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Abstract— Robots are emerging from industrial plants to-
ward every people’s daily life. Thus, navigation in and under-
standing of human related environments becomes a prerequisite
for the systems of tomorrow. Most such environments can be
efficiently described using line segments. However, incorpora-
tion of extent information is often difficult, as line segments
are seldom observed completely and erroneous data-association
may corrupt the information associated to a certain segment.

To reduce such problems this paper proposes a statistically
driven description of line segments. The corresponding para-
meters are decomposed into line and corner features, which are
separately tracked through an Extended Kalman Filter (EKF).
Information about the extent of the lines is encoded statistically.
Therefore, we use a method to recursively incorporate the
information gained through a time-series of measurements.
Thus, the covariance matrix belonging to a line segment
grows as new regions of the corresponding line are discovered.
Experimental results obtained by implementation on the mobile
platform ITrike show the validity of our algorithm.

I. INTRODUCTION

A. Motivation

The ability of a machine to obtain an image of its

surrounding world is one of the basic preliminaries for

even simple applications of mobile systems. Accordingly

autonomous navigation – especially the simultaneous local-

ization and map building problem (SLAM) – has become a

vividly examined and discussed topic in the field of mobile

robotics.

The different kinds of robot generated embodiments of

the environment can roughly be distinguished into semantic,

topological and metrical maps (ordered by descending degree

of abstraction) [1]. Metrical maps again are divided into so

called grid maps and feature maps. Grid maps divide the

surrounding world into separate cells. As the robot moves

around the probability of being occupied or unoccupied is

then calculated for every of these cells. Seminal works are

[2], [3], [4]. Feature maps, which have attracted much atten-

tion especially in the last years, aim on condensing the spatial

information about the environment on prominent objects or

structures and their relative position and orientation ([5] to

[8]).

As especially human related environments, e.g. office

buildings or flats, often are dominated by linear and rect-

angular structures, many efforts have been taken and var-

ious methods have been developed to implement SLAM

algorithms whose environmental representations base on
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Fig. 1. Lines (red) and corners (green) extracted with their covariances
from an simulated range image (blue)

this geometric primitives. These methods usually include a

coregistering of lines and line-endpoints not only to update

the line parameters but also to associate observed and known

features. The solution of this so called data-association

problem is of crucial importance for the robustness of a

SLAM algorithm.

The method proposed in this paper aims on providing a

line-based environment representation which is intrinsically

local (Fig. 1) and thus allows for simplified data-association.

With respect to this, one goal is to enable the application of

standard data-association methods which are widely known

and used in context of point-based environment representa-

tions [13]. Another goal is to derive a line representation that

bears the potential of reduced sensitivity of the extent esti-

mation against erroneous data-association by incorporating

corner features which represent redundant information.

B. Related Work

Altermatt et.al. propose an approach which aims on track-

ing the relative position and orientation of corner features

[14]. By adding an orientation parameter to the point-like

features it becomes possible to implicitly describe walls. Yet,

the generation of a map valid for tasks like path planning

depends on the correct association of corner features which

belong to the same wall.

In [9] to [12] line features are implemented by tracking

their polar coordinates. However, polar coordinates intrinsi-

cally describe an infinite line. Accordingly, different line seg-

ments which are coaxial can not be discerned using only such

a parameterization. Therefore in [10] and [11] the clusters of
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the associated measurements are projected on the extracted

line and the positions of the extremal points are determined

together with their covariances to distinguish different line

segments. Those extremal points are then seperatly tracked.

Other methods, like in [9], represent the entire line segment

just through these extremal points. [12] proposes the use of

block features which store the orientation of a line segment

together with the lower and upper bounds for its extension

and width. However, standard data-association methods seem

to be infeasible for theese kinds of representations, as [9],

[10] and [12] use additional similarity measures besides pure

application of the mahalanobis distance. It seems as if above

mentioned represantations show a sensitivity against partial

occlusion while associating repeated measurements of the

same feature from different point of views.

In [15] Jeong and Lee present a three dimensional de-

scription of the environment based on local line and corner

features. However, no relationships between the tracked lines

and corners are stored. The extent of the lines is encoded,

similarly to the above mentioned works, by additionally

estimating segment endpoints.

In [16] the environment is modelled by 2d line segments

extracted from 3d data. To represent these 2d lines the

SPmodel is used, as it promises advantages over the polar

coordinate representation as far as the transformation of the

according covariances from one coordinate frame to another

is concerned.

