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1. INTRODUCTION

The landmark project RoboCup is a well-known international 
robotics challenge [1]. This project promotes research on Artificial 
Intelligence (AI) and robotics with the goal of “creating a team of 
autonomous humanoid robots that can beat the world-champion 
soccer team” by 2050 [2]. Various technical challenges must be 
overcome to achieve this goal. Self-localization—which enables 
a robot to recognize the real-world environment in real time—is 
a key function that determines the outcome in any competition 
because it serves as the starting point for the strategic coordinated 
movements that follow.

Figure 1 shows the RoboCup Middle Size League (MSL) soccer 
field, which has the widest field size (12 × 18 m). Many self- 
localization methods using the shape of the white lines drawn 
on the field have been proposed, including a method using the 
Hough transform [3] and a method based on error minimiza-
tion [4]. However, the Hough transform-based method requires 
a long processing time because calculations other than estimat-
ing the self-localization are generated. Error minimization is a 
local search method, so the initial position needs to be assumed. 
As a result of these shortcomings, a method using Monte Carlo 
localization (MCL) [5,6] with a particle filter has been proposed 
and implemented by many RoboCup teams. However, improv-
ing localization accuracy leads to increased processing time. 

Furthermore, MCL is known to be relatively vulnerable to the 
kidnapping problem [7].

In this paper, we describe a real-time self-localization method 
that applies a Genetic Algorithm (GA) [8] for the RoboCup MSL. 
We estimate the self-position using information on the image, 
 environment, and field. A search space is formed by model-based 
matching [9], which collates a search model based on the shape of 
the white lines (obtained from omnidirectional images) and known 
field data. A GA is then used for optimization processing. Our pro-
posed method enables the robot’s self-position to be identified in 
real time.

The competition environment is a dynamic system where mul-
tiple robots move at high speed, and image noise is generated 
due to the mutual occlusion of multiple robots. Moreover, 
the image changes caused by the movements of the robot also 
affect self-localization, so the robustness of the self-localization 
method must be evaluated as well. Thus, we conducted experi-
ments to verify the robustness of our method against noise and 
moving speed.

2.  SELF-LOCALIZATION USING 
 OMNIDIRECTIONAL CAMERA

We use a white line on the MSL field for self-localization. Our 
 proposed self-localization method generates the search space 
based on a model-based matching using white line information. 
The method recognizes the robot position by optimizing the  fitness 
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the task of detecting robot position is converted to a search task of 
e�  such that F( )e�  is maximized.

2.4. Genetic Algorithm

In the proposed self-localization method, we implement a GA to 
determine the maximum value of the fitness function F( )e� . A GA 
is an example of an artificial intelligence program and is well known 
as a parallel search and optimization process that mimics natural 

function, which is the maximum value at the correct robot  position. 
A GA is utilized to optimize the fitness function.

2.1. Hardware of Vision System

The omnidirectional vision system of our robot consists of a camera 
(FLIR, Flea3), a varifocal lens (Vstone), and a hyperboloidal mirror 
(Vstone). We developed the vision system, shown in Figure 2, for 
the RoboCup MSL robot by combining the above elements. The 
image captured by this vision system is shown in Figure 3a. The 
image size and frame rate are 512 × 512 pixels and 30 frame per 
millisecond (fps), respectively.

2.2. Searching Model

Figure 3 shows the process of creating the search model for the 
proposed method. First, the detection image of the white line is 
needed to make the searching model. We obtain the white detec-
tion image by applying the converting method of color space from 
RGB to HSV and to YUV as in Figure 3b. Then we generate the 
field information by orthogonalizing the white line information, 
shown in Figure 3c. We determine the searching model by thin-
ning down the field information based on the white lines as in  
Figure 3d. Finally, we use the thinned model as the searching model 
for self-localization.

2.3. Model-based Matching

The proposed self-localization method generates the search space  
by model-based matching between geometric information 
of the white lines on the MSL field and the above-mentioned 
searching model shown in Figure 4. The evaluation function 
F x y( )e e� � �� �=  { }, ,q  of the model-based matching is given as  
follows:
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Here, the movement of the searching model S in the matching 
area is expressed as S( )e� . And, if the pixel value of field image 
corresponding to the area of the moving model is expressed as 
p x y S( ) ( , ), ( )� � � � � �r r r= ∈{ }e . The fitness function F( )e�  obtains the 

maximum value when the position of the searching model corre-
sponds to the correct position of the robot on the MSL field. Then, 

Figure 2 | Hardware of vision system.

