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Abstract. The main goal of this paper is to present a simple, but robust
algorithm for detecting white goals in the context of the RoboCup SPL (Stan-
dard Platform League). White goals will be used for the first time in the SPL
competitions in 2015. The main features of the algorithm are a robust search
strategy for detecting the goal posts, and the use of the Y channel image, instead
of the color segments, for determining and characterizing the goal posts and the
horizontal crossbar. This last aspect is crucial for detecting a white goal placed
in a white background. The algorithm is validated in the real world (real robot in
a SPL field), showing its ability to detect the while goals even when they are
observed in a white background.

Keywords: Robot soccer � SPL league � Color vision systems � Object
detection

1 Introduction

As everybody knows in the soccer robotics community, the detection of the field’s
objects (goals, lines, ball, players) is essential for playing soccer properly. Given that,
the robust detection of objects in dynamic and cluttered environments is a complex
task, and considering that legged soccer robots have normally low-computational
capabilities, at the beginning of the RoboCup soccer competitions the use of colored
objects and beacons was introduced, with the purpose of facilitating the use of
color-based vision systems.

Given that the final goal of the RoboCup is to build robots that will be able to
compete and defeat humans in real-world fields, the mentioned constraints are relaxed
from year to year. For instance, at the beginning of the former Four-Legged league,
which after moving from 4-legged robots to humanoid robots is now called Standard
Platform League (SPL), 6 colored beacons and 2 colored and solid goals were used.
The 6 colored beacons were first reduced to 4, then to 2, and finally they disappeared.
The colored and solid goals were first transformed into non-solid goals composed by 2
goal posts and 1 horizontal crossbar. Then the color of both non-solid goals was set to
yellow, and this year (2015), the goals will be white for the first time. That means that
they will be similar to the goals used in most human soccer matches.
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The use of white goals is more challenging than the use of yellow ones, because in
the image space they can be mixed up with the field lines, but also because in many
human indoor environments the walls are white.

In this context, the main goal of this short paper is to present a simple, but robust
algorithm for detecting white goals in the context of the SPL. The main features of the
algorithm are a robust search strategy for detecting the goal posts, and the use of the Y
channel image, instead of the color segments, for determining and characterizing the
goal posts and the horizontal crossbar. This last aspect is crucial for detecting a white
goal placed in a white background.

The proposed algorithm is validated in a real SPL field. The article is organized as
follows: Sect. 2 describes relevant related work. Section 3 describes the proposed
algorithm, and Sect. 4 the experimental results. Finally, conclusions are drawn in
Sect. 5.

2 Related Work

In the RoboCup Soccer community the visual detection of field objects is a well know
problem, which has been tackled by most of the teams. Some seminal works are the
following. In 1999 Bandlow [1] developed a vision system based on color classification
for object recognition and localization in a RoboCup scenario. Using the previous
knowledge of the objects and their respective colors, the image is segmented in one of
those possible colors, in order to find object candidates. Then, strictly defined con-
straints of color and shape are stored in a database and compared with the possible
objects. Jamzad [2] introduced a novel color model for shape and object detection.
They use “jump points” to take advantage of the perspective information of the image
in order to obtain a fast object recognition process. Zagal [3] tries to automatize the
object detection problem by using supervised learning approaches. Loncomilla and
Ruiz del Solar [4] describe a complete different object recognition approach based on
the use of interest points and descriptors. Hartl [5] adds robustness to the problem of
objects detection using color similarities. Other works addressing important aspects
such as color invariance, the use of natural light, robustness, and the use of context
information are described in [6–12].

Specifically in the goal detection problem, Canas [13] use means of color based
segmentation and geometrical image processing methods to detect goals and determine
the positions of the robot according to it.

