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ABSTRACT 

Global Vision System is widely used among teams of 
Robocup F180 (Small Size League). This architecture as 
well as the 1-hour preparation time limit before each 
match poses strict requirements to the accuracy and 
efficiency of the calibration method against pitch field 
distortions. Because of the curvature-preserving feature of 
these distortions, we propose a brand-new image 
registration approach, which does not require calibrating 
the camera, but directly maps the distorted image to the 
real pitch. While this method substantially simplifies the 
pre-match manipulation, it also maintains high accuracy - 
our experimental result shows that, with double camera, 
the mean error ratio is limited within 0.22%, accurate 
enough for Robocup matches. 

1. INTRODUCTION 

Since the first international championship held in 1997, 
Robocup has received worldwide concerns from growing 
number of universities and research institutes.  Robocup 
F180 League requires real entities compete on a hard pitch. 
During a match, all robots can only receive instructions 
from computers but not at all from human.  
It substantially affects the effectiveness of the team 
whether the vision subsystem is accurate, real time and 
robust enough. Although not officially required, it is very 
popular among teams all over the world that global vision 
architecture is implemented, i.e. collecting field images 
including robot players and the ball from environmental 
cameras. The design commonly involves field calibration, 
because raw camera images are badly distorted. They 
definitely contain wide-angle distortions, because for a 
2800mm×2300mm field, camera should not be lower than 
2.5m [1]. Moreover, since neither team of the match is 
guaranteed that their camera should be placed 
perpendicularly above the field center; raw images also 
contain perspective distortions. These distortions might 
totally accumulate about 7% errors in terms of space 
distance. See Figure 1(a). 
We introduce an image registration approach mapping the 
camera image directly to the real pitch. The objective is to 
minimize human manipulation while maintains high 
accuracy and speed. The following sections explain the 

details surrounding of this procedure: the history, rationale 
and limitations of previous approaches, the theory of 
global image registration and then our approach. Results 
demonstrate the algorithm’s effectiveness on Robocup 
application that cannot otherwise be so simply captured. 

2. HISTORY OF ROBOCUP CALIBRATION 

At the very beginning, some teams used just raw images 
for positioning. This is because decision accuracy (e.g. 
velocity prediction) instead of image distortion was the 
bottleneck of the whole system at that time. 
In 2002, Cornell University, USA proposed a chessboard 
calibration method. They mat the field with chessboard 
carpet, and then extract checker corners from camera 
images and map the corners directly with coordinates of 
their counterparts in the real pitch. Finally, a certain 
number of critical points e.g. penalty point are calculated 
by interpolation with the nearest checker corners. Cornell 
followed this approach in 2003 with minor changes [2].  
In this method, the “checker corner extraction” step is 
crucial. And Cornell achieves this with a Matlab Camera 
Calibration Toolkit [3]. However, in order to maintain 
accuracy, it requires huge workload of manual adjustment. 
For example, in 2002, the total number of the corners to be 
tuned is 728, and this may take a skillful operator 45 min. 
to complete [2], which, according to time limit of only 60 
min.’s pre-match preparation, is absolutely risky. 
In 2003 Tsinghua University, P. R. China applied pure 
camera calibration methods. They classify the distortions 
into intrinsic or wide-angle distortions and extrinsic or 
projectile distortions [4]. A pinhole camera model and a 
linear perspective model are constructed to depict the two 
kinds respectively. They can form an inhomogeneous 
linear system of equations with known values at critical 
points and solve model parameters with Least Square 
Method.  Points other than those critical ones can then be 
obtained through iterations. 
Tsinghua’s separation of models makes real sense, 
considering the formation of the distortions. And it reduces 
the complexity of parameter calculation in each one of 
them. However, the fatal disadvantage is that the image 
from the camera is a mixture of both the intrinsic and 
extrinsic distortions, which are unable to separate. So 
Tsinghua’s parameters in either model are inevitably 



affected by the errors of the other model, therefore 
unpersuasive.  
Theoretically, if we can find the direct mapping between 
camera images and the real pitch, it is not at all necessary 
to introduce the camera distortion models. 

