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Summary

Territoriality represents an instance of a behaviour that is based on the ability of
spatial learning. Thereby, no simple spatial goal can be defined, but territorial an-
imals have to navigate between multiple places within their territory. They have
to assess and learn characteristics of places, and have to memorise the relations
between the places. In a simulation, specific cognitive abilities can be controlled
and manipulated independent from the other traits of an individual, a condition not
easily achievable in animal experiments. I explicitely modelled spatial informa-
tion processing abilities in order to approach the cognitive ecology of territorial
behaviour.

A common means of self-localisation in animals and robots is the measure-
ment of egomotion, i.e. path integration. However, path integration is prone to
accumulating errors if no external cues are available for recalibration. I introduced
a polarisation compass for a miniature robot (Khepera) as an allocentric orientation
measurement. The compass brought a significant reduction of the path integration
error while claiming low energy supply and weight, properties that are essential in
both miniature robots and animals.

The self-localisation in the environment provides the basis for the formation of
an internal representation of the environment. Presumably, territoriality requires a
map-like representation since the relation between many places does not allow the
navigation by simple rules connecting defined starting and goal positions. Two al-
ternatives of such a spatial memory, a graph and a grid structure, are combined with
a model of territory establishment. Thereby, exclusive space use is achieved by the
avoidance of competitors. The graph representation requires a lower memory ca-
pacity than the grid, and it was originally proposed as a solution for way-finding
tasks. Nevertheless, both memory structures are equally suitable for territoriality,
suggesting a graph as a favourable representation.

In simulation, I investigated the influences of information processing abilities
and of external factors on space use. Higher learning rates as well as increased
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amounts of memory retrieval resulted in more confined space use. The area used
by more than one individual declined. Thus, higher information processing abili-
ties led to an increasing stability of space use whereby competitors were avoided
more efficiently. The individuals achieved exclusive ranges by decreased travelling
distances.

On the other hand, a growing number of individuals competing for the same
area led to an enlargement of the individual ranges whereby the territory sizes
initially remained stable. However, if the population density did not allow the
avoidance of competitors, the ranges used exclusively collapsed. This compares
to conditional territoriality as found in animals. As an additional external factor, I
investigated the effects of the structuring of the physical environment. If obstacles
were present, the territory boundaries tended to line up with these obstacles.

The results emphasise the role of cognitive abilities in the understanding of
animal behaviour. The amount of information available for decision making is
crucial. The usage of simple rules might be more efficient than high problem-
solving abilities since the computational complexity can be saved.
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Chapter 1

Preface

In many animals, behaviour is determined by cognitive processes, i.e. learning,
memory, and decision making (Dukas, 1998a; Shettleworth, 2001; Dukas, 2004).
Regarding spatial behaviour, the cognitive processes include the self-localisation in
the environment. An animal can gain information about its location by measuring
its egomotion, by retrieving allocentric information from a compass system, or by
recognising places. The place recognition presupposes that the animal previously
learned and memorised characteristics corresponding to the location. In complex
spatial tasks, such as the establishment and maintenance of a territory, the animal
has to memorise multiple places and the relations between them. Supposedly, such
a spatial memory represents a cognitive adaptation to the animal’s ecological niche.
The shaping of information processing abilities by the niche is the concern of the
field of cognitive ecology (Healy, 1992; Real, 1993; Dukas, 1998a).

1.1 The modelling approach

Individual-based modelling can be used as an approach to cognitive ecology since
both internal factors, i.e. information processing, and external factors are com-
pletely controllable. Thus, simulation allows to quantitatively specify the influ-
ences of cognitive abilities on behaviours. Models based on individuals and their
interactions have been proven a successful tool in ecological research (Judson,
1994; Grimm, 1999; Peck, 2004). The simulation of behaviour using robots or
explicitely modelled agents with their sensors additionally allows the specification
of the local interactions between the individuals. The influence of specific percep-
tion and information processing abilities on behaviour becomes measurable which
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is not easily achievable in animal experiments (Webb, 2000).

Information processing abilities interact with the environment on different lev-
els. The amount and quality of information available to an individual is determined
by its sensors. Learning and memory allow it to set this information in the context
of earlier experiences. The interactions between individuals lead to mutual influ-
ences on the cognitive systems involved.

1.2 Thesis objectives and organisation

Polarisation compass

The main subject of this thesis is the investigation of the influences of information
processing abilities on spatial behaviour. The second Chapter is concerned with
the benefit of a compass sense as integrated in a path integration system. The
agents - Khepera miniature robots - have to assess their own position by measuring
their egomotion. The additional information source, a polarisation compass, is
added without altering any other aspects of the agent. Accordingly, the benefit of a
defined sensory system on behavioural performance becomes measurable.

I will provide an introduction to path integration and compass systems in an-
imals as well as in robots. The usage of a compass sense in other contexts of
navigation will be discussed.

Representations in spatial behaviour

In a model of territory establishment, the role of learning and memory is investi-
gated (Chapter 3). The agents are provided with one of two alternative memory
structures. This allows the individuals to learn about their environment and to in-
clude previous experiences in their decisions. The internal representation formed
by the individuals and the externally observable behaviour are compared.

Structures of spatial memory as applied in my simulation are usually referred
to as cognitive maps. I will introduce the concept of the cognitive map, and set it in
relation to other navigation mechanisms. Furthermore, I will give an overview of
territorial behaviour and its causes in animals. Territoriality is mostly based on the
ability of spatial learning, presumably claiming a map-like internal representation
of space.
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Space use

Within the model of territory establishment, the interactions of information pro-
cessing abilities with the behaviour are quantified (Chapter 4). The individuals
establish their territories using different learning rates as well as different amounts
of information retrieved from memory for each movement decision. The changes
in the externally observed behaviour are directly correlated to the manipulations
of the defined cognitive abilities since modules of the cognitive equipment can be
exchanged independent of the other aspects of the agent. The interactions between
the individuals are manipulated by changing the number of competitors in the envi-
ronment. Additionally, the individuals have to deal with different structures of the
physical environment as achieved by the introduction of obstacles. The time dy-
namic of the territorial behaviour is investigated. The space used by the individuals
serves as measure of the behaviour.

The field of cognitive ecology is concerned with the shaping of information
processing abilities by the animal’s ecological niche. I will introduce this field
of research by giving examples of the benefits and costs of specific learning and
memory tasks solved by animals. Additionally, an overview of the shaping of
territorial behaviour by external factors will be given.

In Chapter 5, I will give an overview of the results as described in the Chapters
2 to 4, and I will summarise the main predictions of the simulation. Additionally,
an outlook about the future development of the model will be given.
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Chapter 2

Polarisation compass

2.1 Introduction

When moving in their environment, many animals rely on their ability to find back
to specific places such as a nest, locations where they found food, or places provid-
ing shelter. Accordingly, the animals have to gather information about their own
location. Path integration can provide such information by the measurement of
the own movement. Additionally, the information can be achieved from external
cues, for instance, a compass system. The information about space forms a basis
for spatial behaviours such as territoriality. I will introduce a biologically inspired
compass system for a miniature robot. Compass systems have been described in
many animals. If included in path integration, animals are able to reliably find
back to a starting position. In addition, the information gained from the compass
can be included in an internal representation of space as I will introduce in the
third Chapter. I assume the existence of a spatial representation as precondition for
many appearances of territoriality. Sources of spatial information such as a com-
pass system are the basis for spatial learning and memory, and thus, also essential
for territoriality.

I will introduce path integration and compass systems in animals. The benefit
of a similar system in robots will be demonstrated by applying a polarisation com-
pass to a miniature Khepera robot. This robot provides the standard for the agents
in the simulation of territorial behaviour.
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2.1.1 Path integration in animals

Path integration is an idiothetic measurement of the own position relative to a fixed
reference position (Benhamou and Seguinot, 1995). Animals can acquire this in-
formation by proprioception, e.g. by counting their own steps. The path integration
has been extensively studied in the desert ant Cataglyphis. Single ants accomplish
journeys up to 250m away from their nest searching for dead animals on the desert
floor. While the outbound journey is characterised by many turns and twists, the
ants return to their nest on a fairly straight line as soon as they found prey (Wehner
and Srinivasan, 1981; Wehner, 1992). The ants are even able to project the path
travelled over uneven terrain to the plane (Wohlgemuth et al., 2001, 2002).

Since path integration is based on proprioception, it is used by many mobile
animals. Rodents are able to find their way back to a starting position in complete
darkness (Etienne et al., 1996). However, the path integration system is prone to
accumulate errors over time. Thus, the position estimate gained by proprioception
is usually combined with allothetic information in animals. Place recognition by
means of landmarks is an example for the navigation using allothetic information
(Cartwright and Collett, 1983, 1987). Such allothetic position information is a
possibility to recalibrate the path integration system (Etienne et al., 1996; Wehner,
2003).

A compass sense can be included in the path integration system. In this case,
only the information about the distance travelled is gained from proprioception,
while the heading information is retrieved from the compass. Thereby, the accu-
mulation of a directional error is avoided. Additionally, visual place recognition
is eased since the direction of memorised landmarks is independent of the own
heading (Cartwright and Collett, 1983; Wehner, 2003)

2.1.2 Compass orientation in animals

Compass orientation can be found in a wide variety of animals. Birds are able to
orient using the earth magnetic field. The birds perform head scans before choosing
a direction (Mouritsen et al., 2004a) and their magnetoreception is light-dependent
(Wiltschko and Wiltschko, 2001) suggesting that the receptor is located in the bird’s
eye. Mouritsen et al. (2004b) proposed cryptochromes in the retina as mediators
of the magnetic sense. Birds migrating during the night can additionally use the
stars as means for orientation (for review, see Papi and Wallraff, 1992). However,
the most prominent allothetic compass cue used by animals appears to be the sun.
In order to provide a real compass, the animal has to correct the sun’s position ac-
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(b)

(a)

Figure 2.1: Skylight polarisation pattern for two elevations of the sun: (a) 6 ◦, (b) 53◦.
The terrestrial observer is located in the centre of the sphere. The black disk denotes the
sun’s position, the bars show the polarisation plane. The bolder the bars, the stronger the
polarisation of the sky light. Note that the polarisation plane in the zenith is rectangular to
the sun’s meridian irrespective of the sun’s elevation (from Wehner, 1982).

cording to the time of day. Gould (1980) found that bees correct the sun’s position
even if they were unable to see the sun using a simple approximation rule.

