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Abstract

Knowing the position and orientation of a mobile robot situated in an environment is
a critical element for effectively accomplishing complex tasks requiring autonomous
navigation and many techniques for robot self-localization have been extensively
studied in the past.

In this paper we present a self-localization method that is based on the Hough
Transform for matching a geometric reference map with a representation of range
information acquired by the robot’s sensors. The technique is adequate for indoor
office-like environments, and specifically for those environments that can be suitably
represented by a set of segments.

Many experiments are described to evaluate the effectiveness of the proposed
method. Moreover we have successfully tested this method in some dynamic en-
vironments populated with unknown and moving obstacles (e.g. persons or other
robots moving around): office environments as well as the RoboCup environment.
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1 Introduction

A general problem in mobile robotics is knowing the robot’s pose (position
and orientation) in the environment in which it is operating. This is a crucial
feature for autonomous robots performing complex tasks over long periods of
time, because failures in localization often lead to failures in task execution.

In the past years several techniques for robot self-localization have been de-
veloped (see [2] for a survey). Such techniques are based on design choices
concerning the following three aspects:
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(1) the type of sensors used for the localization task,
(2) the precision required by the localization module,
(3) the assumptions made on the environment.

The sensors used for localization determine the type of localization method
that can be applied to the robot. We can distinguish between relative and abso-
lute positioning methods: the former are based on determining the current pose
of the robot from the previous pose and information about the robot’s motion
over a given interval of time, while the latter compute an absolute position
of the robot in the environment (or position hypotheses in case of ambigui-
ties), by means of global positioning systems (e.g. [31]), landmark recognition
(e.g. [1,29,33,22]), or model matching (e.g. [17,5,32,4,9,3,14,25,15]). Relative
methods are accurate only over short runs of the robot since they accumulate
errors over time. On the other hand, global positioning systems and artifi-
cial landmark-based methods are effective as long as the environment can be
appropriately structured. In addition, all these methods must deal with the
difficulties in acquiring information from the environment due not only to
sensor internal noise, but also to varying conditions in the environment (e.g.
people or other robots moving around).

The second design choice that is important for localization is the precision
required to the localization process, depending on the task the robot is per-
forming. Metric localization aims at computing the correct coordinates of the
robot within a global reference system in the environment, while topological
localization aims at determining the robot’s position with respect to a graph-
like topological map (see for example [29,34]).

Localization methods presented in the literature often rely on some assump-
tions on the environment or on the robot capabilities. When these assumption
are not valid during actual operation of the robot in the environment, these
methods may either not work or lose precision and robustness. A typical as-
sumption is to rely at every time on a good estimation of the robot’s pose.
This case is also known as position tracking problem. Another assumption
is that the robot operates in a static environment, in fact some localization
methods may lose precision and/or robustness in dynamic environments. A
third assumption is the availability in the environment of features on which
the localization method is based.

Among all the localization methods, we are mostly concerned with the ones
computing metric localization based on map matching for determining the
absolute pose of the robot in the environment. These methods can be divided
into two groups depending on the representation of the reference map: 1) set
of points (raw map); 2) set of geometric features (geometric map).

The first group (e.g. [17,32,4,25,9]) includes algorithms performing map match-



ing by using either the points captured by the sensor device or occupancy
grids, without any geometrical assumption on these data. A common feature
for these approaches is that they can be robust to sensor noise, ambiguous
situations, partial model descriptions. However, map matching tends to be
computationally expensive, and in some cases these methods require heavy op-
timizations to implement an effective real-time localization on a mobile robot.
In addition, in a dynamic environment, map matching based on raw data must
also be robust to noise caused by unknown objects captured by range sensors,
that may substantially change the local sensor data to be matched against the
reference map. Some specific filtering techniques for dynamic environments
are described in [9].

The second group of methods (e.g. [5,3,14,15]) make use of geometric features
instead of raw points: therefore they require a preprocessing step in order to
extract features (or natural landmarks) from the sensor data. Most of these
methods deal with lines, segments, corners and the reference map is thus
represented as a set of these features. These methods are usually more robust
to noise given by unknown objects, as long as these objects do not affect
feature recognition and reconstruction. However, their main drawback is that
they rely on the availability of features in the environment and on the ability
of the robot’s perception system to detect them.

In this article we present a self-localization method, called Hough Localization,
that provides for metric localization obtained by the integration of map match-
ing with a relative method based on odometry. Hough Localization makes use
of a geometric representation of the reference map (lines and circles) and it
performs map matching in the domain given by the Hough Transform.

Hough Localization was introduced in [20,21] as the localization module of
the soccer robots of the Azzurra Robot Team [28] competing in the RoboCup
competitions, while the probabilistic formalization of the approach has been
given in [19]. In this article we present the overall localization method and
we show several experimental results for evaluating the effectiveness of the
method in different environments.

