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a b s t r a c t
How to make robot vision work robustly under varying lighting conditions and without the constraint of
the current color-coded environment are two of the most challenging issues in the RoboCup community.
In this paper, we present a robust omnidirectional vision sensor to deal with these issues for the RoboCup
Middle Size League soccer robots, in which two novel algorithms are applied. The ﬁrst one is a camera
parameters auto-adjusting algorithm based on image entropy. The relationship between image entropy
and camera parameters is veriﬁed by experiments, and camera parameters are optimized by maximizing
image entropy to adapt the output of the omnidirectional vision to the varying illumination. The second
one is a ball recognition method based on the omnidirectional vision without color classiﬁcation. The
conclusion is derived that the ball on the ﬁeld can be imaged to be an ellipse approximately in our omnidirectional vision, and the arbitrary FIFA ball can be recognized by detecting the ellipse imaged by the
ball. The experimental results show that a robust omnidirectional vision sensor can be realized by using
the two algorithms mentioned above.
Ó 2010 Elsevier Ltd. All rights reserved.

1. Introduction
The 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. In the past decade,
omnidirectional vision system has become one of the most important sensors for the RoboCup MSL soccer robots, for it can provide a
360° view of the robot’s surrounding environment in a single image. Robots can use it to realize object recognition [1], tracking
[2] and self-localization [3,4] which provides perception information about the environment for robot control, planning, multi-robot cooperation and coordination.
The ﬁnal goal of RoboCup is that the robot soccer team defeats
human championship team, so robots will have to play competitions under highly dynamic even outdoor lighting conditions, and
without the constraint of the current color-coded environment.
According to the current rule of RoboCup MSL, the illumination is
not speciﬁed, color goals have been replaced with white goal nets,
color goalposts have been removed, and the technical challenge of
playing with an arbitrary FIFA ball has been introduced. So there
are two challenging research focuses in robot vision for soccer robots, although they have been researched for many years. First, it is
still not easy to make vision system work robustly under varying
lighting conditions in the color-coded RoboCup MSL environment
[5]. The traditional methods, such as segmenting the image ﬁrst
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and then detecting the color blobs by using a color lookup table
calibrated off-line, would not work well when the lighting condition ﬂuctuates during the competition. Second, it is much more difﬁcult to recognize generic objects such as ordinary FIFA balls than
to recognize the color-coded objects such as orange balls. So it
would be signiﬁcant to develop robust omnidirectional vision sensors that can handle these issues for the improvement of the soccer
robots’ performance and the realization of the ﬁnal goal of RoboCup. In this paper, the term ‘‘robustness” means not only that robot
vision can work well and consistently under varying lighting conditions, but also that generic objects, like the FIFA balls with different colors and textures, can be well recognized.
Generally, the robustness of robot vision can be realized in the
phase of image acquisition or in the phase of image processing [6].
The former one, which is often ignored by researchers, is to acquire
images to describe the environment as consistently as possible under different lighting conditions by auto-adjusting camera parameters [1,7–9]. The camera parameters displayed here are image
acquisition parameters, not the intrinsic or extrinsic parameters
in camera calibration. The phase of image processing consists of
many different approaches. For example, some researchers processed and transformed the images to achieve some kind of constancy, such as color constancy [10] by Retinex algorithm
[11,12], and some others designed adaptive or robust object recognition algorithms [13,14]. So the images can be analyzed and
understood robustly to a certain degree. In this paper, we also
try to improve the robustness of our omnidirectional vision in image acquisition and image processing to deal with the two challenging issues for soccer robots. First, we propose a novel
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technique to auto-adjust the camera parameters based on image
entropy to adapt the output of the vision system to varying lighting
conditions in the image acquisition. Second, we design a robust
FIFA ball recognition method based on the omnidirectional vision
without color classiﬁcation in the image processing.
In the following parts, related research will be discussed in Section 2. Then our omnidirectional vision system and its calibration
method will be introduced brieﬂy in Section 3. After that, in Section
4, we will propose the camera parameters auto-adjusting method
based on image entropy. In Section 5, we will present the ball recognition method based on the omnidirectional vision without color
classiﬁcation. The experimental results and discussions will be included in the corresponding sections. Finally the conclusion and
future work will be presented in Section 6.

2. Related research
The RoboCup MSL environment is currently color-coded, so it
is a research focus to design robust vision systems to recognize
color-coded objects in the RoboCup community. Besides adaptive
color segmentation methods [13], color online-learning algorithms [15,16], and object recognition methods independent on
color information [17,18], several researchers have tried to improve the robustness of vision sensors by adjusting camera
parameters in the image acquisition. Grillo et al. deﬁned camera
parameters adjustment as an optimization problem, and used
the genetic meta-heuristic algorithm to solve it by minimizing
the distances between the color values of image regions selected
manually and the theoretic values in color space [7]. The theoretic color values were used as referenced values, so the effect
from illumination could be eliminated, but special image regions
needed to be selected manually by users as required by this
method. Takahashi et al. used a set of PID controllers to modify
the camera parameters like gain, iris, and two white-balance
channels according to the changes of a white referenced color
which is always visible in the omnidirectional vision system
[1]. Lunenburg and Ven adjusted the shutter time by designing
a PI controller to modify the color of the referenced green ﬁeld
to be the desired values [8]. Neves et al. proposed an algorithm
for autonomous setup of the camera parameters such as exposure, gain, white-balance and brightness for their omnidirectional vision [9], according to the intensity histogram of the
images, a black and a white region known in advance. A color
patch including the black and white region is required on the
ﬁeld, so it can only be used off-line before the competition. In
these four methods, some referenced color is needed, so it is difﬁcult to apply them directly in other situations.
Some similar research took place in digital still cameras and
consumer video cameras. Many parameter adjusting mechanisms
have been developed to achieve good imaging results, such as auto
exposure by changing the iris or the shutter time [19], auto whitebalance [20], and auto focus [21]. In some special multiple slope response cameras, the response curve can be adjusted to adapt the
dynamic response range to different lighting conditions by automatic exposure control [22]. But all these methods are on the level
of the camera hardware, so they are not applicable to most cameras used in robot vision systems except some special hardwaresupport cameras.
To realize the ﬁnal goal of RoboCup, the current color-coded
environment of RoboCup MSL should be further changed. One
example would be replacing orange balls with generic FIFA balls.
So it is signiﬁcant to develop image processing algorithms to recognize arbitrary FIFA balls without color classiﬁcation like human
beings. According to our deﬁnition of ‘‘robustness”, the robustness
of vision systems will also be improved greatly by these algo-