3. DISTORTION CALIBRATION WITH IMAGE 
REGISTRATION METHOD 

As the position of the camera is fixed during the match, the 
single time calibration prior should be enough. The 
calibration result is then to be used in the game. Our aim is 
that given the coordinate value of a pixel in a camera 
image indexing to a real-time Look-Up Table generated by 
our algorithm, we can get the respective coordinate on the 
pitch. The table is generated with two steps: 
• To calculate a mapping between every pixel in a 

camera image of the pitch and that in a pre-generated 
standard engineering draft of the field. The image and 
the draft are of the same size; 

• With a subsequent scaling from the draft to the real 
pitch, we create in the computer main memory one 
mapping from the camera image to the real pitch, 
enabling real time positioning during the match.  

The second step of the method is quite straightforward. 
And the only challenge is how to map the distorted image 
with the standard engineering draft, which is a typical 
image registration problem. 

 

Figure 1. A two-step mapping from camera images to 
the real pitch. First from (a) the camera image to (b) the 
engineering draft, then to (c) the real pitch coordinate. 
Distortions in (a) result to 7% errors. 

Theory of Variational Image Registration 

The purpose of image registration is to search for the best 
or nearly best transformation of one image (a TemplateT ) 
to another image (a Reference R ). Robocup application 
falls into “Non-parametric Image Registration” categories - 
not just the parameters of a known model function or 
interpolation expression have to be decided, but the entire 
non-linear mapping function has to be searched for. It is a 
typical variation process.  

The basic ingredients of a general function-searching 
approach are a distance measureD  and a regularizer or a 
smoother S . The distance measure is the driving force of 
the registration and the regularizer is used to restrict the 
transformation to an appropriate subclass of the entire 
function space. 

Sum of Square Euclidean Distance (SSD)  

This measure is defined in Eq.(1). It is suitable for the 
specific Robocup application, where images are not 
sophisticated, and we set our focus on the maintenance of 
pixel grey level or intensity in the reference and template.  
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in which T and R are the global intensity functions of the 
images, where T and R satisfy: 
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Curvature Smoother  

It is defined in Eq.(2) is applied, because we have to 
maintain the curvature and continuity characteristics of the 
calibrated images:  
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An impressive by-product of this Curvature Smoother is 
that it greatly tolerates the translational displacement and 
scaling, compared with some other non-linear smoothers 
like Elastic, Diffusion etc., because CURV [ ] 0Cx b+ =S for 

all ,d d dC b×∈ ∈ To be more concrete, we compare the 
performance of the Curvature scheme and the Elasticity 
driven method for an academic example, where the 
reference and the template differ by an affine linear 
transformation. The result is shown in Figure 2. 
 

 
Figure 2. Comparison between Curvature and Elasticity. 
Left is the template. Middle is the curvature result. Right 
is the Elasticity result. It is shown that Curvature 
smoother naturally has an affine preserving feature. 
 

Although the grey square box after both Curvature and 
Elasticity registration look the same, only the former one 
maintains the understructure as well.  
Because of this feature, by using curvature registration, 
template from the Robocup camera can be directly used as 
the input and an affine registration (including translation 
and scaling) will be automatically embedded into the final 
mapping function. Thus simplifies user manipulation. 



Engineering Considerations of the Registration 

Numerical Treatment 

The calibration can now be converted into a variational 
problem: given two images R , T  and a positive 
regularizing parameter 0α

>
∈ . Find a deformation u , 

such that  [ ] : [ , ; ] [ ] minu R T u uα= + =J D S           (3) 

where CURVD is defined by Eq.(1) and is defined by Eq.(2) 
Computing the first variation of [ ]uJ  results in the Euler-
Lagrange equation: 

2( , ( )) ( ) 0,f x u x u x xα+ ∆ =      ∈Ω ,         (4) 

with Neumann boundary conditions 0l lu u∇ = ∇∆ =  for 
, 1, ...,x l d∈ ∂Ω   = .  

