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Abstract. One of the most important tasks on robot soccer is localization. The
team robots should self-localize on the 18 x 12 meters soccer field. Since a few
years ago the soccer field has increased and the corner posts were removed and
that increased the localization task complexity. One important aspect to take
care for a proper localization is to find out the robot orientation. This paper
proposes a new technique to calculate the robot orientation. The proposed
method consists of using a histogram of white-green transitions (to detect the
lines on the field) to know the robot orientation. This technique does not take
much computational time and proves to be very reliable.
Keywords: Robot Orientation, Histogram, Robot Localization, Middle Size
League.

1

Introduction

RoboCup consists of a scientific challenge of Artificial Intelligence, whose main
objective is to build a team of robots to play football against a human team. The
scheduled year for that is 2050. Since 1997, annually new challenges have been added
in order to improve the quality of game on RoboCup. Some of these challenges were
the field size increase and the removal of the corner landmarks.
In order to play soccer each robot uses a vision system to gather information of the
surrounding area, the robot must be able to move, pass and kick the ball, collaborate
with team members, obey to referee commands, etc. Almost all robot decisions are
dependent on its localization. Therefore, one of the main problems in autonomous
football robots can be considered self-localization.
The recent implemented changes on the field are responsible for the blossom of
new ways for self-localization. Before removing the corner landmarks almost all
localization methods relied on those cylinders. The increasing of the soccer field size
also encourages new localization methods, since most robots can only see around
about 4 or 5 meters radius while the field is 18 x 12 meters.
T. Röfer et al. (Eds.): RoboCup 2011, LNCS 7416, pp. 507–514, 2012.
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One of the most used algorithms for self-localization is Monte Carlo [8] [1] [5].
Since Monte Carlo is very used, some improvements on it had been proposed [3] [7].
However, rather than proposing a new localization algorithm, this paper proposes a
new way of sorting out one step of the localization task, namely the orientation. The
proposed approach uses histograms of the transitions between white lines and the
green colour on soccer field.
The histogram of the transitions is used to find out the robot orientation. One
important aspect to take into account is the time required for the localization task; the
better method is dependent on the compromise between the shortest time and the
highest rate of correct position.
This paper is organized as follows. In Section 2, the localization state of the art is
described. In Section 3, the proposed approach which uses histogram is presented.
Section 4 describes the methodology used. Section 5 shows up some results. Section 6
has a discussion about existing localization methods. Finally, Section 7 presents the
conclusions and directions for further work.

2

Background

The team robots moving strategy requires localization of all robots of the team, to find
the goals to kick the ball. These reasons make the localization one of the main
problems on football robots. Before removing the surrounding walls, the landmarks,
and the corners and increasing the size of the football field, the localization was not so
difficult, but nowadays it is a hard task. In [10] one can read a discussion about the
effect on localization after the removal of walls, as it talks about the problem on
localization due to field size increase.
At that time, the sensors most used were laser range finder, odometry and vision
system. However, the laser ranger was more used before removing the walls and
landmarks.
With respect to odometry the problem is the obtained error, since the reading of
encoder is not feasible with such slipping wheels like omnidirectional wheels. In
order to avoid problems with odometry some works propose a way to fix the reading
of the encoders [4]. The sensor still in use, nowadays, is the vision system [7]. The
advantage of vision systems is the possibility of observing 360º.
The most used algorithm to self-localization is Monte Carlo [8] [1] [5]. The
approach is Sequential Monte Carlo or also called Particle Filter. Since this method
was broadly used some improvements had been proposed. This work [3] proposes a
method to the number of samples to be adaptive on Monte Carlo. Already on [7] the
improvement is to use Genetic Algorithm, the evolution operators to generate points
on regions with high post density.
The proposed method in [6] is also very used [9] [2]. It transforms the localization
in an optimization problem. The robot position is the minimum error, i.e. the
minimum of the function. It uses the Kalman Filter to improve the solution, i.e. to
make it smoother. Work [6] has a comparison with Monte Carlo.
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Histogram Approach

The robot location is composed by [x y θ], being θ the robot orientation. The proposed
approach uses histograms to identify the orientation. These histograms count the
transitions between white lines and the green colour on the soccer field, and these
transitions are found by axial searching lines and by radial searching lines.
Histograms are built in two directions; a vertical one and an horizontal one.
Figure 1 shows an example of the system. The image on the centre shows what the
robot sees, the green field with the white lines, with axial lines and radial lines, and
the transitions represented by dots. The figure on the left shows the transitions
represented by white dots, the horizontal histogram (underneath) represented by
straight lines and the vertical histogram (on the right side) represented by straight
lines, of the grabbed image. The figure on the right represents the same information as
on the left part of the image, but with the proper rotation after calculation (transition
are now parallel to the X-Y axis).