rithms, because no special color or texture information is needed
in the object recognition.
A so-called Contracting Curve Density (CCD) algorithm
[17,23,24] was proposed by Hanek et al. to recognize soccer balls
without color labeling. This algorithm ﬁts parametric curve models
with image data by using local criteria based on local image statistics to separate adjacent regions. The contour of the ball could be
extracted even in cluttered environments under different illumination, but the vague position of the ball needed to be known in advance. Therefore global detection could not be realized using this
method. Treptow and Zell integrated the Adaboost feature learning
algorithm into a condensation tracking framework [18], so a ball
without a special color could be detected and tracked in real-time
even in cluttered environments. Mitri et al. presented a novel
scheme [25] 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. Different soccer balls could be detected by this method in
different environments, but the false positive rate was high when
other round objects were introduced into the environment. Then
they combined a biologically inspired attention system-VOCUS
[26] with the cascade of classiﬁers. This combination made their
ball recognition highly robust and eliminated the false detection
effectively. Coath and Musumeci proposed an edge-based arc ﬁtting algorithm [27] to detect the ball for soccer robots. Bonarini
et al. used circular Hough transform on the edges extracted from
a color invariant transformation algorithm to detect the generic
ball, and Kalman Filter was also applied to track and predict the position of the ball in the next image to reduce the computational
load [28]. However, all the algorithms mentioned above were used
only in the perspective camera in which the ﬁeld of view was far
smaller and the image was also much less complex than that of
the omnidirectional vision system.
Some researchers have used omnidirectional vision systems to
recognize arbitrary FIFA balls recently [29–31]. Because their panoramic mirrors are hyperbolic, the balls are imaged to be circles in
the panoramic images. So Martins et al. used canny operator to detect the edges, and then applied the circular Hough transform to
detect all the candidate circles imaged by the balls [29,30]. An
effective validation process was proposed to discard the false positives. Zweigle et al. used standard Hough transform to detect all
the circles in the panoramic image, and then extracted the color
histogram for each circle and compared it with the color histogram
learned in the off-line calibration process to validate the real FIFA
balls [31]. The off-line calibration step was needed in this method.
Experimental results showed that the correct detection rates of
these two methods were very high. However, all the experiments
were performed in very clean environments.

3. Our omnidirectional vision system
3.1. The new panoramic mirror
The omnidirectional vision system consists of a convex mirror
and a camera pointed upward towards the mirror. The characteristic of omnidirectional vision system is determined mostly by the
shape of panoramic mirror. We design a new panoramic mirror
which consists of the hyperbolic mirror, the horizontally isometric
mirror and the vertically isometric mirror from the interior to the
exterior. This mirror is different from our former one which only
includes the horizontally isometric mirror and the vertically isometric mirror [32]. The deﬁciency of our former one is that the
imaging of the scene which is very close to the robot is bad, such
as the robot itself cannot be seen in the panoramic image, which
is caused by the difﬁculty in manufacturing the innermost part
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Fig. 1. Our new panoramic mirror. (a) The proﬁle curve. (b) The manufactured panoramic mirror.

Fig. 2. (a) The panoramic image captured by our omnidirectional vision system. (b) The calibrated result by mapping the image coordinate to the real world coordinate.

of the mirror accurately. Replacing the innermost part with a
hyperbolic mirror solves this problem. The designed proﬁle curve
of the new mirror and the manufactured mirror are demonstrated
in Fig. 1a and b. The typical panoramic image captured by our new
omnidirectional vision system is shown in Fig. 2a in a RoboCup
MSL standard ﬁeld with the dimension of 18 m  12 m. The new
omnidirectional vision system not only maintains the merit of
our former system, which makes the imaging resolution of the objects near the robot on the ﬁeld constant and the imaging distortion of the objects far from the robot small in the vertical
direction, but also enables the robot to acquire a very clear imaging
of the scene which is very close to it, such as the robot itself.

3.2. The calibration of our omnidirectional vision
Our omnidirectional vision system is not a single viewpoint one
[33], therefore we use the model-free calibration method [34] proposed by Voigtländer et al. to calibrate it. First, we use the Canny
operator to detect the edge information of the panoramic image,
and obtain 15 edge points of the calibration patch shown in
Fig. 2a as the support vectors in each pre-deﬁned direction. Then
we calculate the distance map for each point in the image by using
Lagrange interpolation algorithm in the radial direction and rotary
direction respectively. Fig. 2b shows the calibrated result by mapping the image coordinate to the real world coordinate.

4. Camera parameters auto-adjusting algorithm based on image
entropy
In this section, we propose a novel method to auto-adjust the
camera parameters based on image entropy to achieve the robustness and adaptability of the camera’s output with respect to different lighting conditions. We deﬁne the camera parameters
adjustment as an optimization problem, and use image entropy
as the optimizing goal.
4.1. Image entropy
The setting of the camera parameters affects the quality of the
acquired images greatly. Taking the camera of our omnidirectional
vision system as an example, only exposure time and gain are able
to be adjusted (auto white-balance has been achieved in the camera, so we do not consider white-balance). Three typical images acquired with different parameters are shown in Fig. 3. The quality of
the images in Fig. 3a and c is much worse than that in Fig. 3b, because they are less-exposed and over-exposed respectively, and
the image in Fig. 3b is well exposed. The two images in Fig. 3a
and c cannot represent the environment well, and we can say that
the information content of these two images are less than that in
Fig. 3b. So both less-exposure and over-exposure will cause the
loss of image information [35].
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Fig. 3. The images acquired by our omnidirectional vision system with different exposure time. The gain is 18. The exposure time is: (a) 5 ms; (b) 18 ms; and (c) 40 ms.