Figure 4 | Model-based matching.

Figure 1 | RoboCup MSL soccer field.

Figure 3 | Process of creating search model. (a) Original image  
from camera. (b) White detection image. (c) Orthogonalized image.  
(d) Search model.
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selection and evolution. The proposed method utilizes an elitist 
model of a GA that preserves the best individual in the population 
at every generation. The method also utilizes genetic coding using 
gray code, roulette selection, and one-point crossover. The param-
eters of the GA process were determined in previous experiments.

2.5. Verification Experiment

We performed a self-localization experiment to determine the 
error between the correct position and detected position on the 
MSL field to verify the effectiveness of the proposed method. In 
the verification experiment, the resulting maximum error was  
36.1 cm and the average error was 12.8 cm. These errors are small 
compared to the field size, indicating that the self-localization 
could be detected with sufficiently high accuracy.

We conducted an additional verification experiment to confirm the 
smoothness of the recognized position in an actual environment, 
in which the robot moved along a test path on the field shown 
on the left side of Figure 5. The results of the self-localization are 
shown on the right side of the figure, where the black dots represent 
the detected position at each camera frame. We also recorded the  
x, y-coordinates of the detected position at each frame number on 
the test path, shown in Figure 6. The results show that the self- 
localization result did not deviate significantly, and the robot’s 
coordinates of its detected position are continuous.

3.  VERIFICATION OF ROBUSTNESS 
AGAINST NOISE

The accuracy measured thus far is the result of an ideal environment 
in which there are no other robots on the soccer field. However, in 
a real game environment, up to 10 robots may exist on the same 
soccer field. In addition to the robots, people such as the referee 
and the line referee are on the field at the same time. The robot 
may not be able to recognize its own position correctly because 
the people and the other robots become occlusions. Therefore, we 

conducted additional experiments to verify the robustness of the 
proposed method against varying amounts of noise.

3.1. Experiment

In a real environment, a variety of noises may appear in the image, 
so qualitative experiments cannot be performed. Here we perform 
verification experiments by adding artificial noise.

We conducted the experiments at the seven locations on the MSL 
field indicated in Figure 7. These seven locations are characteristic 
points on the field. Taking the center of the panoramic image as the 
center of the circle, we set the fan-shaped area with a center angle 
of 30° as noise, shown in Figure 8. By changing the position and 
amount of noise, we can simulate different noise conditions and 
verify the results of self-localization. In the field of research using 
omnidirectional cameras, the verification method using fan shape 
noise as described above is often used [10].

Figure 8 shows the changes in the amount of noise at the position D  
in Figure 7, and the changes in angle are shown in Figure 9. The 
image in the left of Figure 8 is the original image without any noise. 
We verified the error in the self-localization results measured at the 
angle and number of various noise at each coordinate location on 
the MSL field. The results of each measurement position are sum-
marized in Table 1. For the position deviation caused by the noise 

Figure 5 | Result of self-localization on test path.

Figure 7 | Experiment location.

Figure 9 | Noise at different angles.

Figure 8 | Varying amounts of noise.

Figure 6 | Coordinates of detected position at each frame number.
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at different angles, we took the average value combined with the 
deviation value caused by the amount of noise. The bold text in the 
table indicates that the error value of the self-localization exceeds 
the width of a robot (50 cm), meaning that the robot has lost its 
exact position.

3.2. Experiment Results

As shown in the results in Table 1, when the amount of noise 
increases, the self-localization error also increases. Generally, 
when the number of noises is greater than 7, it will cause large 
errors except for special locations, i.e., where there are more than 
two features in the image obtained by the robot (Locations B  
and F) and when the robot is in the center circle (Location C), 
shown in Figures 10 and 11, respectively. Locations E and G also 
have errors when the noise is low. This may be because the robot 
was on the vertical white line, and the noise obscured all of the 
white line information, shown in Figure 12. Overall, the results 
show that when the number of noise is less than 3, the self- 
localization error is very small, and when the noise increases to 4,  
the maximum self-localization error is 120 cm. In a real game envi-
ronment, the probability of more than four noises existing at the 
same time is very low.