The polarisation pattern of the sky light provides a further compass cue. The
pattern occurs due to the scattering of the sunlight in the atmosphere and is or-
ganised in concentric circles around the sun. This results in a symmetry axes in
the polarisation pattern that is described by the meridian running through the sun’s
azimuth. In the zenith, the polarisation plane is always rectangular to this meridian
(Figure 2.1). Many insects use the polarisation pattern as orientation means. In
bees, even small patches of blue sky are sufficient for orientation (Wehner, 1982;
Rossel and Wehner, 1986). In the bee’s compound eye, a specialised area, the dor-
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sal rim area, acts as detector of the polarisation pattern. The receptors in this dorsal
rim area are sensitive to linear polarised light which is not the case for the receptors
in other parts of the eye. The absorption planes of the receptors are aligned in dif-
ferent orientations (Labhart, 1980). Amongst other insects, polarisation sensitivity
is also found in vertebrates, e.g., in the sleepy lizard’s parietal eye. As in bees,
the polarisation vision appears to be involved in the animal’s orientation (Chelazzi,
1992; Freake, 2001).

2.1.3 Path integration in artificial systems

In a wheeled mobile robot, path integration or odometry data can be gained by
counting the wheel revolutions. While the translation can be computed from the
sum of the wheel movements in the same direction, the rotation can be derived
from the difference in the direction of rotation of the wheels. As in animals, the
odometry of robots accumulates errors over time. These errors can be assigned
to two different sources: systematic and unsystematic errors (Borenstein and Feng,
1996). Systematic errors arise due to an imprecise estimate of the distance between
the wheels or due to different diameters of the wheels. The systematic errors can be
measured and corrected by software. In contrast, unsystematic errors are provoked
by noise in the wheel control, wheel slip or irregularities in the environment. Those
errors cannot be corrected without allothetic information.

Compass devices in robotics. Since the heading information produces the
highest error in odometry, different compass devices have been proposed for mo-
bile robots (for review, see Franz and Mallot, 2000). Compass devices relying
on the earth magnetic field have been used in robots. However, the existing sen-
sors are very heavy and energy consuming. Additionally, the earth magnetic field
is often distorted indoors by power lines or ferromagnetic structures (Borenstein
et al., 1997). Gyroscopes provide an alternative, though they are also intrinsic
(or idiothetic) sensors for the vehicle rotation, but can measure the rotation more
accurately than this is possible with the wheel revolution counters.

Polarisation compass by Lambrinos et al. Lambrinos et al. (2000) intro-
duced a compass device for mobile robots that used the polarised skylight. They
equipped a robot with six polarisation sensors. The sensors consisted of photodi-
odes covered with a linear polariser each. The polarisation planes of two sensors
in a pair were arranged in an angle of 90◦ in relation to the other sensor. In each
pair, one sensor contributed a positive, the other a negative signal. The planes of
the positive sensors were arranged in 60◦ angular distances to each other. The axis
of the sensors’ visual fields were pointing to the zenith. The data computed from
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each sensor pair provides the input to an analytical procedure for the determination
of the robot’s heading. An ephemeris function was used for the compensation of
the rotation of the polarisation plane in the azimuth caused by the azimuthal move-
ment of the sun. Lambrinos et al. (2000) quantified the error in position estimation
accumulated by the robot in a desert environment. The average error using exclu-
sively proprioception was reduced to one quarter if the polarisation compass was
added.

2.1.4 Polarisation compass for the Khepera robot

For the Khepera miniature robot, I introduced a polarisation compass for an indoor
arena (Schmolke and Mallot, 2002a). The compass device is built of three sen-
sors which is the minimal number of sensors needed for the determination of the
polarisation plane (Kirschfeld, 1972). The robots were provided with an artificial
source of polarised light mounted above the experimental arena. An optimisation
procedure is introduced that allows non-fixed separation angles between the anal-
yser directions. Comparable to the polarisation compass introduced by Lambrinos
et al. (2000), I quantified the error of position estimate as gained from the wheel
rotation counters alone, and from the combination of compass and odometry.

2.2 Simulation environment

2.2.1 Khepera robots

Miniature robot Khepera. The polarisation compass was mounted on Khepera
robots as provided by the K-Team (Lausanne, Switzerland). These miniature robots
have a diameter of 5.5cm and move on two wheels which are powered by a step
motor each. The motors are combined with a counter which is used as basis for
the odometry. The robots are built modular, i.e. for additional functions, turrets are
available. The Khepera base is equipped with eight infrared sensors as described
below. For the wireless communication with the host computer, a radio commu-
nication turret was used. All robots sent and retrieved the information via a radio
base. Only one robot could be processed at a time. A linear camera module pro-
vided 64 light sensors. The polarisation compass was mounted on top the linear
camera. In Figure 2.2a, a Khepera robot with the polarisation compass mounted on
top of the linear camera module is depicted. A scheme of the Khepera base with
the infrared sensors in shown in Figure 2.2b.
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Figure 2.2: (a) Khepera miniature robot. The polarisation compass is mounted on top
of the linear camera device. (b) Scheme of the Khepera base with wheels and infrared
sensors.

Infrared sensors. The infrared sensors of the Khepera robot can be used in
two ways: as detectors of the ambient infrared light, or as active sensors that emit
a beam of infrared light and measure the intensity of reflection. In the experiments
described here, only the active infrared sensing was employed. The sensors detect
obstacles up to a distance of about 4cm. White plastic thereby yields the strongest
sensor reply. The furthest distance detectable decreases with darker colouring and
with the roughness of the object’s surface (Figure 2.3). The reply of the infrared
sensors ranges from 0 (no infrared light detected) to 1023. In the experiments, the
robots stopped if the frontal sensors exceeded a value of 400 in active sensing in
order to avoid collisions with obstacles.

2.2.2 Robot arena

The robots were housed in a rectangular (140 × 118cm2) arena with white walls.
Obstacles of different sizes were constructed of white plastic bricks (Lego). Ob-
stacles could be placed in the arena at arbitrary places according to the experiment.
The arena could easily be scaled down by inserting additional walls. The posi-
tion of the robots was observed externally by a tracking system. The robots were
equipped with two LEDs. Their different colours, red and green, allowed to deter-
mine the robot’s heading as well as its position. The LEDs were facing up to be
detectable for the tracker camera which was mounted above the arena. From the
calibrated camera image, the position of the LEDs in the arena was calculated.
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Figure 2.3: Measurements of the light reflected by various kinds of objects versus the
distance to the object (from the Khepera user manual).

2.2.3 Calibration of the odometry

Borenstein and Feng (1994, 1996) introduced a method, the UMBmark test, for
the calibration of the odometry in wheeled robots. This method allows the correc-
tion of the systematic odometry errors. The deviation in the distance between the
wheels (wheelbase) and the differences in wheel diameters can be extracted sepa-
rately, and thus, be corrected by software. I used the method for the calibration of
the Khepera’s odometry.

The robots drove along a square, resuming their starting position again in the
end. The distance between the starting position and the final position of the robot
was measured (∆x,∆y). The square track was accomplished by the robot in both
senses, clockwise (cw) and counter clockwise (ccw). One leg of the square was
L = 50cm long. The position error after completing the square in two orientations
reveals the two systematic errors. If the errors in clockwise and counter clock-
wise runs have the same sign, the wheelbase b was imprecise. In this case, the
robot makes a systematic error α during the rotations. On the other hand, differ-
ent signs of the errors indicate unequal wheel diameters. The robot was actually
driving along a bended track when it should accomplish the straight legs of the
square causing the error β. These two errors, α and β are calculated according to
Equations 2.1 and 2.2.
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α =
∆xcw + ∆xccw

−4L
(2.1)

β =
∆xcw − ∆xccw

−4L
(2.2)

Eb = b∗/b denotes the error of the wheelbase estimate. b∗ is the actual wheel-
base while b denotes the nominal value. It holds that

b∗

90◦
=

b

90◦ − α
(2.3)

Eb =
90◦

90◦ − α
(2.4)

A difference in the wheel diameters cause a curvature of the straight tracks
by the radius R = L/(2 sin(β/2)). Accordingly, the difference Ed of the wheel
diameters Dr and Dl can be calculated with Equation 2.5.

Ed =
Dr

Dl
=

R + b
2

R − b
2

(2.5)

In order to achieve a reliable measure of the difference, I used the averaged
values of five runs in each orientation. I determined the difference between starting
and end position using the data from the tracking system.

2.3 Polarisation compass

2.3.1 Sensors

To determine the E-vector direction of linear polarised light without rotating the
sensor, the data of at least three sensors have to be taken simultaneously. Accord-
ingly, three photodiodes were mounted on the top of the Khepera robot and cov-
ered by linear polarising filters oriented in three different angles ϕk. The sources
of polarised light were two lamps emitting white light, also combined with a linear
polarising filter in the orientation ϕ, above the robot’s arena. If a polarisation filter
is rotated beneath a source of polarised light, the light intensity measured behind
the filter shows a sinusoidal behaviour, reaching its maximum Imax if the E-vector
direction and the filter orientation are parallel, and its minimum Imin if they are
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separated by an angle of 90◦. The light intensity measured by sensor k can be
calculated as follows (Kirschfeld, 1972):

Ik(ϕ) = Imin + (Imin − Imax) sin2(ϕ − ϕk) (2.6)

Minimal and maximal intensity measured are dependent on the overall light in-
tensity and the polarisation degree of the light. These factors can also be subsumed
by two constants, a and b. Differences in the behaviour of the individual sensors k
are taken into account by introducing the constants ck (see also Lambrinos et al.,
2000).