According to Shannon’s information theory [36], information
content can be measured by entropy, and entropy increases with
the information content. So we use image entropy to measure
the image quality, and we will verify the relationship between
the entropy of the acquired images and camera parameters by analyzing the distribution of image entropies with different camera
parameters.
We use Shannon’s entropy to deﬁne image entropy. Because
RGB color space is a linear color space that formally uses single
wavelength primaries and the color values are obtained directly
after the CCD sensing of color cameras, it is more appropriate to
calculate image entropy in RGB color space than in YUV or HSV color space. So the entropy of a color image is deﬁned as follows:

Ec ¼ 

L1
X

PRi log PRi 

Ri¼0

L1
X

PGi log PGi 

Gi¼0

L1
X

PBi log PBi

ð1Þ

Bi¼0

where L = 256 is the number of discrete levels of RGB color channels, and PRi, PGi, PBi are the probability of color value Ri, Gi, Bi existing in the three color channels of the image. The probability PRi, PGi
and PBi can be replaced with the frequency approximately, so they
are calculated according to the three histogram distributions of
the image in RGB color channels. Assuming the number of pixels
having color value Ri is NRi and the image contains N pixels, PRi = NRi/N. Similarly, PGi and PBi can also be calculated. More details about
the image histogram can be found in [37]. Several similar deﬁnitions of image entropy in gray images were proposed in [6,21,
35,38], where image entropy was used to measure the image
quality or the quality of image processing.
According to the deﬁnition in Eq. (1),

0 ¼ MinðEc Þ 6 Ec 6 MaxðEc Þ ¼ 3 

255
X
ð1=256Þ logð1=256Þ
i¼0

¼ 16:6355;
and image entropy will increase monotonously with the degree of
average distribution of color values.
4.2. The relationship between image entropy and camera parameters
We captured a series of panoramic images by using our omnidirectional vision system with different exposure time and gain in
indoor environment and outdoor environment, and calculated image entropy according to Eq. (1) to see how image entropy varies
with the camera parameters. The indoor environment is a standard
RoboCup MSL ﬁeld with the dimension of 18 m  12 m, where the
illumination is not only determined by artiﬁcial lights, but also can
be inﬂuenced greatly by natural light through lots of windows. The

outdoor environment includes two blue patches and several components of the indoor environment such as a piece of green carpet,
two orange balls and several black obstacles. All the experiments of
this section were performed in these two environments. Furthermore, because the illumination in these two environments were
totally different, and the dynamic response range of our cameras
were limited, we used two omnidirectional vision systems in two
robots with different iris settings in the two environments. The iris
can only be adjusted manually.
In the experiment of indoor environment, the range of exposure
time was from 5 ms to 40 ms, and the range of gain was from 5 to
22. The experiment was carried out in the evening, so the illumination was not affected by natural light. In the experiment of outdoor
environment, the range of exposure time was from 1 ms to 22 ms,
and the range of gain was from 1 to 22. The weather was cloudy,
and the experiment was carried out in the midday. The minimal
adjusting step of the two parameters was 1 ms and 1. We acquired
one image with each group of parameters. The changes of image
entropy with the different camera parameters are shown in Figs.
4 and 5 in the two experiments.
From Figs. 4 and 5, we can conclude that the manner in which
image entropy varies with camera parameters is the same in the
two experiments, and there is a ridge curve (the blue1 curve in Figs.
4 and 5). Along the ridge curve, the image entropies are almost the
same in each experiment, and there is not obvious maximal value.
So which image entropy along the ridge curve indicates the best
image, or whether all the images related to the image entropies
along the ridge curve are good?
For the images are used to be processed to realize object recognition, self-localization or other robot vision tasks, we tested the
quality of images by using the same color calibration result [39]
learned from one image corresponding to a certain entropy on
the ridge curve to segment the images corresponding to all the
entropies along the ridge curve and detect the white line points
using the algorithm proposed in [14]. These line points are very
important for the robot’s visual self-localization. The typical
images along the ridge curve and the processing results in the
two experiments are demonstrated in Figs. 6 and 7.
As shown in the two ﬁgures, the images are well segmented by
the same color calibration result in each experiment, and the object recognition can be realized successfully for soccer robots.
The same processing results are achieved in all the other images
related to the image entropies along the ridge curve. So all these
images are good for robot vision, and there is some kind of color
1
For interpretation of color in all ﬁgures, the reader is referred to the web version
of this article.
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Fig. 4. The change of image entropy with different exposure time and gain in indoor environment. (a) and (b) are the same result viewed from two different view angles.
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Fig. 5. The change of image entropy with different exposure time and gain in outdoor environment. (a) and (b) are the same result viewed from two different view angles.

constancy in these images, though they are acquired with different
camera parameters. It also means that all the settings of exposure
time and gain corresponding to the image entropies along the ridge
curve are acceptable for robot vision. So it is veriﬁed that image entropy can indicate whether camera parameters are set properly.
4.3. Camera parameters auto-adjustment based on image entropy
According to the experiments and analysis in Section 4.2, image
entropy can indicate the image quality for robot vision and
whether camera parameters are set properly. Therefore, camera
parameters adjustment can be deﬁned as an optimization problem,
and image entropy can be used as the optimizing goal. But as
shown in Figs. 4 and 5, the image entropies along the blue ridge
curve are almost the same, and so it is not easy to search for the
optimal solution. Furthermore, the camera parameters themselves
affect the performance of vision systems. The increase of exposure
time will cause the decrease of real-time performance. The higher
gain will bring more image noises which will cause worse results
in color segmentation or other image processing. So exposure time

