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Abstract—Recognizing the FIFA ball without color classification is a significant ability for RoboCup Middle Size League
soccer robots to play competition without the constraint of current color-coded environment. This paper describes a novel
method to recognize the ball based on omni-directional vision
system and perspective camera without color classification.
Firstly the imaging character of the omni-directional vision
system is analyzed and the conclusion that the ball on the field
can be imaged to be ellipse approximately is derived. Then the
arbitrary FIFA ball can be recognized by detecting the ellipse
imaged by the ball according to the derivation, and an estimating algorithm for ball speed is integrated to track the ball. For
making up the deficiency of omni-directional vision, a perspective camera system is also added to recognize the arbitrary ball
near and in front of robot by Sobel filter and Hough Transform
algorithm. The experiment results show that the method can
recognize the arbitrary FIFA ball effectively and in real-time
even in cluttered environments.

I. INTRODUCTION

T

HE RoboCup Middle Size League (MSL) competition
is a standard real-world test bed for autonomous
multi-robot control, robot vision and other relative research
subjects. It is still a color-coded environment, though some
great changes have taken place in the latest competition rules,
such as replacing the blue/yellow goals with white goal nets,
and no color flag post any more. The final goal of RoboCup is
that robot soccer team defeats human champion, so robots
will have to be able to play competition without the constraint
of current color-coded environment. It is a significant step to
realize this for soccer robots to be able to recognize any FIFA
ball without color classification like human being.
A so called Contracting Curve Density (CCD) algorithm is
proposed by Hanek, Beetz, et al. in [1] [2] [3] to recognize
ball without color labeling. This algorithm fits parametric
curve models to image data by using local criteria based on
local image statistics to separate adjacent regions. This
method can extract the contour of ball even in cluttered environments under different illumination, but the vague position of the ball should be known in advance. So the global
detection can not be realized by this method. Treptow and
Zell integrate the Adaboost feature learning algorithm into a
condensation tracking framework in [4], so a ball without
special color can be detected and tracked in real-time even in
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cluttered environments. Mitri, Pervölz, et al. present a novel
scheme [5] for fast color invariant ball detection, in which the
edged filtered images serve as the input of an Adaboost
learning procedure that constructs a cascade of classification
and regression trees. This method can detect different soccer
balls in different environments, but the false positive rate is
also high when there are other round objects. Then they
combine a biologically inspired attention system-VOCUS [6]
with the cascade of classifiers. This combination makes their
ball recognition highly robust and eliminates the false detection effectively. Coath and Musumeci propose an edge-based
arc fitting algorithm [7] to detect ball for soccer robots.
However, above algorithms are all used in only perspective
camera in which the field of view is far smaller and the image
is also less complex than that of the omni-directional vision.
This Paper presents a FIFA ball recognition method based
on omni-directional vision system and perspective camera for
our RoboCup Middle Size League robots-NuBot. In the following parts of this paper, we will firstly introduce our
omni-directional vision system and perspective camera in
section II, and then describe the ball recognition algorithm
without color classification based on omni-directional vision
in section III which includes the analysis of the imaging
character, the image processing algorithm and the ball tracking algorithm. The arbitrary ball recognition by perspective
camera will be proposed in section IV. The experiment results
and the discussions will be presented in section V, and the
conclusion will be given in section VI finally.
II. OUR VISION SYSTEM
Our RoboCup MSL soccer robots are equipped with an
omni-directional vision system and a perspective camera,
which is shown in Figure 1.
The performance of omni-directional vision system is almost determined by the shape of panoramic mirror, so we
design a new panoramic mirror which is made up of the hyperbolic mirror, the horizontally isometric mirror and the
vertically isometric mirror from the inner to the outer [8][9].
The typical panoramic image captured in RoboCup MSL
field by our omni-directional vision system is showed in
Figure 2.
We can calculate the locations of objects in the robot’s
Cartesian coordinate only when we have calibrated the distance map from the pixel distance of the image coordinate to
the metric distance of the real world coordinate at the ground
plane. Furthermore, if this calibration has been done, we can
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analyze what shape the ball can be imaged in the panoramic
image and derive the shape parameters, which is essential for
our ball recognition method based on omni-directional vision.
We define the center of the mirror equipped by the robot as
the center of robot. For the imaging of omni-directional vision is isotropy, the only thing we have to do in the calibration
is to calculate the map x = f (i ) , in which x is the actual
distance from some point to the center of robot on the real
world ground, and i is the pixel distance from the pixel imaged by the same point to the center of robot on the image.
The detailed introduction of the calibration method for our
omni-directional vision can be found on the paper [9].
The perspective camera equipped by our robots is a very
cheap USB camera, and the field of view can be up to 140$ by
replacing the original lens with a wide-angle lens. We use the
camera calibration toolbox for Matlab provided by Jean-Yves
Bouguet [10] to calibrate this perspective camera.

