by a small number @kperiments illustrating that our approach generates highly

lines whereas thousands of grid cells might be required byccurate polyline maps from data gathered in various
an occupancy grid. They also overcome the independeng@vironments.

assumption since a change of the parameters of a line
influences the whole area covered by that line. Finally, they I
are also more accurate since they provide floating point
resolution and do not suffer from discretization problems. The most popular approach to fit geometric primitives
Line maps, however, have the disadvantage that the line®, range data acquired with mobile robots is the extraction
in contrast to the objects in the environment, are infiniteof lines. One of the first attempts has been presented by
One solution to this problem is to consider line segment€rowley [4] who computes line segments from range mea-
instead of infinite lines. However, even this approach lacksurements and combines these segments using a Kalman
the ability to represent corners or connections betweefilter. Pfister et al. [18] extend this approach and also
objects and to incorporate these features during the apensider the accuracy of the measurements when updating
proximation process. the line model. Arras and Siegwart [1] use a clustering
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approach to learn line models from laser data. Their apFhey do, however, constrain the resulting polylines to lie on
proach also considers the uncertainty in the measuremertkge contour. The approach presented here, however, allows
when clustering points into linear segments. The approadbitrary positions for the vertices of the polylines and does
developed by Gonzales et al. [8] computes point clustensot require the vertices to lie on a given contour or to be a
from each range scan based on the distance betwesubset of the data points. Additionally, it uses information
consecutive points. They apply linear regression to fiabout the relative alignment of consecutive line segments
lines to these clusters and iteratively combine lines to @ the individual scans.

global map. Leonard et al. [13] use a Hough transform to

extract linear features from sequences consecutive sonar Ill. POLYLINE EXTRACTION FROM RANGE DATA
measurements. These features are then maintained usin% h | ii f fd
a Kalman filter. Several approaches apply the well-known ur- approac to' earn polylines from a set of data
iterative end-point fit or split and merge algorithm [5] for acquwed .W'th a mobile robot assumes thf"lt an gccurate pose
fitting lines to scans. The approach of Sater et al. [21] is estimate is given for all laser scans acquired with the robot.

to cluster scans using the split and merge algorithm, whic ur Icurrzn:) s;g:]eml afpllleslih(i sga?-mgtchltr;]g techmqfue
is also used by Gutmann et al. [10], and combine nearb eveloped by Hhnel et al. [11] to determine the pose o

segments using a weighted variant of linear regressio e robot during mapping. The input to our algorithm is a

Also Newmann et al. [17] use this approach in combinatio et of aligned laser range scans each consisting of 180-361

with the Ransac algorithm [6] to extract linear models frombeams depending on the type of the range scanner uged.
KOne of the key problems when computing polyline

laser data. Baltzakis and Trahanias [3] propose an approac . ) ) . .
for simultaneous localization and mapping in which theapprpxmatlons Is to fm.d a good |r'1|t|al'est|mate for the
features are extracted using the split-and-merge algorithrﬂplﬁ;nes'_ D_ue fto the h'gh d|men5|onaI||_ty_ofhthe Se%mh
MacKenzie and Dudek [15] use a clustering strategy ggroolem Itis o UthSt mgor_tanceh to '”?'t .t € numher
associate measurements that arise from the same object %_gdne_gesasgry hoperanons . urln_lg tde opt-|m|zat|c.)n. 'pl ase
then recursively subdivide these clusters to obtain subse ?SCI‘I ed in the next se_ct|on. 0 determine an Initial set
with good linear approximations. Liu et al. [14] apply the © polylines we proceeq in three steps. In the first step we
EM-algorithm to extract planar structures from 3d datadenerate a grid map given the laser range scans. The_next
An online variant of this approach has been presented ase 1s to compute the contours of that grid map, 1.€.,
Thrun et al. [16]. Austin and McCarragher [2] describe & e I|st.of cells that correspond tp _s.urfaces_of the objects.
technique to match geometric primitives like line segment£n atth|rd step we compute the initial polylines from the
and arcs to range data. The algorithm described in thigontours. ) i _
paper differs from these techniques in that it computes 1n€ 9rid map generated in the first step stores in every
sets of polylines and this way considers the connectiorfell the probabl_hty that a laser beam is reflecte_d by this cgll.
between the line segments during the optimization proces? cOmpute this map we perform a ray-casting operation
Unfortunately, the transition from infinite lines or fixed 1" @l laser beams given the locations of the robot and