Brunskill and Roy use in [17] principal component analy-

sis (PCA) to estimate orientation, center of gravity and extant

of a line in an particle filter framework. Their work has basi-

cally the same underlying idea of using a probabilistic, local

description of line features as the approach proposed in this

paper. However, the implementation in an EKF framework,

where position and orientation is estimated seperately from

extant information, leads to a different method for calculation

and representation of the probabilistic information. Moreover

by introducing additional corner features we gain the pos-

sibility to decide when it is advantageous to stop the line

growing process.

C. Outline

The approach described in this paper is twofold. First, a

parameterization of lines which is intrinsically local and thus

point-like is chosen. Therefore, instead of implementing the

often used polar coordinates, a line li is represented by the

Cartesian coordinates of its center of gravity (xli , yli) and

its orientation ϕli . The extension of a line is encoded by the

covariance matrix resulting directly from the measurements

associated to that line. A formula is provided to update

this covariance matrix recursively as new measurements are

associated to a line. This description principally allows for

the use of standard algorithms to perform data-association.

Second, the range scan is searched for corner points on

basis of the extracted lines. We present a combination of

two methods which together ensure robust extraction of cor-

ners. These corners are represented through their Cartesian

coordinates (xci
, yci

) which are estimated in an Extended

Kalman Filter (EKF) along with the parameters of the lines.

That essentially decomposes line segments into local line and

independent corner features. By investigating the relationship

between corners and lines it becomes possible to identify the

physical endpoints of walls or to interconnect separate lines

based on the knowledge about common corners. This means

that the line-extant information is encoded redundantly,

promising an increased robustness against errors during the

map-building process. The knowledge about line corner

relations will also be used to stop the statistical growing

of the lines.

II. FEATURE EXTRACTION

Before presenting the method used to detect corner fea-

tures based on extracted lines, the line extraction algorithm

itself will shortly be reviewed. A more detailed description

of the line extraction can be found in [19].

A. Line Extraction

The first step is to apply an Iterative Endpoint Fit (IEPF)

on the measurements, to segment the range data. The IEPF

exploits that a range scanner delivers measurements in an

sequential order. Based on the Cartesian coordinates (x, y)
of the first point pli,b and the last point pli,e of a potential

line segment li a first guess for the polar parameters

ϕli = arctan

(

yli,e − yli,b

xli,e − xli,b

)

(1)

rli = xli,e · cos(ϕli) + yli,e · sin(ϕli) (2)

of the according line is calculated. Then, for every point pli,j

between pli,b and pli,e the distance

di,j = rli − (xli,j · cos(ϕli) + yli,j · sin(ϕli)) (3)

to the line li is calculated. If the distance di,j to the line li
is below a certain threshold dmax for all points, the segment

is accepted. If not, the current segment is split at the point

with the biggest distance to li and the procedure is repeated

for the resulting new segments. As a result of noise the

IEPF may sometimes fail to detect gaps. To avoid this, a

split and merge step was appended to the IEPF, testing the

segments and derived parameters on their validity. Based on

the calculated parameters (rli , ϕli) of the expected line the

gap between neighbouring points is predicted. If the actual

gap is significantly bigger than the prediction, the segment

is split at this point. To avoid oversegmentation the new

segments are compared with their neighbouring ones and

merged were appropriate.

After the different line segments are identified the accord-

ing center of gravity (xli , yli) and covariance matrix Cli are

calculated based on the Nli measurements (xli,k, yli,k) of
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this segment:

(

xli

yli

)

=
1

Nli

Nli
∑

k=1

(

xli,k

yli,k

)

(4)

Cli =

(

Cxx,li Cxy,li

Cyx,li Cyy,li

)

(5)

Cxx,li =
1

Nli − 1

Nli
∑

k=1

(xli,k − xli)
2 (6)

Cyy,li =
1

Nli − 1

Nli
∑

k=1

(yli,k − yli)
2 (7)

Cxy,li =
1

Nli − 1

Nli
∑

k=1

(xli,k − xli) · (yli,k − yli)(8)

Cyx,li = CT
xy,li

(9)

The final orientation ϕli and distance rli of the line and their

covariance Cϕ,li is calculated using Haralick’s Method [20].

