Qualitative Velocity and
Ball Interception
Frieder Stolzenburg,
Oliver Obst, Jan Murray
4/2002

Fachberichte
INFORMATIK

Universität Koblenz-Landau
Institut für Informatik, Rheinau 1, D-56075 Koblenz
E-mail: researchreports@infko.uni-koblenz.de,
WWW: http://www.uni-koblenz.de/fb4/

Qualitative Velocity and Ball Interception∗
Frieder Stolzenburg, Oliver Obst, Jan Murray†
Universität Koblenz-Landau, AI research group
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Abstract
In many approaches for qualitative spatial reasoning, navigation of an agent
in a more or less static environment is considered (e.g. in the double-cross calculus [13]). However, in general, the environment is dynamic, which means that
both the agent itself and also other objects and agents in the environment may
move. Thus, in order to perform spatial reasoning, not only (qualitative) distance
and orientation information is needed (as e.g. in [1]), but also information about
(relative) velocity of objects (see e.g. [2]). Therefore, we will introduce concepts
for qualitative and relative velocity: (quick) to left, neutral, (quick) to right. We
investigate the usefulness of this approach in a case study, namely ball interception of simulated soccer agents in the RoboCup [11]. We compare a numerical
approach where the interception point is computed exactly, a strategy based on
reinforcement learning, a method with qualitative velocities developed in this paper, and the naı̈ve method where the agent simply goes directly to the actual ball
position.

1 Motivation
There is some literature on qualitative spatial reasoning where the subject of consideration is motion observation and representation (see e.g. [6]). Few references can be
found dealing with objects moving in the environment of the subject. It also seems so
far that velocity of objects is not considered in the qualitative reasoning community.
However, in robotics it is necessary to deal with velocity of both the robot and objects
in the environment. Taking robotic soccer in the RoboCup as an example, we have to
reason about velocities of the ball, team mates and adversaries.
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1.1 Robotic Soccer as Example Scenario
In order to evaluate different approaches and compare them with each other, we
make use of the RoboCup soccer simulator. The RoboCup [11] is an international
research and education initiative, attempting to foster artificial intelligence and intelligent robotics research by providing a standard problem where a wide range of technologies can be integrated and examined. There are annual tournaments in different
leagues with real robots of different sizes or virtual, i.e. simulated robots. The authors
of this paper are involved in the simulation league (see e.g. [5, 10]) with simulated
soccer agents using the Soccer Server [3, 7], a physical soccer simulation system.
The Soccer Server is a system that enables autonomous agents consisting of programs written in various programming languages to play a match of soccer (association football) against each other. A match is carried out in a client/server style: A server
provides a virtual field and simulates all movements of a ball and players. Each client
controls movements of one player. Communication between the server and each client
is done via UDP/IP sockets. The Soccer Server consists of two programs, the server
itself and a monitor. The server program simulates the ball and players movements,
communicates with clients, and controls a game according to the rules. All games are
visualized by displaying the field of the simulator by the soccer monitor on a computer
screen.
In general, reasoning about velocities can be of interest in dynamic environments
to estimate when and if at all one agent can reach another one. In the case of physical
soccer robots, accurate formulæ for object movements may not be available or difficult to obtain. The RoboCup simulation league, where these formulæ are known to
the robots, seems to be an ideal environment to test whether qualitative processing of
velocity is possible at all and how a qualitative computation performs in contrast to a
numeric one.

1.2 Overview of the Paper
In the sequel, we first introduce several quantitative methods devoted to solve the example problem, namely ball interception (Section 2). After this, we discuss qualitative
approaches from the literature and introduce a new method that makes use of qualitative direction and velocity information (Section 3). Then, we evaluate all methods
introduced in this paper, showing that the qualitative method does not perform too
badly in contrast to the other approaches (Section 4). Finally, we give some conclusions (Section 5).

2 Ball Interception with Numerical Methods
Information about velocity is especially important in applications, where spatial agents
are situated in a highly dynamic environment. This means, not only the agent moves,
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but also objects or other agents in the environment move and change their position,
possibly with high or varying speed. In the following, we consider robotic soccer as
application scenario, which has the desired properties. In particular, we will address
the problem of ball interception. Thus, we have the situation that the soccer ball is
rolling with a certain velocity towards a certain direction. Now it is the task of the
soccer agent to reach the ball as fast as possible.