mirror can be considered to form a cone tangent to the ball
approximately. As we all know, the intersections of a plane
and a cone generate conic sections such as circles, ellipses,
hyperbolas, parabolas and so on. In this situation, an ellipse is
generated by the intersection of the cone and the ground plane,
which is shown in Figure 3. We define a right hand Cartesian
coordinate with the center of robot on the plane as the origin O of the coordinate, with the direction from robot to ball
on the plane as x axis. The direction of the major axis of the
ellipse coincides with x axis. We assume that the distance
between ball and robot is xb . The imaging of the ball is the
same as the imaging of the ellipse in the omni-directional
vision system, so we need to derive the shape parameters of
the ellipse on the real world ground and then analyze what
shape the ellipse will be imaged in the panoramic image. The
equation of the ellipse is as follows:
( x − x0 ) 2 y 2
(1)
+ 2 =1
a2
b
In the equation (1), x0 determines the location of the ellipse, a and b are the semi-major axis and semi-minor axis
that determine the shape of the ellipse.

Fig. 1. Our RoboCup MSL soccer robot-NuBot.

(a)

(b)
Fig. 3. The sketch of imaging of the ball in omni-directional vision system. (a)
The front view of the imaging of the ball. (b) The ellipse generated by the
intersection of the cone and the ground plane.
Fig. 2. The typical panoramic image captured by our omni-directional vision
system in RoboCup MSL field with dimension of 18m*12m.

III. BALL RECOGNITION BASED ON OMNI-DIRECTIONAL
VISION WITHOUT COLOR CLASSIFICATION
A. Analysis of the Imaging Character of Ball
In the analysis of the imaging character of ball in our
omni-directional vision system, we only consider the situation that ball is located on the ground, and we assume that the
panoramic mirror is a point with height h to the ground, for
the mirror size is far smaller comparing to ball size and the
distance from mirror to ball. So the incident rays from ball to
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According to Figure 3, we get the following equations:
xb = xc * (h − r ) / h
(2)
db = (h − r ) 2 + xb 2

(3)

d s = db 2 − r 2

(4)

tgθ1 = r / d s

(5)

tgθ = xb /(h − r )

(6)

tg (θ + θ1 ) = (tgθ + tgθ1 ) /(1 − tgθ tgθ1 )

(7)

tg (θ − θ1 ) = (tgθ − tgθ1 ) /(1 + tgθ tgθ1 )

(8)

xl = h * tg (θ − θ1 )

(9)

xh = h * tg (θ + θ1 )

(10)

d k = h 2 + xc 2

(11)

yc = d k * tgθ1

(12)

a = ( xh − xl ) / 2

(13)

x0 = ( xh + xl ) / 2

(14)