Unlike [19] the parameter vector characterising one single

line is composed by the calculated center of gravity and

orientation

li =





xli

yli

ϕli



 (10)

Pli =





Cxx,li Cxy,li 0
Cyx,li Cyy,li 0

0 0 Cϕ,li



 , (11)

to achieve a point-like parameterization for representation of

the measured lines.

B. Corner Extraction

Now, based on the extracted line segments, the corners are

extracted. We discern two kinds of corners: The intersection

points of neighbouring lines, which resemble the corners

of a room and the endpoints of lines, e.g. open doorways.

The second type can easily be detected if in a range scan

measurements belonging to a line segment are followed

by measurements at the maximum range of the sensor. In

this case a prediction for the expected distance of the next

measurement is calculated based on the parameters of the

extracted line. If the prediction is significantly smaller as the

de facto measured distance, a corner of type two has been

found. If not, the line just vanishes at the edges of the robots

sensor-range (see Fig. 1 for both cases).

For type 1 corners, where one line is directly followed

by another, it has to be tested if the line intersects with the

other or just occludes it. In this case we distinguish occlusion

and intersection by two measures. First, we calculate the

Mahalanobis Distance

DMH = (pe − pb)
T (Ce + Cb)

−1(pe − pb) (12)

between the two neighbouring points of the segments. If the

distance is above a certain threshold, the system decides on

occlusion. However, this threshold is arbitrary chosen and

may fail e.g. when a corner is far away from the sensor and

(a) d1>0, d2>0 (b) d1<0, d2<0 (c) d2<0, d2>0 (d) d1>0, d2<0

Fig. 2. Base types of possible relative line to line relations. Lines in 2(a)
and 2(b) intersect while lines in 2(c) and 2(d) occlude each other.

thus the density of the measured points is very low and their

distance from each other large compared to their uncertainty.

Thus, we also calculate a measure for the relative position

of the neighbouring lines. Therefore, we calculate for both

line segments the prediction

ds,i =
√

x2
s,i + y2

s,i (13)

for the next distance measurement if the considered line

would be continued beyond the expected intersection point.

Here xs,i and ys,i denote the Cartesian coordinates of the

expected intersection point of the next laser-ray in the range

scan and the considered line segment li (Fig. 2). If for both

lines the differences d1 and d2 between expected and actual

measurement (rl)

d1 = ds,i − rli+1,b (14)

d2 = ds,i+1 − rli,e (15)

have the same sign, the lines do intersect. This is a sufficient

but not a necessary condition. E.g. if the corner is nearby

and thus the density of the measured points is very high

and their distance from each other small compared to their

uncertainty, the sign of d1 or d2 may be corrupted by noise.

That means, that the second method is very robust when the

first one, calculation of Mahalanobis Distance, is sensitive

to errors. Vice versa method one is very robust in situations,

where method two is sensitive to errors.

After discerning the segment endpoints in corners of type

one or two and vanishing points the Cartesian coordinates

(xc, yc) of the corners and the corresponding covariance

matrices Cc are calculated. This is done by calculating the

mean of the center of gravity (xl, yl) of the lines weighted

by the according covariance matrices Cl:

Pcj
=

(

1

2
C−1

li
+

1

2
C−1

li+1

)

−1

(

xcj

ycj

)

= Pcj

(

1

2
C−1

li

(

xli

yli

)

+
1

2
C−1

li+1

(

xli+1

yli+1

))

This approach resembles the application of a Kalman Filter

with inflation of the resulting covariance by factor 2 or the

application of the covariance intersection principle

C =
(

ωA−1 + (1 − ω)B−1
)−1

(16)

c = C
(

ωA−1a + (1 − ω)B−1b
)

, (17)

when ω is set to the constant value 0.5.
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C. Composition of measurement vector

The feature vector z and the corresponding covariance

matrix R characterising the complete range scan are then

composed by the parameters and covariances of all observed

lines and corners

z =



















...

li
...

cj

...



















, R =























. . . 0 · · · · · · 0

0 Pli

. . .
...

...
. . .

. . .
. . .

...
...

. . . Pcj
0

0 · · · · · · 0
. . .























,

where we ignore the crosscovariances arising in the sensor

coordinate frame as corners are calculated based on the lines.

Furthermore, for every line li the covariance matrix Pli

characterising the distribution of the measured points pli as-

sociated to that line is stored independently. This distribution

is a measure for the extent of an observed line segment. Also,

for every extracted corner an identifier for the lines from

which this corner is calculated is stored.

