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Abstract- This pape.. pl'Oposes a method to solve the Si­
multaneous Localization and Map Building problem based on 
segments extracted from local sona .. based occupation maps. 
These segments are categorized as new obstacle boundal'ies 
of a simultaneously built global segment-based map or as 
pl'Olongations of previously extracted boundaries. The method 
is adequate for indoor office-like envirorunents, specially for 
those envil'Onments that can be suitable modeUed by a set of 
segments. The method has been proved in several experiments 
in the same indoor environment with successful results. 

L INTRODUCTION 
Localization is a fundamental ability for autonomous mo­

bile robotic navigation. Thus, knowledge of the robot pose 
-position and orientation- is a crucial requisite for many 
higher level tasks such as path-planning. If the environment 
has not been previously explored, localization may be accom­
plished by building a model of the environment and, si­
multaneously, using this representation to estimate the robot 

pose. This problem is called simultaneous localization and 
map building (SLAM) or Concurrent Map Building and Lo­
calization (CML) and it is a highly complex problem due to 
the fact that it requires that the robot remains localized with 
respect to the portion of the environment which has already 
been mapped in order to build a coherent representation. 

The SLAM problem has been addressed using different 
techniques. Thus, Thrun et at [14] propose a landmark­
based map acquisition . In this approach, probability density 
functions are approximated with samples to represent un­

certainty. Although the algorithm is capable of dealing with 
multi-modal distributions, it has not been used for real time 
SLAM yet due to its high computation requirements. Another 
approach is proposed by Castellanos et al [4]. In this case, 
the robot follows a defined trajectory and stops at regular 
intervals to obtain information. The main disadvantage of this 
approach is that the mobile robot needs to employ multiple 
sensors, like a pair of theodolites that provides real situations 
of the robot respect to a base reference. Optimal approaches 
based on Bayesian filtering can also address the localization 
problem starting at a completely unknown position and 
to solve the kidnapped robot problem [3]. However, these 
techniques are extremely expensive and efforts to apply these 
techniques in real time are only starting to appear [7]. Finally, 
there are several approaches based on the Extended Kalman 
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Filter (EKF) [10][5][6], which can solve SLAM in real time. 
The proposed method uses the EKF approach. 

This paper proposes a method to solve the SLAM problem 
based on the assumption that the robot knows at every 
moment an estimate of its pose . The method uses the Hough 
Transform to extract lines from local maps built by the 
sensors of the robot. These lines are categorized as new 
walls of a simultaneously built global map or as prolongation 
of previously extracted walls. The approach assumes that 
the environment presents a polygonal shape. Therefore, it 
can detect localization errors when the global map walls are 
bent. In this case, the algorithm uses the Hough Transform 
to correct the robot position. This new position is used as an 
entry to an Extended Kalman filter. 

There are others authors who have done previous work 
about finding lines in sonar data for localization and SLAM. 
Leonard et al [Ill use a sonar perceptual grouping based on 
the properties of the Hough Transform. It is applied to small 
groups of twenty-two positions of sonar data. Our method 
differs in the way the sonar data are obtained, because we 
construct a metric local map by accumulating the occupancy 
probability in each cell of the local map. McKerrow [12] 
also uses directly the readings from the sensors. In this 
method, the robot makes a measurement of its environment 
and it moves enough distance to extract new features in the 
next measurement. OUf method is more robust if there are 
errors in some measurements, because the sonar data are 
continuously taken. A similar method to ours can be found 

in Arras and Siegwart [1]. They use a clustering algorithm in 
a space similar to the Hough domain based in a Mahalanobis 
distance. However, they use their method with laser data, and 
our method is proved with sonar data. 

This paper is organized as follows. The robot model, 
environment modelling and the basic aspects of the proposed 
algorithm are presented in section 2. Section 3 describes 
the Hough-based algorithm that builds the global segment­
based map and rectifies the robot pose. Section 4 deals with 
the integration of the data provided by the Hough-based 
algorithm and the odometry using an Extended Kalman filter. 
Section 5 describes experiments performed for evaluation 
of the effectiveness of this method. Finally, conclusions are 

given in Section 6. 
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11. ALGORITHM DESCRIPTION 
The SLAM algorithm allows a robot to navigate with 

small errors for long periods of time, although it has not 
got absolute pose information and it starts to move at an 
unknown pose. In order to do that, the robot kinematics must 
be known and the robot must move through an environment 
with many type of objects. Then, the SLAM algorithm uses 
dead reckoning and relative observation of features in order 
to estimate the pose of the vehicle and to build and maintain 
a navigation map. With appropriate planning. the vehicle will 
be able to simultaneously navigate and build a relative map of 
the environment. This section deals with the robot model, the 
environment modelling and also gives a view of the proposed 
SLAM algorithm. 