The here-proposed approach is based on the B-Human code release [14], which is
based on [15]. In this approach, a new color segmentation method is proposed, where
colors are mapped not only to unambiguous but also to ambiguous color classes. In order
to find the goal post, the image is horizontally scanned at the projected horizon height of
the robot, in order to find yellow pixels that represent a possible goal post (because until
last year all goals were yellow). Then, after finding the edges of the goal post candidates,
several filters are applied in order to discard the false positive detections. As mentioned,
the proposed algorithm is based in [15], but the goal post is not searched at the projected
horizon height of the robot, but at the field boundary. In addition, the goal is charac-
terized using the original Y channel image, and not the segmented one.
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3 White Goal Detection Algorithm

In order to find a white goal in the image under analysis, the following steps are made:
Detection of Posts Bases, Determination of Posts Heights, Determination of Posts
Widths, Filtering and Characterization (see Algorithm 1). These steps allow finding
any possible post inside the image, to filter out the ones that do not represent a real
goal, and to characterize the real ones considering the detected posts.

INPUT: the image 
OUTPUT: a detected goal
find bases of every possible goal post 
for each possible goal post base
   find upper and lower edges // determination of
                                 the goal post height 
   calculate goal post width // determination of the goal
                                 post width 
   filter goal post // filtering
end for 

goal characterization

Algorithm 1. Pseudo code of the general algorithm that allows finding white goal posts
in an image.

3.1 Detection of Posts Bases

In former approaches developed for solving this problem, a horizontal scan through the
image is carried out, and every white-segmented pixel is analyzed as a possible
goal-post-base candidate. The scanning needs to be done in only one row of the image
and, as long as this row stays below the projected horizon of the robot, any existing
goal post in the image should cross the scan line.

However, the challenge is to distinguish the white goal-post-base in a white
background. This can be addressed by a proper selection of the scanning line, which
does not need to be horizontal anymore. In the proposed algorithm a scan through the
field boundary is performed. This boundary is a convex hull of the green pixels that
represent the field. As it can be seen in Fig. 1, the goal post bases are always below the
field boundary line, so this can be used as a scan line that will always cross the base of a
goal post. Also, the background of this scan line will be always green, so it is still
possible to use the segmented image to find the goal post’s base.

The proposed algorithm is shown in Algorithm 2. The function yBoundaryValue
(x) returns the row value of the field boundary for a given column x. The algorithm
searches white segments by finding first the transition between a green and a white
pixel, and then the transition between a white and a green pixel. Next, it uses the
transition coordinates as the start and the end of a white segment (goal post candidate).
The center of the base of the goal post candidate is calculated by averaging these two
points.
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INPUT: the image 
OUTPUT: center of all posts candidates 
x
while x  image.width do

y yBoundaryValue(x)
while imageColor(x,y) != white do

       y yBoundaryValue(x)
       x x

end while 
p_i  (x,y) 

    while imageColor(x,y) != green do
       y yBoundaryValue(x)
       x x

end while 
p_f  (x,y) 

    p_mid  (p_i + p_f)/2 
    savePostCandidateMid(p_mid) 

end while

Algorithm 2. Pseudo code of the algorithm that scans the image searching for white
segments that correspond to candidates of goal posts.

3.2 Determination of the Posts Heights

After detecting a possible goal post’s base, a bi-directional vertical scan is performed,
in order to find the edges of the goal post. Then, the upper edge of the goal post is
scanned horizontally in order to determine if it is a left or a right goal post.

When scanning in the downward direction, no major problem exists, because the
pixels inside the field are correctly segmented, then, finding the green base is an easy
task. However, when going upwards, the white-background problem shows up,
because a lot of non-goal post’s pixels could be segmented as white pixels. Therefore,

Fig. 1. Field boundary detection examples.
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while the scan is performed, the image’s real intensity values are considered, because
small intensity gradients could indicate the end of the goal post. In Fig. 2 various
shades of white are measured in the Y, Cb and Cr channels. It can be seen that the
intensity gradients are more evident in the Y channel.

INPUT: initial point p = (x,y) and color 
OUTPUT: final point  p_f = (x_f,y_f) 
int  imageIntensity(p) 
p  moveForward
while f(int – imageIntensity(p)) < threshold and color ==
     imageColor(p) 
   int  imageIntensity(p) 
   p  moveForward
end while 
p_f  p 

return p_f

Algorithm 3. Generic pseudo code that scans the image in any direction until a color
difference or an intensity gradient is found.