While Hough Transform has been used in previous works on localization
[32,12,18], the approach proposed in this article is called Hough Localization
because it is based on a map matching in the Hough domain and not in the
Cartesian space of the robot sensor reference system. This is the basic novel
feature that makes our approach computationally efficient compared to other
similar approaches. Following our approach, Marques and Lima [26] describe
the application of Hough Localization with the use of an omnidirectional vi-
sion system able to see at every time all the environment (the RoboCup game
field) in which the robot acts. The availability of a 360 degree view of the
RoboCup soccer field allows for determining the position of the robot in the



environment without any assumption on its initial pose.

Hough Localization can be applied to any robot equipped with a relative
positioning system, which provides the displacement of the robot from the
previous pose, and a range sensor, which returns a set of 2D points, in the
local coordinates of the robot, corresponding to the visible surfaces of objects
close to it. This is in fact a typical configuration for a mobile robot: motor
encoders are usually used for integrating the robot’s position and many range
sensors can be used, such as ultrasonic sonars, laser range finders, or stereo
vision systems. Observe that, in general, range sensors do not allow for simple
implementation of object recognition techniques and thus they often retrieve
range data from objects in the map (e.g. walls in the environment) as well as
from unpredicted obstacles (such as persons moving in the world).

The method presented in this article is focussed on the position tracking prob-
lem in polygonal environments, i.e. environments that can be represented as
a set of geometric features (like lines, circles, etc.). The approach is thus fea-
sible in any office-like environment in which the availability of straight lines is
usually guaranteed. The assumptions under which the method can be applied
are thus: 1) the robot has at every time a good estimation of its pose in the
environment; 2) the environment can be represented as a set of segments, thus
suitable for polygonal office-like environments.

Hough Localization is based on matching the sensor data acquired by the range
sensor with a model of the environment (a map), and to integrate this match-
ing with odometry information. Hough Localization returns thus a probability
distribution of the absolute pose of the robot in the map and the integration
with odometry information is performed by means of an Extended Kalman
Filter.

The main features of the proposed method in comparison with other localiza-
tion approaches are:

(1) Hough Localization is effective in dynamic environments, since mobile
objects partially occluding lines in the environment do not affect the map
matching process. This is due to the properties of the Hough Transform
that is able to detect an occluded line without any bias and is very robust
to noise given by isolated points (i.e. sensor data coming from objects that
are not modelled in the map).

(2) Position tracking assumption is easy to be achieved by any odometric
system of a mobile robot. The largest position error that is acceptable
for the method to work depends on the map of the environment and may
typically be up to 45 degrees and 1 meter.

(3) Complexity analysis shows that the method is linear in the size of sensor
data and in the number of reference lines in the map, thus making it



feasible for real-time execution.

We have done several experiments to validate the approach, both with the
use of a simulator and by using real robots acting in an office environment,
tracked by a global vision system in order to measure the true position of the
robot. Moreover, we have successfully applied this method in the truly dynamic
environment of the RoboCup middle-size league within the Azzurra Robot
Team [28]. The technique turned out to be very fast and sufficiently accurate
for all the tasks in which the robots were involved in playing soccer, even with
the use of a vision-based range sensor, whose accuracy is considerably lower
with respect to other range sensors (e.g. laser range finders).

The article is organized as follows. Section 2 describes the Hough Transform on
which the method is based. Section 3 describes the probabilistic formalization
of the Hough Localization method, the map matching process in the Hough
domain and the integration with odometry. Section 4 describes experiments
performed for evaluation of the effectiveness of the method. Related work is
described in Section 5 and conclusions are drawn in Section 6.

2 Hough Transform

Hough Localization method is based on the matching between a known map of
the environment and a local map built by the robot’s sensors. Map matching
is not performed in the Cartesian plane of the environment reference system,
but in a parameter space obtained by the Hough Transform. In this section
we introduce the Hough Transform (HT) and its properties that are useful for
developing our localization method.

2.1 Hough Transform for lines

The Hough Transform is a robust and effective method for finding lines fitting
a set of 2D points [6]. It is based on a transformation from the (z,y) plane (a
Cartesian plane) to the (6, p) plane (the Hough domain).

The transformation from (z,y) to (@, p) is achieved by associating every point
P(z,y) in the Cartesian plane with the following curve in the Hough domain

p = x cost + y sinb (1)

At the same time, a point in the Hough domain corresponds to a line in (z, y).
Notice that this is a unique and complete representation for lines in (z,y) as



long as 0 < 0 < 7.

Given a set of sensor data S = {(z;,y;) | ¢ = 1,..,n}, let us define the following
functions:

1 if p=x;cosl + y;sinb
hS(6, p) = g !
0 otherwise

n

HT(0,p) = hi (0, p)

=1

The function HT? (6, p) will be called the Hough Transform of the sensor
data S. In the following sections, however, we will make use of a discrete
representation of this function that we denote with HT®(f, p) and that is
obtained by generating a discrete grid of the (6, p) plane (let §6 and dp be the
step units) and by defining HT(6, p) as the number of points (z,y) whose
corresponding curve (1) lies within the interval [6, 0 + 66] x [p, p + dp].