III. ESTIMATION OF LINE AND CORNER POSE WITH THE

EXTENDED KALMAN FILTER

The application of the Extended Kalman Filter to the

SLAM problem has been introduced by Dissanayake et.al.

in [7]. For the sake of completeness a short review is given

here, before the measurement equations are adapted to the

proposed feature representation.

A. Concept of the Extended Kalman Filter in SLAM

The Kalman Filter (KF), developed by R.E. Kalman [21],

is a least squares estimator, which exploits knowledge about

the dynamics of a linear technical system. It is composed by

an prediction step

s−k = As+

k−1
+ Buk (18)

P−

k = AP+

k−1
AT + BUkBT + Qk , (19)

and an estimation step

Kk = P−

k HT (HP−

k HT + Rk)−1 (20)

s+

k = s−k + Kk(zk − Hx−

k ) (21)

P+

k = (I − KkH)P−

k . (22)

A way to approximate an KF in the case of nonlinear system

dynamics f(sk, uk) and measurement model h(sk) is the

Extended Kalman Filter (EKF), which linearizes dynamics

and measurement equations around the current working point

to propagate the probabilities.

The Idea of applying an Extended Kalman Filter (EKF)

on the SLAM-Problem [7] is to estimate the relative position

and orientation of all features together with the position and

orientation of the robot. Therefore, the system state vector

s = (srob, sfeat)
T

is composed by the parameters describing

the robot srob = (xrob, yrob, ϕrob)
T

and the parameters

describing all features sfeat = (f1, . . . , fl)
T

. The parameters

of the features are usually modeled as constants. Thus, the

matrices describing the system dynamics become

A =

(

Arob,k 0
0 I

)

, B =

(

Brob,k

0

)

, (23)

where

Arob,k = ∇srob,k
frob(sk, uk) and (24)

Brob,k = ∇uk
frob(sk, uk) (25)

are the linearizations of the system dynamics f(sk, uk) with

respect to the robot states. The measurement matrix Hk is

obtained by concatenation

Hk =







Hf1,k

...

Hfl,k






(26)

of the linearized measurement equations

Hfi,k =
(

Hrob,k 0 · · · 0 Hfi,k 0 · · ·
)

(27)

of the single features, where

Hrob,k = ∇srob,k
hrob(sk) and (28)

Hfi,k = ∇sfi,k
frob(sk) (29)

are the linearizations of the measurement equation hfi
(sk)

of the single observed feature.

B. Integration of new Features

Special for the SLAM-Problem is the need to incorporate

new, not yet observed features, in the state vector. The

parameters of the new feature snew in the global reference

frame are calculated as

snew = g(srob,k, z) , (30)

where g is a function of the parameters of the measured

feature z in the measurement space and the current robot

state srob,k. To correctly expand the covariance matrix Pk

to Pnew this function is linearized and used to calculate

the crosscovariances between the existing states and the new

state. The resulting state vector and covariance matrix then

become

s =

(

sold

snew

)

(31)

P =

(

Pold PoldG
T
x

GxPalt GxPaltG
T
x + GzRzzG

T
z

)

(32)

with

Gx =
(

∇srob,k
g 0 · · · 0

)

Gz = ∇zg .
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C. Explicit Formulation for the considered System

In the here considered case the system state vector

s =





srob

slin

scor



 (33)

is composed by the parameters describing position and

orientation of the robot, the parameters describing position

and orientation of all known lines

slin =







l1
...

ln






with li =





xli

yli

ϕli



 (34)

and the parameters describing the position of all known

corners

scor =







c1

...

cm






with ci =

(

xci

yci

)

. (35)

The controle inputs are the velocity vk and the rotation ωk

of the robot uk = (vk, ωk)
T

. The dynamic of the robot states

can be modeled as

frob(sk, uk) =





xrob,k + cos(ϕrob,k)vk∆t

yrob,k + sin(ϕrob,k)vk∆t

ϕrob,k + ωk∆t



 , (36)

where ∆t is the length of time between two discrete steps.

