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Abstract. We propose an algorithm to estimate the ego-motion of an
omnidirectional robot based on a sequence of position estimates. Thereto,
we derive a motion model for omnidirectional robots and an estimation
procedure to fit the model to observed positions. Additionally, we show
how we can benefit from the velocity estimates deriving an algorithm
that recognizes situations in which a robot is blocked by an obstacle.

1 Introduction

Autonomous robots which interact with other objects in a dynamically changing
world must be able to acquire information about the dynamics in their environ-
ment. The faster objects are moving, the more important building dynamic mo-
tion models becomes. In RoboCup, the velocities of robots have increased a lot
in recent years and therefore the need of dynamic modeling has become crucial
to be able to interact with the rolling ball and with teammates and opponent
robots. E.g., taking into consideration the internal delays in sensors and motor
controllers of about 100 − 200ms [1] and robots that drive with 2 − 3m

s the
robot can cover a distance of at most 60cm meanwhile. Furthermore, assuming
maximal deceleration of 4 m

s2 the stopping distance is longer than 1.1m.
While motion models become more and more important the sensors to deter-

mine the robot velocity are simple so far: most teams use wheel encoders without
considering problems like wheel slippage and single wheels loosing contact with
the ground for short periods of time. Alternatively, desired robot velocities are
used instead of the actual velocities ignoring imperfect motor controllers. Both
approaches are unreliable and become worse the faster a robot drives. We give
an example in Fig. 1.

To avoid these shortcomings we derive a new algorithm to estimate the robot
velocity independently of wheel encoders and motor commands. It is based on
the idea of fitting a motion model to a sequence of observed robot positions. In
contrast to [2,3], our analysis specializes in omnidirectional robots which require
the estimation of both the linear velocity as well as the angular velocity.

To illustrate the benefits of velocity estimates we propose in section 3 an
algorithm that detects situations of a robot being blocked by an obstacle just by
comparing the desired velocity and the estimated velocity without any additional
hardware. The algorithms were tested on robots in the Middle Size League.
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2 Estimating the Ego-Motion

2.1 Principle Idea

As mentioned before, estimating the robot movement only from the wheel en-
coders is not reliable. As well, optical flow analysis [4] fails since optical flow
is misleading in an environment in which other objects move. Kalman filtering
techniques [5] suffer from the assumption of a linear motion model. Even the first
order approximation which is made in the extended Kalman filtering approach
may be misleading if the robot’s angular velocity is large compared to its linear
velocity so that the robot is driving on a circle rather than a line.

In recent years, some reliable and accurate self-localization algorithms have
been proposed which allow to estimate the robot’s pose with an expected er-
ror of only a few centimeters [6,7]. These approaches already combine different
sources of information like wheel encoders, camera images and laser range scans
to eliminate sensor noise. Thus, using these aggregated information makes the
estimation of velocity parameters more robust compared to approaches based on
the noisy sensory output.

The principle idea of our approach is to use a parameterized motion model of
an omnidirectional robot and fitting it to the pose estimates from self-localization.
In the remaining part of this section we will first derive the motion model and
afterwards show how the model can be fitted to the position estimates.

2.2 Omnidirectional Motion Model

The motion of an omnidirectional robot is determined by its ability to drive in all
directions and to turn simultaneously. Here, we want to focus on the trajectories
that can be driven by such a robot.

Assuming a robot with differential drive first and assuming constant angular
velocity ω and linear velocity v the robot drives on an arc. According to [8] the
expected position (x, y) and robot heading φ at time t is:

φ(t) = ωt mod 2π (1)

x(t) =
v

ω
(cos (ωt) − 1) (2)

y(t) =
v

ω
sin (ωt) (3)

Here, x and y are referring to the robocentric coordinate system at the beginning
of the movement.

Things become more complicated in the case of an omnidirectional robot
since the linear velocity is not restricted to forward or backward movements but
it can be any vector v in the robocentric coordinate system. Hence, we have to
generalize (2) and (3) applying first a rotation that turns the coordinate system
into the situation discussed in the case of a differential drive, applying (2) and
(3) and finally turning the coordinate system back into its original orientation.
Additionally, to get coordinates referring to a fixed global coordinate system we
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have to consider the current position p of the robot and its heading φ at the
beginning of the movement.