Observe that it is possible to consider the discrete Hough Transform of S as
a voting space for points in (z,y), in which every point in (z,y) “votes” for
a set of lines (represented as points in (0, p)), that are all the lines passing
through that point. Notice also that, in the case of a set of aligned points in
(z,y), the point in the Hough domain that “receives” the highest number of
votes is the one corresponding to the line passing through all these points.

The Hough Transform has a number of notable properties:

(1) Given a set of input points, a local maximum of HT'(f, p) corresponds to
the best fitting line of these points. Given a set of input points originally
belonging to several lines, local maxima of HT (6, p) correspond to the
best fitting lines for each subset of points relative to a single line.

(2) With respect to other techniques for extracting segments from a set of
points, the Hough Transform is very robust to noise produced by isolated
points (since their votes do not affect the local maxima) and to occlusions
of the lines (since point distances are not relevant). Moreover, in presence
of points belonging to multiple lines no clustering is needed.

(3) Measuring displacement of lines in the Cartesian plane corresponds to
measuring distance of points in the Hough domain. Indeed, the distance
between parallel lines and the angular difference between lines is given
respectively by a Ap and a Af between the corresponding points in the
Hough domain.

An interesting property, that will be useful in the following sections, is in the
relation between the transformations of the sensor readings when the robot



moves.

Property 1. Given the Hough Transform of a set of sensor readings S,
HT®(0,p), and a rotation/translation (7}, T,,0r) of the robot, the Hough
Transform of S with respect to the new pose of the robot will be HT®(¢', p')
such that?!:

if 0 <6+ 60z < then

0 =0+ 05
p'=p+T; cos(0 + 0g) + Ty, sin(0 + Og)

if @ +0r > 7 then

0=0+0p—m
p'=—(p+ Ty cos(0 + 0r) + T, sin(f + 0g))

if @ +60r < 0 then

0’=0+9R+7T
p'=—(p+ Ty cos(0 + 0r) + T, sin(0 + Or))

It is important to notice here that if fz = 0 (i.e. the robot does not rotate) then
§' = 0 (i.e. 6 does not change), and conversely if T, = T, = 0 (i.e. the robot
does not translate) then |p'| = |p| (i-e. the absolute value of p does not change).
In other words, robot’s alignment can be divided in two separate steps: first
determining the orientation with a null translation, and then determining the
translation with a null rotation.

2.2 Hough Transform for circles

The Hough Transform can be extended for detecting circles from a set of points
by using the following parametric curve:

(@—a)+(y— B =r

If we assume that r is known (and thus constant), we have to determine only
two parameters o and 3 corresponding to the center of the circle. The Circle

! We assume here that | 0 [< 7



Hough Transform for the sensor data S will be denoted with CHT®(a, 3).
A property similar to the one for lines can be considered.

Property 2. Given the Circle Hough Transform of a set of sensor readings S,
CHT?(«a, (), and a rotation/translation (7},T,,0g) of the robot, the Circle
Hough Transform of S with respect to the new pose of the robot will be
CHT®(/, 8') such that:

o cosOr —sinfg o T,

o4 sinfr cosfr B T,

3 Hough Localization

Hough Localization is based on map matching between the Hough represen-
tation of two maps: a map of the environment and a local map built by the
robot’s sensors. The displacement between the two maps is used for evaluating
the displacement between the real pose of the robot and the estimated one,
and thus to localize the robot in the environment.

In many recent works [4,13,9,30], localization is considered as the problem of
evaluating the most likely pose of the robot given all the information on the
environment coming from the sensor devices, and thus it is expressed as the
task of evaluating the probability that the robot is at a certain location, given
all the sensor readings.

We assume that at every time-step ¢ the following data are available to the
robot: data from the relative positioning system A’ and data from the range
sensor S*. We also denote with p(l) the probability distribution of the robot’s
pose, with [ = (z,y,0) € ®2 x [0, 27).

Localization can be expressed as the task of evaluating the probability distri-
bution p(l | A?, S%) from the previous distribution p({ | A* !, S*"1), the current
sensor readings A! and S?, and a reference map M.

This task is usually performed in two steps:

(1) Prediction. Predicting the new pose of the robot by dead reckoning from
the previous position (that is computing p(l | A%, S*™!) from p(I | A*!, S*1)
and A%).

(2) Update. Updating the robot pose with the results of a map matching
process between S* and M (that is computing p(l | A%, S*) from p(I |
At S St and M).



Therefore the map matching problem can be defined as follows: given a set of
points acquired by the robot’s range sensors S* and a model of the environment
M, calculate the displacement between the estimated and the current pose of
the robot.