types of geometric primitives to polylines is not an eas);:ount for eac_h cell how often a _Iaser beam was re_ﬂected
endeavor. This is due to the high dimensionality of thé)y_that cell (hits) and how often it intercepted a cell without
search problem and since one needs to check variof§in9 reflected (misses). The value of a cel; that has
other parameters like connections between line segmenf€€N intercepted at least once is then given by
whether or not a polyline_ can be converted into a polygon, B hits;;
whethgr a .polylme is S|mple. etc. Sqme approaches for mij = m
approximating range data with polylines therefore rely ‘
on simplifying assumptions. For example, Galez-Bdios Note that the ray-casting operation carried out when using
and Latombe [9] extract polylines from range scans byhis approach allows to cope with a limited amount of
exploiting the order of the individual beams given by thespurious measurements reflected by dynamic objects such
range scanner and applying a variant of iterative endas people.
point fit algorithm. Our approach presented in this paper The second step is to compute a contour that corresponds
in contrast operates on arbitrary point sets and does ntat the surfaces of the objects in the environment of the
assume any order at all on these points. robot. To determine this contour we again perform a ray-
The problem of learning polylines has been studiedasting operation using all beams and label only those cells
extensively in the field of computer graphics and relateés contour where the beam for the first time intercepts a
areas where the goal is to find good approximations ofell whose valuen;; exceeds a threshold 6f5.
digitized curves or to optimize meshes. Many of these The final step is the computation of a set of polylines
approaches assume that the vertices of the resulting polfrom the contours inm. To achieve this, we repeatedly
gons or meshes are a subset of the given data points [1@ktract an endpoint of a contour which becomes a starting
[7], [20]. Recently Kreylos and Hamann [12] proposedpoint of a new polyline and traverse the contour starting
an approach that uses a simulated annealing schemewih its neighbor. Thereby we add the traversed cells as
compute positions on a given contour that minimize thexew polygon points to the current polyline. If no starting
distance between the contour and the resulting polylinepoints can be found any more, we process the remaining
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[T —— P is defined as
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T i E(d|P) = Y dist(I*(i),d;)
m*‘ﬂﬁ,j =1
k
Fig. 1. Endpoints of the aligned range scans acquired with a SICK LMS i=1
laser range scanner installed on an Active Media Pioneer Il robot.
where
I*(¢) = argmindist(l,d;). 3
lePr

Herel* (i) is the line segmentin P that has the minimum
distancedist(l, d;) to the scan point;.

Whereask is the number of vertices in the current
Fig. 2. High-resolution grid map computed from the range data depicteBOIylme’ the quantlty)(ai | S?i.’ yl) SpeCIfleS the prObab.mty
in Figure 1. of the anglea; at the positionz; and y; of vertexi in
the scan data. This probability is obtained according to
a statistics about the angles between lines fitted to point

cyclic contours by selecting arbitrary points on these conS!USters in the individual input range scans. The teyis

tours as starting points. To reduce the size of the initiaf WeIghing factor that computes the tradeoff between the

polyline set we also remove points if their extraction der'Stance of the data points from the polyline and the angle

not change the length of the corresponding polyline. ~ ©MOr- _ _

Figures 1 to 3 show a typical example of this preprocess- Unfortunately, there |s*no.closed.-form solution to com-
ing phase. The original data shown in Figure 1 depicts thBUte the ponllng ma_lpP with "f‘ fixed number of line
90,176 endpoints of the laser range scans obtained Wiﬁ,?gments that minimizeB(d | 7):

a Active Media Pioneer Il robot equipped with a laser P* = argminE(d|P) (4)
range scanner after the application of the scan alignment P

lgzol(j?:uzreéggvisgtzheed :Pdlsgnggmezi;Zf?cr,nmmtﬁss iftml‘herefore, we start with the initial polyline map and use
9 g P P al'ocal search to minimize Eq. (2). During this search we

The spatial resolution of this grid map &5cm and the . .
. . apply several operators on the endpoints of the line seg-
overall number of contour cells is 1735. The polyline map : .
. . I ments and on the polylines themselves. These operations,
computed from these contours is depicted in Figure 3. [t . : - ) )
. . : . which are described in more detail in the remainder of this
contains 11 polylines with a total of 622 points.

section, are also depicted in Figure 4.
To enhance readability we display the polylines dashed P ¢

and dotted so that the individual polylines can be distin
guished. During the contour generation process we on

create contours for the first cell whose value exceeds a The first operation deals with polylines that overlap at

threshold of0.2. their ends (see Figure 4). Such overlaps mostly appear in
the initial map where they are caused by slight alignment
errors of the scan matching procedure. In the computer

IV. POLYLINE OPTIMIZATION graphics literature this operation is also know as mesh-
zippering.
After generating an initial set of polylines the optimiza-
tion process starts. The goal of this process is to computg Merging Polylines
a polyline map that minimizes a Bayesian score function

based on the Bayesian Information Criterion. We start with 1he second operation connects two polylines when their
a description of the error of a given model. endpoints are closer thaicm to each other. In our current

system this operation is also able to convert a polyline into
a closed polygon.

