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Abstract

Robot soccer game is one of the significant and interesting areas among most of the

autonomous robotic researches. Following the humanoid soccer robot basic movement and strategy

actions, the robot is operated in a dynamic and unpredictable contest environment and must recognize

the position of itself in the field all the time. Therefore, the localization system of the soccer robot

becomes the key technology to improve the performance. This work proposes efficient approaches for

humanoid robot and uses one landmark to accomplish the self-localization. This localization

mechanism integrates the information from the pan/tilt motors and a single camera on the robot head

together with the artificial neural network technique to adaptively adjust the humanoid robot position.

The neural network approach can improve the precision of the localization. The experimental results

indicate that the average accuracy ratio is 88.5% under frame rate of 15 frames per second (fps), and

the average error for the distance between the actual position and the measured position of the object is

6.68 cm.
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1. Introduction

Robot soccer game is one of the significant and in-
teresting topics among most of the artificial intelligence
researches. Following the humanoid soccer robot basic
movement and strategy actions, the robot is operated in a
dynamic and unpredictable contest environment and
must recognize the position of itself in the field all the
time. Therefore, the sensational ability of the environ-
mental position (the robot position in the field, the dis-
tance and the corresponding angle between the robot and
the interesting target, etc) becomes the key technology to
improve the performance. These key technologies make
the data of the strategy actions of the humanoid robot
more robust to do the more appropriate decision further.
Therefore, a good self-localization system cannot only
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make a robot acquire the information quickly and accu-
rately in the whole field, but also make an appropriate
decision correspondingly. For easy manipulation we can
preset all the locations in the field as a Cartesian co-
ordinate system, and the robot will self-localize itself by
the coordinate system. In recent years, the competition
fields of RoboCup [1] and FIRA Cup [2] become more
and more conformed to human environments. Figure 1
shows the RoboCup soccer fields for humanoid kid-size
of 2007 [3], 2008 [4], and 2009 [5], respectively. The
landmarks decrease from four to two (2007-2009) [3-5].
In other words, the reference landmarks for self-localiza-
tion become less and less, and how to use less landmarks
and increase the degree of accuracy become important
issues [6,7].

Basically there are three types of techniques for ro-
bot self-localization systems based on vision sensors [8].
The first approach is based on the stereo vision. This
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approach can obtain a lot of information, however the
matching problems (matching characteristic or image,
etc) between the left and right camera will cause the dis-
tance between the target and the camera is not accurate
[9] and may reduce the accuracy of localization. The
second one is based on the omni-directional vision. Al-
though this method obtains better features, the omni-
directional device causes geometry distortions to the
perceived scene [10]. The third one uses the monocular
vision technique. It must have robust features within a
specific region [11]. This work proposes a visual self-
localization approach that uses a single CCD camera and
pan/tilt motors on the robot head to find the robust fea-
tures and to analyze the environmental information for
the RoboCup soccer field of 2009 [5].

The rest of this paper is organized as follows: Sec-
tion 2 presents the general localization methods and en-
countered problems. The proposed self-localization me-
chanism is described in section 3, and the experimental
results are shown in section 4. Finally, section 5 gives a
brief conclusion.

2. Robotic Vision Based Localization

The issue of the localization for humanoid robot
focuses on analyzing the probable position by itself on
the field. The key technology of the self-localization for
the robot is how to take the advantages of the informa-
tion of various sensors to match the position of the robot.
Because the perceivable ability of the robot is restricted
and the ambient environment is with enormous interfer-
ences, it is difficult to make the robot have efficient and
more robust localization. During localizing, owing to the
restrictions of the performance of various sensors and the
interferences of the outside environment, it may have
uncertainties for the orientation. The main factors are:
1) the dynamic variance for the outside environment; 2)

(b)
Figure 1. The configuration of RoboCup soccer field for humanoid kid-size. (a) for 2007 [3], (b) for 2008 [4] and 2009 [5].

the undependable information for the external sensors
(CCD camera, electronic compass, gyroscope, etc); 3)
the deviation of the internal sensors (the pan/tilt sever
motors, stepper motors, etc). These non-ideal elements
lead to reduce the localization precision. To solve the
mentioned non-ideal factors many researches tried to
find better ways to model the environments and mathe-
matic tools for simulation [12,13]. This paper proposes
an efficient mechanism to improve the orientation preci-
sion. Therefore the humanoid robot can recognize its po-
sition explicitly on the field, and further it can proceed to
the following soccer ball tracking and strategic planning.