There are many schemes to solve Eq.(4) numerically. We 
implement B. Fischer’s ( log )N NO numerical treatment 
based on DCT type techniques [5], where N is the number 
of the pixels in the input images. 

Boundary Adjustment 

The minimization problem of Eq.(3) has been formulated 
without explicit boundary condition on a minimizer u , 
such that implicit boundary conditions arise naturally. 
However due to our experiments, boundary conditions are 
of minor importance, if the images are embedded into a 
uniform background. Thus we may use explicit boundary 
conditions to come up with efficient numerical schemes. 
In order to apply Neumann boundary conditions as stated 
above, we embed the 640×480 reference and template 
into a white boundary and create 800×600 images. 
Intensity images might be affected by the practical lighting 
condition of the room, especially at the four corners. See 
Fig. 1(a). Moreover, since 2004, uniform lighting is no 
longer provided. To overcome this problem, we actually 
detect the edge of the pitch field with Sobel algorithm and 
create a binary camera image as the input. 

4. RESULTS & ACCURACY ANALYSIS 

Camera Brand:  
Model:  
Frame Rate:  
Resolution: 
Image Size:  
Color Type: 

Samsung 
SCC-331 
30 frame per second 
480 TV lines 
640×480 pixels 
RGB32 YUV422 

Computer CPU:  
Main Memory:  
Graphics Card:  
Hard Disk Capacity: 

2.4GHz 
1GB  
ATI RADEON 9800 SE 
80GB 

Robocup Pitch  
(2003 rule) 

Width 
Length 

2300mm 
2800mm 

Table 1. Test environment for Robocup Vision. 

Choosing Algorithm Parameter 

We have to decide the only control parameter in Eq,(3) 

0α
>

∈ . It is actually application-directed and is a process 
of trial and error. Fig. 3 shows registered pitch results with 
different αvalues after 100 iterations, except Fig. 3(e) 
with 60 iterations.  

 
Figure 3. Comparison of results of different α 

 
An intuitive meaning ofαis that the greaterαvalue is, the 
more regular registration result will be.  However, a large 
α will confine the modification of curvature in each 
iteration step, such as Fig. 3(e), it automatically stops only 
after 60 iterations, because it has already reached an 
unsatisfactory convergence. So we choose α= 1e6 for our 
Robocup application from now on. 

Global Error Test with Virtual Camera Image 

 
(a)                 (b)                 (c)                  (d) 

Figure 4. Global error test with virtual camera Image. (a) 
is the reference and the source of (b). (b) is forged from 
(a) as a virtual camera image, with inverse mapping. (c) 
is the registered image of (b). (d) is the difference 
between (a) and (c), which theoretically should be black. 
We can also see from (b), that the curvature feature is 
perfectly preserved. 
 

Here we introduce a novel way to eliminate the unrelated 
environment perturbations such as the noise introduced by 
camera lens error and real pitch irregularity, so that we can 
examine the registration algorithm itself: we use the very 
registration algorithm to “forge” a virtual camera image by 
casting the inverse transformation function to the 
engineering draft of the pitch as shown in Figure 4(b). The 
draft is netted in advance for an easier understanding. 
A statistical result of distances between all the relative 
pixels of Fig.4 (d) is shown as below: 

Scale: 1 pixel = 5.0mm 
Unit: pixel / mm Max Mean Mean Error Ratio 
Vertical  Distance 3.66 / 18.3 1.06 / 5.3 0.23% 
Horizontal Distance 4.89 / 24.4 1.31 / 6.6 0.24% 
2D Euclidian Distance 5.66 / 28.3 1.88 / 9.4 -------- 

Table 2. Global statistical distance 



Critical Points Error Test with Actual Image 

Now we analyze 15 critical points on the real half pitch. 
These points are either along the edge or the corner of the 
penalty area or of the goal area and the like: 

Unit: mm 
Points  InputX InputY OutputX OutputY |Dx| |Dy| 
1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 