A. Robot Model 

For the experiments reported here, a Nomad 200 mobile 
robot is used. It has got a synchro-drive system where 
all wheels move synchronously. Nomad 200 has got three 
wheels, each wheel can move around two axes, one axis 
for translation and one for steeTing. The process model that 
predicts the trajectory of the center of the robot axle is given 
by 

Xk+l = Xk + tlD· COSBk 
Yk+l = Yk + t::.D· sinBk 
Ok+l = Ok + tl(} 

(I) 

being !!J.D and !!J.() the instantaneous translation and rotation 
relurned by the encoders. In our case, the frame of reference 
is chosen in such a way that the start pose of the robot is the 
origin facing in the positive x direction. This defines the co­
ordinate system with respect to which the pose, (Xk, Yk, (h), 
is calculated at each time step k. 

B. Environment Modelling 

The environment is described by a global segment-based 
map, which allows moving in the whole environment. To 
build this global map, the robot uses a local grid-based 
map to identify the boundary of the obstacles. Then, it 
models these boundaries as straight segments that can be 
incorporated to a global segment-based map. Fig. I illustrates 
the proposed scheme. In the presented approach, the Hough 
Transform is used to extract the segments that represent the 
obstacle boundaries. This segment-based technique represen­
tation provides to the robot a robust local perception. 

C. Proposed Algorithm 

The data flow diagram of the whole navigation system 
is given in Fig. 2. To manage its complexity, it has been 
decomposed into different modules operating in a concurrent 
way and distributed over different PC machines, except the 
"Robot Nomad" module, which is computed on the 133 MHz 
Pentium on-board CPU. Each of these modules performs a 
specific function and they have to exchange information to 
cooperate and implement the whole system. To exchange 
information between modules we use a distributed shared 
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Fig. 1. a) Local metric map; b) thresholded local map; c) local segment­
based map; and d) global segment-based map building 

memory approach through a client/server scheme [15]. In 
this scheme, modules share information sending it to a central 
data server, which stores and controls the access to all shared 
information. When a module needs some information, it just 
request it to the central data server. It can be appreciated 
that the algorithm builds a global-segment based map which 
is also used to provide a pose correction. This correction 
is integrated with odometric information by using an Ex­
tended Kalman Filter. Sections 3 and 4 describes the Global 
segment-based map building and localization and the EKF 
implementation, respectively. 

III. MAP BUlLDrNG AND LOCALIZATION 

A. Global Segment-based Map Building 

The environment representation is modelled with features 
detected by external sensors. Since the SLAM algorithm 
will extract information relative' to the pose of the robot 
from these features. it is essential that the selected features 
be perfectly recognizable in order to bound the localiza­
tion errorS. The proposed algorithm obtains the external 
information from sonar sensors. This type of sensors is not 
very accurate, and if the raw return is used as a measure 
of distance to an obstacle, then a significant error can be 
introduced. To increase the accuracy of the feature location 
process, the proposed algorithm integrates the different sonar 
observations along the time into a local metric map. On the 
other hand, straight line segments extracted from local sonar 
maps are selected as features, In this case, the shape of the 
feature is well-known a priori, and it allows to evaluate the 
error and to estimate the accuracy of the navigation system. 
This is also its main drawback, since this method is only 
adequate for indoor office-like environments, specially for 
those that can be suitable modelled by a set of segments. 

The segments extracted from the local grid-based maps 
are integrated into a global segment-based map. The map 
building algorithm works as follows: 
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Fig. 2. Illustration of the SLAM algorithm 

1) Local map acquisition. The local metric map is based 
on a two-dimensional occupancy grid. Each grid cell 
(x, y) in the map yields the occupancy probability of 
the corresponding region of the environment. In order 
to model the cells in a sonar scan, a very simple 
probability distribution is employed. The expression 
for modelling the occupancy probability of a cell is 

P(8,p) {�:, 
0, 

if 0 � P < d - 8, a � 181 � f3/2 
if d - 8 � p < d + 0,0 � 181 � f3/2 
otherwise. 

