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Abstract. Knowing the position and orientation of a mobile robot situ-
ated in an environment is a critical element for effectively accomplishing
complex tasks requiring autonomous navigation. Techniques for robot
self-localization have been extensively studied in the past, but an effec-
tive general solution does not exist, and it is often necessary to integrate
different methods in order to improve the overall result.

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

We have implemented and successfully tested this method in the Robo-
Cup environment and we consider this a good benchmark for its use in
office-like environments populated with unknown and moving obstacles
(e.g. persons moving around).

1 Introduction

A general problem in mobile robot navigation is knowing the robot’s pose (posi-
tion and orientation) in the environment. This is a crucial feature for autonomous
robots performing complex tasks over long periods of time and it is thus a main
requirement for mobile robots involved in the RoboCup environment [2].

Techniques for robot self-localization (see [3] for a survey) can be distin-
guished according to the use of relative or absolute positioning methods. Each of
these techniques provides good results as long as some assumptions are verified.
For example, dead reckoning approaches are accurate only over short runs of
the robot, since error in positioning constantly increases over time. Moreover,
global positioning systems and artificial landmark recognition are effective as
long as the environment can be appropriately structured. Since none of these
techniques provides for a global solution to the self-localization problem, it is
often necessary to integrate different localization methods in order to improve
both the reliability and the precision of the overall result. A typical solution is to
rely on dead reckoning methods (such as odometry) for a short period of time,
and then to apply an absolute positioning method (e.g. map matching).
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In the RoboCup context, and in particular in the F-2000 league, self-lo-
calization is one of the main problem to be addressed for robots since global
positioning sensors are not allowed.

In this paper we present a self-localization method that is based on map
matching by means of the Hough Transform [6] and we discuss the integration
of this technique with other classical positioning approaches.

The method applies to any robot equipped with any kind of sensor that can
give range information about the environment (ultrasonic sonars, laser range
finders, vision and stereo vision systems, etc.), and it is quite adequate for in-
door office-like environments, and specifically for those environments that can
be represented by a set of segments, and has been successfully tested in the
RoboCup environment. We have used this method in RoboCup-99 within the
ART team [13] by making use of vision based line extraction procedures per-
forming as a range data sensor.

The technique turned out to be sufficiently fast and accurate and the use
of a vision based range sensor allows the application of the method even if
current boards in the field are replaced by lines on the ground (that will be
eventually adopted in the RoboCup competitions). Furthermore, we believe that
the RoboCup environment is a good benchmark for the use of the method in real
office-like environments, since several features are in common with the RoboCup
environment: segment-based representation of the map, the possibility of using
any kind of range sensor, the presence of unknown obstacles occluding part of
the reference lines.

2 Self-Localization in the RoboCup Environment

The RoboCup competition consists of soccer matches between robotic teams [2].
In the F-2000 context, each soccer player is equipped with on-board acting and
sensing devices.

The RoboCup environment assumes the following characteristics that must
be considered for the choice of localization methods:

1. the geometry of the walls delimiting the field and of the lines drawn on the
field is known,

2. the environment is highly dynamic (there are many robots and the ball
moving in the field),

3. the task must be performed continuously for a “long” time (the length of
each period is 10 minutes),

4. the environment cannot be modified,
5. crashes among robots are possible.

All these factors determine a difficult scenario for localization methods. Indeed,
dead reckoning methods are not effective for localization, since they accumu-
late errors over time and they cannot deal with crashes among players. On the
other hand, absolute positioning methods must consider the high noise in ac-
quiring information from the environment due to varying conditions during data
acquisition (e.g. other robots moving around).
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One of the most common class of methods for absolute positioning is model
matching, that is the process of determining the pose of the robot by a matching
between a given model of the environment (a map) and the information acquired
by the robot’s sensors. Observe that these methods require an a priori knowledge
of the environment (a map), but they do not require ad hoc modifications in the
environment.