The height h of mirror to the ground and the radius r of ball
are known in advance. If xb or xc is given, we can calculate a and x0 by substituting the equation (3) ~ (10) into the
equation (13) and (14). For the point ( xc , yc ) is located on
the ellipse, we can derive the following equation:
( xc − x0 ) 2 yc 2
(15)
+ 2 =1
a2
b
We can derive b by substituting the equation (2), (11) ~ (14)
into the equation (15). For processing the panoramic image to
detect the ball, we have to derive further what shape this
ellipse will be imaged in the panoramic image. We assume
that the ellipse will still be imaged as ellipse, and the distance
between the center of the ellipse and the center of robot is
i on the panoramic image. Then according to the distance
map calibration result of our omni-directional vision system
in the section II, we can calculate x0 = f (i ) . But it is very
complex to calculate a and b if only x0 is given according to
the equation (2) ~ (15), so we do a little simplification on this
problem by replacing x0 with xc , for the point C is very close
to the center of ellipse in Figure 3(b). The simplification will
be verified to be feasible by the experiment in section V. So
we can calculate xc = f (i ) , and then derive the real world
ellipse parameters xl , xh , x0 , a and b from xc according to the
equation (2) ~ (15). For we have calibrated the distance map
in section II, we can use the inverse function of distance map
function to derive the semi-major axis ai and the semi-minor
axis bi of the imaged ellipse on the panoramic image. The
calculation functions are as follows:
ai = ( f −1 ( xh ) − f −1 ( xl )) / 2
(16)
bi = b * f −1 ( x0 ) / x0
(17)
Up to now, we have finished the derivation on the shape
parameters ai and bi of the ellipse imaged by the ball on the
field ground, given that the distance between the center of the
ellipse and the center of robot is i on the panoramic image.
The process of the calculation can be summarized as follows:
i → xc → xl , x0 , xh , a, b → ai , bi

We store all the values of ai and bi varying with i in a
lookup table which will be used to detect the arbitrary FIFA
ball by the following image processing algorithm.
B. Image Processing Algorithm for Ball Recognition
We have derived the semi-major axis and the semi-minor
axis of the ellipse imaged by the ball on each location of the
panoramic image, so we can recognize the arbitrary ball by

searching the possible ellipses on the image according to this
character. For the arbitrary FIFA balls have different colors,
we can not detect the ball based on color classification as the
traditional color objects recognition method. However, the
color variations still exist between the pixels belonging to the
two sides of the ball contour. So we define two color variation
scan methods to detect all of the possible contour points. The
first scan method is called rotary scan, in which we define a
series of concentric circles with the center of robot on the
image as their common centers and we will do the following
scan in the concentric circles one by one. In each concentric
circle, we search the color variations of every two
neighboring pixels, and the color variations are measured by
Euclidean distance in YUV color space. If the color variation
is higher than a threshold, a possible contour point is found.
Then if the distance between every two possible contour
points is close to the minor axis value of the ellipse with its
center located on this concentric circle, a possible ellipse
center point which is the middle point of the two possible
contour points is found.
The another scan method is called radial scan, in which we
define 360 radial scan rays with the center of robot on the
image as their common origins, and we will do the following
scan along the radial scan rays one by one. In each radial scan
ray, we search the same color variations of every two
neighboring pixels as in the rotary scan. If the color variation
is higher than a threshold, a possible contour point is found.
Then if the distance between every two possible contour
points is close to the major axis value of the ellipse with its
center located on the middle point of the two possible contour
points, a possible ellipse center point which is the middle
point is found.
After the two sets of the possible ellipse center points have
been acquired by rotary scan and radial scan, we can compare
all the points in one set with all the points in another set one
by one. If the two points almost coincide with each other, we
can consider that a candidate ellipse exists with the coinciding point as its center and also get the equation of this candidate ellipse. Then we search the real ball in these candidate
ellipses by finding the maximal color difference inside and
outside the candidate ellipses. We define color difference as
follows:
color difference =| yin − yout | + | uin − uout | + | vin − vout |
(18)
In equation (18), yin , uin , vin are the mean values of
Y,U,V color channel on the image area inside the ellipse,
shown as the white area in Figure 4, and yout , uout , vout are
the mean values of Y,U,V color channel on the image area
outside the ellipse and inside the rectangle tangent to the
ellipse, shown as the black area in Figure 4. If the maximal
color difference is higher than the threshold we set as 50, we
can verify the candidate ellipse as the real one imaged by the
ball.
Up to now, we can detect a standard FIFA ball globally
without color classification by using omni-directional vision.
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V. EXPERIMENT RESULTS AND DISCUSSION

Fig. 4. The image areas inside and outside the ellipse for calculating the color
difference.