A. Overlaps
@/ p

Supposed = dy, ...,d, are the range data ard is a
polyline map. Then the erraf(d | P) of the datad given

C. Splitting Polylines

[T An important operation is to split a polyline into two

i a \ﬁ-—---‘ separate sequences of line segments. This operation is
R : necessary in situations in which there is a sufficiently long
\\"\N"‘ interval on a line segment in which there are no data points.

In our current implementation the threshold for splitting
Fig. 3. Resulting initial set of polylines. line segments i20cm.



overlap removal merge split adjust

zigzag removal add noise extend remove

Fig. 4. Operators applied to the polylines during the optimization phase.

D. Adjusting the Position of Vertices

One of the most important operations for the optimiza-
tion of the polylines is to determine better positions for
the endpoints of the line segments. To achieve this we
consider each polyline and perform a single hill-climbing
step for each endpoint of its line segments. We repeat - - _
this process until no further improvement is obtained. Iff'9: 5 Resulting single closed polyline with 109 points of laser range

. . . . . ’ sdcan data depicted in Figure 1.
extensive experiments we found that eight directions an
a step-width of 1cm yields an optimal trade-off between
computational requirements and accuracy.

In the context of computer graphics this approach appears
E. Removing Zigzag Lines to be justified since the goal is to determine a model

E ially during th iouslv d ibed adiust that provides a mostly accurate impression to the observer.
specially during the previously described adjustmeng, . case, however, we are interested in a reasonable

procedure it frequently happens that so-called zigzags lin %mpromise between number of model components and

are mtrlqducgd. .Th.f oi)e:r;]ltmn o delte? andl remove Sugfe quality of the approximation. Obviously, a model that
Zigzag lines 1S simiiar to the removal ot overiaps. connects all data points would provide an optimal fit since
F. Adding Noise the error would be zero. On the other hand, a model

During the process described so far we sometimes Og_onastlng of just one line segment wou.Id minimize t_he
number of model components. In the field of machine

served that the overall system gets stuck in local minima}'earnin a popular measure is thavesian Information
Reasons for this are the crisp associations in the error fun&- 9 a pop Y

: T L . riterion also denoted aBIC. In the context of the polyline

tion and the limited step-width in the adjustment processr : o . Lo
L . qtmg problem, the Bayesian information criterion is

To overcome such situations we added an operation thai

introduces random noise to the position of the vertices. Egc(d|P) = aBE(d|P)+klogn (5)

The noise is normally distributed with a variancefafn.

During the overall optimization process this variance igvherek is the number of model components amds the

continuously decreased. number of data points. The constantis a scaling factor
o _ that depends on the accuracy of the underlying sensor. It
G. Adjusting the Number of Vertices was set td00 in all our experiments. The major advantage

Another key issue is to choose the appropriate numbef theBIC is that it incorporates all parameters of a learning
of model components. In the context of our problem thigroblem, namely the approximation error, the number of
corresponds to estimating the number of pointsAn  model components and the size of the data set.

In previous approaches the number of endpoints of the After each application of the optimization operators de-
polylines is typically controlled by fixed thresholds [19] or scribed above we use tHC-value to determine whether
by more complex functions weighing different aspects [7]or not to introduce an additional vertex or to remove an
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Fig. 6. Scan data and polyline map of the museum in Herakleion. The size of the environment is 38 times 18 m and the input data set contained
268,640 scan points. The resulting polyline map contains 41 polylines with 262 vertices.
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0 20 40 60 . d?o_ D‘°° 120 140 160 180 Fig. 8. Laser range data of a hallway at Stanford University. This data
adlus In Pegrees set contains 70,269 scan points.

