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Abstract— In this paper, an overview is given of how the path
from vision to motion has been developed in the TechUnited
team. The vision module includes: (i) color calibration using a
union of convex hulls to select an area in the 3D-colorspace, (ii)
automatic calibration of the mapping from the camera image to
the field via a genetic algorithm, (iii) self localization based on
field lines. The output of the vision module is used by the motion
module which includes: (i) vision and encoder sensor fusion
by monitoring the drift caused by odometry, (ii) generating a
motion path complying with the robot’s limitations to prevent
wheel slippage, (iii) collocated motion control. In contrast to
closing the loop on vision, our approach uses wheel encoders
as the basis for motion control, which has several advantages
such as less delay due to a higher sampling frequency. Vision
is only used to compensate for slow drift caused by slip in the
wheel-surface contact.

I. INTRODUCTION

RoboCup [13] is an international joint project to stimulate
research in the field of artificial intelligence, robotics and
related fields. A robot soccer game is used as the central topic
where a wide range of technologies can be developed and
integrated. To establish intelligent motion for autonomous
robots, sensing, signal processing, decision making and
actuation have to work properly in an uncertain changing
environment. Common sensors for the RoboCup domain
are (omni-vision) cameras, encoders measuring the wheel
rotations, lasers, and ultrasonic sensors. Using the sensor
data, the robot’s position and the location of the surrounding
objects can be estimated. From this incomplete and distorted
information, a desired path for the robot to track has to be
generated. The path generation is rendered into actual robot
displacement via the actuators.

Self localization is a vital part in intelligent robot motion
where a lot of research has been focussed at in the recent
years [1], [6], [7], [11], [16]. Especially self localization
using omni-vision data has been considered, the performance
of which heavily depends on calibration. Recent research
in this area focusses on color segmentation [2], [18], auto-
calibration [12], and adaptivity [11]. Results about path
generation and tracking using this data can be found in [3],
[5], [14], [19].

Encoders are mostly considered to be too inaccurate for
self localization due to drift caused by e.g. wheel slippage
[11] and numerical integration. The cause of wheel slippage
can be divided into two parts: (i) slow drift due to finite
stiffness of the wheel contact surface with the ground, (ii)
fast drift by applying a too high torque regarding the grip
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and the wheel load. Fast drift can be largely prevented by
limiting the motor torques satisfying the robot’s limitations.
Only if the robot is colliding with or pushing against other
objects, fast drift can occur.

In this paper, we give an overview of how the path from
vision to motion has been developed in the TechUnited team
[15]. The main innovative contributions are the following:
(i) color calibration via a set of 3D convex hull’s added
or subtracted in the YCbCr-colorspace, (ii) fully automated
mirror calibration via a genetic algorithm [9] using line
information extracted from an omni-vision picture compen-
sating for manufacturing tolerances and mirror geometry,
(iii) self localization by using extracted line points and
optimization similar to [7]. Collocated control is applied
using encoders on the motor shafts and the vision information
is only used to update the robot’s pose if the drift exceeds
a specified limit. Such encoder centralized approach has the
advantage that the motion control can be done at a much
higher sampling frequency, typically 1 kHz, than if the loop
is closed on vision, typically 30 Hz. A higher sampling
frequency has the advantage that feedback and feedforward
control performance is better due to e.g. less time delay
caused by time discretization [4].

First, the application area is described. After that, the
design of the TechUnited robot is briefly presented. Then,
calibration and self localization are presented. Furthermore,
motion signal processing is elaborated including the drift
correction algorithm, path generation and motion control.
Finally, we end with conclusions.

II. ROBOCUP MIDDLE SIZE LEAGUE

From the existing leagues of RoboCup [13], team TechU-
nited [15] participates in the middle size league. In Fig. 1,
an impression is given of a soccer game in this league.

Robots are equipped with laptops and play soccer au-
tonomously. The regulations consist of the FIFA rules with
a list of modifications such that it is suited for state-of-the-
art robotics. Each year, some modifications are removed,
eventually converging to the actual FIFA rules which is the
long term goal. As an example, objects can be distinguished
by its color: the two goals are blue and yellow respectively,
field lines are white, the field itself is green, the ball is orange
and all robots are supposed to be black. Another example is
the field size, which increases by the years.