4.  VERIFICATION OF ROBUSTNESS 
AGAINST MOVING SPEED

Genetic algorithm searching obtains the optimum value of fit-
ness function by changing and converging the generation con-
tinuously against a fixed search space such as a static image. 
However, when processing a dynamic image, the target position 
changes at every moment. The target position ϕp in the image 
changes and is represented by ϕp(t) as the time function. Real-
time processing, which calculates within 33 ms per frame is very 
important for recognizing target position ϕp(t) without delay. In 
this research, the proposed method outputs the target position 
obtained by the maximum value of the genetic fitness function 
at every frame change.

4.1. Inheritance of Genetic Information

An example of the output fitness value from the general GA search 
is shown in Figure 13, where the vertical line represents the timing 
of frame-to-frame switching. In this figure, the fitness value drops 
significantly because the best individual is reset with every frame 
change and the search restarts from a very low initial fitness value. 
The proposed method uses the genetic information of the previ-
ous frame as the initial genetic information of the next frame at 
every frame change. The resulting output of the proposed method 
is shown in Figure 14. As seen in the figure, a high fitness value is 
maintained by inheriting the individual information.

Table 1 | Comparison of detection error

Error [cm] Noise num

Rate 1 2 3 4 5 6 7 8 9 10

Point A 28.3 28.3 28.3 28.3 150.3 22.4 72.8 1510.0 28.3 131.5
0.00% 0.00% 0.00% 0.00% 8.33% 0.00% 8.33% 66.67% 0.00% 16.67%

B 14.1 14.1 14.1 14.1 31.6 14.1 41.2 22.4 648.5 1164.8
0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 50.00% 100.00%

C 10.0 14.1 0.0 10.0 14.1 10.0 14.1 10.0 14.1 10.0
0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

D 20.0 14.1 10.0 20.0 20.0 10.0 1310.3 429.5 676.8 1207.8
0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 8.33% 66.67% 75.00% 100.00%

E 22.4 22.4 22.4 58.3 1650.5 22.4 22.4 31.6 31.6 31.6
0.00% 0.00% 0.00% 33.33% 8.33% 0.00% 0.00% 0.00% 0.00% 0.00%

F 30.0 30.0 41.2 14.1 20.0 40.0 20.0 40.0 41.2 370.1
0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 66.67%

G 10.0 10.0 40.0 120.0 40.0 10.0 820.1 900.1 890.1 900.1
0.00% 0.00% 0.00% 33.33% 0.00% 0.00% 33.33% 66.67% 75.00% 66.67%

Figure 11 | 10 noise patterns at position C.

Figure 12 | Five noise patterns at position E.

Figure 10 | Eight noise patterns at position B.
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4.2. Experiment Results

To verify the method’s robustness to moving speed, we conducted 
experiments in which we measured the robot’s fitness value and 
self-localization accuracy at different robot speeds. The robot 
moves forward on test paths A–C, shown in Figure 15, at a speed 
of 1–3 m/s.

The result of test path A is shown in Figures 16 and 17. In  
Figure 16, the vertical axis represents the fitness value and the  
horizontal axis represents the distance from the starting point. To 
verify the relationship between accuracy and moving speed, we 
picked three areas surrounded by rectangles in Figure 16, which 
are rearranged in Figure 17. In Figure 17, I–III are the respective 
positions and frames at each speed.

Here, the position error is represented with a bar graph. As shown 
in Figure 17, the self-localization error does not change greatly as 
moving speed changes. The maximum error is about 13 cm, which 

is small enough compared to the size of the MSL field. Test paths 
B and C yielded similar results to test path A; the maximum errors 
were 9.9 and 10.12 cm for B and C, respectively. This shows that the 
proposed method is robust against changes in the robot’s moving 
speed within 1–3 m/s.Figure 15 | Test paths A–C.

Figure 13 | Output of fitness value from general GA search.

Figure 14 | Output of fitness value using proposed method.

Figure 17 | Self-localization error at each moving speed (test path A).

Figure 16 | Results of fitness value at each moving speed (test path A).
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5. CONCLUSION

We proposed a self-localization method that generates the 
search space based on a model-based matching with the white 
line information of the RoboCup MSL soccer field. The method 
recognizes the robot position by optimizing the fitness function 
using a genetic algorithm. We verified the effectiveness and accu-
racy of the proposed self-localization method using the GA in 
an actual environment. Furthermore, we experimentally evalu-
ated the robustness of the proposed method against noise and 
moving speed and confirmed that it is sufficient for RoboCup 
soccer games.
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