and gain have to be taken into account in this optimization problem. But it is difﬁcult to measure the degree of these parameters’
effect, making it almost impossible to add some indicative or constraint function to image entropy directly for the optimization
problem.
Considering that all the images related to the image entropies
along the ridge curve are good for robot vision, we turn the twodimension optimization problem into a one-dimension one by
deﬁning some searching path. As mentioned above, the increase
of exposure time and gain will worsen the performance of robot vision. So a compromise between exposure time and gain should be
made, and neither of them should be too high. Considering the
range of exposure time and gain of our cameras, we deﬁne the
searching path as ‘‘exposure time = gain” (just equal in number value, for the unit of exposure time is millisecond, and there is not a
unit for gain). We search for the maximal image entropy along this
path, and the camera parameters corresponding to the maximal
image entropy are best for robot vision in the current environment
and under the current lighting condition. The searching path is
shown as the black curve in Figs. 4 and 5 respectively in indoor
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Fig. 6. (Top) The typical images along the ridge curve and (bottom) the processing results in indoor experiment. The red points are the detected white line points. The camera
parameters are as follows: (left) exposure time: 34 ms, gain: 13; (middle) exposure time: 18 ms, gain: 18; (right) exposure time: 14 ms, gain: 21. (For interpretation of the
references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

Fig. 7. (Top) The typical images along the ridge curve and (bottom) the processing results in outdoor experiment. In this experiment, there are not white line points to detect.
The camera parameters are as follows: (left) exposure time: 17 ms, gain: 5; (middle) exposure time: 9 ms, gain: 9; (right) exposure time: 2 ms, gain: 18.
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Fig. 8. The distribution of image entropy along the deﬁned searching path ‘‘exposure time = gain” in indoor environment (a) and outdoor environment (b).

environment and outdoor environment. The distributions of image
entropy along the path in the two environments are demonstrated
in Fig. 8.
From Fig. 8, a very good characteristic of image entropy is that
image entropy will increase monotonously to the peak and then
decrease monotonously along the deﬁned searching path. So the
global maximal image entropy can be found easily by searching
along the deﬁned path, and the best camera parameters are determined at the same time. In Fig. 8a, the best exposure time and gain
are 18 ms and 18 respectively; in Fig. 8b, the best exposure time
and gain are 9 ms and 9.
According to the special characteristic of the omnidirectional vision, the robot itself is imaged in the central region of the panoramic image. Therefore in the actual application, the robot can
judge that whether it has entered into a totally new environment
or if the illumination has changed in the current environment by
calculating the mean brightness value in the central part of the
panoramic image. If the increase of the mean value is higher than
a certain threshold, the illumination becomes stronger, and the
optimization of camera parameters should be run in the direction
that exposure time and gain reduce along the searching path. Similarly, if the decrease of the mean value is higher than the threshold, the optimization should be run in the direction that exposure
time and gain raise along the searching path. In our experiment, we
set the threshold as 20. The mean value will not be considered during the optimizing process, and it is not needed either. After the
optimal camera parameters have been achieved, it will be calculated and saved again, and it will be compared with the new ones
to judge whether the adjustment of the camera parameters is
needed. Of course, this judgement can be scheduled to perform
only once every several cycles, because the changes in illumination
are not that rapid.
When the robot is in different positions on the ﬁeld, the acquired images will be different, so the maximal image entropy
along the searching path varies with the different locations of the
robot. Therefore, once the robot ﬁnds that camera parameters
auto-adjustment is needed, it should stop at the same place till
the optimization is ﬁnished. Furthermore, according to the discussion in Section 4.5, camera parameters optimization can be ﬁnished at most in several hundred milliseconds, so the robot’s
surrounding can be considered to be static approximately during
the optimizing process. Image entropy only changes with different
camera parameters, and the optimization will not be affected by
the robot’s surrounding.

In the optimizing process, a new group of parameters are set
into the camera, and then a new image is acquired and image entropy can be calculated according to Eq. (1). The new entropy is
then compared with the last one to check whether the maximal entropy has been reached. This iteration continues until the maximal
entropy has been reached. Regarding how to choose the new
parameters, the technique of varying optimizing step is used to
accelerate the optimizing process. When the current image entropy is not too far from Max(Ec), the optimizing step can be 1, which
means that the change of exposure time is 1 ms and the change of
gain is 1. When the current image entropy is too far from Max(Ec),
the optimizing step can be 2 or 3.
The searching path should be changed according to different
camera characteristics, and the different requirements of the vision
system in different applications. For example, the value range of
gain depends on the camera used. Some range is from 0 to 50,
and others may be from 0 to 4000. So the searching path should
be ‘‘exposure time = a  gain” (also just equal in number value).
The variable a can be determined manually after analyzing the
gain’s effect on the images. For the cameras with similar parameter
ranges as ours, in some applications, the signal to noise ratio of the
image is required to be high and the real-time performance is not
necessary, so the searching path can be ‘‘exposure time = a  gain”,
with a > 1. In some other cases, the camera is required to output
images as quickly as possible and the image noise is not restricted
too much, so the searching path can be ‘‘exposure time = a  gain”,
with a < 1.
4.4. The experimental results
We tested our camera parameters auto-adjusting algorithm under different lighting conditions in indoor environment and outdoor environment respectively. We veriﬁed whether camera
parameters were set properly by processing the images using the
same color calibration result learned in the experiments of Section
4.2. We also evaluated the robot’s self-localization based on the
omnidirectional vision after camera parameters had been optimized under different lighting conditions.
4.4.1. The experiment in indoor environment
In this experiment, the weather was cloudy, and the time was
midday, so the illumination was inﬂuenced by both artiﬁcial and
natural light. We changed the illumination by gradually turning
off some lamps. We used the color calibration result in the indoor
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Fig. 9. The acquired image (a) and the image processing result (b) when camera parameters had not been optimized in indoor environment. The best parameters in Section
4.3 were used.
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Fig. 10. (a) The acquired image after camera parameters had been optimized in indoor environment. (b) The image processing result. (c) The distribution of image entropy
along the searching path ‘‘exposure time = gain’”.