The linearized dynamic becomes then:

Arob,k =





1 0 − sin(ϕrob,k)vk∆t

0 1 cos(ϕrob,k)vk∆t

0 0 1



 (37)

Brob,k =





cos(ϕrob,k)∆t 0
sin(ϕrob,k)∆t 0

0 ∆t



 (38)

To emphasis the point-like representation of the lines the

measurement step is performed in Cartesian space. The

corresponding equation for the i-th known line segment li
is

hi(sk) =





∆xi,k cos(ϕrob,k) + ∆yi,k sin(ϕrob,k)
−∆xi,k sin(ϕrob,k) + ∆yi,k cos(ϕrob,k)

∆ϕi,k − kπ



 (39)

with

∆xi,k = xli,k − xrob,k ,

∆yi,k = yli,k − yrob,k ,

∆ϕi,k = ϕli,k − ϕrob,k .

The factor k in (39) equals 1 if the line lies between the robot

and the origin of the global reference frame, 0 otherwise. The

linearization Hrob,k with respect to the robot states becomes

Hrob,k =





− cos(ϕrob,k) − sin(ϕrob,k) hi,2(sk)
sin(ϕrob,k) − cos(ϕrob,k) −hi,1(sk)

0 0 −1



 (40)

and the linearization Hli,k with respect to the states of line

li becomes

Hli,k =





cos(ϕrob,k) sin(ϕrob,k) 0
− sin(ϕrob,k) cos(ϕrob,k) 0

0 0 1



 . (41)

The function g(sk, z) which transforms the measured fea-

tures into the global reference frame becomes

g =





xrob,k + xz cos(ϕrob,k) + yz sin(ϕrob,k)
yrob,k + xz sin(ϕrob,k) + yz cos(ϕrob,k)

ϕz + ϕrob,k + kπ



 . (42)

The equations for the corner features are readily derived from

those of the line features by omitting the last line, referring

to the lines orientation.

IV. ESTIMATION OF LINE EXTENT AND LINE-CORNER

RELATION

A. Recursive Estimation of Extent Information

The estimate for the position of the features and the

corresponding uncertainty are calculated in the EKF. To

represent the extent of a line, an additional covariance matrix

approximating the dispersion of all measurements associated

to that line, is calculated recursively as follows (Fig. 3).

After every incoming measurement first the estimation step

of the EKF is performed. The covariances Csl,k encoding the

length of the line segments are adapted by rotating them

C′

sli
,k = Φli,kCsli

,kΦT
li,k

(43)

Φli,k =

(

cos(∆ϕli,k) − sin(∆ϕli,k)
sin(∆ϕli,k) cos(∆ϕli,k)

)

(44)

by the difference ∆ϕl,k in the lines orientations

∆ϕli,k = ϕ+

li,k
− ϕ−

li,k
(45)

before ϕ−

li,k
and after ϕ+

li,k
the estimation step.

Analogous, the measured points, represented by covari-

ance Czlj
and center of gravity (xzlj

, yzlj
) of the associated

observed line zlj have to be projected on the already known

line sli . Therefore, the covariance matrix is rotated

C′

zli
= Φlilj ,kCzli

ΦT
lilj ,k (46)

Φlilj ,k =

(

cos(∆ϕlilj ,k) − sin(∆ϕlilj ,k)
sin(∆ϕlilj ,k) cos(∆ϕlilj ,k)

)

(47)

by the difference in the orientation

∆ϕlilj ,k = ϕ+

li,k
− ϕzlj

(48)

of the observed and the known line. The transformation is

then completed by projecting the center of gravity (xzlj
, yzlj

)
of the observed line onto the known line. The transformed

center of gravity (x′

zlj
, y′

zlj
) hence becomes

(

x′

zlj

y′

zlj

)

=

(

xzlj
+ ∆d sin(ϕ+

li,k
)

yzlj
+ ∆d cos(ϕ+

li,k
)

)

(49)

where ∆d is the distance

∆d = dsli
,k − dzlj

(50)
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between the known and the observed line. Now, the extent

information encoded in the two covariances C′

sli
,k and C′

zlj

is fused in the covariance Csli
,k+1. Therefore, first the

temporary center of gravity (xsli
, ysli

)t for the whole set

of measured points is calculated by the weighted average of

the former centers of gravity

(

xsli

ysli

)

t

=





nsli
,k

nsli
,k+1

x+

sli
,k +

nzlj

nsli
,k+1

x′

zlj

nsli
,k

nsli
,k+1

y+

sli
,k +

nzlj

nsli
,k+1

y′

zlj



(51)

where nsli
,k is the number of measurements associated to

the known line, nzlj
the number of those associated to the

observed line and nsli
,k+1 the sum of both

nsli
,k+1 = nsli

,k + nzlj
, (52)

the updated number of measurements associated to the

known line. The new covariance matrix can now be cal-

culated. The terms characterising the autocorrelation with

respect to the x-coordinate become

Cxx =
nsli

,k−1

nsli
,k+1−1

(

C′

xx,sli
+

nsli
,k

nsli
,k−1

(xsli
,t − x+

sli
,k)2
)