Denoting with u the robot velocity in global coordinates we get after some
transformations the completed motion model for an omnidirectional robot:

φ(t) = φ0 + ω · t (mod 2π) (4)

p(t) =

⎧
⎪⎨

⎪⎩

p0 + u(t) · t if ω = 0

p0 + 1
ω

(
sin(ωt) cos(ωt)−1

1−cos(ωt) sin(ωt)

)

u(t) if ω �= 0
(5)

ω(t) = ω = ω0 (6)

u(t) =
(

cos(ωt) − sin(ωt)
sin(ωt) cos(ωt)

)

u0 (7)

The parameters φ0, p0, ω0 and u0 denote the initial heading, position, angular
and linear velocity (in global coordinates) at point in time 0, respectively.

Due to our assumption of constant velocities, the angular velocity ω is inde-
pendent of time (6) but the linear velocity ut in global coordinates is turning in
the same manner as the robot turns (7).

The case-distinction in (5) depends on the angular velocity ω: if it is zero, the
robot is driving on a straight line and performs a purely linear movement (first
case) while in the case of ω �= 0 it drives on an arc. Notice that the first case is
the limit of the second case for ω → 0.

2.3 Estimating the Robot Velocity

Once having derived the motion model in (4)-(7) we can fit it to the observed
positions of the robot that are calculated by the self-localization approach. Let us
denote the pose estimates with tuples (pi, φi, ti) where pi refers to the estimated
position of the i-th observation (i ≥ 1), φi to the robot heading and ti to the
point in time when this observation has been made.

A direct approach to find the parameters minimizing the discrepancy suffers
from three problems:

(a) which error measure do we use to describe the discrepancy between an ob-
served pose and an expected pose of the robot?

(b) how can we deal with the cyclic structure of angles, i.e. the problem that an
angle of α is equal to an angle of α + 2π?

(c) how can we overcome the problem that the motion model contains a case
distinction?

The first problem contains the problem of finding a balance between the error
that is made in the position of the robot and its heading. Since both parameters
are elements of completely different spaces there is no natural common measure
of discrepancy. Basically we are faced with the question whether the estimate
should be more accurate with respect to the heading or to the position.
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The second problem can be solved mapping the angles φi onto a linear scale
of real numbers. Here, we assume that in the time interval ti+1 − ti between two
consecutive observations of the robot’s pose the robot does not turn by an angle
of π or more. Hence, we can “unroll” the measured robot headings on a real axis
adding multiples of 2π to the angle in such a way that consecutive values do not
differ more than π. To avoid using a new symbol for the unrolled headings we
will interpret the symbol φi as those values instead of the original angles.

To overcome the third problem we propose an algorithm that makes use of
the hierarchical structure of the motion model. Our idea is to decompose the
whole task into two subtasks:

minimize
φ0,ω0

1
2

n∑

i=1

(
φi − φ(ti)

)2 (8)

minimize
p0,u0

1
2

n∑

i=1

||pi − p(ti)||2 (9)

where we use the result of (8) to solve (9).
By estimating the angular velocity first without considering the position of

the robot the estimate becomes more sensitive to errors in the heading than
errors in the position.

Using the general idea outlined in the previous paragraph we have to derive a
solution of (8) firstly. Assuming that the observed values of φi have been rolled
out as described before the task of estimating the angular robot velocity becomes
a linear regression task since we have to fit the linear model

φ(t) = φ0 + ω · t (10)

to data points of the form (φi, ti). The solution can be derived analytically:

ω̂ =
n

∑n
i=1(φiti) −

∑n
i=1 ti

∑n
i=1 φi

n
∑n

i=1 t2i − (
∑n

i=1 ti)2
(11)

Now, we can tackle (9) using the already estimated ω̂ instead of ω. Depending
on the value of ω̂ we have to consider the appropriate case in the motion model
(5). If ω̂ = 0 we are faced with a linear movement on a straight line. Hence (9)
turns out to be a linear regression task. Similarly to (11), the solution can be
derived analytically as:

û =
n

∑n
i=1(piti) −

∑n
i=1 ti

∑n
i=1 pi

n
∑n

i=1 t2i − (
∑n

i=1 ti)2
(12)

In the second case of a movement on an arc we get the solution calculating
the partial derivatives of 1

2

∑n
i=1 ||pi − p(ti)||2 and looking for the zeros. After

some mathematical transformations we get the system of equations:
⎛

⎜
⎜
⎝

n 0
∑

si

∑
ci

0 n −
∑

ci

∑
si∑

si −
∑

ci

∑
(s2

i + c2
i ) 0∑

ci

∑
si 0

∑
(s2

i + c2
i )

⎞

⎟
⎟
⎠

⎛

⎜
⎜
⎝

p0,x

p0,y

u0,x

u0,y

⎞

⎟
⎟
⎠ =

⎛

⎜
⎜
⎝

∑
pi,x∑
pi,y∑

(sipi,y − cipi,y)∑
(cipi,x + sipi,y)

⎞

⎟
⎟
⎠ (13)
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Fig. 1. Acceleration and deceleration of a robot. The dash-dot line shows the desired
robot velocity over time, the dotted line shows the odometer values and the solid line
shows the estimated velocity using the 10 latest observations.

with si = sin(ω̂ti)
ω̂ and ci = cos(ω̂ti)−1

ω̂ . pi,x and pi,y are denoting the first and
second coordinate of pi. Resolving (13) with respect to u0 yields:

û0 =
1
d

(∑
si

∑
pi,x −

∑
ci

∑
pi,y − n

∑
(sipi,y − cipi,y)

∑
si

∑
pi,y +

∑
ci

∑
pi,x − n

∑
(cipi,x + sipi,y)

)

(14)

with d = (
∑

si)2 + (
∑

ci)2 − n
∑

(s2
i + c2

i ).
The number n of pose estimates that are used for velocity estimation must be

at least 2 but should be taken larger than 2 to reduce the noise in the estimates
which heavily depends on the number of observations. Beneath the possibility to
use a fixed number n like, e.g. 10, it is also possible to use an adaptive strategy
that reduces n when the robot accelerates or decelerates and increases n when
it drives with constant velocity. This idea is very similar to the approach that
was used in [9] to estimate the ball velocity.

Figure 1 shows the velocity estimates for a run on a real robot of the Brain-
stormers Tribots RoboCup team. Obviously, when accelerating the robot, there
is some delay until the estimated velocities follow the actual ones but, on the
other hand, they do not show the artefacts due to slippage that can be ob-
served considering the odometer values. Furthermore, the slope of the curve is
much more realistic than the slope of the odometry or motor command curve.
It corresponds to an acceleration of approximately 2 m

s2 .

3 Collision Detection

While we described in section 2 how to estimate the robot velocity we will show
in this section an example of how we can benefit from it. In the RoboCup Middle
Size League it often happens that robots collide or even push each other. These
situations are very undesirable, not only since they are judged as a foul but also
since they potentially lead to damaged motors.

There are several ways to recognize pushing situations:

– using elaborated image processing algorithms is a desirable way but needs
too much computation time to be applied under hard real time constraints.
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Fig. 2. Acceleration of a robot and collision with an obstacle. After accelerating in
the time interval from 9000 until 10000 and driving with constant velocity the robot
collided with an obstacle at point in time 11000. The obstacle bared the robot from
driving forwardly. The dash-dot line shows the desired robot velocities over time, the
dotted line shows the odometer values and the solid line shows the estimated velocity.

– using haptic sensors is a possible way but needs additional hardware that
has to be maintained.

– here, we want to propose a simple and at the same time very effective ap-
proach that is based on a comparison between the actual robot velocity and
the desired velocity. This approach does not need any additional hardware
and is also very efficient. It can be seen as a virtual sensor.

Fig. 1 shows what happens if the robot drives without being hindered: the
odometer values as well as the estimated velocities follow in principle the driving
commands with a certain delay and smoothed over time. Due to slippage the
maximal velocity that is actually reached is below the desired velocity.