Fig. 11. The acquired image (a) and the image processing result (b) when camera parameters had not been optimized in outdoor environment. The best parameters in Section
4.3 were used.

experiment of Section 4.2 to process the images for soccer robots.
When all the lamps were on and the camera was set with the best
parameters in Section 4.3, the acquired image and the processing
result are shown in Fig. 9. The image was over-exposed, and it

could not be processed well. After the parameters had been optimized by our method, the acquired image and the processing result are demonstrated in Fig. 10a and b. The distribution of
image entropy along the searching path is shown in Fig. 10c. The
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Fig. 12. (a) The acquired image after camera parameters had been optimized. (b) The image processing result. (c) The distribution of image entropy along the searching path
‘‘exposure time = gain’”.

optimal exposure time was 14 ms and gain was 14. The image was
well-exposed, and the processing result was also good. When the
illumination changed gradually, similar results were achieved.
4.4.2. The experiment in outdoor environment
In this experiment, the weather was sunny, and the time was
from midday to dusk, so the illumination was from brightness to
darkness determined by natural light. We also used the same color
calibration result in the outdoor experiment of Section 4.2 to process the images for soccer robots. The acquired image and the pro-

cessing result are shown in Fig. 11, when the time of the
experiment was at 16:00, and the camera was set with the best
parameters in Section 4.3. The image was less-exposed, and the
processing result was unacceptable for robot vision. After the
parameters had been optimized, the acquired image and the processing result are demonstrated in Fig. 12a and b. The distribution
of image entropy along the searching path is shown in Fig. 12c. The
optimal exposure time was 12 ms and gain was 12. The image was
well-exposed, and the processing result was good. We also processed the images acquired with some suboptimal camera param-

Fig. 13. The processing results of the images acquired with some suboptimal camera parameters in outdoor environment. (a) Exposure time: 10 ms, gain: 10; (b) exposure
time: 11 ms, gain: 11; (c) exposure time: 13 ms, gain: 13; (d) exposure time: 14 ms, gain: 14.
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eters, and those results are demonstrated in Fig. 13. All the color
classiﬁcation results in Fig. 13 are more or less worse than that
in Fig. 12. This veriﬁes that the image captured with the optimal
camera parameters is the optimal image for robot vision. When
the experiments were run in different times from midday to dusk,
all of the images were well-exposed and well processed after camera parameters had been optimized.
4.4.3. Evaluation of robot’s localization under different lighting
conditions
In this experiment, we evaluated the robot’s self-localization results based on the omnidirectional vision with optimized camera
parameters under very different lighting conditions in three cases.
In the ﬁrst case, the lighting condition was the same as that in the
experiment of Section 4.3. In the second case, the illumination was
affected greatly by sun rays in a sunny day, and the optimal exposure time and gain were 12 ms and 12 respectively. The acquired
image and the processing result are shown in Fig. 14a and b. The
distribution of image entropy along the searching path is shown
in Fig. 14c. In the third case, the weather and the time of the experiment were similar to those in Section 4.4.1, but we changed the
illumination dynamically during robot’s localization process by
turning the lamps on and off, so the camera parameters would
be auto-adjusted in real-time when the robot detected that the
illumination changed.
The robot’s self-localization results by the method proposed in
[40] in the three cases are demonstrated in Fig. 15. During the
experiment, the robot was pushed by people to follow some
straight tracks on the ﬁeld shown as the black lines in Fig. 15.
The red traces depict the robot’s self-localization results. The statistics of localization errors is shown in Table 1. The robot was able
to achieve good localization results with the same color calibration
result under very different and even dynamic lighting conditions,
though sometimes the effect from sun rays was so strong that
the maximal localization error in the second case was much larger.
If camera parameters were not adjusted according to the changes
of the illumination, the robot’s self-localization would fail when
using the same color calibration result in the latter two cases. This
experiment also veriﬁes that our camera parameters auto-adjusting method is effective.
4.5. Discussion
According to the analysis and the experimental results in the
above subsections, our camera parameters auto-adjusting method

based on image entropy can make the camera’s output adaptive to
different lighting conditions and describe the real world as
consistently as possible. So some kind of color constancy for our
omnidirectional vision is achieved. Robust object recognition and
self-localization can be achieved in a color-coded MSL environment under varying lighting conditions for soccer robots. Furthermore, unlike other existing methods, there are not any referenced
colors needed during the optimizing process, so our method can be
applied in many more situations. Our method also provides an
objective setup technique for vision/camera parameters, and the
users don’t need to adjust them manually according to experiences
when the robots come into a new working environment.
Besides exposure time and gain adjusted in the above experiments, our method can be extended to adjust more parameters if
supported by hardware. We replaced the original lens of our perspective camera with the HZC08080 lens (the size of HZC08080
lens is too large to be mounted in the omnidirectional vision system), so the iris can be adjusted by sending commands to control
the motors of the lens in software. The distribution of image entropy with different iris and exposure time, the image entropies along
the deﬁned searching path and the optimal image along this path
are shown in Fig. 16.
Besides omnidirectional vision systems, our method can also be
applied to any other vision system, but it is not easy for other vision systems to judge whether camera parameters adjustment is
needed, for there is no obvious region existing constantly in their
ﬁeld of view like omnidirectional vision systems. Maybe some special object could be recognized and tracked, and its image region
can be used as reference to judge whether the illumination
changes.
About the real-time performance of our method, for the lighting
condition will not change so suddenly in actual applications, it
takes only several cycles to ﬁnish the optimizing process. And it
takes about 40 ms to set the parameters into our camera each time.
So camera parameters adjustment can be ﬁnished at most in several hundred milliseconds, and there is no problem in the real-time
requirement to adjust camera parameters occasionally during the
competition.
However, there are still some deﬁciencies in our algorithm. For
example, it cannot deal with the situation that the illumination is
highly nonuniform. Entropy is a global appearance feature for
images, so it may be not the best optimizing goal in this situation.
As shown in Fig. 17, although camera parameters have been optimized as 21 ms and 21, the image processing result is still unacceptable for robot vision. Maybe object recognition or tracking
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Fig. 14. (a) The acquired image after camera parameters had been optimized. The illumination was affected greatly by sun rays through windows. (b) The image processing
result. (c) The distribution of image entropy along the searching path ‘‘exposure time = gain’”.
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Table 1
The statistics of robot’s self-localization errors under different lighting conditions. In
this table, x, y, and h are the self-localization coordinates related to the location x, y
and orientation.
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0
−200
−400