+
nzlj

−1

nsli
,k+1−1

(

C′

xx,zlj
+

nzlj

nzlj
−1

(xsli
,t − x′

zli
)2
)

(53)

and analogous for the autocorrelation Cyy,k+1 with respect to

the y-component. The covariances characterising the cross-

corellations become

Cxy =
nsli

,k − 1

nsli
,k+1 − 1

(

C′

xy,sli

+
nsli

,k

nsli
,k − 1

(xsli
,t − x+

sli
,k)(ysli

,t − y+

sli
,k)

)

+
nzlj

− 1

nsli
,k+1 − 1

(

C′

xy,zlj

+
nzlj

nzlj
− 1

(xsli
,t − x′

zli
)(ysli

,t − y′

zli
)

)

(54)

while, as a result of the symmetry of covariance matrices,

Cyx,k+1 is identical. The updated covariance, representing

the lines extent then becomes

Csli
,k+1 =

(

Cxx Cxy

Cyx Cyy

)

. (55)

The coordinates of the temporary center of gravity

(xsli
, ysli

)t are discarded, as the information of place of the

line was already incorporated into the system state during

the EKF’s estimation step.

B. Line-Corner Relations

Lines and corners are decomposed into separate fea-

tures. For reference, their relationship can be investigated,

as corresponding measurements are available. Thus, during

feature-extraction the relations between corners and lines are

extracted and stored.

x

y

(a) a priori position

x

y

(b) a posteriori position

x

y

(c) projected cluster

x

y

(d) merged cluster

Fig. 3. Exemplified incorporation of a new measurement into the covariance
of a known feature. 3(a) shows relative position of existing and new feature
directly after measurement. 3(b) shows relative position after robot pose has
been corrected in the estimation step. 3(c) shows projection of new feature
onto the existing one. 3(d) shows new covariance after merging

If a known feature is observed, it is checked whether a

relationship to another observed feature has been detected

during the extraction process. If so, an identifier indicating

the relationships between the known features is stored in a

list associated to the known feature. To improve robustness

this procedure is restricted to already known features. If a

new feature is inserted into the EKF it is initialized without

any relationship information.

The obtained relationship information is used to stop the

statistical growing of the line segments. Apparently, as soon

as a corner is associated to a line, this line has grown large

enough in the direction of this corner. If the center of gravity

of an observed line lies between the center of gravity of a

known line and a corner known to belong to that known

line, the new set of measurements is not incorporated into

the covariance matrix encoding the extant information.

V. DATA-ASSOCIATION

Before incoming data can be processed in the EKF the

observed features have to be associated to the already known

ones. A common way to do this is to calculate the Maha-

lanobis Distance (DMH )

DMH(i, j) = (si − zj)
T (Csi

+ Czj
)−1(si − zj)(56)

between the observed (z) and the known (s) features and

associate always those features zj and si, which have the

smallest Mahalanobis Distance from each other. More robust

are methods that minimize DMH over a whole set of possible

associations. In [13] a comprehensive description of these

methods can be found.
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Fig. 4. ITE’s experiment platform ITrike equipped with an SICK LMS200

The Mahalanobis Distance is a measure for the Euclidean

distance between two points in a space of arbitrary di-

mension, weighted by the inverse of the uncertainty of

these points. If the Mahalanobis Distance between expanded

objects like lines shall be calculated additional measures

have to be taken. With respect to the here chosen point-

like representation of line features the Mahalanobis Distance

between lines can readily be calculated by simply adding

the covariance matrix Csli
,k encoding extension and the

covariance matrix Psli
,k encoding the uncertainty of the i-th

line’s local parameters (xli,k, yli,k, ϕli,k)

Csi
= Psli

,k + Csli
,k . (57)

VI. EXPERIMENTAL RESULTS

The experiments were performed on the mobile platform

ITrike (Fig. 4), currently under development at the ITE.