2.1 Soccer Simulation in the RoboCup
The optimal method for ball interception obviously is to compute the interception point
exactly, considering relative position, orientation and velocity of the agent and the ball,
and then let the agent go to this point as quickly as possible. We must take into account
the physical laws for the ball and player movement. This means, that the ball becomes
slower and slower, the longer it rolls, and every player certainly has a maximal speed
for running. Regarding all this might lead to a fairly complicated procedure for computing the interception point, depending on how precise and realistic the modeling of
physical laws such as friction etc. is done.
Fortunately, the ball movement model and also the player dash model that is implemented in the Soccer Server is relatively simple, so that by a straightforward iterative
procedure, the interception point can be computed effectively. We will develop the respective formulæ further down. Unfortunately, in this model, it is assumed that the ball
acceleration ~a—that is the derivative of its velocity ~v wrt. the time t—is negatively
proportional to~v, i.e. ~a ∼ −~v. However, this does not correspond to any standard physical phenomena such as friction, where ~a is constant, or air resistance, where we have
~a ∼ −~v 2 .
In consequence, this means that the derivation for computing the interception point
(in Section 2.2) is only valid in the context of the movement model in the Soccer Server. This is certainly one reason, why we should address the problem with a
qualitative approach (see Section 3.3). What are in general the advantages of a qualitative approach?
• Qualitative approaches are likely to be more robust wrt. changes in the world
model, because they abstract or approximate the physical reality, which is far
more complicated and unreliable than the Soccer Server world. Each change in
the world model requires an adaption of a hard-coded quantitative method.
• It is an interesting question on its own to compare the performance of qualitative
and quantitative approaches. Even if the exact computation of the interception
point can be done (as for the Soccer Server see below), a qualitative method may
be simpler and not worse than a quantitative method.
• Another motivation to try it with a qualitative approach is that probably real
(human) soccer players do not solve differential equations while chasing the
ball.
3

2.2 Computing the Interception Point
Let us now derive the formulæ for computing the exact interception point. It is used in
our reference method for the comparison with other approaches. In the Soccer Server,
the ball speed at time t is calculated as v(t) = µ · v(t−1) with µ < 1. Therefore, if the
velocity of the ball is v0 at time t = 0, we have v(t) = v0 · µt . For the distance s, that the
ball has moved after t steps, it holds:
t

s(t) = ∑ v0 · µi−1 = v0 ·
i=1

1 − µt
1−µ

In the sequel, we make the assumption that an agent can move in any direction with
a fixed (maximal) velocity v1 . At time t = 0, the ball is at position ~a in the Cartesian
coordinate system with the agent at its origin. Let ~b (with k~bk = v0 ) be the velocity
vector of the ball in this coordinate system. Then, after t steps the position of the ball
is:
P(t) = ~a + s(t) ·~b
Clearly, the agent can reach the ball at any time t with kP(t)k ≤ v1 · t. Since there
is no closed form for t, we apply Newton’s method in order to find the zeros of f (t) =
kP(t)k − v1 · t. Therefore, we need the derivative f 0 (t) = kPk0 (t) − v1 with
kPk0 (t) =

P0 (t) · P(t)
kP(t)k

where in this context · denotes the inner product of vectors. We have to compute the
following sequence tn , until | f (tn)| < ε for some small threshold ε > 0:


if n = 0
 0,
f (tn−1 )
tn =
tn−1 − f 0 (t ) , if n > 0 and f 0 (tn−1 ) < 0
n−1

 999,
otherwise
This procedure eventually yields the first of at most three zeros t > 0. There exists
at least one zero; it is found at latest after tn has been set to 999, which avoids oscillation. If there are three zeros, then Newton’s method will find the smallest one. This
follows from the fact that the acceleration a of the ball (the derivative of v) is negatively
proportional to v. A similar (but different) method for computing the interception time
has been described in [12]. Figure 1 sketches the situation for ball interception and
also gives an example for the function f with three zeros. We see that, after a phase
where the ball can be reached by the player, there is a phase where the ball is out of
reach, and only at the end, when the ball has slowed down sufficiently, the ball can be
reached again.
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f (t)

t

v0
Ball
v1
Agent
Figure 1: Reaching the ball.