end start

−500

0.044
0.052
0.286

In the second case
Mean error
Standard dev
Maximal error

6.416
12.431
95.396

5.544
7.381
33.063

0.067
0.093
0.580

In the third case
Mean error
Standard dev
Maximal error

2.751
3.593
16.834

5.867
7.533
35.173

0.047
0.061
0.279

In order to analyze the imaging characteristic of the ball in our
omnidirectional vision system, we consider the situation that the
ball is located on the ground, and assume that the panoramic mirror is a point with height h above the ground, for the mirror size is
far smaller when compared to the ball size and the distance from
the mirror to the ball. Therefore, the incident rays from the ball
to the mirror can be said to form a cone tangent to the ball approximately. The intersections of a plane and a cone generate conic sections, such as circles, ellipses, hyperbolas, and parabolas. In this
situation, an ellipse is generated by the intersection of the cone
and the ground plane, which is shown in Fig. 18. We deﬁne a right
hand Cartesian coordinate with the center of the robot on the plane
as the origin o of the coordinate, with the direction from the robot
to the 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 the ball and the robot is xb. The imaging of the ball is the
same as the imaging of the ellipse in the omnidirectional vision
system, so we need to derive the shape parameters of the ellipse
on the ground and then analyze what shape the ellipse will be imaged in the panoramic image. The equation of the ellipse is as
follows:

ðx  x0 Þ2 y2
þ 2¼1
a2
b

−600

−1000

5.967
7.117
35.595

5.1. Analysis of the imaging characteristic of the ball

−200

−1000

5.907
7.334
30.724

In this section, we propose a ball recognition method based on
the omnidirectional vision without color classiﬁcation. We will
analyze the imaging characteristic of the ball in our omnidirectional vision system, and then present the arbitrary FIFA ball recognition algorithm for soccer robots. The experiments will be
performed in cluttered environments to test our algorithm.
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h (rad)

5. Ball recognition based on the omnidirectional vision without
color classiﬁcation
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Fig. 15. The robot’s localization results after camera parameters had been
optimized under totally different lighting conditions. (a) The illumination was not
affected by natural light. (b) The illumination was affected greatly by sun rays. (c)
The illumination changed dynamically. The black points are the positions where the
illumination changed and camera parameters were auto-adjusted.

techniques should be integrated into our method, so camera
parameters can be optimized according to the local features in
the object region.

ð2Þ

In Eq. (2), 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.
According to Fig. 18, we get the following equations:

xb ¼ xc  ðh  rÞ=h
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
db ¼ ðh  rÞ2 þ x2b
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
ds ¼ db  r 2

ð3Þ
ð4Þ
ð5Þ

tan h1 ¼ r=ds

ð6Þ

tan h ¼ xb =ðh  rÞg

ð7Þ
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Fig. 16. (a) The distribution of image entropy with different iris and exposure time. (b) The image entropies along the deﬁned searching path ‘‘exposure time = 1.73  iris”. (c)
The optimal image corresponding to the maximal entropy along the searching path.

tanðh þ h1 Þ ¼ ðtan h þ tan h1 Þ=ð1  tan h tan h1 Þ
tanðh  h1 Þ ¼ ðtan h  tan h1 Þ=ð1 þ tan h tan h1 Þ

ð8Þ
ð9Þ

xl ¼ h  tanðh  h1 Þ

ð10Þ

xh ¼ h  tanðh þ h1 Þ
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
dk ¼ h þ x2c

ð11Þ
ð12Þ

yc ¼ dk  tan h1
a ¼ ðxh  xl Þ=2

ð13Þ
ð14Þ

x0 ¼ ðxh þ xl Þ=2

ð15Þ

The height h of the mirror to the ground and the radius r of the
ball are known in advance. If xb or xc is given, we can calculate a
and x0 by substituting Eqs. (4)–(11) into Eqs. (14) and (15). For
the point (xc,yc) is located on the ellipse, we can derive the following equation:

ðxc  x0 Þ2 y2c
þ 2¼1
a2
b

age. We assume that the ellipse will still be imaged as ellipse, and
the distance between the center of the ellipse and the center of the
robot is i in the panoramic image. According to the distance map of
our omnidirectional vision system calibrated in Section 3, we can
calculate x0 = f(i), where f() is the calibrated distance map function.
It is very complex to calculate a and b if only x0 is given according
to Eqs. (3)–(16), so we mildly simplify this problem by replacing x0
with xc, for the point C is very close to the center of the ellipse in
Fig. 18b. The simpliﬁcation will be proved to be feasible by the
experiments. 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 Eqs.
(3)–(16). Because the distance map has already been calibrated in
Section 3, we can use the inverse function of the distance map
function to derive the semi-major-axis ai and the semi-minor-axis
bi of the imaged ellipse in the panoramic image. The calculation
functions are as follows:

ai ¼ ðf 1 ðxh Þ  f 1 ðxl ÞÞ=2
ð16Þ

We can derive b by substituting Eqs. (3), (12)–(15) into Eq. (16).
In order to process the panoramic image to detect the ball, we have
to derive further what shape this ellipse will be imaged in the im-

bi ¼ b  f

1

ðx0 Þ=x0

ð17Þ
ð18Þ

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
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Fig. 17. The deﬁciency of our camera parameters auto-adjusting method. (a) The acquired image after camera parameters have been optimized when the illumination is
highly nonuniform and the robot is located in a very dark place. (b) The image processing result. (c) The distribution of image entropy along the searching path ‘‘exposure
time = gain”.