3. The Proposed Approach

In this section, the efficient self-localization ap-
proach for humanoid robot is proposed. The main issues
are focused on the robot vision module. Together with
the image processing and trigonometric theorem, the
humanoid robot can find the rough positions by itself.
Later on, the proposed approach can help to increase the
accuracy of the position. The proposed visual self-local-
ization approach has five steps, and the flow chart of the
self-localization mechanism is shown in Figure 2. The
self-localization occasion of the humanoid robot can be
adjusted by strategy. For example, the robot would be
located before walking in the field. Next time, the land-
mark is appeared or not been in the image, the strategy
will request the system do the self-localization or not.
When the landmark is appeared in the image, the strategy
will request the system locate and update the position
period of times. Oppositely, when the landmark is not
appeared in the image, the strategy will request the sys-
tem stop locating the position and search the landmark to
locate the position afresh. The details of the self-local-
ization approach are described in the following five sub-
sections.
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Figure 2. The flowchart of the Robot self-localization and
object ball localization.

3.1 Establishment of the Coordinate System

If the coordinate of a geometric map is available, it
will be convenient to retain a lot of information in the
whole field. For easy manipulation of the self-localiza-
tion of a robot, the coordinate system of the field must be
established in advance. In this work, before processing
the localization, we must establish two appropriate co-
ordinate systems. One is called “absolute coordinate
system” on the field, and the other is called “relative co-
ordinate system” in the image. There are four steps to es-
tablish the absolute coordinate system: 1) to estimate the
sizes of the field and robot; 2) to find the interested posi-
tion in the soccer field; 3) according to the proportion of
the robot in the field to adjust the value in each block; 4)
to divide the field into several blocks with the same size
and assign the interested position as the center block.

The relative coordinate system will store the interesting
information of the objects. Through these coordinate
systems, the location of the robot, landmark, and goal
can be located explicitly.

3.2 Landmark Detection

In order to catch a stable feature, we treat the land-
mark as the feature for localization. In the initialization
of the orientation, the robot keeps searching the land-
mark until finding it. After finding the landmark, the sys-
tem will take the interested feature by converting the im-
age from RGB to HSI (HSI stands for hue, saturation,
and intensity) space. An HSI color model relates the
representations of pixels in the RGB color space, which
attempts to describe perceptual color relationships more
accurately than RGB. Because the HSV color model de-
scribes the color and brightness component respectively,
the HSV color model is not easily influenced by the light
illumination. Thus, in order to remove the influence of
brightness, it takes the HS space only. Finally, it will
mark the upper left (X, Y1), upper right (X;, 1>), lower
left (X3, Y3), lower right (X, Y4), and center (X¢, Y¢) for
the landmark in the image, as shown in Figure 3.

We must adjust the feature to an appropriate position
in the picture frame for self-localization. In order to
search the landmark quickly in the field, the robot’s head
keeps rotating horizontally but still vertically first. There-
fore, the system uses Xc to do the robust information for
the robot position of the horizontal direction, and (1) can
help to search the feature of the landmark:

X, =X, +P, if X, <150 |
X,=X,-P, if X, >170 M

where X, is a pixel value for the horizontal direction,
X.» the pixel value for the next image, and P a change
pixel value as the robot head moves. The robot head
will not stop moving horizontally until X¢ falls within
150—-170 of horizontal pixels. Next, when the system

Figure 3. The process to mark the upper left, upper right, lower left, lower right, and center of the landmark.
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catches one of the information of X1, Y1, X2, or Y2, the
robot’s head is usually raised, such that the image is suf-
fered the environmental influences easily and the sys-
tem will get the uncertain information. Therefore, the
system uses one of the information of Y3 or Y4 to do
the robust information for the robot position of the ver-
tical direction. In this work, the system does the Y3 to
do the robust information for the robot position of the
vertical direction. Then (2) is used to analyze the fea-
ture of the landmark:

Y, =Y, +0, if ¥, <110 ,
Y=Y, -0, if ¥, >130 @

where Y3, is a pixel value for the vertical direction, Y3,
the pixel value for the next frame, and Q a change pixel
value as the robot head moves vertically.