2.3 Applying Reinforcement Learning
An analytical approach to ball interception relies on exact knowledge of system behavior. For a qualitative approach, this might not be necessary, but at least some control knowledge (what action leads to what behavior) must be available. The reinforcement learning approach described in [8] assumes neither control knowledge nor system
knowledge in advance (i.e. at the time of programming). A controller learns a policy
for a given goal, and at the time of application the learned policy is used to achieve
the goal. However, like in the analytical approach, the assumption is that the underlying model of the world does not change during execution. Reinforcement learning
has successfully been used for different problems in simulated robotic soccer [9], and
in the subsequent sections we are going to compare a ball interception method trained
with reinforcement learning and our methods (see Section 4).

3 Ball Interception with Qualitative Velocity
For a brief overview about qualitative reasoning in general, refer [4]. The article comes
up with a motivation and some short historical remarks about the field of qualitative
reasoning. The author gives some real world application examples as well as an introduction into basic qualitative reasoning techniques.
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3.1 Approaches with Qualitative Velocity or Trajectories
Representation of motion in a qualitative manner is the subject of the paper [6]. The
goal is to represent the trajectory of a moving object and abstract from irrelevant data
at the same time. The representation in this paper is based on sequences of qualitative
motion vectors, which consist of two components, that is a qualitative direction and a
qualitative distance. The qualitative direction component is representing the direction
of the movement, while the qualitative distance component depicts the distance the
object moved into the given direction. These two components alone are not sufficient
to represent the speed of the object. Though it is not in the focus of the paper, it can
be found that for a qualitative representation of motion speed one has to use the ratio
of time elapsed between two directional changes and the distance. However, for the
qualitative representation of motion tracks, the speed is not used during the rest of the
paper.
An approach to modeling behavior of physical devices qualitatively is described in
[2]. Qualitative values are assigned for numerical values and derivatives. Qualitative
variables are used to explain different states of a physical system. The authors explain
rules that have to be valid for qualitative variables in order to get a correct description
of a system. In this approach, qualitative velocity and also its derivative, the acceleration is considered. However, these values are reduced to one dimension with range +,
− or 0. By this abstraction, some problems can be described quite adequately, e.g. a
pressure regulator and a mass-spring-friction system. However, spatial information is
not present in this approach, that is needed for robotic soccer. For further details, the
reader is referred to the paper [2].
The double-cross calculus [13] has been invented to navigate using qualitative spatial information. The double-cross calculus uses a set of three points and a set of 15
base relations to achieve this. The three points (the observer, the point where the observer is looking to and a reference object) are related by one of the relations. It is also
possible to represent incomplete information by using unions of relations. Like in the
above-mentioned approaches, a static environment is assumed. Hence, this approach
is also not sufficient for highly dynamic environments. Nevertheless, the double-cross
calculus has applications in geographical information systems (GIS).
The qualitative approaches mentioned here, first and foremost, are dedicated to the
cognitively adequate description of physical reality. But in this context, we want to
apply qualitative information to the control of agent behavior. We will see that only
qualitative direction and velocity is sufficient for the task of ball interception. One
major observation is that the direction to the interception point need not be given too
exact (see Section 3.2). This is one of the main ingredients for the qualitative approach
for ball interception (see Section 3.3).
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Figure 2: Correction of direction.

3.2 Qualitative Correction of Direction
The optimal strategy of an agent for ball interception is to first turn its body towards
the interception point and then head to this point directly. If the interception point
can be computed exactly, then the agent just has to move the distance d to this point,
after turning its body once by the angle δ, that is the difference between the current
orientation of the agent and the direction to the ball. See also Figure 2. Thus, the agent
could obey the following rule: if the interception point is straight ahead, continue the
movement into this direction; otherwise, correct the orientation accordingly.
If there is no inaccuracy in either the sensor data about directions or the actions
performed by the agent, then this rule yields an optimal strategy for the agent. In this
case, the agent turns only once, namely at the beginning, and then moves straight forward to the interception point. However, in practice (i.e. for real or simulated robots),
the direction often cannot be determined exactly. Hence the rule stated above leads to
the undesirable behavior that the agent corrects its orientation most of the time, and
does not come closer to the interception point.
Therefore, the rule should be relaxed and a correction should only be done, if the
angle for correcting the direction exceeds a certain threshold ε. This strategy is also
illustrated in Figure 2. The distance d1 + d2 the agent has to move in this case clearly is
longer than d (because of the triangle inequality). Of course, this is a disadvantage, but
as the evaluation (in Section 4) reveals, the agent does not turn too often and therefore
reaches the goal faster.
The interesting question now is clearly: how much does the distance increase, if
the correction of direction is done only after a certain threshold is exceeded? For this,
we apply Mollweide’s formula for triangles with sides a, b and c, and corresponding
angles α, β and γ:
α−β
a + b cos 2
=
c
sin 2γ
If we apply this equality to the triangle in Figure 2, we get the ratio
δ−(ε−δ)