III. TECHUNITED ROBOT

Development of the TechUnited robot, the so-called TUR-
TLE platform (TechUnited Robot Team: Limited Edition),
was started in 2005. A picture of the robot is shown in
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Fig. 1. A picture taken during a soccer game at the RoboCup World
Championship in Bremen 2006, TechUnited vs. Cops Stuttgart

Fig. 2. A key aspect of the robot is its modular design in
software and hardware which enables rapid development.
Each robot is equipped with a notebook running RTAI-
Linux [8], a realtime operating system, in combination with
Matlab/Simulink/RTW [10] which provides a huge amount
of toolboxes and provides a modular framework for devel-
opment. For data acquisition and motion control, the robot
is equipped with two TUEDACS devices [17] which are
connected via a realtime USB 2.0 connection.

Fig. 2. The TechUnited robot.

Also the hardware is modular. The robot consists of
three layers which can be interchanged with other robots,
(1) omni-vision camera, data-acquisition devices and the
notebook, (2) ball handling and kicker, (3) driven wheels
and batteries. Software and hardware are connected via a
single USB hub connection and a single firewire-connection
for the omni-vision camera. As shown in Fig. 3, three omni-
wheels are used for motion, which is an obvious choice
because a holonomic system is obtained which makes motion

tasks easier. Omni-wheels are able to apply a torque in
one direction whereas the omni-wheel can roll freely in the
orthogonal direction via small rollers around the circumfer-
ence. Suspension stiffness of the omni-wheels with respect
to each other is important to prevent parasitic vibrations due
to a varying point of support for each omni-wheel which
is inherent to omni-wheels with two rows of small rollers
around the circumference as visible in Fig. 3.

Fig. 3. The bottom view of the TechUnited robot.

IV. VISION SIGNAL PROCESSING

The omni-vision camera is a sensor to determine the
absolute position of the robot and surrounding objects. This
information is used by the behavior module to obtain a
desirable behavior of the robot. The goal of the vision
module is to deliver as complete and accurate as possible
information about the surroundings, such that the behavior
module will make the correct decisions. The performance
of the vision module heavily depends on calibration. Re-
garding this calibration, color segmentation and auto mirror
calibration will be discussed. After that, self localization and
obstacle localization will be presented.

A. Color Segmentation

The RoboCup domain typically uses color segmentation
based on rectangular thresholds because of its simplicity and
computational cheap implementation [2]. However, tuning
is difficult and not robust to light variations. The bounds
are conservative and have to be tuned while making com-
promises. Adaptive color segmentation methods have been
proposed to overcome this problem [18], however they are
less computational efficient.

Our approach is based on creating tight bounds in a 3D
colorspace (e.g. Y-Cb-Cr) by using 3D convex hull’s. The
calibration data is saved in a 3D lookup table. For a set
of images made at several locations on the field, a region
of pixels is selected using blob growing or a user-defined
polygon. For this selection, a 3D convex hull is computed.
For the points of the 3D lookup table which lie in this 3D
convex hull, a color label can either be assigned or removed.
By iterating for the set of images and colors, the color label
regions are tightly shaped in the 3D lookup table without
compromising for rectangular thresholds. The result is a fast
color segmentation using a 3D lookup table which is robust
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against light variations over the field. In Fig. 4, an example
is shown of such a 3D lookup table.
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Fig. 4. 3D lookup table used for color segmentation.

During the World Championship 2006 in Bremen and the
European Championship 2007 in Hannover, it appeared to be
robust against the light variations during games. Although the
lookup table is fixed during a soccer game, robustness against
light variations is obtained by adding a sufficient amount of
images to the set of calibration images over the field.

B. Genetic Algorithm based Automatic Mirror Calibration
For localization purposes, the relative position of each

pixel on the field to the robot has to be determined. Because
of deformations and manufacturing tolerances, the mirror and
camera position with respect to the field are different for
each robot and hence calibration is required to determine
the mapping from image to field coordinates. Our goal is an
automatic calibration method where the robot can be placed
on the field after which calibration is done automatically.
To achieve this, we have extended the method described in
[7] with a genetic algorithm [9]. Line-points are detected
in radial directions after which a parameterized mapping
is optimized using a genetic algorithm. We use a genetic
algorithm because we want to obtain the global optimum
of a non-convex optimization problem which is described
below.

In Fig. 5, an overview of the mapping from the image
frame I to the field frame F is shown. First, we manually

select the robot center cI =
[

cx

cy

]
in the image frame I .