Ik(ϕ) = ck(a + b cos 2(ϕ − ϕk)) (2.7)

I assume that a and b are equal for all sensors, i.e. Ĩk = Ik
ck

. From the data Ik

of the three sensors, ϕ can be computed independently of the overall light intensity
and degree of polarisation as follows:

Ĩk(ϕ) = a + b cos 2(ϕ − ϕk)
= a + b cos(2ϕ) cos(2ϕk) + sin(2ϕ) sin(2ϕk) (2.8)

Ĩ2(ϕ) − Ĩ1(ϕ) = b cos(2ϕ)(cos(2ϕ2) − cos(2ϕ1))
+b sin(2ϕ)(sin(2ϕ2) − sin(2ϕ1)) (2.9)

Ĩ3(ϕ) − Ĩ1(ϕ) = b cos(2ϕ)(cos(2ϕ3) − cos(2ϕ1))
+b sin(2ϕ)(sin(2ϕ3) − sin(2ϕ1)) (2.10)

b cos(2ϕ) = −[(Ĩ1(ϕ) − Ĩ2(ϕ)) sin(2ϕ3)
+(Ĩ2(ϕ) − Ĩ3(ϕ)) sin(2ϕ1)
−(Ĩ3(ϕ) − Ĩ1(ϕ)) sin(2ϕ2)]
/[4 sin(ϕ1 − ϕ2) sin(ϕ2 − ϕ3) sin(ϕ1 − ϕ3)] (2.11)

b sin(2ϕ) = [(Ĩ1(ϕ) − Ĩ2(ϕ)) cos(2ϕ3)
+(Ĩ2(ϕ) − Ĩ3(ϕ)) cos(2ϕ1)
+(Ĩ3(ϕ) − Ĩ1(ϕ)) cos(2ϕ2)]
/[4 sin(ϕ1 − ϕ2) sin(ϕ2 − ϕ3) sin(ϕ1 − ϕ3)] (2.12)

tan(2ϕ) = [(Ĩ1(ϕ) − Ĩ2(ϕ)) cos(2ϕ3)
+(Ĩ2(ϕ) − Ĩ3(ϕ)) cos(2ϕ1)
+(Ĩ3(ϕ) − Ĩ1(ϕ)) cos(2ϕ2)]
/[(Ĩ1(ϕ) − Ĩ2(ϕ)) sin(2ϕ3)
+(Ĩ2(ϕ) − Ĩ3(ϕ)) sin(2ϕ1)
−(Ĩ3(ϕ) − Ĩ1(ϕ)) sin(2ϕ2)] (2.13)
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A systematic error in this computation can arise due to differences in the gain
characteristic of the photodiodes and due to deviations from the ideal angle sep-
arations by 60◦ between the transmission axes of the analysers. I eliminated this
error E by introducing a minimisation procedure. For this procedure, the variables
pk = cka, qk = ckb cos(2ϕk) and rk = ckb sin(2ϕk) are applied to the Equations
2.14 - 2.17. n denotes the number of measurements.

E =
n∑

i=1

3∑
k=1

(Iki − pk − qk cos(2ϕi) − rk sin(2ϕi))2 (2.14)

δE

δpk
= −2

n∑
i=1

(Iki − pk − qk cos(2ϕi) − rk sin(2ϕi) = 0 (2.15)

δE

δqk
= −2

n∑
i=1

(Iki − pk − qk cos(2ϕi) − rk sin(2ϕi) cos(2ϕi) = 0 (2.16)

δE

δrk
= −2

n∑
i=1

(Iki − pk − qk cos(2ϕi) − rk sin(2ϕi) sin(2ϕi) = 0 (2.17)

Since a is a constant for all sensors k, it can be assumed that pk = ck. Thence,
the sensor angles ϕk can be calculated after the optimisation using Equation 2.18.

tan(2ϕk) =
sin(2ϕk)
cos(2ϕk)

=
rk

qk
(2.18)

The detector angles as gained from the optimisation procedure were used for the
calculation of the robot’s heading (Equation 2.8 - 2.13).

2.3.2 Compass design

The Khepera robot provides three channels for external input on its extension bus.
These channels were used for the three diodes of the polarisation compass. A bar
containing three notches for the photodiodes was prepared. The diodes were placed
in the notches facing to the ceiling and were covered by the polarisation filters. The
bar was plugged on top of the Khepera’s linear camera device.

2.4 Quantification of the path integration error

In order to quantify the performances of the path integration system with and with-
out polarisation compass, the robot completed 20 random tracks consisting of 15
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segments each. The robot started with a turn between 5◦ and 175◦ clockwise or
counter clockwise and proceeded with a forward translation of 0.3cm to 10.2cm
(for an example, see Figure 2.4). The actual end position was determined by the
tracking system and compared to the robot’s two position estimates.

The odometry of the robot was previously calibrated using the UMBmark pro-
cedure as described above (Section 2.2.3). In each randomly assembled track,
the robot returned two estimates of its own position. The first estimate was ex-
clusively derived from the wheel revolution counters. The second estimate was
gained by combining the translation measurement from the wheel revolutions with
the heading estimate of the polarisation compass. The angle calculated from the
polarisation sensors is ambiguous in 180◦. Thus, the heading information from the
odometry was used to solve the ambiguity.

2.5 Results

The presented polarisation compass is a device applicable indoors to miniature
robots such as the Khepera. I designed the compass such that it is mountable on the
Khepera without changing the robot’s hardware. With the introduced optimisation
procedure, differences of the individual sensors and deviations from the optimal
separation between their transmission axis were corrected.

The heading estimate from the polarisation compass was compared to the ac-
tual robot’s heading measured with the tracking system. The average deviation
amounted to 2.7◦ from the actual heading. After about a full turn on the spot, the
compass device exceeded the accuracy of the heading estimation from the wheel
revolution counters.

The position estimate gained exclusively from the Khepera’s odometry was
compared to the actual final position as measured by the tracking system for the
20 tracks. The mean error amounted to 1.03cm. Simultaneously, a second posi-
tion estimate was achieved by combining the heading information gained from the
compass and the translation estimate from the robot’s odometry. The usage of the
compass reduced the error of the position estimate significantly to a mean error of
0.66cm (paired t-test, p = 0.015). The analysis of the position estimates are sum-
marised in Table 2.1. An example track with the two position estimates is depicted
in Figure 2.4.
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Figure 2.4: Example track with 15 rotations and translations. The tracked robot positions,
the positions estimated by the robot using exclusively proprioception, and the position
estimates gained by using the compass for the orientation information are depicted.

2.6 Discussion

In order to reduce the error accumulation occurring in path integration based on
proprioceptive motion detection, I designed a polarisation compass for the Khepera
miniature robot. The application of additional sensory devices to the Khepera robot
is strongly constrained. Weight and energy consumption have to be low, ruling out
magnetic field measurements or gyroscopes (Borenstein et al., 1997).

A polarisation compass implies few sensors and low energy consumption. Lam-
brinos et al. (2000) could show the benefit of a compass device using the polarised
skylight. The usage of a polarisation compass on a miniature robot requires a fur-
ther reduction of the sensory need, and the installation of an artificial source of
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Table 2.1: Performance of the path integration system without and with polarisation com-
pass.

Proprioception Compass

Average error [cm] 1.03 0.66
Standard deviation [cm] 0.67 0.35

Min [cm] 0.07 0.22

Max [cm] 2.15 1.67

n 20 20

polarised light. The polarisation compass applied to the Khepera used the minimal
number of three sensors. No extensions of the robot’s hardware were needed.

The mounting of the small compass device was simplified by introducing an
optimisation procedure. The optimal angular sensor separation is 60◦ between
the polarisation planes. Deviations from these optimal angles between the sen-
sors were not critical due to the optimisation procedure. Thus, a systematic error
in the measurement of the heading angle due to the arrangement of the sensors
was avoided. Additionally, differences between the characteristics of the individ-
ual sensors were also corrected by the optimisation procedure. The polarisation
compass as applied to the Khepera robot displays a high accuracy. Accordingly,
the combination of the compass with the odometry results in a significant improve-
ment of the position estimate (Schmolke and Mallot, 2002a).

An individual relying on an accurate path integration system is able to return
safely to its home after a wide-ranging excursion, or to keep track of its own posi-
tion within a limited range or territory. Nevertheless, even if compass information
is available, an error of the position estimate still accumulates. This problem can
only be solved by the recalibration using additional external cues. Cartwright and
Collett (1983) found that bees can use visual landmarks for this task. They de-
veloped a model for the underlying mechanism used by the bees. According to
the model, the bees store a visual snapshot of the goal position as, for instance,
their hive. When approaching the goal, the insects may find the exact position
again by comparing the current image of their environment with the stored snap-
shot. The goal direction can be computed from the azimuth and the size change of
the landmarks in the image (Cartwright and Collett, 1983). Other approaches were
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introduced for the estimation of the optimal movement direction that allows to re-
sume the position where the original snapshot was taken (for review, see Franz et
al., 1998; Franz and Mallot, 2000). These different simulation studies have proven
the feasibility of the scene-based homing. The scene-based homing is simplified
if a compass is available. No rotation of the images has to be considered if the
current and the snapshot heading are known (Franz and Mallot, 2000).

The path integration system does not merely provide a possibility to find one’s
way back home, but it can also be used for the formation of an internal repre-
sentation of the environment as introduced in Chapter 3. Metric distances between
places can be determined by path integration. The combination of metric and visual
information allows the formation of a reliable map-like representation of places
(Hübner and Mallot, 2002). Internal representations without explicit distance in-
formation might still include direction information as available from a compass.
Since a compass sense can be found in a wide variety of animals, the inclusion of
directional information in spatial memory is very likely.