Hough Localization is based on map matching between sensor data and a
reference map that, under the assumption that the environment can be repre-
sented by a set of segments, is performed in the Hough domain. In this way,
the model of the environment will be represented by a set of points in the
Hough domain and the range data points acquired through the sensors are
transformed in the Hough plane as described in the previous section. Local
maxima of the Hough Transform correspond to the best fitting lines of the
sensor points and they will be matched against the map reference points for
computing the displacement needed for a correct re-positioning of the robot.

Finally, the result of map matching must be integrated with odometric infor-
mation in order to determine the “best” estimated pose of the robot.

Summarizing, the Hough Localization method consists in the following steps:

(1) extracting range information from the environment in the form of a set
of point S in the (x,y) plane,

(2) generating the discrete Hough Transform HT*(f, p) of such points,

(3) determining the local maxima of HT® (6, p) (for instance by a threshold),

(4) finding correspondences between local maxima and reference points,

(5) measuring the displacement between local maxima and the corresponding

reference points in the Hough domain (that corresponds to the displace-

ment between the estimated and the current pose of the robot),

(6) integrating map displacement with odometric information.

The critical step of this procedure is the fourth one, that is finding the correct
correspondence between local maxima and reference points. Indeed errors in
assigning correspondences usually lead to large positioning errors that are then
difficult to recover.

In this article we focus the attention on the position tracking problem, in which
an initial guess of the position of the robot is available before performing the
map matching process. Position tracking relies on a small error assumption,
i.e. the actual pose of the robot is close to the estimated one. In the case of
Hough Localization, this assumption depends on the map of the environment,
and in particular, it depends on the distance of map reference points in the
Hough domain. More specifically, if A is the minimum distance on the 6
axis between two map reference points in the Hough domain, and ApM is
the minimum distance on the p axis between two map reference points in the
Hough domain, then the position tracking assumption is that the position
error of the robot must be at every time less than A8 /2 in orientation and



Fig. 1. Map matching in the Hough domain

Ap™ /2 in translation. For example if we consider an orthogonal environment,
in which all the lines are perpendicular among them and therefore there are
only 2 possible directions of segments in the map, with a minimum distance
of 1m between two lines, we can accept positioning errors up to 45 degrees in
orientation and 50 cm in translation. If the position error is greater than this
limit, it is not guaranteed that the robot can localize itself correctly. However,
this limit can be easily achieved by any standard odometric system mounted
on a mobile robot.

Position tracking is usually addressed by representing the probability distri-
bution of the robot’s pose p(l) as a Gaussian, whose mean I, is the most likely
position of the robot and the covariance matrix P, represents its variance.

Under the small error assumption, the correspondence problem can be easily
addressed by adopting a closest matching approach. Indeed, under this as-
sumption, it is possible to easily match a local maximum of HT?®, (6°, p°),
with the closest reference point (6™, p™M).

In other words, it is possible to define a set of intervals in the Hough domain
around the reference points (8, p™) and consider only the local maxima of
HT? belonging to these intervals. Furthermore, for computational efficiency,
we actually compute HT® only in these intervals.

Consider the example shown in Fig. 1, where the robot faces a corner. The solid
segments a, b represent the map model and the set of points a’, b’ represent
data coming from sensor device. All (z,y) data here (and in the following) are
expressed in a robot’s centered reference system 2. The four segments are also
displayed in the Hough domain: a, b (indicated by a circle) are the reference
points, while a’, b’ (indicated by a cross) represent the local maxima of the
Hough Transform applied to the set of input points.

Under the small error assumption, the correspondence problem is solved in this
case by assigning a' to a and b’ to b. Therefore, the displacement between the
estimated and the actual pose of the robot (Az, Ay, Af) is easily computed

2 Observe that it is usually more efficient to convert map data in the robot’s refer-
ence system than sensor points in a global reference system.
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in the Hough domain, as shown in the Figure.

According to the Property 1 described in Section 2, we can first compute the
orientation Af (with p constant) and then Az, Ay (with # constant). In the
example, Af is the difference ap — ay or by — by. In ideal conditions these
differences should be the same; if not, an average between these values allows
for a good approximation. After the correction Af is applied to the robot’s
representation of the map, it is possible to calculate the other two elements
Az = aj, — a, and Ay = b, — b,, that are actually used for re-positioning the
robot.

In case only a set of parallel lines are visible from the sensor, it is not possible
to compute all the values Az, Ay, and A#, but it is still possible to compute
at least A#, applying only an angular correction.

3.1 Sensor data integration with Kalman filter

The map matching method described above provides for a correction of the
estimated position of the robot that must be integrated with odometric infor-
mation. A standard technique for this integration (that is suitable when the
probability distribution of the pose of the robot is represented by a Gaussian)
is using an Extended Kalman Filter (e.g. [24]).