The distance in pixels from point pI
i

=
[

px,i

py,i

]
to this

center, ||cI − pI
i
||2, is mapped to a distance to the robot pd,i

in meters:
pd,i = a1 tan(a2||cI − pI

i
||2) (1)

and the angle pϕ,i becomes:

pϕ,i = ∠
(
cI − pI

i

)
. (2)

Suppose that the pose of the robot is rF =

 rx

ry

rϕ

 with

respect to the field frame F , then the position of point pI
i

in
the image on the field is:

pF
i

=
[

rx + pd,i cos(pϕ,i + rϕ)
ry + pd,i sin(pϕ,i + rϕ)

]
(3)

The parameters which have to be calibrated are: cx, cy , a1,
a2, rx, ry and rϕ. The objective function to be minimized
is chosen as:

J =
Nlinepoints∑

i=1

D
(
pF

i

)
(4)

where D is a mapping R2 → R+ being monotonically
increasing with the shortest distance from pF

i
to a field line.

To reduce computational time, mapping D is represented by
a lookup table. J is minimized using a genetic algorithm.
Less than a minute is needed on a standard Pentium to obtain
a satisfactory result. An example of such a result is shown
in Fig. 5.
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Fig. 5. Automatic mirror calibration via a genetic algorithm

Next, a mask is used to remove redundant image data
as shown in the left figure. From the image center, line
points are collected. By using (1), (2) and (3), the estimated
locations of the line points are computed as shown in the
right figure. This a good check to assess the quality of the
auto mirror calibration. The red dot is the estimated position
rF which corresponds to the optimized mirror center (red
cross in the left figure). A remarkable observation is that
this point deviates slightly from the actual robot center (white
cross in the left figure). This way, manufacturing tolerances
are compensated. Fortunately, this offset is constant, hence
the offset can be taken into account for the self localization.
The pose corrected for this offset will be denoted as rF

∗ .

C. Self Localization using Line Detection and Optimization

The four calibrated mirror parameters, cx, cy , a1 and a2,
and the offset correction in x and y are used by the vision
module of the robot for self localization. The same objective
function (4) is used to determine the remaining 3 parameters
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being the pose of the robot rF . Because of the limited avail-
able computational time a global optimization routine such as
a genetic algorithm is not suitable for real-time application.
Instead, a Nelder-Mead simplex algorithm is used for local
optimization without using gradient information. If the initial
pose is close to the real pose (suppose that the robot knew
where it was the previous sample) than the optimization
method will easily find the real pose within 20-50 iterations
(computational time < 5 ms). If not enough line points are
found or the objective function value does not drop below
some threshold (which is a measure for the average distance
of the line points to the field lines), then the robot’s pose
is lost and will not be used further. Random poses around
the field will be used as an initial guess until the objective
function value is smaller than the threshold again. Normally,
if new images are of sufficient quality for self localization,
this position is found again within 100 samples. For a vision
sampling rate of 32 Hz, this is only about 3 s.

In the order of 100 line points are used to obtain an
accurate estimate of the robot’s pose due to averaging of
those line points. The position estimation accuracy lies in
the order of 0.1 m as observed during experiments, however,
further investigation is required to quantify this.

V. MOTION SIGNAL PROCESSING

A. Drift Correction Algorithm

The pose estimation from the vision has some drawbacks
to use it for feedback control: (i) the sampling rate is too low
for fast motion control, (ii) the data can be quite noisy due
to light variations and robot vibrations, (iii) the pose is lost
occasionally due to the presence of obstacles that block the
robot’s view. From a motion control point of view, it would
be much more desirable to use the encoders to determine
the change in pose. The signal is less noisy, less sensitive
to influences from the environment (such as light conditions
and obstructed view) and a much higher motion sampling
rate is possible. To overcome the drawbacks of both sensing
methods, their information is merged.

The information of the encoders is used to estimate the
pose of the robot and to thightly control the motors of the
robot. The vision information is used to occasionally update
the estimation of the pose of the robot, provided that some
conditions are fulfilled. These conditions are:
C1: The pose estimation from the vision is to be trusted.
C2: The pose estimate from the vision significantly differs

from the pose estimate from the encoders.
C3: The pose estimates differs for a prolonged period.
The threshold on the objective function value of the vision
pose estimation is equal to condition C1. If the objective
function value is too high, the vision pose estimation is not
to be trusted and the pose information of the encoders is
used instead.

Condition C2 prevents abundant updates, by imposing a
minimum difference between vision and encoder estimates.
Since the vision estimation is only accurate to within a
certain margin, the difference between the two estimates

should at least indicate that the encoder estimate is not within
this margin.

To suppress the effects of noise in the image, condition
C3 is added. Conditions C1 and C2 are required to be
fulfilled for a number of images, before the pose estimate
is updated. Of course, postponing the update causes some
delay, however, if for instance a period of 3 images is
required, the delay is only approximately (3-1)/32 = 0.06
s which is considered small at the level of path generation /
task assignment.