Chapter 3

Representations in spatial
behaviour

3.1 Introduction

A wide variety of navigation mechanisms are used by animals. In the second Chap-
ter, I described a model of path integration combined with a compass system as it
is found in many animal species. Additionally, animals can find a goal using land-
marks either by estimating their own position relative to these cues or by following
extended landmarks according to simple rules. In territorial behaviour, no simple
goal can be defined. Nevertheless, the animals have to learn about their environ-
ment. But how can animals achieve area-based behaviour, i.e. behaviour that does
not only include the navigation from a fixed start position (e.g. the nest) to a goal
(e.g. a feeder)?

I will approach this question by combining spatial memory with territorial be-
haviour in a simulation. The simulation is based on the assumption that territo-
rial animals memorise spatial information in a memory structure, i.e. an internal
map. I will introduce hierarchies of navigation mechanisms in animals and clas-
sify map-like representations within these hierarchies. Additionally, I will give an
introduction to territorial behaviour. Existing models of territoriality do not include
the spatial abilities of the individuals. Thus, I modelled the cognitive demands of
territorial behaviour, and included them in a model of territory establishment. The
simulation allows the observation of the individual behaviour, i.e. the pattern of
space use, as well as the internal state of the individuals, i.e. the internal represen-
tation of space.
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3.2 Spatial memory

Tolman (1948) first introduced the concept of a cognitive map as framework of
spatial learning in animals. In Tolman’s sense, rats can learn a map of their en-
vironment that is not dependent on the task. He used the notion of the cognitive
map in a general sense, i.e. not restricted to spatial tasks, and proposed it as alter-
native hypothesis to simple stimulus-response chains explaining animal behaviour.
O’Keefe and Nadel (1978) defined the cognitive map as an “information structure
from which map-like images can be reconstructed and from which behaviour de-
pendent upon place information can be generated” (p.78). The information stored
in the map thereby comes from multisensory input. Maps are flexible and do not
define goals, hence maps are context independent. The representation consists of
a set of connected places which are systematically related to each other by a group
of spatial transformation rules. This requires a special coding system.

However, in order to explain animal behaviour, a cognitive map in the sense
of O’Keefe and Nadel is not necessary. O’Keefe and Nadel presented the route
navigation as mechanism that does not require a special coding system. As in
Tolman (1948), route navigation as stimulus-response chain opposes the cognitive
map.

3.2.1 Hierarchy of navigation by Trullier et al. (1997)

Trullier et al. (1997) provide a more sophisticated hierarchy of navigation that is
classified in levels of complexity. Thereby, guidance represents the simplest level.
A goal is reached by the optimisation of some sensor-related criterion, i.e. mem-
orised sensory information is restored. The place-recognition triggered response
combines multiple goals, and thus corresponds to route-learning as described by
O’Keefe and Nadel (1978). These two levels do not allow planning or flexibil-
ity. The third level postulated by Trullier et al. (1997), the topological navigation,
allows planning and flexibility of behaviour, i.e. the representation is not goal-
dependent. Routes include the expectation of subgoals and can be connected if the
connecting paths are known. The representation may include bifurcations. The
fourth and highest level, the metric navigation, additionally includes metric infor-
mation. The individual is able to take shortcuts using unknown paths. The metric
navigation claims a cognitive map representation in the sense of O’Keefe and Nadel
(1978).
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3.2.2 Hierarchy of navigation by Mallot (1999)

Another hierarchy of navigation mechanisms in animals has been introduced by
Mallot (1999). In this system, the simplest level of navigation is represented by
taxis. Sensor and effector are not distinguishable though they might be physically
separated. The behaviour can be achieved by a single cell. Very impressive il-
lustrations of taxis behaviour have been given by the simple vehicles described
by Braitenberg (1984). The drives of the vehicles’ wheels were directly coupled
with the sensory input. Braitenberg demonstrated that a wide variety of behaviours
can be produced in his vehicles. However, no integration of information over time
and space is possible. Such integration represents the second level of complex-
ity in the hierarchy presented by Mallot (1999). An example provides the path
integration as described in Chapter 2. The third level includes learning, i.e. the
animal’s behaviour changes due to prior experience. While integration only as-
sumes a working memory, learning requires a long-term memory. The animal has
to memorise information about its goal. Thus, the third level of Mallot’s hierarchy
subsumes guidance and place-recognition triggered response of the system pro-
posed by Trullier et al. (1997). As fourth level in the hierarchy, Mallot introduces
cognition. It allows the animal to display goal-dependent flexibility. At bifurca-
tions, an animal is able to decide for a path dependent on its goal although the
goal is currently unperceivable. The cognition level subsumes all behaviours that
do not follow a mere stimulus-response mechanism, and thus includes topological
and metric navigation as proposed by Trullier et al. (1997) and would include the
cognitive map as defined by O’Keefe and Nadel (1978).

3.2.3 The cognitive map concept

The cognitive map is a concept that is not uniformly used or defined. O’Keefe and
Nadel (1978) propose the cognitive map as a set of ordered and connected places
which are represented by means of external and internal information. The external
information includes input from multiple sensors. These allow place recognition
even if parts of the input are missing. Additionally, internal cues from the mo-
tor system, i.e. path integration, provide metric information. O’Keefe and Nadel
(1978) assume that explorative behaviour is a means to built up a map of the en-
vironment. The map allows the generation of new paths, i.e. also of previously
unknown shortcuts between known places. Additionally, sensitivity to novelty in
the environment can be attributed to the existence of a cognitive map.

However, in other concepts, metric information is not necessarily included in
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the cognitive map. The cognitive level of navigation as introduced by Mallot (1999)
merely requires the ability to choose a path from memory in favour of an invisi-
ble goal starting at a arbitrary location of the known environment. Thus, task-
independence of the map is assumed, but the ability to generate completely new
shortcuts is not necessary. Gallistel (1990) even used the cognitive map as syn-
onym for any internal representation of space in animals.

The concept of an internal map-like representation has been criticised. Wehner
and Menzel (1990) argued that, for instance, shortcut behaviour as used as indi-
cator of a cognitive map might also be achievable by path integration or guidance
by extended landmarks. Bennett (1996) extended the critique by assuming that
the cognitive map concept does not provide any testable predictions for animal
behaviour.

Nevertheless, path planning and novel shortcuts are not easily explainable by
simple recognition-triggered response chains if extended landmarks or path inte-
gration mechanisms can be excluded. Menzel (1973) showed that chimpanzees can
relocate multiple hiding places for food. Thereby, the apes did not visit the places
in the same sequence as they were presented to them previously, i.e. the apes did not
follow a simple rule. Gould (1986) described that bees can resume a feeder loca-
tion although they were caught at the hive and released at arbitrary places, i.e. they
were using novel shortcuts. These experiments were criticised since extended land-
marks might have played a role (Wehner and Menzel, 1990; Dyer, 1991). However,
tracking the whole flight paths of displaced bees reveals that they might be able to
choose between alternative destinations (Menzel et al., 2005). Bees were caught at
a feeder and set loose at arbitrary positions within a radius of a about 200m from
the hive. The bees first flew in the direction of the hive as seen from their capture
site. At the estimated location of the hive, they started slow search flights. Finally,
they flew straight back to the hive (at its real position) or used a detour that led
them via the location of the feeder where they had been caught previously. Menzel
et al. (2005) concluded that the bees can choose between alternative paths back to
the hive, and thus, possess a map-like spatial memory. However, the neuronal basis
and the structure of such a map-like representation in bees remains unclear.

3.2.4 Neuronal basis of spatial representations

Place cells. While the existence of some form of spatial representation in many
animals is not challenged, the structure of such a representation remains unclear.
The hippocampus has been the focus in the search for the neuronal basis of spatial
representations in vertebrates, especially in rodents. O’Keefe and Nadel (1978)



3.2. SPATIAL MEMORY 23

assumed to have discovered the cognitive map in the hippocampus of rats. Single
cells fired according to the rat’s location in its environment. They could show
that this place cell activity was dependent on the input from multiple sensors. For
instance, the place-specific firing even lingered if the light was turned off in the
experimental arena. It was suggested that the place cells correspond to modules of
a map.

Yet the place cells do not appear topologically in the hippocampus. Changes
in the environment yield different reactions of the place cells. Some cells fire at a
place relative to a displaced visual cue while others are unaffected by the change.
If the animal has to solve a specific task, goal-independent place cells become rare.
Instead, cells firing dependent on location and task are observed (Hölscher, 2003).
A map is used for the generation of expectations about places that are currently not
perceivable, and it allows to plan ahead. However, place cells are only active when
the animal has reached the corresponding place field in the environment. Thus, the
pattern of place cell activity is not sufficient for the notion of a cognitive map as
proposed by O’Keefe and Nadel (1978).

The hippocampus and spatial behaviour. Although the place cell system
as described in the rat does not hold as a direct correlate of the cognitive map,
the hippocampus nevertheless appears to be strongly involved in the processing
of spatial information. Lesions of the hippocampus lead to impairments in spatial
tasks though the lesioned rats do not loose their spatial abilities completely (for
review, see Hölscher, 2003). The bird’s hippocampus is supposedly homologous to
the mammalian hippocampus (Jacobs, 2003). Accordingly, impairments in spatial
behaviour due to the loss of the hippocampus were also observed in birds (Colombo
et al., 2001).