In the following sections we present a self-localization method that is based
on matching a geometric reference map with a representation of range informa-
tion acquired by the robot’s sensors. We exploit the properties of the Hough
Transform for recognizing lines from a sets of points, as well as for calculating
the displacement between the estimated and the actual pose of the robot.

3 Hough Transform based Localization

The self-localization method we are going to describe (see also [10] for a more
detailed description) is based on a matching between a known map of the envi-
ronment and a local map built by the robot’s sensors. The matching is performed
between the Hough representation of both the reference map and the local map.

3.1 The Hough Transform

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 (x, y) plane (a
Cartesian plane) to the (θ, ρ) plane (the Hough domain).

The transformation from (x, y) to (θ, ρ) is achieved by associating every point
P (x, y) in the Cartesian plane with the following curve in the Hough domain
ρ = x cosθ+y sinθ. At the same time, a point in the Hough domain corresponds
to a line in (x, y). Notice that this is a unique and complete representation for
lines in (x, y) as long as 0 ≤ θ < π.

A graphical representation of the Hough Transform can be obtained by gen-
erating a discrete grid of the (θ, ρ) plane (let δθ and δρ be the step units), and by
defining HT (θ, ρ) as the number of points in (x, y) plane whose corresponding
curve lies within the interval (θ ± δθ, ρ± δρ).

Observe that it is possible to consider a Hough grid as a voting space for
points in (x, y). In other words, every point in (x, y) “votes” for a set of lines
(represented as points in (θ, ρ)), that are all the lines passing through that point.
Notice that, in the case of a set of aligned points in (x, y), the point in the Hough
domain that “receives” the highest number of votes is the one corresponding to
the line passing through these points.

The Hough Transform has a number of interesting properties:

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

3. Measuring displacement of lines in the Cartesian plane corresponds to mea-
suring distance of points in the Hough domain. Indeed, the distance between
parallel lines and the angular difference between lines is given respectively
by a ∆ρ and a ∆θ between the corresponding points in the Hough domain.

3.2 Self-Localization in the Hough Domain

For applying the self-localization method in the Hough domain, we consider
any sensor which returns a set of points, in the local coordinates of the robot,
corresponding to a surface of an object. Observe that, in general, these 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).

Given this set of points acquired by the robot’s sensors and a model of the
environment, we want to calculate the displacement between the estimated and
the actual pose of the robot.

Under the assumption that the environment can be represented by a set of
segments, and in order to exploit the properties of the Hough Transform, we
address the localization problem in the Hough domain. In this way the model of
the environment is 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. The map matching process is thus
performed over points in the Hough domain and the displacement needed for a
correct re-positioning of the robot is easily calculated in the Hough plane.

Summarizing, the Hough Transform based localization method consists in
the following steps:

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

2. applying the Hough Transform to the set of points generating a discrete
Hough grid HT (θ, ρ),

3. determining the local maxima 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.

One of the most important issues that must be considered in the applica-
tion of the method is that finding correspondences between local maxima and
reference points (the fourth step) can lead to incorrect matching and thus to a
large error in repositioning. We adopt two different strategies for dealing with
this problem:
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1. assuming that odometry provides for an almost correct position over a short
time, (small positioning error assumption), the matching is performed be-
tween a local maximum and the nearest reference point;

2. in case of ambiguities, we apply a more general procedure that acquires
a greater amount of data about the environment (by integrating different
sensor data) and performs an overall match between the set of local maxima
and the set of reference points.

It is important to notice that in some cases it is possible to detect ambiguities
and thus to avoid large errors, while in other cases this is not possible. Therefore
external information are required for avoiding the application of the method in
those situations in which it is not accurate. We will discuss in section 5 the
integration of the Hough based method with other localization method.
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Fig. 1. Map matching in the Hough domain

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 devices. 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. In the Hough domain it is easy to calcu-
late the displacement between the estimated and the actual pose of the robot
(∆x,∆y,∆θ).