(2) 
being p and 0 the distance from the robot and the angle 
from the main axis of the sonar beam respectively, d 
the range measurement returned by the sonar sensor 
and (3 the beam aperture. 2 . 0 determines the width 
of the region of uncertainty where the obstacle can 
be . Finally, the empty and occupied probability density 
functions for a point inside the sonar beam are given 
by constants € and r.p, respectively. To build the local 
metric map, sonar readings are integrated over time in a 
local occupancy grid. To do so, the local grid acquired 
at instant t (P,,�cal) 

is combined with the metric .map 
previously acquired (P!,-;':,.iC)' In our case, the values 
of metric map cells that coincide with the local grid 
region are actualized by using the expression 

pt pt-l p,t 
metric = metric + 

local 

(3) 

Fig. la shows an example of a local metric map. 
The main advantage of the described sensor model 
and integration algorithm is their low computational 
complexity (2]. 

2) Local map thresholding. Each occupancy value in the 
local metric map is thresholded. Cells whose occu­
pancy value is above threshold UT are considered 
occupied cells (P(x, y) = co). All other cells are 
considered free-space (P(x,y) = CF). Fig. l b  shows 

p p-

I 

c.;=--p �---------: I -p-
o (oj �-(J 0 ( OJ 

;r;]Q]]JG2J 
.... Sl _ 
(0) I d] ( 0) (f] 

Fig. 3. a) Discrete Hough Transform of Fig. la; b) clustered Discrete 
Hough Transform; c) extracted local lines; d) set of segments a�sociated 
to c); e) segments d) after the first step of removing and merging; f) main 
segments after the final step of merging, 

the thresholded image associated to the local metric 
map of Fig. la (occupied regions are black coloured 
and free-space regions are white). 

3) Discrete Hough Transform generation. The Hough 
Transform is a robust technique for finding lines fitting 
a set of 2D points [8]. It is based on a transformation 
from the Cartesian plane (x, y) to the Hough domain 
(0, p). The transformation is achieved by associating 
every point (Xi, Yi) with the following line in the 
Hough domain 

p = xicosf} + Yisinf} (4) 

The discrete representation of the Hough Transfonn 

is obtained by generating a discrete grid of the (8, p) 
plane. It is defined as the number of points (x;, Yi) 
whose corresponding line defined by (4) lies within 
[0, 0+80]x[p, p+6p]. Fig. 3a shows the discrete (O, p) 
plane associated to the metric map in Fig. I a. 

4) Local lines extraction. In order to extract the main lines 
of the local metric map, the discrete (0, p) plane is 
thresholded and the resulting points are clustered (Fig. 
3b). The maximum value (e,p) inside each obtained 
cluster represents a main line of the local metric map. 
The resulting lines define the main segments of the 
local metric map. Fig. 3c presents the main lines 
associated to the metric map in Fig. lao 

5) Local segment-based representation. To extract the 
main segments associated to the local metric map, 
the algorithm first looks for the intersection between 
the main lines and the occupied regions of the metric 
map (Fig. 3d). The result of this operation is a set 
of segments that is processed to remove very short 

segments and to merge very close ones (Fig. 3e). In 
any case, it is very likely that some extracted short line 
segments lie along long straight segments. As these 
longer segments are the main segments of the local 
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metric map, infonnation from shorter line segments 
must be combined to find them. 
In this paper, a grouping technique for detecting linear 
structures is employed. This technique detects the main 
segments by replacing two short line segments by a 
simple longer one repeatedly until the large linear 
segments in the local map are found. The proposed 
grouping algorithm consists of two independent steps: 

• First, it detennines which pair of line segments 
will be replaced by a single longer one. To do 
that, a similarity index is associated to every pair 
of segments. The similarity index 8ij associated to 
vectors i and j is defined as 

1 �(1-jcu,O;jj)2 1 �(�!if 8ij = (---e ae ) .  (--e "d ) 
4VMJ 

4J1ra� o 
�) 

Oij being the angle between vectors i and j 
and dtj the minimum Euclidean distance between 
end points of these IwO vectors. (TO and (Td are 
the widths of the Gaussian-like functions. These 
widths have been adjusted for obtaining 8ij = 0.5 
if Oij = 30 degrees and dij = 10 pixels. 

• All 8ij above a threshold Us indicate that the 
replacement is carried oul, and a new segment is 
calculated using the pair of segments. 

Fig. 3f shows the main segments obtained from the set 
of short segments present in Fig. 3e. 