Hippocampal size was correlated with the spatial learning demand of the an-
imal’s ecological niche (see also Section 4.2). Polygynous vole males possess a
larger hippocampus than the females of the same species. The males regularly visit
the nests of their females that are spread over an extended area. In contrast, the
females usually stay close to their nest. Monogynous vole males display the same
spatial range as their females and the same hippocampal size (Jacobs et al., 1990).
Similar correlations could be found in birds. Food hoarding species have a larger
hippocampus than their non-storing relatives (Hampton et al., 1995; Shettleworth,
2003; Healy et al., 2005). In black-capped chickadees, the Alaskan population
relies strongly on their food caches during winter while their conspecifics from
Colorado are only mildly dependent on their stored food. Birds from both popu-
lations performed equally well in non-spatial learning tasks. However, the birds
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from Alaska performed better in food caching and retrieval as well as in spatial
memory tasks compared to birds from Colorado. Accordingly, the northern birds
had larger hippocampi (Pravosudov and Clayton, 2002).

The involvement of the hippocampus in spatial learning is not limited to mam-
mals and birds, but was also found in reptiles and fish. The processing of spatial
information in the brain area homologous to the hippocampus might thus be a pre-
served trait in the vertebrate evolution (Rodrı́guez et al., 2002; Jacobs, 2003).

3.2.5 Structure of spatial representations

An internal representation of the environment that exceeds mere stimulus-response
chains would claim a special coding structure (O’Keefe and Nadel, 1978). A struc-
ture of the spatial representation in the brain of mammals and birds was hypothe-
sised by Jacobs and Schenk (2003). In their parallel map theory, they assume three
parts of representation linked to the hippocampal formation. A bearing map repre-
sents metrical position cues derived from compass systems in a grid-like structure.
The second kind of representation, the sketch map, denotes a topographical repre-
sentation of the local cues, e.g. proximal landmarks. Lesion studies show that the
behavioural abilities derived from the two representation types are dissociable, i.e.
they are mediated by different hippocampal structures. The loss of dentate gyrus
function and the CA3-region of the hippocampus cause the impairment of global
bearing abilities. However, the affected animals still orient well according to local
cues. In contrast, animals with lesions of the CA1-region are unable to use local
cues to find their goal though displaying a good orientation within coarse-grained
directions.

According to the theory of Jacobs and Schenk (2003), the bearing and the
sketch map are linked into an integrated map. The consolidation of the sketch
map in the framework of the bearing map is mediated by the CA3-region. The in-
tegrated map corresponds to the cognitive map in the sense of Trullier et al. (1997).

3.2.6 Spatial representations in artificial systems

As animals, robots that have to solve spatial tasks rely on internal representations
of their environment. If no map of the environment is provided from outside, i.e.
by the programmer, the representation has to be built up by the robot while ex-
ploring the environment. As in animals, information about self-motion, sensory
cues, and compass information can be used for this task. The complexity of the
representation built can be classified in a hierarchy that follows the complexity of
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navigation mechanisms proposed for animals. Kuipers (2000) suggested a spa-
tial semantic hierarchy, i.e. an ontology of information processing and storage for
spatial behaviour. He defines five levels: sensory, control, causal, topological and
metric level. The sensory level denotes the interface of the agent with the sensory
system. The control level binds the agent to its environment by continuous con-
trol laws. The control laws may include local sensor maps as comparable to the
sketch map introduced by Jacobs and Schenk (2003). On this level, goals can be
reached, e.g., by resuming a pattern of sensory input. This can be solved by hill-
climbing in the sensory space (compare scene-based homing, Section 2.6; Franz
et al., 1998). Wall-following represents another instance of behaviour achievable
by control laws. Compared to hierarchies of navigation mechanisms as presented
above, the control level corresponds to the level of guidance according to Trullier
et al. (1997) and learning after Mallot (1999).

The causal level in the hierarchy introduced by Kuipers (2000) adds abstrac-
tions of the continuous environment to the control laws. Places can be coupled
with actions, and thus, the control laws can be abstracted into routines. The rou-
tines in the spatial semantic hierarchies has characteristics comparable to the route
navigation described by O’Keefe and Nadel (1978) and Trullier et al. (1997). How-
ever, Kuipers (2000) allows bifurcations of the representation at the causal level,
already adding a level of abstraction that would only arise at the topological level
in the other hierarchies presented. In Kuipers’ topological map, places and paths
are stored in combination with additional information or attributes. These attributes
can separate the map into regions, i.e. two-dimensional subsets of the environment,
or might even include metric information about neighbouring places. In the sense
of the hierarchies presented above, the level of the cognitive map is achievable with
Kuipers’ topological level. Nevertheless, in robotics, a global metric map is com-
monly applied as representation. The agent’s position as well as the positions of
environmental features are stored relative to a global frame of reference.

Grid representations often serve as structure of the global metric map. Every
cell of the grid corresponds to a location in the environment. In an occupancy grid,
a value associated with each cell provides information about obstacle locations
in the environment (Moravec and Elfes, 1985; Elfes, 1987; Thrun and Bücken,
1996). Since grid maps require high computational space and time costs, graph-
like representations have been used for robot navigation, adding metric information
to a topological structure (Franz et al., 1998a). Both representation structures have
also been combined (Thrun, 1998). I will introduce both structures, the grid and the
graph, more thoroughly in Section 3.5.2 as potential memory structures underlying
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territorial behaviour.

3.3 Territoriality

Many animals confine their activities to a delimited area, the home range. They
abide to their home range for a certain period or season or even their whole life.
Although home ranges may shift over a longer time interval or may be abandoned
and reestablished at another location, they can be distinguished from occasional
forays or migratory routes (Burt, 1943). The home ranges of several individuals
may overlap partly or completely (“neutral ranges”). However, in many species,
solitary individuals or groups defend their whole home range or parts of it against
conspecific intruders. The range used exclusively by an individual or group is
defined as its territory (Maher and Lott, 1995).

3.3.1 Ecology of territorial behaviour

Territoriality subsumes several behaviours. The individual range of sessile animals
can be labelled as territory since they prevent other individuals from settling. Some
mobile species defend small areas that they can fully survey. Such territories might
even shift with the position of the animal as observed in butterflies (Davies, 1978).
In other cases, males gather in an area and set up tiny territories, the leks, in or-
der to attract females (Bradbury, 1977). However in many species, individuals or
groups defend foraging territories that vastly exceed their perceptive range. The
defence of such territories is often correlated with high energetic costs. Hence,
the benefit gained by monopolising food must exceed the costs of fighting. The
costs of territory defence have been demonstrated in Yarrow’s spiny lizards. The
testosterone levels of the males were increased artificially during the season when
the lizards usually are only weakly territorial. The manipulated males invested a
third more energy in territorial defence than the controls. The aggressive displays
additionally decreased the time available for capturing insects. Accordingly, the
males with elevated testosterone levels built up smaller fat reserves and were prone
to an earlier death than their unmanipulated conspecifics (Marler and Moore, 1991;
Marler et al., 1995).

Since the costs of territorial defence change according to the competitor-to-
resource ratio, some animals only defend territories during certain periods of the
year. Armstrong (1992) could demonstrate that in nectar-feeding birds, New Hol-
land honeyeaters and white-cheeked honeyeaters, aggression against intruders was
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dependent on the season, but not on the actual food availability. Since the time of
year usually might provide a reliable cue for the food distribution, it may not be
necessary for the birds to assess the actual food availability and adjust their be-
haviour accordingly. Instead, the adaptive behaviour can be achieved by following
a simple rule, i.e. by following an annual rhythm in the case of the honeyeaters.

3.3.2 Models of territoriality

As discussed above, exclusive ranges or territories allow the monopolisation of re-
sources, and thus, may be energetically advantageous for the resident even if it has
to invest in the defence. Yet how do individuals achieve exclusive ranges in the
first place? Territories are usually no predefined patches of the environment, but
have to be negotiated between the individuals. Maynard Smith (1982) presented
a game-theoretic model for the negotiation of territory borders between two indi-
viduals. Both and Visser (2003) included the population density in a model, and
tested the effects of divisible and indivisible resources, i.e. food and nest sites, re-
spectively. Dependent only on divisible resources, they were able to predict an
optimal territory size which decreased with an increasing competitor number. This
corresponds to a decreased fitness of the territory holder due to increased popula-
tion density. Such a correlation was described in great tits. These birds suffered
a declining breeding success with increasing population density (Both and Visser,
2000). However, food availability is not always the main factor influencing the
fitness of the territory holder. If nest sites were rare, they had a stronger influence
on territory formation and fitness in the modelled individuals than the divisible re-
sources. This finding is comparable to the situation found in pied flycatchers (Both
and Visser, 2003).

Indivisible resources might not be crucial for many species since most re-
sources are divisible, for instance food. The inhomogeneous distribution of di-
visible resources might have a strong impact on the territory establishment. Pereira
et al. (2003) modelled a heterogenous habitat by applying a linear gradient of re-
source abundance along the available space. The negotiation of the border between
the territories was dependent on the energy budget of the individuals. In most cases,
the competition between the two modelled individuals settled, and the space was
divided between them. However in extreme cases, one individual “died” or the
contestants remained in constant fight over the border. In a comparable approach,
Morrell and Kokko (2003) tested different territorial strategies in a model includ-
ing the costs of fights. The individuals divided the space by avoiding each other
if the fighting costs were high. Otherwise, the partitioning of the space occurs by
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winning fights whereby the winner takes hold of the corresponding area.
The models presented above demonstrate how the division of space can be

achieved. However, the interactions between multiple competitors in a two-dimen-
sional area are not regarded. White et al. (1996) presented a mathematical model
for wolf pack territories. They included the scent markings of the territory borders
in their model. The wolf packs were assumed to return to a central den on a regular
basis. The distribution of three wolf packs dependent on their relative den locations
were predicted. The model predicts the division of space with a marked buffer zone
between the territories as observable in wolf packs (White et al., 1996; Lewis et al.,
1997).

A mechanism for the division of space between ant colonies was demonstrated
by Adams (1998). The interactions between neighbouring colonies were mod-
elled explicitely in two dimensions. Since both ant and wolf territories are centred
around a den or nest site, respectively, these cases of territoriality are compara-
ble as described by the models. This includes that the presence of the residents is
nearly always perceivable for neighbours and intruders. In the wolf case, the scent
marks persist, and in the ants, the individuals disperse over the colony’s range.