During the tests the system was operated by a remote

controle. To acquire range measurements, a Sick LMS200,

with an aperture angle of 180◦, was used with the resolution

of 0.5◦. The odometry had an resolution of 1.25◦ related to

the wheel rotation.

The algorithm was tested by partially mapping the third

floor of the ITE’s office building (Fig. 5). Here, the system

had to close a loop of approximately 14 m length and 6 m

width while traveling through a modest cluttered environ-

ment (room in the lower left part).

Fig. 6(a) shows the results obtained for the robot trajectory

if simply the data delivered by the odometry was integrated.

In comparison Fig. 6(b) shows the estimated robot-trajectory

obtained if the range measurements were incorporated in

form of corner and statistical grown line features and used

to correct the pose estimates.

Fig. 7 shows the obtained map if the range-measurements

are naively integrated based on the trajectory calculated from

the odometry data (Fig. 7(a)) and the map obtained when

line and corner features are extracted (Fig. 7(b)) to correct

the robots pose.

A sound quantitative evaluation of the results is rather

difficult, as only relative position estimates are obtained

by the algorithm. However, in Table I the dimensions of

Fig. 5. Map of 3rd floor at ITE and modeled driven trajectory
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(b) SLAM

Fig. 6. Estimated robot trajectory with and without incorporation of range
measurements

the rooms, as denoted in the plans, are compared with the

estimated distance of features situated on opposite walls.

As expected, dimensions which can be acquired within a

single range scan, e.g. width of corridor and rooms, are

mapped much more accurately, than those which cannot be

seen at once, e.g. the length of the corridor. The algorithm

seems to tend to underestimate dimensions, as both the

length of the corridor and the length of the bigger room are

estimated too small. The difference between experimental

result and ground truth is here at the edge of the 2σ-region

of the according covariance. This tendency is probably a

result of emphasising the point-like character of the proposed

line representation by performing the measurement step in

Cartesian space.

Qualitatively, the algorithm renders the environment rea-

sonably well. Fig. 8 shows a projection of the obtained map

on the plan of the 3rd floor. Corners are only placed were

doorways or obstacles are. The conglomeration of corners

at the outside walls of the rooms are due to the edges

of radiators situated there. Oversegmentation of the walls

occurred only in the case of the very large corridor wall and

for the larger of the two rooms, which was modest cluttered.

TABLE I

REAL DIMENSIONS VS. ESTIMATES

Dimensions of 3rd floor at ITE [m x m]
ground truth estimated

3rd floor 16.16 x 32.14

Corridor 2.39 x 32.32 2.33 x 31.91

Room 1 6.58 x 6.27 6.58 x 6.31

Room 2 6.58 x 15.83 6.57 x 15.63
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Fig. 7. Obtained map; Fig. 7(a) shows all assembled range date (blue);
Fig. 7(b) shows the center of gravity of the lines (red) and corners (green)
together with their covariances tracked in the EKF (blue/green) and the
covariances encoding extent information (red)

Fig. 8. Map of decomposed line and corner features projected into plan
of 3rd floor (angular offset corrected manually). Covariances encoding the
line length are represented as red ellipses (2σ-Region).

VII. CONCLUSION AND FUTURE WORKS

In this paper a method for the description of linear

features based on decomposition into local lines and corners

was presented. A method to statistically represent extent

information has been proposed. Thus, the necessity to track

temporary line endpoints was remedied. A way to recursively

incorporate new measurements in the extent estimate was

shown. Knowledge about line corner relations was used to

stop the statistical growing process of the lines.

Based on the proposed parameterization of the environ-

ment the simultaneous localization and mapping problem

was tackled. Therefore, an Extended Kalman Filter was

used to estimate the parameters of the lines and corners

characterising position and orientation. The measurement

step was performed in Cartesian space to emphasis the point-

like characteristics of the line features. The local parameter-

ization and statistical encoding of line extent was exploited

to simplify the calculation of the Mahalanobis Distance for

data-association of observed lines significantly.

With the implemented algorithm the test platform ITrike

was able to map the surrounding, localize in modest cluttered

environments and close small loops. The corner features

made it possible to resolve wall end points, e.g. edges of

rooms and door openings.

Future work will aim on generating environmental repre-

sentations based on the obtained feature map, which are more

apt for tasks like path planning. E.g. the statistical description

promises to be readily transformed into potential fields.

Also, as erroneous data-association is the main threat to the

robustness of the system, more sophisticated algorithms for

data-association will be examined.
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