Algorithm 3 shows the pseudo code of the algorithm that scans the image in any
direction using the pixel’s intensity information. The function f represents the policy
used to detect changes in the Y channel. It could be an absolute value between one
pixel and the next one or an absolute value between the current pixel and all the
previous ones low pass filtered by a Gaussian kernel. The function moveForward
implements different ways of scanning the image, according to the current direction. It
only moves inside the image and it handles the noise in the segmentation, using a

Fig. 2. Shades of white measurements in different channels. The blue line on the image indicates
the position where the pixels values were evaluated. The graphs indicate the value of each
channel of the YCbCr color space (Color figure online).
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configurable step size hysteresis. For the upward scan, it handles the possible tilt of the
post, which could appear when the robot is in motion, or when the post is watched from
a certain perspective. In Fig. 3 a tilted post is shown. As it can be observed, the upward
scan is carried out satisfactorily.

Then, using Algorithm 3 it is possible to determine the height of the post. Figure 4
shows an example where a traditional approach, which uses only the color-segmented
image, and the proposed one, which uses the color-segmented image and the pixel
values in the Y channel, are used for determining the goal post edges. It can be seen
that only the proposed approach carried out this task properly, even when the back-
ground is white.

Fig. 3. Example of an upward scan in a tiled post. The function moveForward() recalculates the
width and allows to continue the scan. It also clips the scan inside the image.

Fig. 4. Comparison between two different approaches used for finding the goal post’s edges.
Left, only the color-segmented image is used. Right, the color-segmented image and the pixel’s
intensity information are used (Color figure online).
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3.3 Determination of the Posts Widths

After finding the upper and lower edges of the goal post, a line is drawn between these
edges. Then, the goal post’s width is analyzed in a discrete number of points inside the
plotted line. For that purpose, in every chosen point of the initial line, a bi-directional
horizontal scan is made. In this step, the same algorithm shown in Algorithm 3 is used.

Figure 5 shows the difference between scanning the image when using and not
using the pixel’s intensity information to find the goal post’s width. Even though the
algorithm did not work perfectly, the detection can be done, thanks to the filtering
algorithm described in the next section. Also, the detection of the goal post’s width in a
white background environment cannot be done if the pixel’s intensity information is
not used.

3.4 Filtering

Finally, all the possible posts are filtered out, in order to eliminate false positive
detections. The principal filter uses the information of the lower edge and the width of
the possible goal post to do the classification. First, the distance of the goal post to the
robot is calculated using its lower edge position on the image, and the position of the
projected horizon on the image. This allows calculating a scaled orthographic pro-
jection of the lower edge of the post that gives an estimated position of the post foot in
local coordinates. Then, since the actual goal post proportions are known, the calcu-
lated goal post’s width value can be compared with the expected one, which can be
calculated using the goal post’s distance. In Fig. 5, the width values that correspond to
the expected width values are shown in green, while the wrong ones are shown in red.
Thus, using the proportions between the correct and incorrect width values, the false
positives are filtered out.

Fig. 5. Goal post’s width detection example. Left, only the color-segmented image is used.
Right, the color-segmented image and the pixel’s intensity information are used. The green and
red lines represent good and bad goal-post width detections, respectively, according to the
expected width of a goal post in the image. The green lines are obtained during the filtering step
(Color figure online).
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3.5 Characterization

The last step consists in characterizing a goal using all the post detections made before.
To do this, a simple heuristic is applied, given that in one frame only one goal can be
seen, so it is possible to watch only two posts at the same time. The distance between
these two posts is also used to discard false positive detections, because the aspect ratio
of a complete goal is known. Then, using the distance information of each post, the
goal distance and angle to the robot is calculated. This steps are skipped if only one
post is detected, and if more than two post are detected, all the detections are discarded.