The model of territory establishment introduced by Stamps and Krishnan (1999)
acts on less assumptions about the individuals. Thus, it is applicable to a wider
range of species than the models by White et al. (1996) and Adams (1998). The
two-dimensional model by Stamps and Krishnan (1999) allows the interactions of
an arbitrary number of individuals. I chose this model as basis for the investiga-
tion of cognitive abilities within spatial behaviour. In the following, I will present
the model of Stamps and Krishnan (1999) in detail. A review of their model is
also given by Sih and Mateo (2001). Adams (2001) gave a review about model
approaches to territoriality.

3.3.3 Model by Stamps and Krishnan (1999)

Stamps and Krishnan (1999) presented a general model of territory establishment
and maintenence. Since it is based on few assumptions concerning the individ-
uals, it comprises the territorial behaviour of a wide range of species. However,
it is preassumed that the individuals have the capability of spatial learning. The
model includes territorial species that remain mobile after their settlement. The
habitat is assumed to be heterogeneous on a small scale, i.e. the individuals have
to keep moving in order to achieve food or shelter. They have to learn about the
corresponding places and motor programs (Stamps, 1995). In contrast, resources
are supposedly distributed homogeneously on a large scale, i.e. two territories of
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the same size yield the same fitness for the territory holder irrespective of the terri-
tory’s location in the habitat. Furthermore, single patches of the habitat can support
multiple individuals which is the requirement for potential encounters between in-
dividuals. Though mainly based on the investigation of anolis lizards behaviour
(Stamps and Krishnan, 1990, 1994a,b; Stamps, 1994; Stamps and Krishnan, 1995,
1998, 1997), the model excludes only a small portion of territorial species, mainly
sessile animals (e.g. polyps), species that defend only tiny or shifting patches of
their environment (e.g. aphids and butterflies) and animals that defend discrete
sites without neighbour contact as can be observed in a couple of wasp species.

Encounters between individuals are assumed to lead to fights or aggressive
displays. These are energetically costly for each individual, even if it might win
a fight. As simplest case, a balanced energy cost for both individuals involved is
supposed in the model. Accordingly, the individuals tend to avoid such encounters
by avoiding the locations where they took place. On the other hand, individuals
have the opportunity to learn food and shelter locations as well as motor programs
adjusted to a patch. Thus, they will prefer to return to known places where no
competitor encounter is expectable.

In the model of Stamps and Krishnan (1999), each patch of the environment is
associated with an attractiveness value which reflects the probability of future vis-
its. The attractiveness changes gradually according to the individual’s experiences
at each patch. Since it is assumed that all patches yield equal fitness values, a visit
to a patch is reckoned positive, i.e. the attractiveness of the patch rises, if no com-
petitor is met. In contrast, a patch will loose attractiveness for an individual due
to competitor encounters. The individuals adjust the attractiveness Ai of a patch i
each time they visit it according to Equation 3.1.

A∗
i = Pmax(1 − e

−Npi
Rp ) − Fmax(1 − e

−Nfi
Rf ) (3.1)

Ai = max(0, A∗
i )

The constant Rp determines the rate of attractiveness learning. The larger Rp, the
slower is the increase of the attractiveness due to the number of positive visits Npi

to patch i. The attractiveness cannot exceed a maximum given by Pmax. Competi-
tor encounters decrease the attractiveness in a comparable way, i.e. the impact of
the number of fights Nfi is defined by the constant Rf . The overall attractiveness
loss maximally amounts to Fmax. The attractiveness Ai reflects how likely the res-
ident will return to the associated patch i. Thus, Ai cannot drop below zero. The
individuals continuously move in their environment staying at each place for one
time step. In each time step, an individual chooses an adjacent place and moves
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there. The goal locations are chosen stochastically according to the attractiveness
values. The probability pi for area i as subsequent destination is given by Equation
3.2.

pi =
Ai∑n

j=1 Aj
(3.2)

n is the number of reachable areas; in the model n = 8, since the environment is
subdivided into uniform squares. Unknown patches are given a low default attrac-
tiveness A0. Note that Ai depends only on the number of positive and negative
visits, not on their temporal order. The territory of each individual is defined as the
part of its range which it uses exclusively.

3.3.4 Territorial behaviour and spatial representations

Animals with stable home ranges or territories use their familiar environment more
efficiently than unfamiliar areas (for review, see Stamps and Krishnan, 1999).
Chipmunks escape more successfully from predators the more familiar they are
with their environment (Clarke et al., 1993). Another example is given by hum-
mingbirds that improve their foraging efficiency due to spatial learning (Healy and
Hurly, 1995). Song birds even know about the borders of their territories. Song
sparrows weakly respond to the song of a neighbouring bird singing in its territory.
However, if the same song is played from within the own territory or an unfamil-
iar direction, the resident shows the same reaction as if a foreign bird was singing
(Beecher et al., 1998).

These examples demonstrate the involvement of spatial learning in the estab-
lishment of stable home ranges and territories. The behaviours cannot be explained
by simple route-learning mechanisms, but suggest a map-like memory structure.
While the hypothesis about the structure of spatial memory are mostly developed
from experiments wherein the animals have to learn defined goal locations, the in-
teractions between spatial information processing abilities and the establishment
of stable home ranges or territories remain unclear.

3.4 Goal of the simulation

In order to investigate the influences of different representation structures on area-
based spatial behaviour, I combined the model of territory establishment intro-
duced by Stamps and Krishnan (1999) with spatial learning based on two alter-
native memory structures: a graph and a grid map. While the grid structure is a
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commonly used mapping means in robotics claiming a high memory capacity, the
graph structure is a less memory-consuming solution for way-finding tasks. I tested
whether these memory structures are also suited to support area-based spatial be-
haviour such as territoriality. I compared the internal state of the agents, i.e. their
memory content with their space use.

Figure 3.1: Single infrared sensor modelled by seven lines. The number of lines that inter-
sect with an obstacle determine the sensor response. In this example, the sensor response
would be 650, since four lines intersect with the obstacle here depicted as gray rectangle
(compare Table 3.1).

3.5 Simulation

3.5.1 Simulation environment

A simulation of Khepera miniature robots was used for the experiments with the
territorial behaviour. The simulation provided by Olivier Michel (MAGE team,
i3S laboratory, CNRS, University of Nice - Sophia Antipolis, France, 1995) was
adapted to the demands of the model of territoriality. The simulated robots were
equipped with eight infrared sensors, as are the real Khepera robots (Figure 2.2).
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Table 3.1: The number of rays of the modelled infrared sensor intersecting with the outline
of an obstacle and the returned sensor value. The maximum sensor value is 1023.

Ray intersections Sensor value
0 0
1 100
2 200
3 400
4 650
5 900
6 1000
7 1023

The control module could be used with both the simulated and the real robots (com-
pare Section 2.2.1). The simulated arena corresponded to a square area of 1m2, the
robots had a diameter of 5.5cm. Obstacles could be placed at arbitrary positions
and orientations in the arena. The robots relied on their infrared sensors for the
detection of obstacles. They received their own (exact) position from the simulated
environment, as comparable to the tracking system if the real Khepera robots were
used. Additionally, the proximity (< 15cm) of competitors was notified externally.
The basic simulation results were confirmed in experiments with the real Khepera
robots (Schmolke and Mallot, 2002b).

The infrared sensors have been remodelled for the application in the territorial
context. The simulated infrared beam consisted of seven rays of different lengths
and angles: the central ray spread out for 4.5cm and was aligned with the sensor
orientation. Two rays deviated from the central ray by 10◦ in each direction and
had a length of 4.1cm. The next pairs had a bearing of 25◦ and 45◦ as referred to
the central ray and spread out from the sensor by 3.6cm and 1.8cm, respectively
(Figure 3.1). The simulated sensor response values, as listed in Table 3.1, were
dependent on the number of rays that intersected with the outline of an obstacle.
This sensor simulation was tightly justified to the sensor behaviour of the Khepera
robots (compare Section 2.2.1), and yielded enough detail for the determination of
the obstacle position needed especially for the occupancy grid map (see Section
3.5.2).

The simulation has the advantage that experiments could be conducted much
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faster than using the real robots. However, neither linear camera nor the polarisa-
tion compass were available. The path integration provided position information
without errors. The infrared sensor data were combined with a small amount of
noise which simulates the situation in the real robot running under constant in-
frared light conditions.

3.5.2 Memory structures

In my simulation presented here, I explicitly modelled the spatial memory. Since
the memory structure itself might influence the behaviour, two alternative memory
types, a graph and a grid structure, were tested. These two memory structures used
identical interfaces with the other modules of the simulation, allowing to study the
effects of memory structure independent of other factors.

Grid structure

The grid structure consisted of an array of regularly spaced cells (2cm). Each
cell (or node) acted as a memory container for the information collected at the
corresponding location of the environment including the position, the occupancy
probability, and the attractiveness value (as described in Section 3.3.3).

Occupancy probability. The occupancy probability reflected the probability
that the area corresponding to the grid cell was occupied by an obstacle (Moravec
and Elfes, 1985; Elfes, 1987). Whenever no information about the area was avail-
able, as it was initially the case, this probability was set to 50%. If an obstacle
was detected via the robot’s infrared sensors, the probability was increased. It was
decreased if the sensors could not detect anything at the location corresponding to
the cell. The occupancy probability P (occx,y) of a cell with the coordinates (x, y)
was calculated conditioned on all T sensor readings s(1), · · · , s(T ) available for the
cell. Assuming the independence of the sensor readings, the occupancy probability
was calculated by applying Bayes’ rule (Equation 3.3; Thrun and Bücken, 1996).