We can describe the dynamics of the robot, with internal state Iy = (z, Yk, 0)"
(corresponding to the estimation of the robot pose), input uy = (8, ax)? (cor-
responding to odometric measurement of translation and angular difference
with respect to the previous pose), and output 2z = (Z, U, ék)T (correspond-
ing to a measurement of the robot pose), as follows

Tpi1 T + 0 cos Oy + ws cos O,
ley1=| yps1 | = | yp + Ok sin 0y + ws sin Oy | = lx + Brugp + Wyw
Ok-+1 Or + o + wq
Tk T+ Vg
=9k | = | vty | Tt
0, O + v

11



where

cos B 0
By =Wy = sinb, 0
0 1

The vectors w = (ws, we)" and v = (vy, vy, vg)" are random variables repre-
senting respectively noise in odometric data and noise in the map matching
process. For these random variables we assume a Gaussian white noise with
zero mean and covariance matrices (0 and Rj.

Extended Kalman filtering is performed in two steps:
1. Prediction. An estimated pose [/, ; of the robot is computed from the

previous pose and odometry and the covariance matrix is updated.

l,;_H = Iy + Bruyg
Pry = ABAT + WiQeWi™

where A, and W, are the Jacobians of the robot dynamics with respect to [
and w respectively:

1 0 =6 sinb, cos O 0
Ap = 0 1 0;cosby Wi = sin6, 0
0 0 1 0 1

2. Correction. The pose of the robot is corrected by the result of the map
matching process. Indeed 2., represent the new pose of the robot according
to map matching.

K = Poy(Poy+Ry)™
lk+1 = l];+1 + K(Zlﬁ-l - ZI;—H)
Pey1w = (I—-K)P,

The effective performance of this filter depends on the definition of the matri-
ces QQx and Ry, whose values should be determined according to the character-
istics of the robot’s sensor devices. Currently in our implementation the values

12



for @ and Ry have been determined by executing several experiments on our
robots. Specifically, we have recorded several runs of the robot in the environ-
ment (storing the values for u; and z; over time) and we have processed these
data with different parameters of the filter in order to obtain “good” values
for Q) and Ry. It is possible to make a more detailed analysis on this issue,
but this is beyond the aims of this article.

3.2  Complexity analysis

Hough Localization is very efficient, since its computational complexity is
O(|S||M|), thus linear in the size of sensor data and of the number of map
reference lines. In fact, we apply the Hough Transform to all the |S| points
acquired by the range sensor and for each of these points we compute equation
(1) for the intervals around the | M| map reference points.

The performance of the system is adequate for real-time execution with a low-
cost color camera and a conventional Pentium based PC, that is on board the
robot. In fact, in our case, most of the computation time (currently around 30
ms.) is taken by the image processing procedure for the extraction of points
belonging to lines and walls of the environment, while the Hough method itself
takes only a few milliseconds of computation time on a 400MHz Pentium CPU.

4 Experiments

Several experiments have been performed for evaluating the precision and the
accuracy of the Hough Localization method presented here. In this section
we first describe some experiments that make use of a simulator, in which
we have evaluated precision and robustness of the approach under controlled
conditions; then experiments with real robots are presented in order to test
the effectiveness of the method under real operation conditions.

4.1 Ezxperiments with a simulator

The accuracy of a localization method usually depends on the precision of
the range sensor. In this section we present some experiments obtained by a
simulation of a range sensor for a mobile robot. These experiments are useful
for evaluating the method under controlled noise of the range sensor.

13
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Fig. 2. Vision range simulator

We have developed a simulator of a range sensor for a mobile robot?® in or-
der to evaluate Hough Localization under different controlled conditions. The
simulator includes a mathematical model of several different types of typical
noises that occur during robot navigation and sensor perception; in this way,
we can model different range sensors (like vision-based, laser range finders,
ultrasonic sonars). In particular, we have modeled a vision-based range sensor
that is able to extract points both from the walls and from lines drawn on the
floor of an environment (a vision-based range sensor has actually been used in
the RoboCup game field [21]). In Fig. 2 a snapshot of the simulator and the
corresponding sensor data extracted by the simulated vision range sensor are
shown.

The following kinds of noise have been implemented in the simulator:

e odometric noise: the position of the robot is affected by a random noise,
such that the position error generally increases over time;

e sensor noise: sensor data are affected by a random noise that increases with
the speed of the robot (this is used for taking into account vibrations of
the camera when a robot moves, that introduces additional errors in the
extracted data;

e systematic error: sensor data are affected by a systematic error that corre-
sponds to errors in the calibration of the camera.

e robot bumps: random movements of the robot in the environment;

e false positives: addition of points that do not belong to any line;
occlusions: removal of points that belong to a line, as occluded by other
objects in the environment.

The models of the environments considered in our experiments are formed by

3 We are grateful to Kurt Konolige for his permission to extend the Pioneer simu-
lator.
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Fig. 3. The RoboCup world model

sets of segments. For example, in the RoboCup environment (see Fig. 3), we
have four segments representing the boards (a,e,f,g), three segments (b,c,d)
and one circle drawn in the field. In an office environment segments would
represent walls of corridors and circular columns could be represented as cir-
cles.