cos(δ − 2ε )
d2 + d1 cos 2
=
=
◦
d
cos 2ε
sin 1802 −ε
which becomes maximal for a given (fixed) threshold angle ε, if cos(δ − 2ε ) = 1, i.e.
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δ = 2ε . Thus in the worst case the ratio is 1/cos 2ε . As the following table shows, the
overhead wrt. the distance can be neglected for angles up to about 30◦ .
threshold angle ε
overhead of 1/cos 2ε

0◦
5◦
10◦
0.0% 0.1% 0.4%

20◦
30◦
45◦
60◦
90◦
1.5% 3.5% 8.2% 15.5% 41.4%

Therefore, the threshold can be chosen quite high. This does not decrease the performance of the agent for ball interception significantly. Hence, an approximating, i.e.
a qualitative method seems to be very appropriate in this context. We will state a qualitative method for ball interception in Section 3.3. Its evaluation is given in Section 4.

3.3 A Method with Qualitative Velocity
A naı̈ve method for ball interception would be just to go straight ahead to the ball.
This certainly can be seen as a non-numerical, qualitative approach. But since the ball
moves, this strategy obviously can be improved. It is better to go to the (earliest) interception point directly. However, since it often cannot be computed exactly, a qualitative
approach is preferable. This can be done by making use of qualitative velocity and directions. If the agent looks at the (possibly) moving ball, the agent can distinguish
whether the ball moves (fast) to the left or right (from the point of view of the agent),
or there is no clear bias to one side. This means we consider the projection of the ball
velocity that is orthogonal to the line from the agent to the ball. Note that we abstract
from the component of the velocity which is parallel to this line.
As a measure for qualitative velocity we take the following model, which makes the
simplifying assumption that the ball moves with a constant velocity. The ball velocity
v0 is normalized wrt. the constant (maximal) velocity v1 of the agent. Let us now have
a look at Figure 3. The ball moves with velocity v0 to the point where the agent can
intercept it with velocity v1 . The angle β is the angle from the ball between the agent
and the (approximated) interception point. The qualitative velocity is now determined
by the angle α, that is the angle from the agent between ball and interception point. The
agent and the ball must arrive after the same time t at the interception point. Therefore,
by applying the law of sine we get
sin α v0 · t
=
sin β v1 · t
and hence

v0
· sin β
v1
In order to determine the velocity in a qualitative manner, the agent considers a
finite number of sectors around the agent. Sectors are also used for qualitative orientation information in [1]. Usually the number of sectors is a power of 2. Let us first
investigate the case with n = 8 sectors. Then each sector has the size φ = 360◦/8 = 45◦ .
sin α =

8

v0 · t

Ball

Interception
Point

β
v1 · t
α

Agent
Figure 3: Determining the velocity qualitatively.
In this context, we map the angle α from above to one of the sectors (as shown in Figure 4), i.e. to a positive or negative multiple of φ. But since we only approximate
the actual movement, we only consider 5 different values for α, namely quick to left
(−90◦ ), to left (−45◦ ), neutral (0◦ ), to right (+45◦ ), quick to right (+90◦ ). Note, that
we consider velocity only in one dimension. As before, let δ be the difference angle
between the current orientation of the agent and the direction to the ball. Then, the
agent just behaves according to the following rule:
If δ + α ≥ φ, then turn by the angle δ + α; otherwise, go straight ahead.

neutral
to left

to right

quick to left

quick to right

Figure 4: Qualitative velocity and orientation.
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4 Evaluation
We conducted several experiments in order to compare the performances of a variety
of different approaches to ball interception. Those different methods are the following.
NAI and NAI5 – the naı̈ve methods
If the ball is approximately in front of the player, it runs to the current position
of the ball. Otherwise it turns towards the ball. The notion of approximately in
front of is realized with the help of a threshold angle ε. If the absolute value
of the angle δ between the agent’s orientation and the current ball position is
less than ε, the agent just runs forward (cf. Figure 5 left). If, however, |δ| > ε,
the agent turns by δ, in order to face the current ball position (Figure 5 right).
Please note, that this method completely ignores the speed and direction of the
ball movement.
Following the considerations in Section 3.2, we chose 22.5◦ as value for ε in
NAI. The method NAI5 differs from NAI in the value of the threshold angle ε
only. In this method the value of ε is set to 5◦ . Choosing between turning and
running is necessary because the Soccer Server treats those actions as mutually
exclusive, i.e. in one simulation step a player can either run (dash) or turn.