C. Ball Tracking by Integrating the Estimating Algorithm of
Ball Speed
In the actual application of competition, we don’t need to
do above global detection by processing the whole image in
every frame. Once the ball is detected globally, we can track
the ball by integrating an estimating algorithm of ball speed
proposed by Lauer, Lange, et al. in [11]. This algorithm
models the speed estimation as a standard linear regression
problem, and uses ridge regression to solve it. The estimated
ball speed is used to predict the ball position of next frame in
the real world coordinate and the ellipse position imaged by
the predicted ball can also be calculated according to the
calibration result of omni-directional vision. So we only need
to process the nearby image area of the predicted ball with the
same image processing algorithm, and the running time
needed in the tracking process could be reduced greatly. The
nearby image area is dynamically changed with the major-axis and the minor-axis of the ellipse imaged by the predicted ball. When the ball is lost for several consecutive
frames in the tracking process, the global detection and the
estimating algorithm of ball speed will be restarted.
Furthermore, for improving the correct detection rate, we
consider that a candidate ellipse exists corresponding to each
of the possible ellipse center points after rotary scan and
radial scan without checking the coinciding points, and then
search the ball in more candidate ellipses during tracking
process. So if the ball is occluded partially but less than half,
it still can be detected by our method.
IV. BALL RECOGNITION BASED ON PERSPECTIVE CAMERA
WIHTOUT COLOR CLASSIFICATION
When the ball is very close to the robot, the imaging of the
ball will be occluded partially by robot itself according to the
imaging character of our omni-directional vision system [9].
So our algorithm proposed in section III fails in recognizing
this ball. Furthermore, it is very important for soccer robots to
recognize the ball near and in front of robots with high accuracy, because robots always have to finish precise ball
manipulation such as dribbling and shooting in the competition. To solve this deficiency, we add a perspective camera
system to recognize the arbitrary FIFA ball near and in front
of robot. We apply Sobel filter and non-maximum suppression technique [12] to detect all the single-pixel edge points
and calculate the gradient directions of these edge points, and
then we use Hough transform algorithm based on the information of gradient directions [13] to detect the circle imaged
by the ball quickly. So this perspective camera can be a good
supplementation to make up the deficiency of the recognition
algorithm based on our omni-directional vision system.

A. Experiment Results by Using Omni-Directional Vision
Firstly we demonstrate the process and the result of our ball
recognition algorithm presented in section III by processing
the typical panoramic image in Figure 2. The results of the
rotary scan and radial scan are shown in Figure 5(a), (b)
respectively, and the red points in Figure 5(a), (b) are the
possible contour points. The final recognition result is shown
in Figure 5(c), in which purple rectangles are the centers of
the candidate ellipses, the yellow rectangles are tangent to the
candidate ellipses, and the cyan ellipse is the theoretical imaging of the detected ball on panoramic image. From Figure
5(c) we can find that the ball can be detected successfully
without any color classification even in cluttered background.
For doing the statistics of the correct detection rate and the
false positive of our recognition algorithm based on the
omni-directional vision, we collect 137 different panoramic
images with standard FIFA balls. All these balls are not occluded. The distances between these balls and robot itself are
less than 4.5m, for the imaging will be very small if the ball is
too far from robot itself. After processing these images one by
one, 132 balls are globally detected, and the false positive is 2.
So the correct detection rate is 96.35%. Only global detection
is dealt with in this statistics, and the correct detection rate
can be increased further by combining object tracking algorithms. So the correct detection rate and the false positive are
acceptable for soccer robots to play competition with arbitrary FIFA ball. Some recognition results are shown in Figure
6.
We also test the ball tracking algorithm proposed in section
III. Several results of recognizing and tracking the ball in a
test sequence of panoramic images are demonstrated in Figure 7. Figure 7(a) is the result of global recognition, and
Figure 7(b) ~ (j) are the results in the tracking process. The
blue ellipses are the predicted ball position, and the cyan
ellipses are the real detected ball. From Figure 7, we can find
that our algorithm can track the ball efficiently. Even when
the ball is occluded fully and temporarily as is shown in
Figure 7(c), the tracking algorithm can redetect the ball by
using the ball speed estimated in the past frames to predict the
ball position in next frame. For more candidate ellipses are
considered without checking the coinciding points, the balls
occluded less than half can also be detected successfully as
shown in Figure 7(i).
For RoboCup MSL competition is a highly dynamic environment, we also test the running time of our algorithm.
The robot’s computer is equipped with 1.73G CPU and 512M
memory. It takes about 100ms~150ms to realize global detection by processing a whole panoramic image with dimension 444*442. However, once the ball has been recognized
globally, the running time can be reduced to 4ms~20ms in the
tracking process for only the partial image near the predicted
ball is needed to be processed. So our algorithm can meet the
real-time requirement of RoboCup MSL competition.
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(a)
(b)
(c)
Fig. 5. (a) The possible contour points detected by rotary scan. (b) The possible contour points detected by radial scan. (c) The ball recognition result.