With the use of a simulator it is possible to know exactly the true pose of the
robot at every instant and thus evaluate the position error €(¢) as the distance
between the true pose r(t) and the estimated one [(t):

e(t) = [[1t) —r(@) |

The graphs in Fig. 4 describe the position error €(¢) (in mm) for a typical
navigation of the robot in this environment. The three lines for each graph
represent different errors during the same experiment: 1) the solid light line is
the odometry error (without any localization method applied), 2) the dashed
line is the error of Hough Localization without Kalman filtering, 3) the bold
line is the error of Hough Localization with Kalman filtering. In the second
experiment (Fig. 4b ) the robot was randomly moved to a different position (at
time 100, 200, and 300) that was about 20 cm away form the current position
and with an error of about 20 degrees in orientation.

Since we are within the limits of the position tracking assumption for Hough
Localization in this environment, the robot can recover from this positioning
error.

4.2  Ezperiments with real robots

Evaluation of localization methods with real robots is difficult, because the
approach used with simulation cannot easily be extended. In fact, the real pose
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Fig. 4. Position error (in mm): odometry vs. Hough Localization

of the robots r(t) is not known and it is difficult to measure, unless a setting
with precise sensors is available. Moreover, in several robotic applications,
environments cannot be modified and a setting for measuring robot positions
cannot be set up. Therefore, in these cases, we have only an approximate
measure of the real pose of the robot r'(t), and thus we can compute the
position error for a real robot with

€)= |17t — 1)l

However, notice that in some cases the measurement error in determining the
true robot’s pose is comparable with the localization error, thus affecting the
evaluation of the method. Moreover, since it is generally difficult to measure
'(t) when the robot is moving, the position error €(¢) is often manually com-
puted only at some instants of time (when the robot is stopped) [13], but this
procedure can again affect the results of evaluation, given that, with some
kinds of sensors (like vision-based ones), data are more noisy when the robot
is moving fast.

4.2.1 FEzperimental setting

The experimental setting we describe in this section has been implemented
with the goal of evaluating the performance of the method, considering in
particular its robustness in dynamic environments under real operating con-
ditions of the robots.

Specifically, we have implemented a global vision system, that makes use of
a fixed camera positioned outside the game field for measuring the actual
pose of the robot. This setting does not introduce any modification in the
environment, since vision system is a passive sensor. The images contain a
global view of the field and they are analyzed for recognizing a special marker
put on the robot and for determining its pose in the field.
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Fig. 5. Vision based range data extraction (RoboCup environment)

;

Fig. 6. Vision based range data extraction (office environment)

With this setting, as in the experiments with the simulator, we are able to
estimate the robot’s pose r/(t) and, consequently, monitor the robot’s position
error ¢ (t) during navigation and evaluate the robustness of the self-localization
under real conditions. In other words, our experimental setting allows for
determining an upper bound to the position error of the robot during its
normal activities.

4.2.2  Ezxperimental results

Experimental evaluation of Hough Localization depends on the accuracy of
the range sensor used. For the experiments described here we have used a
vision based range sensors formed by a single CCD color camera put on board
the robot. The reasons for this choice have been not only the reduced cost
with respect to other sensors like laser range finders, but also the intention to
exploit our capabilities of using vision to detect both the walls and the lines
painted on the ground. Obviously, the precision of such a vision based range
sensor is not optimal with respect to other range sensors, and it requires an
additional effort for the calibration of the system, it is however adequate for
our goal to verify the robustness of Hough Localization.

In Fig. 5 and Fig. 6 two examples of data extracted by the vision sensor are
given: the first set of data are from the RoboCup context, the second set is
from a typical office-like environment. Observe that the vision based sensor is
used to detect not only walls in the environment, but also lines drawn on the
ground, that can be effectively used for localization. A detailed description of
the realization of the vision based range sensor is given in [21].
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Fig. 7. Localization error (in mm) over time with a real robot

In order to evaluate the performance of our localization method we have done
experiments with real robots monitoring their position during typical tasks
in the RoboCup environment. The robot position has been taken both as a
result of Hough Localization method [(¢) and from an external vision system
able to track the robot 7/(¢). Given these two trajectories, we have compared
them by computing the distance of the two robot positions over time €(¢).

In Fig. 7 we show a section of the function €'(¢), representing the estimated
position error. In the global experiment (that was run for about 25 minutes) we
had a maximum error of 35 cm and an average error of 15 cm. These numeric
values are affected by the fact that the global vision system can determine
the real robot position only with a precision of about 15 cm, that is thus
comparable with the average error determined.

The error in measuring the real robot position makes this setting not suitable
for a precise evaluation of the accuracy of the localization method, but instead
it has been very useful for evaluating the robustness of localization. In fact, in
this way, we have determined an upper bound for the precision of the method
under real operating conditions: the position error is always limited within a
threshold that is in the worst case 50 cm (35 ¢cm from localization + 15 cm
from the global vision system).