4 Results

The described algorithm was tested using two real videos collected by the robot inside
a SPL field. The first video considered only non-white backgrounds, and the second
one white backgrounds. Please note that all the statistics shown below were calculated
using the detections made by the robot itself.

The first video contained 1,873 frames, non-white backgrounds, and the goal was
visible in 576 of the 1,873 frames. A person moved the robot to different positions on
the field. Like so, the robot was able to look the goals and other parts of the field.
During the video recording process other robots were placed on the field, making this
situation closer to a real one. The second video consisted of 1,317 frames, white
backgrounds, and the goal was visible in 354 of the 1,317 frames. As in the first case, a
person moved the robot, and other robots were present in the field too.

The detection results are shown in the Table 1. As it can be observed, the detection
rate is very high, *96 % when non-white background are used, and *86 % in the
white background case. Also, in this last case a few false positive detections appear (4
in 1,317 frames). Nevertheless, both result are satisfactory, because one of the most
important concerns was the possible confusion between the goals and others white
objects present on the field, such as robots and lines, which did not happen during the
experiments. Another concern was the difficulty in distinguishing the white goal with a
white background, which almost did not happen in the experiments.

It is important to say that the false positive cases occurred when the difference
between the goal post and the white background were minimal. In those cases, the
upward scan came out of the goal post, and the algorithm detected a false goal post next
to the real one. So in these cases, the result of this false detection was not that bad
because a real goal post was close.

During the described tests, the computational time of the algorithm was measured
in the robot. In average it takes 0.09 ms, with maximum and minimum picks of 0.15 ms
and 0.05 ms respectively.

Table 1. Overview of the detection results.

Non-white background White background

True positive rate 0.96 0.86
Number of false positives 0 4
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5 Conclusions

White goals will be used in the SPL league competitions, in 2015, for the first time. In
order to address this new challenge, this paper proposes a simple, but robust algorithm
for detecting white goals. The main features of the algorithm are a robust search
strategy for detecting the goal posts, and the use of the Y channel image, instead of the
color segments, for determining and characterizing the goal posts and the horizontal
crossbar. This last aspect is crucial for detecting a white goal placed in a white
background.

The proposed algorithm was validated in a real SPL field. The obtained results
showed that the proposed algorithm is able to detect goals even when they are observed
in white backgrounds, and that the goals are not mixed up with other white objects such
as lines and robot’s parts. Nevertheless, this algorithm strongly relays on a
well-detected field boundary, so if this detection fails, the entire algorithm would fail,
because it would be impossible to detect correctly the goal post bases. Although the
boundary detection is usually good, this adds a new dependency to the proposed
algorithm.

Acknowledgments. This work was partially funded by FONDECYT Project 1130153.

References

1. Bandlow, T., Klupsch, M., Hanek, R., Schmitt, T.: Fast image segmentation, object
recognition, and localization in a RoboCup scenario. In: Veloso, M.M., Pagello, E., Kitano, H.
(eds.) RoboCup 1999. LNCS (LNAI), vol. 1856, pp. 174–185. Springer, Heidelberg (2000)

2. Jamzad, M., Esfahani, E.C., Sadjad, S.B.: Object detection in changing environment of
middle size RoboCup and some applications. In: Proceedings of the IEEE International
Symposium Intelligence Control (2002)

3. Zagal, J.C., Ruiz-del-Solar, J., Guerrero, P., Palma, R.: Evolving visual object recognition
for legged robots. In: Polani, D., Browning, B., Bonarini, A., Yoshida, K. (eds.) RoboCup
2003. LNCS (LNAI), vol. 3020, pp. 181–191. Springer, Heidelberg (2004)

4. Loncomilla, P., Ruiz-del-Solar, J.: Robust object recognition using wide baseline matching
for RoboCup applications. In: Visser, U., Ribeiro, F., Ohashi, T., Dellaert, F. (eds.)
RoboCup 2007: Robot Soccer World Cup XI. LNCS (LNAI), vol. 5001, pp. 441–448.
Springer, Heidelberg (2008)