If X¢ is within 150—-170 horizontal pixels and Y3 is
within 110-130 vertical pixels in the frame, the critical fea-
ture information including boundary points and size can
be found. By this approach, it can obtain the head pan/tilt
angle of the robot. The robot forbids walking at this mo-
ment until it loses the feature information and then it termi-
nates the self-localization procedure as shown in Figure 4.

3.3 Calculating the Distance between the Robot
and Landmark
After obtaining a better feature, the distance between

the robot and feature can be found by the following ap-
proach. At this moment, the Xc is within 150-170 hori-
zontal pixels and Y3 is within 110—-130 vertical pixels in
the frame. Therefore, the system starts to calculate the
location of the humanoid robot. Beside from that, the
pan motor of the robot’s head is toward the location of
the landmark and the tilt motor of it is toward the bottom
of the landmark. Therefore, the pan and tilt angles which
is calculated by system are accurate. Next, two data are
obtained: the specific angle “0” of the robot head and the
height “A” of the robot by (3). Wherein, the specific
angle “0” is the angle between the center of the view
point of the CCD camera and the height of the height of
the humanoid robot. According to Figure 5 and the trigo-
nometric theorem, we can find the distance r as follows:

r=hxtan 3)

Figure 5. The relationship of 7, 6, A, f(x, ¥) and f(x’, ) be-
tween the robot and landmark.

Figure 4. The images recognized by the robot through the CCD camera. (a)—(c) show the procedures of the robot to search the
characteristic point and move the vision angle toward the object. (d)—(f) show how the robot head and CCD camera

move.
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Because the tangent angle has serious variance near
kn + w/2, as shown in Figure 6. The distance » between
the robot and landmark is not accurate. In order to find a
more accurate » we propose an approach by using the
technique of artificial neural network to find the distance
r, and the detail of this approach is described in the fol-
lowing subsection.

3.4 Improvement of the Distance Precision

In the localization system, if we want to analyze the
information of the interesting features and the distance
exactly, we must model the visual system by mathe-
matics. However the visual localization system is com-
plex and non-linear, for simplicity the neural network
technique can be applied. By the neural network ap-
proach, the research uses the neuron network technique
to train and get the relative parameters between the robot
and the landmark in the different distance in advance.
Next, the known relative parameters are put into the op-
eration. The distance between the humanoid robot and
the landmark will be calculated after improving the dis-
tance precision and further the simple operation replaces
the complex mathematic model. Therefore, we need not
know the exact mathematic model of the visual system,
and we can still get the information of the interesting fea-
tures and distance by simply replacing the mathematic
model of the neurons [14]. So far several neural net-
works have been proposed, such as Back Propagation
Neural (BPN) network, self-organizing Neural network,
etc. Here we use the technique of BPN network and
focus on the known environment. According to the fea-
tures and goal distance, we acquire the relative para-
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Figure 6. Graph of y = tan(x).

meters in the different distance by training in advance. If
we want to measure the distance in the actual competi-
tion, we can put those known relative parameters in the
formula directly. And we can find a more accurate dis-
tance between the robot and landmark.

3.4.1 Back Propagation Neural Network

The mechanism of the BPN network belongs to
multilayer feed-forward networks and uses supervised
learning. The multilayer feed-forward network approach
deals with the non-linear relationships between the input
and output, and the supervised learning can correct the
values of the relationships. Because of these network
structures, the BPN network has the advantages for
higher learning precision and fast recall speed, and there-
fore the BPN becomes the most popular neural network
module nowadays [15]. The block diagram of the BPN
network is shown in Figure 7.

The basic element of a BPN network is the process-
ing node. Each processing node behaves like a bio-
logical neuron and performs functions. It sums the va-
lues of its inputs, and this sum is then passed through an
activation function to generate an output. Any differen-
tiable function can be used as the activation function, f.
All the processing nodes are arranged into layers and
are fully interconnected to the following layers. There
is no interconnection between the nodes of the same
layer. In a BPN network, there is an input layer that acts
as a distribution structure for the data presented to the
network, and this layer is not used for any type of pro-
cessing. One or more processing layers, called hidden
layer, will follow this layer; the final processing layer is
called the output layer.

Hidden Layer

Input Layer Qutput Layer

Result

b : the bias
W the weight between input and hidden layer

Wy the weight between hidden and output layer - activation function

Figure 7. The BPN network method.