In the example, ∆θ is the difference a′θ−aθ or b′θ−bθ. In ideal conditions these
differences should be the same; if not, an average between these values allows
for a good approximation. After the correction ∆θ is applied to the robot’s
representation of the map, it is possible to calculate the other two elements
∆x = a′ρ − aρ and ∆y = b′ρ − bρ, that are actually used for re-positioning the
robot.

The accuracy of a localization method usually depends on the accuracy of
the range sensor. If we consider an ideal range sensor, the noise introduced by
the Hough method is due to the discretizazion of the Hough grid. Therefore the
grid intervals δθ and δρ provide an upper bound on the accuracy of the Hough
localization method itself.

322 L. Iocchi and D. Nardi



Finally, the complexity of this method is O(n+m), where n is the number of
points returned by the range sensor and m is the dimension of the Hough grid,
and it is thus adequate for real-time implementation.

4 Vision based range sensor

In order to apply the method described in the previous section to the RoboCup
environment it is necessary to design a range sensor. The choice of a range sensor
depends on the characteristics of the environment and not on the localization
method.

Among other possible range sensors (ultrasonic sonars, laser range finders,
and stereo-vision systems), we decided to implement a vision based range sensor
that makes use of a single CCD color camera put on-board to the robot. The
advantages of using a color camera with respect to other sensors are:

1. the use of colors to detect lines and boards;
2. it is possible to extract range information from the boards of the field as well

as from the lines on the ground;
3. vision is a passive sensor and there are no interferences with other sensors

mounted on other robots.

On the other hand the use of a vision system requires an additional effort for
the calibration of the system.

We describe in the next sections the calibration techniques that have been
used for tuning the system and then the range data extraction procedure.

4.1 Camera Calibration

In order to extract accurate range information from the environment it is nec-
essary to accurately calibrate the vision system. This calibration consists in: (i)
finding some critical parameters that are used for world reconstruction, that can
be divided into internal and external parameters; (ii) tuning the color filter that
is necessary to compensate for luminosity variability.

The method we are using (unlike many others) allows the calibration of
internal and external parameters separately. This is very useful since internal
calibration (that is related to the actual device) is usually performed the very
first time we use a new camera, while external calibration (that depends on the
position of the camera on the robot) is necessary almost before any match.

Internal Calibration. The internal parameters of the camera are mainly neces-
sary for removing lens distortion and for computing the geometry of the camera.
In other words these parameters are used to relate the ideal model of the camera
(pinhole model ) with the actual device by the following equations1:

x = (i− Cx)Px (1 + k1r
2
d)

y = (j − Cy)Py (1 + k1r
2
d)

1 We make use of a simplified model of distortion that is usually quite effective with
several common cameras.
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Fig. 2. Internal calibration

The above equations relate each point (i, j) in the image frame with a
point (x, y) in the pinhole model of the camera. The parameters Px and Py

are usually provided with the technical specifications of the camera, and r2d =
((i − Cx)Px )2 + ((j − Cy)Py )2. Therefore the parameters that must be found
are the first coefficient of radial distortion k1 and the center of the distortion
(Cx, Cy).

In order to calculate these parameters we make use of an easy calibration
procedure that consists in putting a camera in front of a drawing containing only
straight lines and starting an automatic calibration procedure that minimizes the
overall distortion of the image over the three parameters k1, Cx, and Cy (see
[11] Sect. 7.3 for further details).

In Fig. 2 the original image is shown in the left side, and the undistort image
computed with the internal parameters found by the calibration procedure is
shown in the right side. It is important to notice that this method does not
require the knowledge of the position of the lines in the world, and thus can be
applied without knowing any external parameter.

External Calibration. External calibration is the task of calculating the parame-
ters that are necessary for world reconstruction. Performing this calibration after
the computation of the internal parameters, allows the use of the equations of
prospective geometry referred to the pinhole model of the camera.

x = f
Xc

Zc
y = f

Yc

Zc
(1)

These equations relate a point (x, y) in the pinhole camera model to a point
(Xc, Yc, Zc) in a 3D reference system relative to the camera, with f being the
focal length of the lens that is usually provided by the camera technical specifi-
cations.