5. Härtl, A., Visser, U., Röfer, T.: Robust and efficient object recognition for a humanoid
soccer robot. In: Behnke, S., Veloso, M., Visser, A., Xiong, R. (eds.) RoboCup 2013: Robot
World Cup XVII. LNCS, vol. 8371, pp. 396–407. Springer, Heidelberg (2014)

6. Dahm, I., Deutsch, S., Hebbel, M., Osterhues, A.: Robust color classification for robot
soccer. In: 7th International Workshop on RoboCup (2003)

7. Guerrero, P., Ruiz-del-Solar, J., Fredes, J., Palma-Amestoy, R.: Automatic on-line color
calibration using class-relative color spaces. In: Visser, U., Ribeiro, F., Ohashi, T., Dellaert, F.
(eds.) RoboCup 2007: Robot Soccer World Cup XI. LNCS (LNAI), vol. 5001, pp. 246–253.
Springer, Heidelberg (2008)

Robust Detection of White Goals 237



8. Mayer, G., Utz, H., Kraetzschmar, G.K.: Playing robot soccer under natural light: a case
study. In: Polani, D., Browning, B., Bonarini, A., Yoshida, K. (eds.) RoboCup 2003: Robot
Soccer World Cup VII. LNCS (LNAI), vol. 3020, pp. 238–249. Springer, Heidelberg (2004)

9. Sridharan, M., Stone, P.: Towards illumination invariance in the legged league. In: Nardi,
D., Riedmiller, M., Sammut, C., Santos-Victor, J. (eds.) RoboCup 2004: Robot Soccer
World Cup VIII. LNCS (LNAI), vol. 3276, pp. 196–208. Springer, Heidelberg (2005)

10. Jüngel, M., Lötzsch, M., Hoffmann, J.: A real-time auto-adjusting vision system for robotic
soccer. In: Polani, D., Browning, B., Bonarini, A., Yoshida, K. (eds.) RoboCup 2003: Robot
Soccer World Cup VII. LNCS (LNAI), vol. 3020, pp. 214–225. Springer, Heidelberg (2004)

11. Iocchi, L.: Robust color segmentation through adaptive color distribution. Symp. AQ. J. Mod.
Foreign Lit. 1(1), 1–11 (2006)

12. Palma-Amestoy, R., Guerrero, P., Ruiz-del-Solar, J., Garretón, C.: Bayesian spatiotemporal
context integration sources in robot vision systems. In: Iocchi, L., Matsubara, H.,
Weitzenfeld, A., Zhou, C. (eds.) RoboCup 2008: Robot Soccer World Cup XII. LNCS
(LNAI), vol. 5399, pp. 212–224. Springer, Heidelberg (2009)

13. Canas, J.M., Puig, D., Perdices, E., González, T.: Visual Goal Detection for the RoboCup
Standard Platform League. In: X Workshop on Physical Agents, WAF, pp. 121–128 (2009)

14. Röfer, T., Laue, T., Müller, J., Bartsch, M., Batram, M.J., Böckmann, A., Lehmann, N.,
Maaß, F., Münder, T., Steinbeck, M.: B-Human team report and code release 2012 (2012).
http://www.b-human.de/wp-content/uploads/2012/11.CodeRelease2012.pdf

15. Röfer, T.: Region-based segmentation with ambiguous color classes and 2-D motion
compensation. In: Visser, U., Ribeiro, F., Ohashi, T., Dellaert, F. (eds.) RoboCup 2007:
Robot Soccer World Cup XI. LNCS (LNAI), vol. 5001, pp. 369–376. Springer, Heidelberg
(2008)

238 P. Cano et al.

http://www.b-human.de/wp-content/uploads/2012/11.CodeRelease2012.pdf

	Robust Detection of White Goals
	Abstract
	1 Introduction
	2 Related Work
	3 White Goal Detection Algorithm
	3.1 Detection of Posts Bases
	3.2 Determination of the Posts Heights
	3.3 Determination of the Posts Widths
	3.4 Filtering
	3.5 Characterization

	4 Results
	5 Conclusions
	Acknowledgments
	References