111
000
000
111

111
000
000
111
000
111

δ1
δ2

agent

agent

Figure 5: Naive ball interception. δ1 ≤ ε → run. δ2 ≥ ε →turn

NWT – Newton’s method
The Newton’s method calculates the point, where the agent can intercept the ball
directly. This method has already been described in Section 2.2.
LRN – the learned method
This is an approach that uses reinforcement learning to train an agent to intercept
the ball. The actual behavior stems from the Karlsruhe Brainstormers RoboCup
team [9] and has been introduced in Section 2.3.
Q8 and Q16 – the qualitative methods
These are two instances of the qualitative method introduced in Section 3.3.
Q8 uses eight different qualitative directions, while Q16 makes use of sixteen
sectors.
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4.1 The Setting
We used an automated coach agent—called evalcoach—to run the evaluation sessions.
A coach is a special type of agent that can connect to the Soccer Server. In contrast
to the usual agents (the players) a coach is able to move the ball and players on the
field and to act as a referee, e.g. by changing the play mode of the simulator, e.g. from
play on to free kick. See [3] for further details. As this client is intended for evaluation
or learning scenarios, it receives data about all the objects on the field in external
coordinates, in contrast to the players, that only receive incomplete information in an
egocentric coordinate system. In addition to that no noise is added to the data received
by the coach client.
The basic setup of the evaluation is shown in Figure 6. A coach and one player are
connected to the Soccer Server.
Coach

Soccer Server

sets up situations
measures times
collects data

Player

executes its
ball interception
behavior

Figure 6: The evaluation setup.

The player is only executing its ball interception behavior. For each of the interception methods described above such a specialized agent exists. In order to reduce the
effects of noise and randomization as far as possible, the players made use of a special type of information sent by the Soccer Server, the so called fullstate. The fullstate
mode allows an agent to get precise information about the position of the ball even
if the ball is currently not seen. Similarly the player’s position can be determined. In
addition to that, noise in the movement of both ball and player have been set to zero.
Each evaluation session consists of 250 different scenarios. Each scenario is specified by the initial position and velocity of the ball and the player, which are selected
according to the following rules.
• Set the agent in the center of the field, with random orientation and speed.
• Place the ball at an arbitrary position within a 40 × 20 m2 rectangle in the middle
of the field (see Figure 7). Assign a motion with random direction and speed to
it.
An episode within such a scenario corresponds to the player trying to intercept the
ball. It ends, if either the agent has successfully intercepted the ball (i.e. the ball can
be kicked by the agent), or the ball goes out of bounds, or a timeout has been reached.
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The latter two outcomes of an episode are counted as failures. In order to compensate
for network problems and process load on the computer, we ran 100 episodes for each
scenario.

1111111
0000000
0000000
1111111
0000000
1111111
1111111
0000000
Figure 7: Initial setup of the evaluation. The agent is in the center of the field. The ball
is randomly placed within the hatched rectangle.

The actual control of a session was done by the evalcoach with this algorithm:
while there is another scenario do
read next scenario
for i := 1 to 100 do
setup scenario
run episode i
save duration of episode i
note Success or Failure
end for
Record average and variance of duration
Record percentage of successes
end while