0.0 
145.0 
645.0 
797.5 
1150.0 
1496.5 
1645.0 
2148.0 
2290.0 
0.0 
1147.0 
2294.0 
1148.5 
330.0 
734.5 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1400.0 
1400.0 
1395.8 
727.0 
1092.5 
1220.0 

25.2 
159.1 
644.3 
799.9 
1162.8 
1522.7 
1681.8 
2170.1 
2280.3 
13.9 
1166.0 
2307.8 
1157.4 
302.5 
716.5 

21.5 
15.7 
5.5 
8.3 
1.9 
6.1 
8.2 
20.8 
30.2 
1378.9 
1367.8 
1404.4 
731.1 
1066.9 
1254.1 

25.2 
14.1 
0.7 
2.4 
12.8 
26.2 
36.8 
22.1 
9.7 
13.9 
19.0 
13.8 
8.9 
27.5 
18.0 

21.5 
15.7 
5.5 
8.3 
1.9 
6.1 
8.2 
20.8 
30.2 
21.1 
32.2 
8.6 
4.1 
25.6 
34.1 

Max     36.8 34.1 
Table 3.  Fifteen critical points on the real half pitch 

 
Comparing with the 43mm football and the 180mm robot 
in diameter, we conclude that our registration result is 
accurate enough for the Robocup application. 

Algorithm Time Cost 

For a 100-iteration calculation on Matlab 6.5.1 and a 
Window XP platform, it costs approximately 16 min. This 
is sufficient for the 1-hour preparation time limit before 
each match. 

5. FURTHER DISCUSSIONS & CONCLUSION 

Double Camera Calibration 

In order to have higher accuracy and resolution, we apply 
double camera in our real system. Each camera is 
responsible for half pitch.  For edge detecting, we floor the 
half pitch with a white paper band before shooting, see Fig 
6. And finally combine the two mapping tables from the 
two cameras into one global real pitch coordinate. 
 

   
Figure 6. A two-camera system. The middle line of the 
real pitch is marked with a white paper band for an easy 
edge detection. 
 

Scale: 1 pixel = 3.7mm 
Unit: pixel / mm Max Mean Mean Error Ratio 
Vertical  Distance 4.36 / 16.1 1.26 / 4.7 0.20% 
Horizontal Distance 5.31 / 19.6 1.71 / 6.3 0.22% 
2D Euclidian Distance 5.51 / 20.4 2.30 / 9.4 -------- 

Table 4. Statistical distance of a two-camera system 

One thing should be emphasized here. Although the double 
camera system obtains a more accurate result, in terms of 
error ratio and unit of “mm” in table 4, this improvement is 
not quite related with our registration algorithm. This can 
be clearly seen comparing distance items between Table 4 
and Table 2 in the unit of “pixel”. 

Parallax Distortion Correction 

Parallax distortion results from the fact that we are 
approximating the 3D world in 2D. All robots and the ball 
have definite height components to them. However this 
information is lost when the camera takes a picture. After 
camera registration step, we can correct this error directly 
by the Pythagorean Theorem.  The result is the final 
mapping we use during the match. 

Conclusion 

The conspicuous feature of image registration method for 
Robocup camera calibration application is that it has 
greatly reduced human workload, while maintaining high 
accuracy. People only need to input a raw camera image 
and a formal reference image. Then a mapping table is 
directly generated from the pixels in the camera image to 
the real pitch position. The mean error rate for a two-
camera system is less than 0.22%, or less than 9.4mm for a 
2800mm long and 2300mm wide real pitch. The time cost 
for this accurate calculation and image restoration is only 
16min., which is also efficient enough for Robocup match 
preparation.  
The only drawback is that errors are uniformly distributed, 
and for some critical points, this may not be accurate 
enough, this can be overcome, however, with a local 
registration, after our global one. Or we can mat the pitch 
with checkerboard mattress, and register the camera image 
with a formal checker board, which utilizes more intensity 
information as the input, instead of just the edge 
information as we actually have done in this paper. 
Moreover, this approach is proper for any intensity-based 
nonlinear direct mapping of two images, such as MRI 
medical diagnosis etc. and this iteration process can be 
taken as a process of 2D image morphing. 
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