Fig. 1. Screen capture of the real image with the transition white/green dots (middle), the
conversion to real distance (left), the rotation and angle displacement finding (right)

The proposed approach in order to calculate the orientation of the robot is: Rotate
the histogram (first part) on the interval θ − 40º until θ + 40º, θ is the last known
orientation, and verify the histogram maximum value (peak value) for each rotation.
Each histogram maximum value, sum of maximum vertical and maximum horizontal,
and the corresponding angle should be saved. The angle in which the highest value
achieved by summing the horizontal and the vertical histogram values, corresponds to
the new orientation of the robot. The 40 was chosen because on one frame the robot
can only rotate this value, at most.
On Figure 1 it can be seen that a larger peak value is achieved when the transitions
are all aligned (third part), therefore, rotating the histogram (first part) some degrees,
in this case 30º, the maximum peak is achieved.
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The decision to use the maximum sum of horizontal and vertical histogram values
was because in some cases one or two histograms can have more than one maximum,
and therefore, more than one solution. The final solution is evaluated with these two
histograms to fuse the information but some other approaches could be used, like the
Mean of these values or considering only the greater value of both. However, the
adopted solution was the maximum sum of them, and when in practice it proves much
more reliable. Sometimes there are many similar histogram peak values. For example,
on Figure 2, one can see on interval 19 to 23, 29 to 32, and 36 to 40 for vertical
histogram. In order to decide the right angle, the sum between horizontal and vertical
histograms is used, therefore, removing the ambiguity. In this case the angle is 30º.

Fig. 2. Histogram peak values of the given example where a maxima was reached at 30º on the
horizontal and hence the Sum histogram

4

Experiments

In order to validate the method, 5 experiments were carried out, the robot was placed
in 5 different places and with different orientations on the soccer field. Figure 3 shows
the locations where the robots were placed to carry out these experiments. The
locations chosen were selected in paces with many lines visible, far away from any
line, near the corner, near the side line, and near a non-straight line. Due to space
restrictions, in the laboratory there is only one half of the soccer field, and therefore,
the experiments were carried out only on one side. The size of the half soccer field, in
our laboratory, is 8.24 meters width by 6.07 meters length.
The locations and orientations chosen have the aim to validate the method, the
transitions occur in higher quantities than in others. The approach in order to compare
the angle’s results of the histogram used trigonometric methods.

5

Results

The software was developed using C++ language, QtCreator IDE and Ubuntu linux
operating system. The computer used was a conventional notebook with a 2.2GHz
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Fig. 3. Conducted experiments with the robot field positions used on the experiments

Core 2 Duo processor. The experiments were: First with 30º, Second with −40º, Third
with 102º, Fourth with 48º and Fifth with −51º. In all cases the error obtained was
below 2º, which is very acceptable considering that robot moves very fast, and the
calculation is carried out every frame. A negative rotation is counter-clockwise (see
experiments second and fifth).
Figure 4 shows the result of the third experiment, and Figure 5 shows a graphical
representation of the vertical histogram, the horizontal histogram and the sum of these
two histograms. In this case, the robot was heading to 120º, and since the search starts
40º before and ends 40º, it started on 80º and ended on 160º. It found the solution on
−18º, which corresponds to 120 − 18 or in other words the robot is heading to 102º.
Once again several peaks can be seen on the histograms. On Figure 5, two peaks
near each other can be seen on the horizontal histogram, while the vertical is almost
constant. However, the peaks are always near.
Figure 6 shows the result of the fifth experiment, and Figure 7 shows the graphical
representation of the two histograms and its sum. The robot was heading to angle
−20º. Figure 7 shows the maximum value of the vertical histogram was not the right
angle, since the right angle was reached because the horizontal overcomes the
vertical.

6

Discussion

The proposed method is a new way for robot orientation. It only uses the histograms
of transitions between white lines and the green field colour on robotic football fields.
These transitions are detected by axial and radial lines. Two histograms are used, one
horizontal and one vertical, and to fuse these two histogram a sum of maximum
values of each is adopted.
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Fig. 4. Screen capture of the real image with the transition white/green dots (middle), the
conversion to real distance (left), the rotation and angle displacement finding (right), all of
experiment 3

Fig. 5. Histogram peak values of experiment 3 where a maxima was reached at 102º on the
horizontal and hence the Sum histogram

Fig. 6. Screen capture of the real image with the transition white/green dots (middle), the
conversion to real distance (left), the rotation and angle dis-placement finding (right), all of
experiment 5
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The processing time spent for angle detection is only 4 milliseconds. Another
advantage is its easiness to use it in other localization methods, because it only needs
the transitions, and some methods use these transitions.
A sum of the histograms to remove ambiguity demonstrated to be reliable, because
it can calculate the angle when the maximum peaks of the histograms are situated on
different intervals.

Fig. 7. Histogram peak values of experiment 3 where a maxima was reached at -51º on the
horizontal and hence the Sum histogram

7

Conclusions

The localization is an important task on the robotic football environment and one
element present on this task is orientation. This paper presents a new way to calculate
the robot orientation using only histograms. The approach to build this is the
transitions between white lines and the green colour on soccer field. The transitions
are found using axial and radial searching lines. There is a vertical and a horizontal
histogram.
The proposed method only requires 4 milliseconds to calculate the correct robot
orientation. Therefore, it can be used on real football environment without penalizing
others computing task, like robot planning and vision systems, allowing the robot’s
main computer to process between 25 and 30 frames per second.
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