Hough transform with gradient directions. Our recognition
method based on perspective camera can detect the ball not
far from and in front of the robot without using color information, even when the ball is partially occluded as is demonstrated in Figure 8(c1) (c2). This recognition method also
had been shown successfully in the second technical challenge competition of RoboCup 2007 Atlanta MSL.
The running time needed to process a perspective image
with dimension 320*240 is about 20ms~30ms according to
the different complexity of the images, so the real-time requirement of RoboCup MSL competition can also be satisfied
in our ball recognition method based on the perspective
camera.

Fig. 6. (first row) The panoramic images. (second row) The possible contour
points detected by rotary scan. (third row) The possible contour points detected by radial scan. (fourth row) The ball recognition results.

(a)

(b)

(c)

(d)

(a1)

(a2)

(b1)

(b2)

(e)

(f)
(g)
(h)
(i)
(j)
Fig. 7. The results of the ball tracking algorithm based on omni-directional
vision system. (a) The result of global detection. (b) ~ (j) The results in the
ball tracking process.

B. Experiment Results by Using Perspective Camera
The recognition results by using perspective camera are
shown in Figure 8. The green parts in Figure 8(a2) (b2) (c2)
are the edges detected by Sobel filter and non-maximum
suppression, and the red circles are the balls detected by

(c1)
(c2)
Fig. 8. The results of our ball recognition method based on perspective
camera. (a1) (b1)(c1) The images captured by our perspective camera. (a2)
(b2)(c2) The recognition results of the arbitrary FIFA ball.
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C. Discussion
By using the omni-directional vision system and perspective camera together, our robot can recognize the ball globally,
track the ball and finish precise ball manipulation such as
dribbling and shooting. The video of our robot’s playing with
an arbitrary FIFA ball can be found on our team website:
http://www.nubot.com.cn/2009videoen.htm.
Comparing to the other existing ball recognition methods
without color information, our algorithm has following good
features:
-Our algorithm doesn’t need any learning or training
process which is necessary in the recognition algorithm based
on Adaboost learning;
-Our algorithm can deal with global detection which is not
considered in the CCD algorithm;
-Our algorithm is based on omni-directional vision system,
so it can detect the ball more quickly in much larger range
than other existing methods that only use the perspective
cameras;
-Our algorithm can incorporate the object tracking algorithms easily to detect the arbitrary ball more efficiently and
real-time, and the interim and the final results of our algorithm can also be used as important clues for other recognition methods;
-The idea of our algorithm based on omni-directional vision can also be used in any other omni-directional or perspective vision systems, if the imaging character of ball can
be analyzed in advance.
However, there are still some deficiencies in our algorithm.
The first deficiency is that our algorithm only can deal with
the situation that the ball is on the field ground. We have to
develop some arbitrary ball recognition method based on
stereo-vision system to solve this problem. The second deficiency is that when the ball is occluded or even partially
occluded by some other objects for a long time (more than
several frames), our algorithm based on omni-directional
vision fails to recognize and track this ball. This deficiency
may be solved by incorporating other tracking algorithms or
other recognition methods such as Adaboost learning algorithm.

Once the ball has been recognized globally, we also track the
ball by integrating an estimating algorithm of ball speed to
reduce the running time needed by only processing the nearby
image area of the predicted ball according to the estimated
ball speed. In the ball recognition method based on perspective camera, we use Sobel filter to detect the edge points and
gradient directions, and then apply Hough transform algorithm based on gradient directions to detect the circle imaged
by the ball. The experimental results show that our novel
method can recognize the arbitrary FIFA ball without color
classification effectively and in real-time even in cluttered
environments.
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