—— : forward pass
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3.4.2 The BPN Network for Humanoid Robot
Localization

There are seven steps to improve the distance preci-
sion by the BPN network, and the procedures are shown
in Figure 8 [15].

Step 1.

Step 2.
Step 3.

Step 4.

Prepare robust information including the interest-
ing features of X¢, Y, and size, etc. In the frame,
it sets the expectable distance value as the objec-
tive function and then normalizes these data to
the appropriate values. The appropriate normal-
ization is referred to the activation function f as
follows:

y; = f(net)) 4)
where y/ is the output value of the nth layer, and
itis also the input value of the first layer. net; is
the weight accumulative value for the output
value of the (n-1)th layer and is represented as
follows:

n
+bj

nety = > W,y 5)

where w7, is the weighted connections between
the jth neuron in the nth layer and the ith neuron
in the (n-1)th layer, and b; is the bias of the jth
neuron in the nth layer.

Initialize W;; and Wy; by random values.

Select a suitable activation function from Figure
9 and input the trained data to the selected activa-
tion function. Then it calculates the output value
y; from the hidden layer and outputs value yj
from the output layer.

Calculating the error function E. In order to find
the optimum solution of £, we use the steepest
descent method approach, as shown in (6).

E:%Z(dk_yk)z (6)
X

where d; is the kth neurons objective output
value, and y, is the output value of the kth neu-
ron at the output layer. In this step we try to re-
duce the difference between the input and out-
put values.

Step 5.

Step 6.

Step 7.

By

Calculate 87,k =1,..., K, in the output layer as
(7), and 87, j=1,..., L, in the hidden layer as (8)
respectively.

&) =(d, ~y))/f (net]) (7)

= [; 8,'(’“w,§,}f'(netj’.') (®)
Correct the weight (Wy(p + 1) = Wi(p) +
nd;(p) y;‘"l (p)) in the output layer and the
weight (W(p + 1) = Wy(p) + 18" (p) ¥ (p))in
the hidden layer, where p is the module of group
p (the training module includes input and output
values); n is the learning rate, and generally the
value is between 0 and 1.

Go back to Step 3 and then repeat the calculation
and correction until the objective function rea-
ches the stop standard or the largest training
times. Wherein, the system can obtain the stop
standard by the error between the simulated and
the actual measurement distance. When the error
converges toward a certain value, the system can
get the corresponding stop standard by the error
value.

the above procedure, we can obtain a very accu-

Select enough reliable
and unique feature
information
v

Generate a set of initial
weight and bias

ale
e
Calculate the values of
hidden and output layers
v

Calculate the
“Error Measurement”

Has BPN

network
stop v
standard Correct weight value
v

NPN
network
stop

Adjust the values of each
layer for weight and bias

Fi

Have a
training
sample

gure 8. The procedure for improving precision.
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Figure 9. Four activation functions. (a) step function. (b) saturating linear function. (c) sigmoid function. (d) hyperbolic function.

rate distance between the robot and the landmark. If the
distance is too large to be in the accuracy range, the robot
will search the other landmark.

3.5 The Absolute Coordinate of the Robot

The pan motor on the robot head can be used to esti-
mate the direction of the robot. The angle “®” of the
motor is rotated in clockwise, and the range is between
0° and 180°, as shown in Figure 10. According to Figure
10, the location of the robot can be derived by (9):

, if the angle of the compass is 0° to 359°
()]

{x’=x+rcos¢

y'=y-rsing

Figure 10. The direction of the robot in the soccer field.

4. Experimental Results

4.1 The Experimental Environment and the Robot

Vision Module

The experiment is based on the feature of the com-
petition field for 2009 RoboCup soccer humanoid lea-
gue. The field contains two goals and two landmark poles,
as shown in Figure 11.

Because the width of the robot shoulder is 25 cm, we
set the unit length of the coordinate to be 30 cm in length

®)

( J (cm)

Figure 11. Configuration of the RoboCup soccer field for hu-
manoid kid-size in 2009 [5].
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and the field can be divided into 29 x 17 blocks as shown
in Figure 12. In Figure 12, the origin of the absolute co-
ordinate system is located on the upper left block. The
experimental robot vision module comprises a single
CCD camera and pan/tilt motors as shown in Figure 13.
The CCD camera is the Logitech QuickCam® Pro [16]
for Notebooks, and the pan/tilt motors are ROBOTIS
Dynamixel RX-28 [17]. The frame size of the robot vi-
sion (image sequence) is 320 x 240, and the format of
color image frame is 24 bits in a RGB system. The output
is the absolute coordinate of the humanoid robot in the
field.