Since we want to express data in a reference system relative to the robot
(X,Y, Z), and not to the camera, we need to compute the translation and the
rotation of the camera reference system to a robot reference system. External
parameters are thus the six parameters necessary for determining the rotation
and the translation of the camera reference system with respect to the robot
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reference system. In this way we can compute the position of a point (X,Y, Z)
in the robot reference system from the point (Xc, Yc, Zc) in the camera reference
system.

Notice that equations (1) are not sufficient for determining a point (Xc, Yc, Zc)
(and hence a point (X,Y, Z)) in the world given a point (x, y) in the image. As
described in Sect. 4.2, we add a third equation (actually Z = 0) since we are
interested in points that are on the ground.

Color Calibration. Color calibration is necessary for compensating the variance
of lumonisity in different parts of the field. We make use of a simple color filter on
a HSV representation of the image that transforms the color of every pixel into
one predefined color. Specifically, given a set of predefined colors (Hi, Si, Vi), i =
1..n, each pixel (h, s, v) is transformed into (Hi, Si, Vi) iff

|h−Hi| < ∆Hi |s− Si| < ∆Si |v − Vi| < ∆Vi

The filter parameters Hi, Si, Vi, ∆Hi, ∆Si, ∆Vi for i = 1..n, must be accu-
rately tuned. Many techniques can be used for finding these values (from manual
search to neural network approaches [1]), in any case we found out that the ef-
fort necessary for finding a set of parameters that are adequate in many different
brightness situations is deeply related with the quality of the camera.

4.2 Range data extraction

The calibration procedure described above allows for an image pre-processing
that is in charge of removing lens distortion and luminosity variances. After this
process we obtain an image that is in accord with the pinhole model of the
camera and in which each pixel assumes one of a limited set of predefined colors.

Fig. 3. Vision based range data extraction

Range data extraction is thus performed by the following steps (see Fig. 3):

1. points belonging to the lines of the field and to the base of the boards are
detected by a correlation procedure identifying green-white boundaries on
the image;
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2. these points are transformed in the robot coordinate system by using the
prospective geometry equations (1) and the equation Z = 0 that states that
the points are on the ground.

5 Hough Transform based Localization in the RoboCup
Environment

In order to provide our robot soccer players with an effective and robust local-
ization method for the RoboCup environment, we apply the Hough Transform
based localization method to the points extracted by the vision system corre-
sponding to the boards and the lines in the field.
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Fig. 4. The RoboCup world model

The model of the RoboCup environment is shown in Fig. 4. We consider
seven segments corresponding to the four boards a,e,f,g and the three lines b,c,d.
Observe that the walls are real obstacles for the robot, while lines are drawn in
the field and do not correspond to obstacles. However, the vision range sensor is
able to extract range information from both of them and thus we can consider
both boards and lines for map matching.

A self-localization task is displayed in Fig. 5. We have verified that isolated
noisy points do not affect the displacement measures and that the method is very
robust to occlusion of lines, because of the properties of the Hough Transform.

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 of
the robot. In fact, in our case, most of the computation time (currently around
30 ms.) is taken by the image processing procedure for line extraction, while
the Hough method takes a few milliseconds of computational time. As for ac-
curacy, when the vision system is well-calibrated, we obtain good results with a
discretization of the Hough grid (and hence an average precision) of 3 degrees
for θ and of 10 cm for ρ.
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Fig. 5. A self-localization example

6 Integration of Self-Localization Techniques

Several localization techniques can be used in the RoboCup environment, such as
odometry, absolute orientation with a compass, and natural landmark detection.

Odometric measures allows for a relative positioning that is reliable over a
short period of time and as long as the robot is not involved in any crash. In our
Pioneer robots2 we make use of their built-in odometric system.

We also makes use of an electronic compass that provides information about
the orientation of the robot. These values are often precise and reliable, unless
a magnetic field produced by another robot passing by makes the values of the
compass extremely incorrect.