Fig. 7. The density — p(a; | x4, y;) used for the indoor experiments.

existing one. To add a vertex to a polyline we determine w

the line segment which has the largest average squared t4

distance to its associated data points. We then replage ) _ . _

two line segments which connect the point furthest fron{(',%t;'ns ';OI:xlénsee?fepnfc(gstgﬁds%%ne?%tsoﬁig!Cted in Figure 8. This map

[ with the two endpoints of. We then introduce slight

noise to the complete polyline and apply the adjustment

procedure. If theBIC-value decreases we accept the new The first experiment described in this section has been

polyline, otherwise we keep the old one. Additionally wecarried out using data recorded in the Herakleion Museum

check whether there is a vertex that reducesBt@value jn Greece. This data set consists of 268,640 laser beams.

when we remove it from the map. If this is the caseThe polygon generated for the contour map contained

we delete the vertex yielding the highest reduction of th@ 22 polylines consisting of a total of 1,888 vertices. The

BIC-value. The extension or removal operators are appliegyerall optimization took 6,037 seconds. In the end we

iteratively until no improvement can be achieved any moregptained 41 line sequences consisting of 262 vertices which
Our algorithm repeatedly runs over the whole data sedorresponds to a reduction by three orders of magnitude.

and tries to apply these operations. It always stores thehe original scan data and the resulting polyline map are
mOde| W|th the beSBIC'VaIUe found SO far. The OVera” depicted in Figure 6. As can bee seen from the figure’ the

process is stopped until no improvement can be obtaineghproximation is highly accurate.

for five consecutive iterations. The second experiment is designed to illustrate the

An example polyline map obtained for the initial contourgyerall learning process. Here the system was applied to
map depicted in Figure 3 is displayed in Figure 5. Thahe |aser range data depicted in Figure 8. The resulting
map consists of a single polygon containing 109 verticegyolyline map is depicted in Figure 9. Figure 10 shows the
It took our system 90 minutes and 9 iterations to comput@yolution of theBIC-value over time. As can be seen from

this map. Figure 7 depicts the functidn— p(ai | zi,5:)  the figure, the accuracy of the model improves seriously
used to calculate the error of relative angles in the polyline

given the initial range data. This function was used in all
indoor experiments described in this paper. 16000

V. EXPERIMENTAL RESULTS

The algorithm described above has been implemented

and tested successfully using various data sets gathered 2000
with real robots. The experiments presented in this section S
are designed to illustrate that our system can learn highgt%
r

BIC value

. 10. Evolution of the value of the Bayesian Information Criterion
accurate maps from the range data. They also demonstr time during the learning of the hallway map shown in 9. The peaks

that our algorithm simultaneously yields a serious compresn the evaluation correspond to situations in which noise was added or
sion of the input data of up to several orders of magnitudezeometric simplifications had been applied.
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Fig. 11. Circular range scans with radius 1, 3, and 7m and consisting
of 360 measurements each (left image) as well as polygons computed bﬁ]
our algorithm (right image).

[2]
during the first iterations of our algorithm. This is mainly
due to removals of vertices. After 100 seconds the systenp
only achieves slight improvements. The peaks in the curve
come from the operation that adds noise. This operatiorh]
slightly increases the error which in turn is then corrected
by the procedure optimizing the positions of the vertices.

The goal of the final experiment is to illustrate that our [5]
algorithm can yield accurate approximations of even circu-jg
lar structures. Figure 11 shows the result of approximating
three circles with our algorithm. The overall nhumber of (71
data points per circle is 360. During this process the prior
about relative angles between line segments extracted from
the range data was uniformly distributed. The resulting[g]
number of polylines is three with eight, fourteen and
twenty segments each. Note that BIE€ results in different
numbers of vertices per circle. In contrast to other criteria, ]
which add more model components to areas with higher
curvature, theIC yields more vertices in the larger circles. [10]
This is natural, since thBIC considers the sum of squared
errors. If two circles are approximated by polygons of thg;y;
same length, we obtain a greater reduction in the error if we
add a line segment added to the polygon that approximat?ﬁ]
the larger circle than if we add it to the polyline fitted to
the smaller polygon.

[13]
VI. CONCLUSIONS

In this paper we presented an approach to learn ponIirF?]
maps from range data. Our approach first processes the
input data to compute a contour of the objects in the
environment of the robot. Based on this contour it generaté%sl
an initial set of polylines which are optimized subsequently.
During the optimization process it utilizes information [16]
about relative angles between line segments in the original
scan data. To control the number of vertices in the modei7
it applies the Baysian Information CriterioBIC). The
approach has been implemented and tested on real data
gathered with mobile robots in different environmentsjig)
The resulting maps are highly accurate and at the same
time require three orders of magnitude less space than the
original input data. [19]

Despite these encouraging results there are several war-
rants for future research. The current system requires 130]
huge amount of computational resources and can only be
applied offline after the data has been recorded. In thgl]
future we therefore will investigate how to speed-up th
learning process in order to obtain an on-line variant and
to even further increase the accuracy. Additionally we will

investigate how to learn models that contain more features
than line segments.
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