6) Global segment-based map building. When the robot 
moves a minimum distance, the global map is updated 
with a new local map. The algorithm uses the same 
similarity index Bij defined for the local map building 
to match the segments with the global map. Anyway, 
the Gaussian parameters have different values. In this 
case they have been calculated for obtaining 8ij = 0.5 
if Oij = 15 degrees and dij = 10 pixels. The reason 
for moving a minimum distance before updating the 
global map is that a more accurate segment map is 

. built when the robot has more sensor readings from 
the environment.When the local main segments are 
extracted, they are added to the global map. There are 
three types of segments: 

• Global segment prolongation. If a new segment 
has a high correlation with a previous global seg­
ment and belongs to the same line, the algorithm 
joins the new segment to the previous one. 

• Localization erroneous segments. If a new segment 
has a high correlation with a previous global 
segment but they present different Hough line 
parameters (O,p), the algorithm considers it as a 
localization error. 

• New global segments. When a new local segment 
has a low correlation with all the previous global 
segments, it is detected as a new obstacle in the 
environment and is added to the global map. If 
the algorithm detects a localization error in tTIe 

updated map, this segment is corrected before 
getting it into the map. 

B. Self-localization algorithm 

The proposed approach to self-localization task is based on 
estimating the most likely position of the localization error 
segments. When the algorithm detects that these segments 
belong to a previously existing wall, it knows the correct 
direction of the new segments. This is also a strong limi­
tation of the proposed approach: when a part of a wall is 
inserted into the global map, its direction is fixed for the 
rest of the process, since it is used to correct the possible 
localization error of new segments. Our approach supposes 
that there is no error in the robot translation movement. 
Therefore, localization error in the received maps are due to 
an orientation mistake. Using this approach, an orientation 
correction is possible analyzi!lg just one erroneous segment. 
The orientation error is corrected by comparing the new 
segment orientation with the older one, and the error in the 
robot position can be calculated if the travelled distance is 
known (Fig. 4a). When the error of the new local map is 
estimated, the new global segments of this local map are 
corrected before inserted into the global map. Figs. 4c-f 
show a situation where a localization error has been detected 
and therefore the robot orientation and position have been 
corrected. The new global segment is added with the same 
correction of orientation that is applied to the localization 
error segment (Fig. 4[). 

On the other hand, if one local map generates two seg­
ments that belong to non parallel lines already existing in 
the global map, and the localization error is detected for 
both segments, it is not necessary to suppose that there 
is no translation error. In this case, the position error can 
be estimated comparing both segments with the already 
constructed global map (Fig. 4b), because it is the difference 
between the intersection points of these lines. This problem 
is similar to compare the new local map with an a priori 
known global map [8]. Figs. 4g-j show a situation where 
two localization errors have been detected, but the extmcted 
segments are parallel. As these segments arc pamllel, there 
is no intersection point, and robot must suppose that there 
has been no translation error. 

IV. SENSOR DATA INTEGRATION WITH KALMAN FILTER 

The Hough-based approach described above provides a 
correction of the estimated pose of the robot that must be 
integrated with odometric information. A typical solution 
for this integration is the Extended Kalman Filter (EKF). 
Kalman filtering is a well-known method for state and 
parameter estimation. Particularly, the EKF handles non­
linear stochastic processes by linearizing around the current 
mean and covariance. It must be noted that this filter is 
suitable when the system model is affected by a Gaussian 
noise. 

In the 2D indoor robot SLAM problem, the state of the 
robot at instant time k is its pose (Xk, Yk,Bk) in a fixed frame 
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Fig. 4. a) Localization error due to an orientation failure; b) localization 
error due to orientation and translation failure.�; c) local metric map; d) 
segments extracted from c); e) global map and segments d); f) global map 
after adding scgmenL� d); g) local metric map; h) segments extracted from 
g); i) global map and segments h); and j) global map after adding segments 
h). 

of referencc. The state (0,0,0) is the pose of the robot at the 
initial instant of time. All (Xk, yd positions are measured in 
millimeters r�lative to this first location. The orientation Ok 
is also relative to the first orientation. 