4.2 The Precision Simulation of Distance

Measurement

For the BPN network approach, we need data for the
three neurons in the input layer (the tilt angle, the land-
mark Y, and the size of the frame) and one in the hid-
den layer. Because the absolute coordinate system of the
soccer field is invariable, we can train the on-line data
beforehand. The simulation result indicates that the most
suitable neurons are ten as shown in Figure 14. Wherein,
the x-axis is the simulated number of neurons. The y-axis
is error between the simulated and the actual distance
between the robot and the landmark.

The learning rate is 0.1 and the output layer is one.
After finishing the on-line training, the relationships be-
tween the information of the frame and the distance can
be found. Then it operates the oftline process for those
invariable parameters (relationships) to improve the dis-
tance precision. The precision can reach 2.44 cm as

Shih-Hung Chang et al.

shown in Figure 15. Wherein, the x-axis is the training
times. The y-axis is error between the simulated and the

Figure 13. The robot vision module.

x107

(error measurement) x 150002

4 6 8 10 12 14 16 18 20
the number of neurons

o 2

Figure 14. The number of the neuron error rate from 1 to 20.
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Figure 12. The RoboCup soccer field. (a) the original field with 29 x 17 blocks, (b) the coordinate of the soccer field [5].
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actual distance between the robot and the landmark.

4.3 The Actual and Measured Distance

According to the experimental data, Figure 16 shows
the errors of the distance between the original and im-
proved approaches. The black line is for the actual dis-
tance, the red dotted line for the improved approach, and
the blue dotted line for the original method.

According to Figure 16, the average error for the
improved approach is 6.68 cm and that of the original
method is 87.23 cm. Wherein, the x-axis is the N™ posi-
tion point in the field and the position point is counted
from upper left to lower right, as shown in Figure 17. The
y-axis is distance between the robot and the landmark.

100 Performance is 1.08401e-008, Goal is 0

10 |
102 }
103 }

104§

Training Blue

109 |

10 |

o \

s 3 ; -
0 2000 4000 6000 8000
14151 Epochs
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Figure 15. The error between the simulated and real distance is

about 2.44 cm.
900
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- The Improved Distance.
700 | )
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300

200

100

the distance between robot and landmark

Therefore, the proposed approach improves the accuracy
significantly.

Since the left and right sides of the field are with the
same situation (Figure 11), without loss of generality this
experiment focuses on the right side of the field. Figure
17 shows the measurement results of various locations of
the robot, where the stars indicate the various locations
of the robot. In order word, the star signal indicates the
actual position and the estimative position of the robot is
the same, i.e. the self-localization algorithm measures
the correct position of the robot.

Table 1 shows the comparisons of the correct rates of
the actual distance and the measured distance for the
original method and the improved approach. The accu-
racy rate for the improved approach is 88.5%; on the
other hand that of the original method is only 71.0%. The
main reason of the lower accuracy is worse measuring
distance results.

5. Conclusion

This work proposes an efficient approach of self-

Figure 17. The various locations of the robot to measuring the
distance between the robot and the landmarks.

Table 1. Comparisons of the correct rates for different
methods

Total experimental points = 130

100 120 140

the “n” position point

Figure 16. The error rates of the distance between the original
and the improved approaches.

Situation Correct Incorrect Accuracy rate
Original Method 92 38 71.1 %
Improved Approach 115 15 88.5 %
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localization for humanoid robot by the BPN technique.
The proposed method can increase the precision of local-
ization significantly. Due to the simple processing opera-
tion the processing speed can be as high as 15 fps. Upon
the restrictions of the RoboCup soccer field, this work
uses at most two landmarks for self-localization. Be-
sides, we apply the adaptive two-dimensional head mo-
tion to have the localization to be elastically. Since the
robot vision module can measure the distance between
the robot and the landmark more accurately, the robot
can localize itself on the absolute coordinate more pre-
cisely. The simulation results indicate that it is an effi-
cient localization approach.
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