Experiments in the corridors of our laboratory have been performed with sim-
ilar results [27]. In fact, the precision of the method is bound by the accuracy
of the vision based sensor (the same for these two environments). However,
the ability of the vision system to detect walls as well as reference lines drawn
on the ground is exploited to increase the number of features available for
localization thus improving the robustness of the method.

Because of the differences in the sensors used and in the aim of the experi-
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ments, the numerical values given here cannot be directly compared with other
approaches (e.g. [9,13]).

In addition to these experiments performed in our laboratory, the Hough Lo-
calization method has been implemented on the robots of the Azzurra Robot
Team, and effectively used in the 1999 and 2000 RoboCup competitions within
the F2000 League. In this league [23], (i) each soccer player is equipped only
with on-board acting and sensing devices, while global positioning systems are
not allowed; (ii) the environment is highly dynamic (there are many robots
and the ball moving in the field); (iii) the task must be performed contin-
uously for a “long” time (the length of each period is 10 minutes); (iv) the
environment cannot be modified; (v) collisions between robots are possible.
The characteristics of the F2000 RoboCup setting give rise to a difficult sce-
nario for localization methods and thus it has been a good benchmark for
proving robustness of our localization method.

The results of our experiments have proven that the Hough Localization
method is very robust in real dynamic environments even by using a low-
accuracy range sensor based on a vision system. Simulated experiments have
also shown that the precision of the Hough Localization method depends on
the accuracy of the range sensor and thus, by using more precise range sen-
sors (like for example a laser range finder) the precision of localization can be
significantly improved.

5 Related work

Localization for mobile robots has been extensively studied in the past years
and several different approaches have been proposed. Among all, the most
common methods are based on map matching for determining the metric ab-
solute pose of the robot in the environment and on the integration of this
matching with relative positioning information. The Hough Localization pre-
sented here is based on a map matching between a geometric representation of
the environment and of the robot sensor data, that is performed in the Hough
parameter space, and thus it can be directly compared to some recent works.

The localization method presented in [32] is based on two certainty grids: a
global certainty grid, containing data for the reference map, and a local cer-
tainty grid containing data acquired by a range sensor. The Hough Transform
is used for detecting segments from the two grids and the association prob-
lem for determining pairs of segments is addressed by comparing each pair
of segments in order to detect similarities. The computational time for this
method is O(|S||Hg| + [Hmaz||M|), where S is the set of sensor data, H, is
the discretization of the Hough space over the # coordinate, H,,.; is the set of
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local maxima extracted from the Hough space, and M is the number of ref-
erence segments in the map. The Hough Localization method presented here
differs from the above referenced approach mainly in the fact that matching is
performed directly in the Hough space so that, under the position tracking as-
sumption, the computational time is given by O(|S||M]|). Therefore we obtain
an increase in efficiency considering that usually the number of segments in
a reference map | M| is significantly less than the discretization of the Hough
space |Hyg|.

Other feature-based map matching approaches within the Markov Localiza-
tion framework are described in [33,22]: they make use of natural landmarks
extracted from sensor data for matching with reference landmarks. In these
works the environment in which the robot acts is divided into regions char-
acterized by the presence of specific landmarks and Markov Localization is
applied for determining a coarse estimation of the robot position (topological
localization). The approach presented in this paper makes use of geometric
features in the environment, but it is designed for metric localization, thus
allowing for a more precise estimation of the robot’s pose.

Among the methods that do not consider geometric features during the map
matching process the most common is Markov Localization described in [9,11].
The method is based on an explicit representation of the probability distribu-
tion of the robot’s pose in the environment that is updated according to the
sensor readings during robot operation. It is effective in any (not only polygo-
nal) environment and it is adequate for dynamic environments. However, the
computation time of the update process is linear in the three dimensions of
the robot space (z, y, #) and thus the method tends to be computationally
expensive and it requires some heuristics to be applied in order to improve per-
formance [9,10]. Another recent interesting work is Monte Carlo Localization
[8], that is a slightly different version of Markov Localization. While Markov
Localization requires a representation of the whole environment, Monte Carlo
Localization is based on a set of samples representing the possible robot’s poses
in the environment. In other words, only the small portion of the environment
in which the robot may be is represented. These samples are generated dur-
ing robot motion using odometry information and are updated according to
sensor measurements. Monte Carlo Localization is more efficient than Markov
Localization since computation time is linear in the number of samples that
are only a small part of the whole environment. In contrast with the above
approaches, in which computation time is linear in the size of the environment
or in the number of possible poses of the robot in the environment, in our ap-
proach computation time depends only on the number of reference elements
in the map. Therefore, although our approach is limited to position tracking
and in polygonal environments, in these situations it performs more efficiently
than Markov-based approaches.
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Other recent works on localization are based on scan matching or line match-
ing. In [25] a local search in the robot’s pose space is performed in order to
find the best overlap between the current scan and the reference map, without
extracting geometric features from the sensor data. This method can be used
in any environment, but it is more sensible to noise given by unknown objects,
that usually affects the results of map matching. Our method instead exploits
the properties of the Hough Transform in order to discard noisy points (from
unknown objects) not belonging to any line: in this way the result of matching
in our case is not affected by this noise and thus the method performs well in
dynamic environments. In [15] a LineMatch algorithm is proposed for match-
ing lines extracted from sensor data points. This method must deal with the
clustering problem (i.e. associating every point to the line to which it belongs
in case of multiple lines) as well as with noisy points not belonging to any
reference line. The main difference with our approach is that in their case
line extraction and matching is performed in the Cartesian space, while in
our case we exploit the features of the Hough Transform for clustering points
associated to multiple lines and for discarding noisy points, that allow for a
more efficient implementation.