In contrast, Fig. 2 shows a situation in which the robot was accelerating until
it collided with an obstacle at point in time 11000 and after that was blocked by
the obstacle. While the motor commands as well as the odometer values indicate
a large robot velocity of more than 2m

s the estimated velocity decreases to less
than 0.5m

s . Notice that the motor controllers try to turn the wheels with the
desired velocity against the resistance of the blocking obstacle. Hence, they need
a lot of energy which gets completely lost in slippage.

We can make use of the observed discrepancy between estimated velocity
and desired velocity to detect situations of the robot being blocked. Thereto, we
calculate the difference between û and the desired velocity uc: e := ||û−uc||. To
be more precise and to take into account the internal delays of the camera, the
velocity estimator, and the motor controller [1] we do not compare the current
velocity estimate with the most recent motor command but with the driving
command that was sent to the motor controller 200ms before.

If the discrepancy e is large, say larger than a threshold θ1, we are faced with
a suspicious situation in which the robot potentially is blocked. Unfortunately,
large values of e do also occur when the robot is accelerated or decelerated since
the motors realize a desired change of velocity only incrementally.

To overcome this problem we propose a combination of two techniques: (a)
filtering out times of acceleration and (b) considering intervals of time instead
of single points in time. The general idea behind the second technique is that
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Fig. 3. Motor commands and velocity estimates for a run of the robot of 40 seconds.
The dash-dot line shows the desired velocity (motor command), the solid (dotted) line
show the estimated velocities using 20 (5) points for estimation.

blocking situations typically hold on for a longer period of time (> 500ms) so
that for a whole interval in time the values of e are suspicious while the influence
of random disturbances is typically shorter.

To ignore periods of acceleration we consider the derivative of the desired
velocity with respect to time: u̇c. If it is larger than a threshold θ2 we do not
consider this point in time. The determination of the thresholds θ1 and θ2 needs
to be done manually.

4 Experimental Results

To evaluate the performance of the velocity estimator we applied it to the robots
of the Brainstormers Tribots Middle Size League RoboCup team. In several runs
where we drove a robot by joystick we observed the velocity estimates. Figure 3
shows the estimates of angular and linear velocity for a run of 40 seconds.

The figure compares velocity estimates with differing number of points used
for estimation: while the estimates exhibit a large noise level in the case of only
five points used they are very smooth in the case of twenty points. On the other
hand, the estimates using only five points react quicker to changes in the velocity
than the estimates with twenty points. Hence, an optimal choice depends on
the purpose for which the velocity estimates are be used. A good compromise
between both extremes is a number of ten observations. Furthermore, Fig. 3
reveals a dependency between angular and linear velocity: as soon as the robot
turns the linear velocity decreases.

To test whether the approach to detect situations of a blocked robot works we
made experiments driving the robot against a heavy box so that it gets blocked
by it. In some cases the robot was able to push the box with reduced velocity
or, in the case of a lopsided contact, the robot was turned unintentionally.

The tests contained 20 different blocking situations, in five of it the robot was
pushing the box and in three the robot was unintentionally turned. Through-
out the experiments which lasted for 320 seconds 17 situations were correctly
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recognized by the blocking sensor and only one false alarm occurred. The three
situations that were missed are pushing and turning situations.

5 Discussion

We proposed two algorithms in this paper, an approach for estimating the ego-
motion of the robot and a virtual sensor of blocking situations. As demonstrated
the advantage of the ego-motion estimator is its independence of wheel encoders.
Hence we get independent information about the robot movement and we are
able to reveal kinetic effects of the omnidirectional drive which is a groundwork
for controlling fast robot movements accurately.

The algorithm for recognizing blocking situations has also been turned out to
be helpful. We used it successfully in tournaments where recognition of blocking
situations enables behaviors that free the ball in such a case. Morover, recog-
nizing blocking situations is important to save energy and to prevent the robots
from damage. Characteristically, a motor of one of our robots was destroyed
when we made experiments with blocking situations.

While we presented in this paper only an approach to estimate the ego-motion
and to recognize blocking situations, our research objective is to build a complete
dynamic model of the environment incorporating a kinetic model of the robot
movements, of its teammates and opponents as well as the movement of the ball.
Hence, we will be able to drive faster and more accurate and to interact with
other objects.
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dation (DFG) SPP 1125.
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