Fig. 18. The sketch of the imaging of the ball in the omnidirectional 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.

center of the robot is i in 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 in the following image processing algorithm.
5.2. 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 for the
possible ellipses in the image according to this characteristic. From
Figs. 20 and 21, we see that the ellipses are small in the images.
According to our experiment, the edge information of the ellipses
cannot be detected well, and the current Hough transform algo-

Fig. 19. The image regions inside and outside the ellipse for calculating the color
difference.

rithms cannot work well to detect these ellipses. Therefore we develop our own image processing algorithm to solve this problem.
The arbitrary FIFA balls have different colors, so we cannot detect the ball based on color classiﬁcation like the traditional color
object recognition methods. However, 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 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
the robot in 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 variation of every two neighboring pixels, and the color variation is measured by Euclidean
distance in YUV color space. If the color variation is higher than a
threshold (we set it as 18), a possible contour point is found. We
calculate the distance d between every two possible contour points
on the same concentric circle, the middle point P of the same two
possible contour points, and the distance i between P and the center of the robot in the image. The semi-minor-axis bi of the ellipse
with its center located on P can be acquired from the lookup table
calculated in Section 5.1. If d  2  bi, we take the point P as a possible ellipse center point.
The other scan method is called radial scan, in which we deﬁne
360 radial scan rays with the center of the robot in 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 variation of every two neighboring pixels as in the rotary scan. If
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Fig. 20. The process and the results of our ball recognition algorithm. (a) The panoramic image. (b) The possible contour points detected by rotary scan. (c) The possible
contour points detected by radial scan. (d) The ball recognition result.

the color variation is higher than a threshold (we set it as 16), a possible contour point is found. We calculate the distance d between
every two possible contour points on the same radial scan ray, the
middle point P of the same two possible contour points, and the distance i between P and the center of the robot in the image. The semimajor-axis ai of the ellipse with its center located on P can be acquired from the lookup table calculated in Section 5.1. If d  2  ai,
we take the point P as a possible ellipse center point.
After the two sets of the possible ellipse center points have been
obtained by the rotary scan and the radial scan, we 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 will consider that a
candidate ellipse exists with the coinciding point as its center and
also get the equation of this candidate ellipse. Then we can ﬁnd the
real ball within these candidate ellipses by searching for the maximal color difference inside and outside the candidate ellipses. We
deﬁne color difference as Dc, and it is calculated as follows:

rectangle tangent to the ellipse in Y, U, V color channel respectively. The image regions used to calculate these mean values are
shown as the white and the black regions in Fig. 19. If the maximal
color difference is higher than the threshold we set as 50, we can
validate the corresponding candidate ellipse as the real one imaged
by the ball.
In this image processing algorithm, there are three thresholds
needed to be set. We determined them through experiments, in
which we used several balls with different colors and textures, as
shown in Fig. 21. We kept adjusting the thresholds until the number of the balls recognized was maximized, so the best thresholds
were determined. Furthermore, the camera parameters autoadjusting algorithm proposed in Section 4 is used to acquire the
images with good quality, so these ﬁxed thresholds can work well.
So far, we can detect a standard FIFA ball globally without color
classiﬁcation using our omnidirectional vision system.

i  y
 o j þ ju
i  u
 o j þ jv i  v o j
Dc ¼ jy

5.3. Ball tracking by integrating the ball speed estimating algorithm

ð19Þ

i ; u
i ; v
 i are the mean values of those pixels inside
In Eq. (19), y
o ; u
o ; v
 o are
the ellipse in Y, U, V color channel respectively, and y
the mean values of those pixels outside the ellipse and inside the

In the competition, there is no need to conduct the global detection above by processing the whole image in every frame. Once the
ball has been detected globally, we can track the ball by integrating
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Fig. 21. Some of the global detection results in doing the performance statistics for our ball recognition algorithm. (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 ball speed estimating algorithm proposed by Lauer et al. [41]. The
algorithm models the speed estimation as a standard linear regression problem, and uses ridge regression to solve it. In the actual
application, ball tracking is started only when the same ball has
been detected globally in three consecutive frames, for at least
three frames of ball information are needed for estimating the ball
speed reliably. Also, some false positives caused by image noise can
be eliminated from being tracked using this method, making the
ball tracking more reliable. During the tracking process, the estimated ball speed is used to predict the ball position of the next
frame in the real world coordinate and the ellipse position imaged
by the predicted ball can be calculated according to the calibration
result of the omnidirectional vision. So we only need to process the
nearby image region of the predicted ball position with the same
image processing algorithm, and the running time needed can be
reduced greatly. The nearby image region changes dynamically
with the major-axis and the minor-axis of the ellipse imaged by
the predicted ball. When the ball has been lost for several consecutive frames during the tracking process, the global detection and
the ball speed estimating algorithm should be restarted.
Furthermore, in order to improve the correct detection rate, we
would consider that a candidate ellipse exists, which is corresponding to each of the possible ellipse center points after rotary
scan and radial scan without checking the coinciding points, and
then search for the ball in more candidate ellipses during the tracking process. So when the ball is occluded partially but less than
half, it can still be detected.
5.4. The experimental results
First, we demonstrate the process and the results of our ball recognition algorithm by processing the typical panoramic image. The
panoramic image, the results of the rotary scan and radial scan are
shown in Fig. 20a–c respectively. The red points in Fig. 20b and c
are all of the possible contour points. The ﬁnal recognition result
is shown in Fig. 20d, in which the purple points 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 in the panoramic image. From Fig. 20, we see
that although lots of other objects exist around the robot and the
image background is complex, the FIFA ball can be detected successfully without any color classiﬁcation.
With the aim to acquire the statistics of the correct detection
rate and the false positives of our recognition algorithm, we collected 137 different panoramic images with standard FIFA balls
in the cluttered environment. These balls were different in color
and texture. They also were not occluded in the images. The distance between these balls and the robot itself were restricted to
be less than 4.5 m, for the ball would be imaged very small if it
was too far from the robot itself. After processing these images
one by one, 132 balls were globally detected, and the false positives was 2. So the correct detection rate was 96.35%. Only global
detection was dealt with in this statistics. The correct detection
rate can be increased further by combining object tracking algorithms. Therefore the correct detection rate and the false positives
are acceptable for soccer robots to play competitions with an arbitrary FIFA ball. Some of the recognition results are demonstrated in
Fig. 21.
We also tested the ball tracking algorithm proposed in Section
5.3. Several results of recognizing and tracking the ball in a test sequence of panoramic images are shown in Fig. 22. Fig. 22a shows
the result of global recognition, and Fig. 22b–n the results of the
tracking process. The blue ellipses are the predicted ball positions,
and the cyan ellipses are the real detected balls. From Fig. 22, we
see that our algorithm tracked the ball efﬁciently. Even when the
ball was temporarily fully occluded as shown in Fig. 22c, the tracking algorithm could redetect the ball by using the ball speed that
was estimated in the past frames to predict the ball position in
the next frame. Because more candidate ellipses are considered
without checking the coinciding points, the balls occluded less
than half can also be detected successfully as shown in Fig. 22j
and m.
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Fig. 22. The results of our ball tracking algorithm. (a) The global detection result. (b–n) The ball tracking results.