Following the approach proposed in this paper, Hough Localization has been
also used in [26] for mobile robots equipped with an omnidirectional vision
system able to see at every time all the environment (the RoboCup field) in
which the robot acts, and thus to extract lines from the environment to be
matched with a reference map. A 360 degrees view of the RoboCup soccer field
usually allows for determining the position of the robot in the environment
without the need of knowing an estimate of the initial robot pose and thus
without the need of integrating a relative positioning system. Although the
method is quite effective in the RoboCup environment, it cannot be easily
extended to general environments, in which it is usually not possible to see at
every time all the features needed for a global localization.

Among successful applications of localization methods in the RoboCup en-
vironment, besides the work in [15], that we have already mentioned, there
are some interesting approaches that makes use of vision for detecting fea-
tures from the environment. One of these methods is described in [16]. In
this work 2D projections of curves extracted from images are matched against
reference curves characterizing the environment. This matching is performed
by minimizing the distance between the curves and the integration of model
matching and odometry is performed by using a technique similar to the Ex-
tended Kalman Filter. This approach is similar to ours, except for the fact that
matching is performed in the Cartesian space and, as other similar methods
performing matching in the Cartesian space, the need of solving the data as-
sociation problem (that is associating every point to the corresponding curve
to which it comes from) may, in general, affect the efficiency of the method.
Another method presented in [7] describes the application of Monte Carlo Lo-
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calization in the RoboCup environment, based on the extraction of particular
features (or natural landmarks) available in the environment, such as goal
posts, corners, etc. As a difference with their approach, we extract from the
environment a set of points belonging to lines and walls and then transform
these points into lines or circles that are used as features for map matching.
The properties of the Hough Transform allow to detect a line or a circle even
if it is partially occluded: in this way, the situations in which features are
not available for map matching are very limited. As in our case, the accuracy
of the method depends from the precision of the vision system and typical
localization errors reported in their work are comparable with ours. How-
ever, localization methods based on natural landmarks (such as [7]) may fail
in detecting features when, in dynamic environments (like RoboCup), these
landmarks are frequently occluded for a long time, and these situations may
affect the robustness of these methods in dynamic environments.

6 Conclusion

Knowing the position of a mobile robot in an environment (and specifically in
the RoboCup environment) is a critical element for effectively accomplishing
complex tasks requiring autonomous navigation. The localization problem has
thus been investigated from many different perspectives.

In this paper we have presented a self-localization technique for mobile robots
that is suitable with any kind of sensors able to provide range information
about objects in the world. We exploit the robustness properties of the Hough
Transform for defining an effective and robust self-localization method for
dynamic environments. Hough Localization method is adequate for indoor
office-like polygonal environments, and specifically for those environments that
can be represented by a set of segments. Since the availability of geometric
features is critical for the effectiveness of the method, we have experimented
a vision based sensor, that is able to detect both walls and lines drawn on the
ground, so that it is possible to reduce situations in which features are not
detected for a long time, thus increasing the robustness of the method.

Robustness in dynamic environments is guaranteed by the ability of the Hough
Transform to detect lines without any bias in presence of partially occluded
lines and noise given by isolated points representing (mobile) objects that are
not modelled in the map. Finally, the method is linear in the number of sensor
data and in the number of reference lines in the map, therefore its performance
is adequate for real-time execution. An extensive set of experiments have been
performed both by using a simulator and with real robots. Effectiveness of the
method has been also proven by its use on the robots of the Azzurra Robot
Team during official RoboCup matches in 1999 and 2000.
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Future work includes the extension of the method for releasing the posi-
tion tracking assumption and thus attaching the global localization problem.
Global localization can again be determined in the Hough domain, but without
the small error assumption the straightforward application of the technique
proposed in this paper will substantially increase the computational time of
the process, because a search in the Hough space is required to associate local
maxima to reference points. We are currently investigating suitable techniques
to solve this problem.
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