In Fig. 7, a schematic representation of the drift update
procedure is shown. Here, C1, C2 and C3 are the three
conditions that determine whether the vision pose estimate
rF
∗ (t) is used or the encoder pose estimate rF

e∗(t). drO(t)
represents the change in position since the previous sample
determined by odometry. The resulting estimated robot pose
is denoted by rF

e (t).
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Fig. 7. Schematic representation of the pose update procedure

B. Motion Path Generation

In [3], a computationally cheap algorithm is presented
which generates a motion path complying with the robot’s
physical limitations such as velocity, acceleration and jerk
limitations in all directions. A simulation example is shown
in Fig. 8.
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Fig. 8. Simulation of the motion path generation algorithm.
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Fig. 6. Experiment where the robot has to move across the field while avoiding the obstacles. Images on the robot’s path are captured and shown above.
For each image, the following marks are also shown: target (square), subtarget (large cross), detected obstacles (circles), detected line points (small crosses).

This algorithm has been implemented on the robot. Exper-
imental results are shown in Fig. 6. The omni-vision image is
mapped to a top view and the detected objects are plotted in
the images. This experiment shows that the algorithm works
in practice and is robust for uncertainties regarding self and
obstacle positions. The resulting (sub)target is denoted by
rF

target(t).

C. Motion Control

In Section V-A and V-B the robot’s pose rF
e (t) and its

target position rF
target(t) have been determined. The remaining

issue is that of motion control: how do we move from
rF

e (t) to rF
target(t)? For this purpose, the schematic overview

of Fig. 9 has been implemented in Matlab/Simulink/RTW,
where RTW automatically generates real-time code from
this implementation. The three encoders, denoted by E,
measure the radial displacement drE(t) of the motor (M)
axles in the encoder frame E. This radial displacement is
then transformed by TOE to the odometry frame O and
integrated resulting in the robots pose based on odometry
rO(t).

Due to drift, the odometry frame O moves with respect to
the field frame F . As a simple solution, one could think of
resetting the pose based on odometry to the vision-derive
pose estimate (rO(t)=rF

e (t)) every time a vision update
is available. However, since motion control is done in a
collocated fashion, this would result in frequent disconti-
nuities in the control loop signals, which is undesirable.
Therefore, a much better solution from a motion control point
of view is to transform the target rF

target(t) to the odometry
frame O. This is done with the transformation TOF (rO(t)).

The summation of drO(t) and rO(t) yields the desired
target with respect to the odometry frame O. In order to
account for physical limitations of the robot (e.g. maximum
acceleration and speed), a desirable reference trajectory from
rO(t) to rO

target(t) is computed by the smoothifier S, [3].
The difference between the reference trajectory rO

ref (t) and
rO(t) is transformed back to the encoder frame E used for
collocated feedback control (C). The desired acceleration and
velocity profiles r̈O

ref (t) and ṙO
ref (t), respectively, are used

to compute the feedforward signal by F, which also includes
the transformation TEO =

(
TOE

)−1
, to improve tracking

performance.
The motion control module is implemented at a sampling

rate of 1 kHz. There is a substantial amount of backlash
in the wheel modules, and since the dynamic response of
the modules is subject to varying wheel pressure e.g. in
case the robot accelerates or is lifted due to a collision, the
frequency range of interest for the closed loop dynamics is
1 Hz to 50 Hz. Together with the tuned feedforward, this
results in satisfactory performance. In Fig. 10, the frequency
responses of the three wheel modules are depicted, measured
while moving sideways as well as moving forward/backward.
Since all wheel modules show similar dynamic behavior for
both directions which is a mass-line with a highly damped
resonance/anti-resonance peak, a single LTI controller is
designed for all three loops.

VI. CONCLUSIONS

In this work, we presented how the TechUnited robot is
controlled by using encoder information from the wheels
and image data from the omni-vision camera. By generating
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Fig. 9. Schematic representation of the motion control module
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Fig. 10. Magnitudes of frequency responses for all three motors, measured
while moving sideways (solid) and while moving forward/backward (dash-
dotted)

motion paths, fast drift is largely prevented, hence, the
encoders can be used as the basis for the self localization
where the vision only compensates for the slow drift. This
results in a robot position estimation which is robust to
wheel slippage and temporarily failing pose estimates from
the vision module.

Advantages of this approach are: (i) a much higher sam-
pling frequency for the control loop can be used resulting in
a better motion performance, (ii) self localization accuracy
is still high because drift is compensated by vision, (iii) self
localization is less dependent on environment conditions. If
the vision module is not able to compute the robot’s position
for some period e.g. due to objects blocking the view, the
robot can continue its actions because it can accurately drive
further using the encoder information.
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