The RoboCup MSL competition is highly dynamic and the robot
must process its sensor information as soon as possible. We tested
the running time of our recognition algorithm. The robot’s computer is equipped with a 1.73G CPU and 512M memory. It takes
about 100–150 ms to realize global detection by analyzing a whole
panoramic image with the dimension of 444  442. However, once
the ball has been detected globally, the running time can be reduced to be 4–20 ms in the tracking process for only the partial image near the predicted ball position is needed to be processed.
Therefore our recognition algorithm meets the real-time requirement of the RoboCup MSL competition.

5.5. Discussion
When compared to other existing ball recognition methods
without color information, our algorithm has the following
advantages:
 It does not need any learning or training process which is necessary in the recognition algorithm based on Adaboost learning.
 It can deal with global detection which is not considered in the
CCD algorithm.
 It is based on the omnidirectional vision system, so it can detect
the ball more quickly in a much larger range than other existing
methods that only use perspective cameras.
 It can incorporate object tracking algorithms easily to detect the
arbitrary ball more efﬁciently and in real-time. Its interim and
ﬁnal results can also be used as important clues for other recognition methods.
 The idea of our algorithm based on our omnidirectional vision
can be used in any other omnidirectional or perspective vision
systems, if the imaging characteristic of the ball can be analyzed
in advance.
However, there are still some deﬁciencies in our algorithm. The
ﬁrst deﬁciency is that the imaging of the ball is occluded partly by
the robot itself when the ball is too close to the robot according to
the imaging characteristic of our omnidirectional vision system
[42], so our algorithm fails in recognizing this ball globally. This
deﬁciency can be solved by adding a perspective camera to recognize the arbitrary ball as we had demonstrated successfully in the
second technical challenge of RoboCup2007 Atlanta. In the algorithm, we apply the Sobel ﬁlter to detect all the edge points and
their gradient directions in the perspective image ﬁrst, and then
recognize the arbitrary ball by using Hough transform based on
the gradient information to detect the circle imaged by the ball.
By using the omnidirectional vision and perspective camera to-

gether, the robot can recognize the ball globally, track the ball
and perform precise ball manipulation such as dribbling and shooting. The video of our robot’s tracking and playing with an arbitrary
FIFA ball can be found on our team website: http://nubot.nudt.edu.
cn/2009videoen.htm.
The second deﬁciency is that the ball can be recognized effectively only when its distance to the robot is less than 4.5 m, which
is not sufﬁcient for the RoboCup MSL with large ﬁeld of
18 m  12 m. This deﬁciency can be solved by planning paths for
robots to search for the ball on the ﬁeld, as shown in our video
mentioned above. Multi-robot cooperative sensing could also be
used to deal with the problem, and every robot could share the ball
information with its teammates. The third deﬁciency is that our
algorithm can only deal with the situation in which the ball is on
the ground. We have to develop some arbitrary ball recognition
method based on a stereo-vision system to solve this problem.
The fourth deﬁciency is that when the ball is occluded or even partially occluded for a long time (more than several frames), our
algorithm fails to track it. This deﬁciency may be solved by incorporating other tracking algorithms or other recognition methods
such as Adaboost learning algorithm.

6. Conclusion and future work
In this paper, we aim to develop a robust omnidirectional vision
sensor for the RoboCup MSL soccer robots to be able to work well
under varying lighting conditions and without the constraint of the
current color-coded environment. In the image acquisition, we
propose a novel method to auto-adjust the camera parameters
based on image entropy. Image entropy is veriﬁed by experiments
to be able to indicate whether camera parameters are properly set,
so camera parameters can be auto-adjusted based on it to achieve
some kind of color constancy for the output of vision systems,
which is validated by the experimental results of color object recognition and the robot’s self-localization under different lighting
conditions. In the image processing, we design a novel algorithm
for ball recognition without color classiﬁcation based on our omnidirectional vision system. The conclusion is derived that the ball on
the ﬁeld can be imaged to be an ellipse approximately in panoramic images, so the ball can be recognized without color classiﬁcation by detecting the ellipse with our own image processing
algorithm. The experimental results show that the arbitrary FIFA
ball can be recognized and tracked effectively in real-time by our
method, even if the environments are cluttered.
However, according to the discussions in Sections 4 and 5, there
are still lots of work needed to be done to achieve complete robustness for the omnidirectional vision under dynamic lighting condi-
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tions and in generic, but not color-coded, soccer competition environment. In camera parameters auto-adjustment, object recognition and tracking algorithm should be integrated into our
method. So when the illumination is highly nonuniform, the robot
can adjust its camera parameters based on the image entropy of
the object region. The color constancy of the object region can be
achieved, which is similar to the visual attention mechanism.
When non-omnidirectional vision system is used, the robot can
also use the object region as referenced information to judge
whether camera parameters should be adjusted. In the arbitrary
FIFA ball recognition, more effective tracking algorithms or other
recognition methods should be integrated into our algorithm, so
the robot can recognize and track the ball more effectively even
when the ball is occluded frequently. Furthermore, recognizing
the arbitrary FIFA ball in three dimension space should be researched, because the ball is often lifted by the robots’ high kicks
during the current RoboCup MSL competition.
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