P (occx,y | s(1), · · · , s(T )) =

1 −
[
1 +

P (occx,y)
1 − P (occx,y)

T∏
τ=1

(
P (occx,y | s(τ))

1 − P (occx,y | s(τ))
1 − P (occx,y)

P (occx,y)

)]−1

(3.3)

This computation can be simplified given the primary probability of P0(occx,y) =
0.5, and converted to an incremental form:

P (occx,y | s(1), · · · , s(T )) =



34 CHAPTER 3. REPRESENTATIONS IN SPATIAL BEHAVIOUR

1 −
(

1 +
P (occx,y | s(T ))

1 − P (occx,y | s(T ))
P (occx,y | s(1), · · · , s(T−1))

1 − P (occx,y | s(1), · · · , s(T−1))

)−1

(3.4)

Detection of obstacles. In order to determine the occupancy probability of a
grid cell from a single measurement, a sensor model was needed, i.e. a rule that
allowed the inference of the obstacles in the sensor’s range from the sensor’s reply.
A sensor model applicable to both the real Khepera robot and the simulation was
designed for this purpose. It did not only allow the determination of the occupancy
probability independent of the used robot (real or simulated), but also rendered the
obstacle detection in the simulation more realistic. Note that the sensor replies of
the real Khepera robot can take any value between 0 and 1023.

For the determination of the occupancy probability, as a first step, the possible
responses of the infrared sensors were divided into five groups that approximated
the distance to a potential obstacle (Table 3.2). Note that the sensor response was
not only dependent on the distance to an obstacle, but was also reduced if the
obstacle was small or if it stood in an angle relative to the sensor axes.

Table 3.2: Infrared sensor model used for the occupancy grid. The range of possible sensor
replies is subdivided into groups that correspond to distances between sensor and obstacle.
The model applies for both the simulated and the real infrared sensors.

Sensor response Assumption Estimated area occu-
pied by an obstacle

Illustration

0 - 50 no obstacle detected 8cm2 free Fig. 3.2a

50 - 600 obstacle location
unclear

no occupation proba-
bility assumed

600 - 900 obstacle detected 0.75cm2 occupied Fig. 3.2b

900 - 1000 obstacle detected 3.72cm2 occupied Fig. 3.2c

1000 - 1023 obstacle detected 8cm2 occupied Fig. 3.2a

In the second step, a certain area in the sensor’s range was assumed either as
occupied by an obstacle or as free, dependent on the sensor response. If the sensor
response did not exceed a value of 50 (compare Table 3.2), it was assumed that no
obstacle can be found in the reach of the sensor, and thus, an area of 8cm2 was
assigned with a zero occupancy probability (Figure 3.2a). Since the sensor curve
is steep in the medium range of values, no assumption was made if the sensor re-
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sponse fell between 50 and 600, i.e. the occupancy probability remained unaltered.
If the value exceeded 600, an obstacle in the vicinity of the sensor reflected the
infrared light beam. If the sensor response fell between 600 and 900, a small area
(0.75cm2) at a distance of 4.1cm from the sensor was assumed to be occupied by
an obstacle (Figure 3.2b). A larger area (3.72cm2) was marked as occupied if the
sensor response was between 900 and 1000 (Figure 3.2c). A sensor response above
1000 indicated an obstacles very close to the sensor. Accordingly, an area close to
the sensor was assumed to be occupied (distance: 1.3cm, area: 8cm2; Figure 3.2a).
The estimated occupancy areas in the sensor model follow the implementation of
the sensor response (compare Section 3.5.1; Figure 3.1). Areas that were covered
by the robot itself were assumed not to be occupied by obstacles.

Figure 3.2: Areas (depicted in gray) assumed as occupied by an obstacle dependent on
the response of a single infrared sensor. The dashed line shows the axes of the sensor’s
perceptive field. The sensor position is depicted by the black rectangle. (a) Sensor response
is very low (< 50) or very high (> 1000). The gray area is assumed to be free or occupied
by an obstacle, respectively. (b) Sensor response between 600 and 900, and (c) between
900 and 1000. The gray areas are assumed to be occupied by an obstacle.

The free and occupied areas of the eight sensors were combined to a local
occupancy grid in a third step. The local occupancy grid was aligned with the
global grid structure, but only reached as far as the ranges of the infrared sensors.
All cells of the local occupancy grid were initially assigned with neutral occupancy
probability. The area of each grid cell was represented by nine reference points that
subdivided the cell into nine equal-sized areas. For each reference point in each
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grid cell, it was checked if it fell in the area of a sensor rectangle as determined in
the second step. The number of reference points within each grid cell determined
its occupancy probability. If no reference point fell in any sensor rectangle or in
the area covered by the robot, the occupancy remained unaltered.

In the last step of the calculation of the current occupancy grid, the local oc-
cupancy grid, as built from the current sensory input, was merged with the global
occupancy grid. The new occupancy probabilities of each cell that had a corre-
spondence in the local grid was calculated according to Equation 3.4.

Graph structure

In contrast to the grid map, the graph did not presuppose a fixed pattern of nodes.
The graph structure used was based on the model of spatial memory as introduced
by Franz et al. (1998a). If a place was visited for the first time, a node was added
to the graph. There were only as many nodes in the graph as places visited, i.e. the
graph map grew with the explored area. As in the grid map, a node acted as a mem-
ory container storing the position and the attractiveness value. Connections were
formed between two nodes if the agent had travelled between the corresponding
locations before. A circular area, the catchment area, with a fixed radius of 1.8cm
was associated to each graph node. The agent moved to the location of a node if it
entered the catchment area.

Obstacles in the environment were represented only indirectly. If the robot
detected an obstacle in front of it during a step, i.e. the value of at least one of the
most frontal 4 sensors exceeded 400, the step was interrupted. The robot set a new
node at its current position. Since the path in the direction of its current heading
was blocked, it labelled the nodes which fell in the angular area of ±10◦ of its
heading as unreachable from the current node. Hence, the obstacle positions were
mirrored in the graph structure as edges between nodes that could not be passed by
the robot.

3.5.3 Decision making

In each time step, the agents had to decide for their next destination. Since the
attractiveness was the crucial information for this decision, they had to recall the
memorised attractiveness of the surrounding places. A robot’s step always con-
sisted of a rotation followed by a translation. The translation was interrupted if
the robot detected an obstacle in front of it. The robot assumed that its path was
blocked by an obstacle if at least one of the four frontal infrared sensors exceeded
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a value of 400. The robot’s behaviour after such an interruption was similar to that
following a completed step.

Figure 3.3: Grid map with attractiveness values. In both cases, the same section of a
grid is depicted. The white areas are included in the movement decision. (a) Only the
neighbouring nodes (N = 1) form the basis for the movement decision. (b) Nodes up
to distance N = 3 contribute to the movement decision. The gray numbers depict the
original attractiveness values A of the cells. The black numbers denote the directional
attractiveness B (see text).

Grid structure

In the grid map, the agent chose one of the eight neighbouring cells as its subse-
quent destination. Cells exceeding 60% probability of occupancy by an obstacle
were excluded from the decision as well as the cell visited in the last step. From
the remaining cells, the agent chose stochastically according to the attractiveness
values (Figure 3.3a). Attractiveness values of more distant places were taken into
account by defining a ”directional attractiveness” B for each of the eight possible
movement directions, i.e. for the eight nearest neighbours. Assume that nodes in
an N -neighbourhood around the current node are to be taken into account, i.e. all
nodes up to a maximal distance D = N from the current location. Here, distance D
between nodes was measured using the maximum norm, i.e. the ring of eight near-
est neighbours had D = 1, the surrounding 2nd order neighbourhood (16 cells)
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had D = 2, and so forth. The directional attractiveness was calculated iteratively
starting with the most distant cells of the neighbourhood, at distance N . Let j be
a cell in the N − 1 neighbourhood. The attractiveness values of the three nearest
neighbours of j in the N -neighbourhood were averaged, yielding a valueĀ. The
directional attractiveness was then calculated as Bj = Aj + (Ā − A0)/(D + 1),
where A0 is the default attractiveness defined above, and initially, D + 1 = N .
The procedure was iterated towards the centre, using in further steps the previously
computed directional attractiveness B instead of the place attractiveness A (Figure
3.3b).

Graph structure

For the graph memory, the notion of directional attractiveness was generalised to
continuous directions, yielding an attractiveness panorama B(ϕ). The N -neigh-
bourhood was defined as the set of all nodes that could be reached from the current
node in at most N steps; I denoted this set of nodes as VN . The directional attrac-
tiveness panorama was then computed according to Equation 3.5.

B∗(ϕ) = A0 +
n∑

i∈VN


(Ai − A0) exp

− (ϕ−θi)
2

2σ2
i


 (3.5)

B(ϕ) =




0 if B∗(ϕ) < 0
B∗(ϕ) if 0 ≤ B∗(ϕ) ≤ Pmax

Pmax if B∗(ϕ) > Pmax

Each node i contributed to the panorama according to its direction θi. The width of
the Gaussian in Equation 3.5 was proportional to the angular extend of the catch-
ment area of node i as seen from the current node, σi = k tan−1( ri

di
), where ri

is the radius of the catchment area and di denotes the euclidian distance of node
i from the current position. The constant k = 0.233 was chosen to maximise
the similarity of the graph scheme with the grid scheme; k determines the rela-
tive width of the Gaussian of each attractiveness value in the panorama. For a
single attractiveness value, B(ϕ) reaches 10% of its maximum value at the angle
ϕ − θ = 1

2 tan−1( ri
di

). In Figure 3.4, a section of a graph is depicted, and the
attractiveness panorama for N = 1 and N = 3 is shown.