4.2 Analysis of the Data
For each of the six interception methods described above an evaluation session was
done. Thus, we obtained tables containing the the average interception time for each
scenario, the variances of the times and the percentage of successful episodes per scenario for each method.
Impossible scenarios, i.e. scenarios in which no player succeeded in intercepting
the ball even once, were removed from the table. After this cleaning step, 234 scenarios
were left, in which at least one interception method was successful. They built the basis
for comparing the different approaches.
Let us present some general figures first. The success rate for each scenario lay
by either 100% or 0%. As we eliminated randomness from the evaluation sessions,
12

this means, that no significant disturbances due to network or process load appeared.
Nevertheless, influences by the hardware can be observed, as the variances of several
scenarios are larger than zero throughout all six sessions.
All interception methods succeeded in almost all scenarios, which can be seen on
the left in Figure 8. On the right side of this figure the percentage of sessions that
were “won” by a single method is shown. By “won” we mean, that one method was
faster than every other method in the scenario. The slice labeled rest summarizes all
scenarios that had no unique winner, i.e. where two or more methods were equally
good.
Approach No. of Successes
NAI
232
NAI5
231
LRN
233
Q8
232
Q16
232
NWT
234

NWT 135 (57.7%)

NAI 3 (1.3%)
Q8 4 (1.7%)
LRN 18 (7.7%)
Q16 1 (0.4%)

rest 73 (31.2%)

Figure 8: Left: The number of successful interceptions by each approach. Right: The
number of times each method was better than all others. In 73 scenarios at least two
methods were equally good.
Both the number of successes and the number of scenarios won indicate, that Newton’s method (NWT) is slightly superior to the other approaches to ball interception.
This is supported by calculating the means of the interception times, which are shown
in Figure 9. The lowest average duration belongs to NWT. But all three figures show,
that the learned method (LRN) is only slightly worse than NWT.
The naı̈ve method NAI5 clearly is the worst approach to ball interception. It shows
the lowest number of total successes (231), does not win a single scenario and on
average takes the longest times to intercept a ball (31.5 simulation steps). Surprisingly
the second naı̈ve method (NAI) does quite well. On average it performs better than both
variations of the qualitative interception method, although Q8 wins more scenarios
than NAI.
In addition to the measurements described above, we took the average ratios R
between interception times. The average ratio Rk,l of the interception times of methods
k and l is given by
1 n dk
Rk,l = ∑ il
n i=1 di
j

where n denotes the total number of scenarios and di is the interception time of method
j in scenario i. The average ratio of NWT and LRN is, for example, calculated by
RNWT,LRN =

1 234 diNWT
∑ d LRN = 1.005.
234 i=1
i
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35
31.5
30.0

Average interception times

30

27.7

26.3
25

21.8

20.9

20
15
10
5
0

NAI

NAI5

LRN

Q8

Q16

NWT

Figure 9: Average interception times of the different approaches.

Figure 10 shows the average ratios between all pairs of methods. This table once again
supports the results from the measurements above, namely a slight superiority of NWT,
but which is closely followed by LRN, although LRN seems to do better according to
the ratio RNWT,LRN = 1.005. A direct comparison between the interception times of LRN
and NWT shows, that NWT is faster than LRN 144 times, LRN beats NWT 21 times,
and 69 times both methods produce equal interception times. This is also shown on the
left in Figure 11. But if LRN is faster than NWT in a scenario, it is usually much faster
(up to 15 simulation steps), which has a great impact on calculating the mean of the
quotients.

NAI
NAI5
LRN
Q8
Q16
NWT

NAI
—
1.261
0.820
1.190
1.077
0.790

NAI5
0.832
—
0.696
0.972
0.881
0.670

LRN
1.436
1.835
—
1.624
1.486
1.005

Q8
0.981
1.229
0.759
—
0.961
0.743

Q16 NWT
1.014 1.413
1.269 1.807
0.802 1.035
1.105 1.626
—
1.472
0.777
—

Figure 10: Average ratios between the methods

Let us now take a closer look at the methods, that we evaluated in two variations,
namely NAI and NAI5 as well as Q8 and Q16. In both methods one variation proved
to be clearly superior to the other.
4.2.1 NAI versus NAI5
The method NAI beats NAI5 by far. It is easy to see, that this behavior comes from
the different values of the threshold angles. As this angle is much smaller in NAI5,
the player has to turn often, because the ball moves out of the sector defined by the
14

threshold angle. For a player using NAI for interception this sector is much wider and
thus the need for turning arises less frequently. If the threshold angle is not too wide,
the additional way the agent has to run, does not matter very much, as we have shown
in Section 3.2. Thus a player using NAI for interception can get to the ball much faster
than a player using NAI5.
NWT
144

Q8
40

61.5%
17.1%

Q16 70.9%
166

9.0% 29.5%

12.0%

Equal
28

LRN

Equal

21

69

Figure 11: Direct comparisons between different interception methods. Left: LRN vs.
NWT. Right: Q8 vs. Q16