The state of the robot evolves according to a system of 
non-linear stochastic difference equations derived from (1) 
[13]: 

Xk+l = Xk + cOS(hUtk + Wkx 
Yk+l = Yk + sin(hutk + Wky 
8k+1 = Ok + Ul!k + WkO 

(6) 

being Utk = ,6,D and ulh = ,6,8 the odometric measurement 
of translation and angular difference with respect to the 
previous robot pose, respectively. The vector Wk = N(O; Qk) 
represents a normally distributed noise in odometric data. If 
Sk is the state of the robot at time k and Uk = (Utk, uok) is 
the vector obtained from the internal encoders for the time 
period from k to k + 1, (6) can be summarized as 

(7) 

We use the position returned by the Hough-based algorithm 
to determine the measurement error between the actual 

state and the internally computed state above. If Zk is the 
measurement of the actual state Sk at instant time k, it is 
related to the state of the robot as follows: 

(8) 

being Vk = N(O; Rd a random variable representing noise 
in the map matching process. The process and measurement 
noise vectors, Wk and Vk, are assumed to be independent. We 
also assumed that they have normal probability distributions 
represented by the matrixes Q k and Rk of variances for the 
state components x, Y and 8. 

Then, EKF is performed in two steps: 

I) Prediction. In this step, an estimated position, s;;+1' of 
the robot is computed from the previous position, Sk, 
and odometry, Uk. The error covariance matrix, Pk+1, 
is also updated. This matrix reflects the covariance of 
the difference between the actual state and the state 
predicted on the basis of measurements till time k. 
The equations for the prediction step are: 

8;;+1 = !(Sk,Uk,O) 
Pk+l = AkPkAI + Qk (9) 

being Ak the Jacobian of the robot dynamics with 
respect to 8. In our case, Ak is obtained as [13]: [1 0 -UtkSin8k] 

Ak = 0 1 UtkCOSOk 
o 0 1 

(10) 

2) Update. The update equations correct the state and 
covariance estimates with the new measurement Zk. In 
our case, Zk represents the new position of the robot 
at time k according to Hough-based approach. The 
Kalman gain K is computed and used to correct S 
and P as follows: 

K = Pk+1 (Ph-+1 + Rk)-1 
Sk+l = sk+1 + K(Zk - s;+I) 
PHI = (1 - K)Pk+1 

(Ii) 

The performance of the EKF is determined by the accuracy 
of the matrixes Qk and Rk. In our case, Qk has been obtained 
by modelling the odometry error [9} applied to a synchro­
drive robot and Rk has been calculated by executing several 
runs of the robot in an office-like indoor environment. In each 
run the robot moved a fixed distance to obtain the segment­
based local map of the environment and localize its pose. It 
is possible to make a more detailed analysis of this issue, 
but this is beyond the aim of this paper. 

V. EXPERIMENTAL RESULTS 
The Nomad 200 mobile robot is equipped with a ring of 

16 Polaroid sonar sensors presenting an arc of uncertainty of 
approximately 25 degrees. The navigation system illustrated 
in Fig. 2 has been distributed over three 550 MHz Pentium 
III off-board pes. Ten experiments have been performed in 
the same environment, giving all of them similar results, 
such as the one shown in Fig. 5. The dashed line shows 
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Fig. 5. Trajectories with only odometry (da.'hed line) and EKF fusion of 
odomeuy and the proposed segment-based method (solid line). The global 
segment· based map has been placed over the path. 

the estimated robot path when no calibration is perfonned 
and only odometry infonnation is employed. The solid line 
shows the path from the whole system. Each cross marks 
a pose correction. The robot starts at the position (0,0). It 
turns left, moves several meters ahead and turns left on the 
corner. It walks along a corridor, turns left and afterwards 
turns right to walk through an open door. Then, it moves 

ahead a new corridor and turns left to come into a room. In 

Fig. 5, the global segment-based map is also shown. It must 
be noted that in this experiment a few persons were in the 
environment, but they don't affect to the system perfonnance 
because they are not detected in the segments extraction 
stage. The global metric map of the final part of the trajectory 

is shown if Fig. 6. This global map is built by overlapping 
the local metric maps. 

. VI. CONCLUSIONS 

This paper presents an approach to solve the SLAM pro­
blem. The proposed approach is computationally efficient 
and adequate for real-time execution in polygonal environ­
ments. Besides, it is robust in dynamic environments because 
the proposed algorithm can detect segments in presence of 
partially occluded lines and noise. The method has been 
implemented and successfully applied in an indoor environ­
ment. Future works will focus on conducting further exhaus­
tive tests in more populated environments, incorporating laser 
data in the system for localization and identification of-some 
objects and extracting some landmarks from the environment 
by using vision. 
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Fig. 6. Global metric map of the final part of the trajectory 
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