Natural landmark detection are based on the a priori knowledge of the ab-
solute position of some objects (landmarks) in the field and on the ability of
recognizing these landmarks and place them in the environment. The effective-
ness of these techniques is related to the reliability of object recognition and to
the precision in object positioning. We have implemented vision based routines
for detecting the poles of the goals and the corners of the field and we adopt
a triangulation method for calculating their position in the field. By knowing
the actual position (with respect to the robot) of a number of landmarks in the
field and their predefined absolute position, it is easy to compute the absolute
position of the robot in the field.

Having a number of localization techniques, we must deal with integration
of their results. Observe that this is a very important issue since the process
of updating the robot’s pose cannot take place in an uncontrolled way. In fact
we have identified two different positioning strategies. The first one, that we
call passive, is normally used and is based on the combination of an odometric

2 Pioneer robots are the commercial versions of the Erratic robot [12] and are produced
by ActivMedia Inc.
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method and the above Hough Transform based method. This process is con-
tinuously executed during the robot’s task execution. The second one, that we
call active, is used in special situations (e.g. a kick restart) and takes complete
control of the robot to determine its position in the field without relying on any
previous information about it.

The difference between the two strategies is that the passive one is performed
concurrently with respect to all the other tasks of the robot, while the active
one is performed by taking full control of the robot.

Moreover, during the passive positioning there exist a number of situations
in which it is not convenient to apply an absolute positioning method: this is
due to the possibility that absolute positioning introduces an error that is larger
than the odometric error we want to correct. For example updating the robot’s
position when it is involved in critical tasks, such as positioning for kicking the
ball towards the opposite goal, could cause an overall behavior which performs
worse than the one affected by a position error.

In other words, we must provide the robot with the capability of deciding
which kind of information integration is to be performed depending on its current
state. To this end, we believe that numerical techniques for data fusion are not
always adequate in this context. For example, consider data coming from an
electronic compass: we have detected that in some situations (e.g. when another
robot is moving close around the robot) these values are completely incorrect and
numerical techniques for data fusion are affected by a large error provided by the
compass value. It is thus necessary to make use of rules that define situations in
which to apply a certain integration method, such as “if there is a robot moving
close around then do not consider compass values”.

We are thus working on the definition of a framework for information integra-
tion based on high-level rules. Specifically, the antecedent of one of these rules
specifies the conditions under which it is possible, necessary and convenient to
perform a self localization, while the consequent selects those methods that are
appropriate in this context and specifies how they should be integrated. This set
of rules is interpreted by the robot’s control system periodically and a decision
about whether and how to perform a self-localization task is taken depending
on the current situation in which the robot is.

An important feature of this framework is that it provides the programmer
of the robot with a powerful and flexible way of dealing with sensor data fusion,
and in fact it allows for defining complex criteria for information integration.

7 Conclusion

Knowing the position of a mobile robot in an environment (and specifically in the
RoboCup environment) is a critical element for effectively accomplishing com-
plex tasks requiring autonomous navigation. The localization problem has been
thus addressed in the past from many different perspectives. In particular, abso-
lute positioning methods based on map matching have been extensively studied
(see [5, 14] for occupancy grid matching strategies, [9] for the angle histogram
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method, [4] for a probabilistic approach, [8] for scan matching techniques, and
[7] for experimental comparisons).

They present different solutions that are generally robust to sensor noise, am-
biguous situations, partial model description. However, in a moderately crowded
and dynamic environment, map matching based localization methods must also
be robust to noise given by unknown objects sensed by range sensors. The dif-
ficulty in dealing with this kind of noise, that is typical in real environments, is
that it cannot be appropriately modelled.

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 Trans-
form for defining an effective and robust self-localization method for dynamic
environments. The technique is adequate for indoor office-like environments, and
specifically for those environments that can be represented by a set of segments,
and has been successfully tested in the RoboCup environment.

Finally, we believe that an effective integration of self localization methods
should consider both the situations in which they are necessary and reliable
and the current state of the robot. The definition of a high-level rule-based
framework allows for describing complex criteria for information integration and
for applying localization methods in a controlled way.
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