4.2.2 Q8 versus Q16
The results of the evaluation show, that from the two variations Q8 and Q16 of our
qualitative interception method Q16 is the faster one. Although both approaches are
successful in the same scenarios, the average interception time is less for Q16. The
direct comparison, shown on the right in Figure 11, shows that Q16 is faster than Q8
in 166 different scenarios, which roughly corresponds to 71% of all scenarios.
This result shows that the number of sectors, i.e. qualitative directions, has a significant influence on the performance of the qualitative ball interception. In Q16 the
sectors are smaller than in Q8 and thus give the player a more finely grained control
over its turns than Q8.
One phenomenon, that can repeatedly be observed, is an oscillation at the beginning of an episode. The player just keeps turning back and forth for some time before
it starts to run. The agent decides to turn based on the qualitative position and velocity
of the ball, but then it turns just too far. So, in the next step the player decides, that it
has to turn back and now turns too far into the other direction. Clearly this effect can
be reduced, if the player divides its surroundings in more sectors and thus has more
directions to turn to at its disposal.
This oscillation effect is probably also the reason, why both qualitative methods
come off worse than the naı̈ve method NAI, as the agent wastes several simulation
steps by turning forth and back before it takes any sensible action towards intercepting
the ball.
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5 Conclusions
In this paper we presented a variety of methods to intercept the ball in the virtual
environment of the RoboCup simulation league. We introduced a qualitative approach
to ball interception that makes use not only of qualitative directions, but of qualitative
descriptions of velocity as well.
We conducted a number of experiments in order to compare two variations of this
approach to several other methods, including a numerical method and a learned behavior. These experiments have shown the numerical method and the learned behavior to
be the best. The differences between those two approaches are very small but show a
slight advantage of the numerical method.

5.1 How Useful is Qualitative Velocity?
The qualitative interception methods did not do very well in the evaluation and turned
out to be similar in performance to a naı̈ve approach to ball interception which discards
all information about the movement of the ball. But the evaluation also showed that the
performance of both the naı̈ve and the qualitative method is highly dependent on the
right choice of parameter values.
One clear advantage the qualitative interception method has over the numerical
and the learned methods is its robustness and portability. For the learned method to
work it is necessary that the environment does not change after the learning period.
Otherwise the whole behavior has to be trained again. The numerical method even
depends on the complete knowledge of the physical model that describes movements
in the environment.
In the simulated environment of the Soccer Server with its simple model of mechanics and the quantitative information about objects received by the clients the abstraction from quantitative data onto a qualitative level seems somehow artificial, as
the agent has to abstract from quantitative information provided by the simulator, reason on the qualitative data and finally map qualities back to concrete numbers when it
sends a command.
But consider a domain which is too complex to be described quantitatively or in the
level of detail needed by the quantitative methods. In other (real world) domains it may
be very expensive or slow to generate quantitative data from sensor inputs but relatively
easy to achieve a qualitative representation of the world. As the qualitative interception
method makes only very few basic assumptions about the mechanics involved—e.g.
the ball motion does not change its direction without external influences—it is not
hampered by complexity of the underlying physics, e.g. several kinds of friction and
noise in the sensor data.
Furthermore, the representation of the ball position and movement as well as the
actions taken by the player are more cognitively adequate. The representations are
easy to understand and calculate. Real-time requirements are easily met because of the
simplicity of the calculations.
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5.2 Future Work
Future work includes further analysis of the data collected in the evaluation sessions.
As no method was always fastest, but rather every method was better than the others
in one scenario or another, we hope to gain more information about the strengths and
weaknesses of the individual interception methods by further examining and classifying the data and the different scenarios.
Another piece of work, that will be tackled soon, is the optimization of the parameters of our qualitative interception method. As we have seen, the number of different
directions the agent knows, have a significant influence on the performance of the
method. In parallel to finding the optimal number of sectors for the proposed method,
we will examine the influence of adding methods for reducing the oscillation effect on
the overall performance of the method.
Last but not least, we plan to apply the proposed method to other domains in order
to test its scalability to other applications and its feasibility outside the world of the
Soccer Server. This might help us to understand better where a qualitative approach for
spatial reasoning with velocity is appropriate—not only for the cognitively adequate
description of physical behavior, but also for controlling agents.
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