Nodes that were labelled as unreachable due to previous obstacle encounters
contributed to the panorama with zero attractiveness, Ai = 0. Thence, obstacles
acted as repulsive forces in the attractiveness panorama (compare Pipe, 2000). In
order to avoid the oscillation between two nodes, the node visited in the previous
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Figure 3.4: (a) Section of a graph structure. The circle in the middle denotes the current
position. The numbers are the attractiveness values of the nodes. Nodes with a distance
N = 1 relative to the current node are marked by filled circles, nodes with distance N = 3
by open circles. The north direction is chosen arbitrarily. (b) Attractiveness panorama
if an neighbourhood of N = 1 is included in the movement decision. (c) Attractiveness
panorama including a neighbourhood of N = 3. An angle of zero corresponds to the north
direction in the graph.

step was given the default attractiveness, Ai = A0. The panorama was sampled in
steps of 10◦. From these samples, one direction was chosen stochastically whereby
directions with high attractiveness in the panorama were more likely to be chosen
than directions assigned with a low attractiveness. The robot moved in the chosen
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direction by a distance fixed to 2cm, or until it entered the catchment area of a
node. In the latter case, the agent moved towards the node’s position. Detecting an
obstacle during movement, the agent stopped.

Figure 3.5: Procedure conducted by each robot during the territorial behaviour. Each
time step corresponds to a loop in the procedure as marked by bold arrows. The collision
detection can interrupt a translation, i.e. the collision detection is embedded in the main
loop. The dashed arrows mark information retrieval and update of the memory content.

3.5.4 Algorithmic procedure

The programming language used was C++. The simulation of the Khepera robot as
provided by Olivier Michel (compare 3.5.1) was written in C. From this Khepera
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simulation environment, I used the modules building the robot and its environment
as well as the graphical user interface in my simulation. I integrated these modules
in the class system of the territorial behaviour that controlled multiple robots si-
multaneously. Alternative to the simulation, modules could be used that controlled
real Khepera robots.

A step of a single robot in the territorial behaviour is presented schematically
in Figure 3.5. After each movement decision as described above, the robot ro-
tated in the chosen direction and performed a translation. During the translation,
it retrieved the data from its infrared sensors. If an obstacle was detected in the
movement direction, the translation was interrupted. As soon as the translation was
completed, position, competitor presence, and sensor information were retrieved.
In Figure 3.5, movement and sensor retrieval were classified in the level of percep-
tion and action. In the next step, the sensor data was processed whereby predefined
sensor models were used (compare Section 3.5.2). The information processing re-
sulted in a local representation of the environment. The local representation was
then merged with the memorised information as stored in the memory structure.
The following movement decision was based on the information retrieved from the
updated memory (or internal world model). This decision preceeded a new step.
The three levels suggested in Figure 3.5 are comparable to the levels introduced by
the hierarchy of Kuipers (2000). Perception and action corresponds to the sensory
and control levels, information processing subsumes the causal level, and memory
and world model fulfil the metrical level.

The robots were subordinated to a control unit. The robot’s steps were pro-
cessed consecutively, i.e. only one robot moved at a time. The control unit tracked
the positions of the robots (either using the tracker camera if real robots were used,
or retrieving it from the environment control). If two robots came closer than 15cm
to each other, the robots got the information that a competitor is present, i.e. both
individuals rated the visit to the current location as a fight (compare Section 3.3.3).

The position data of each robot was monitored during the experiments. Addi-
tionally, information stored in the memory structure was read out and saved by the
experimental computer every 200 steps. The model parameters used were deter-
mined in an initialisation table before an experiment was started. The parameters
were set individually for each robot in the experiment (compare Tables 3.3 and
3.4). Additionally, the number of robots and the layout of the environment could
be varied (compare Table 3.5). An overview of the main classes controlling the
territorial behaviour is given in the Appendix. The functions crucial for the algo-
rithmic procedure are described. Additionally, the parameters determined in the
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initialisation tables are listed.

Table 3.3: Parameters of the model of territoriality (compare Equation 3.1). The values
marked in bold font are used as default.

Parameter Description Possible
value range

Applied val-
ues

Rp Parameter determining the at-
tractiveness gain per positive
visit

)0, ∞) 0.5, 1, 3, 5,
10, 20, ∞

Rf Parameter determining the at-
tractiveness decline per fight

)0, ∞) 0.5, 1, 3, 10,
∞

Pmax Parameter determining the max-
imal attractiveness of a node

(0, ∞) 3

Fmax Parameter determining the max-
imal attractiveness loss of a node
by fights

(0, ∞) 3

A0 Default attractiveness value as-
signed to unknown areas

(0, ∞) 0.2

3.5.5 Model parameters

From each robot, the positions after the accomplishment of each step were tracked
externally and stored in chronological order. The experiments were usually con-
ducted over 1000 steps; for exceptions, see Chapter 4. These were subdivided into
five time intervals of 200 steps each. At the end of an interval, the robots’ internal
representation was written to a file. In the representations, the robocentric positions
of the nodes were stored in conjunction with the attractiveness value and the local
sensor data.

3.5.6 Territory establishment and internal representations

I tested if the robots were able to establish home ranges and territories while build-
ing an internal representation of the environment. For this task, the robots’ posi-
tions during 1000 steps were monitored. The robots used either the graph or the
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Table 3.4: Parameters of the spatial memory. The values marked in bold font are used as
default.

Parameter Description Possible
value range

Applied val-
ues

N Amount of memory retrieval for
each movement decision (see
Section 3.5.3)

1, 2, 3, ..., ∞ 1, 2, 3, 4, 5

Map Memory structure (see Section
3.5.2)

Grid, Graph Grid, Graph

Grid: Oc-
cupancy

Minimum occupancy probabil-
ity that causes the avoidance of
a grid cell

(0, 1) 0.6

Grid: Cell
size

Edge length of a single cell in
the grid map (see Section 3.5.2)

)0, ∞) 2cm

Graph: k Parameter determining the width
of the Gaussian in the attrac-
tiveness panorama (see Section
3.5.3)

)0, ∞) 0.233

grid structure as internal representation. For the other parameters of the model, the
default values were used (see Tables 3.3, 3.4, and 3.5). The sensitivity analysis of
the model parameters is described in Chapter 4.

In order to visualise the representation of obstacles in the memory structures,
four robots were set in the arena containing a regular array of obstacles (see Figure
3.6). In the graph structure, obstacles were represented by special connections
between nodes. If two nodes are connected by such special edges, the direct path
between them could not be passed by the robot. I present the graph structure with
the two types of connections, and the area used by the robot as observed from the
outside. Correspondingly, the obstacle representation, i.e. the occupancy grid, and
the area used will be shown if the grid structure was used by the robots.

The attractiveness of a place changed with the number of visits. Thus, the at-
tractiveness distribution in the internal representation is compared to the utilisation
distribution in the arena. In order to visualise the effect of competitor encounters on
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Table 3.5: Parameters of the simulation environment. The values marked in bold font are
used as default.

Parameter Description Possible
value range

Applied val-
ues

Robots Individuals with sensory equip-
ment (see Section 2.2.1 and 3.5)

Simulated or
real Khepera
robots

Simulated
and real
Khepera
robots

Competitor
number

The number of robots exploring
the arena in the same time

1, 2, ..., 50 1, 2, 4, 8

Arena size Area of the environment avail-
able to the robots

(0.01m2,1m2) 0.25m2,
0.5m2, 1m2

Habitat
structuring

Number and arrangement of ob-
stacles in the arena

arbitrary,
800 obsta-
cles fill the
arena

Empty,
regular
quadrants,
random

the attractiveness of places in the memory, the attractiveness distribution achieved
by an individual roaming solitarily in the environment will be shown as well as
the attractiveness distribution of an individual competing with seven others for the
available space.

3.6 Results

3.6.1 Obstacle representation

Graph structure. In Figure 3.6a, the ranges of four robots after completing 1000
time steps are depicted. The arena was structured by regularly arranged obstacles
which are marked by black rectangles. Overlap areas between the individuals are
depicted in gray.

The graph structure built as internal representation by a single individual is
shown in Figure 3.6b. The graph consists of 100 nodes, i.e. places were often
revisited. Each connection in the graph marked by a solid line corresponds to at
least one direct journey of the robot between the connected nodes. The dotted lines
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Figure 3.6: (a) Ranges of four robots using the graph as memory structure. Obstacles
(black rectangles) were placed in the arena in a regular layout. The ranges are derived
from the positions visited by the robots during 1000 steps. Areas visited by more than one
robot are shown in gray. (b) Graph structure as formed by the robot whose home range
was depicted in red in (a). The circles mark the positions of the graph nodes, the solid lines
denote the edges that connect the nodes. The dotted lines denote obstacle encounters: the
robot could not pass in the corresponding directions. Mind the robot’s diameter and the
range of its infrared sensors. Note the different scales in (a) and (b).

mark obstacle encounters. The path between nodes connected by dotted lines could
not be passed by the robot. Since the robots avoided collisions with obstacles,
they assumed paths as blocked if an obstacle came in the range of the infrared
sensors during their translations (compare Section 3.5.2). Note that all nodes in
the travelling direction were marked as unreachable, even if they did not fall in the
reach of a single step of the robot.

Grid structure. The ranges of robots relying on the grid structure as spatial
representation are shown in Figure 3.7a. As for the graph structure, the ranges
of the robots were derived from their positions after completing 1000 steps. The
obstacles were arranged in the same way as in Figure 3.6.

The robots assessed the occupancy by obstacles for a larger range than they
visited due to the range of their infrared sensors. In Figure 3.7b, the occupancy
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Figure 3.7: (a) Ranges of four robots in the arena with regularly placed obstacles. Gray
areas correspond to overlapping ranges between two or more individuals. All robots use
a grid map as spatial representation. (b) Representation of the occupancy by the robot
depicted in red in (a). Black cells denote a high occupancy probability while white areas
reflect empty places. Note the different scales.

probabilities of cells in the grid are reflected by different gray values. White areas
were assumed to be free. Obstacles were located at places corresponding to black
areas. Unknown areas were assigned with the neutral occupancy probability of
50%.

3.6.2 Attractiveness distribution

Graph structure. In Figure 3.8, ranges, utilisation distribution, and the attrac-
tiveness in the graph representation are demonstrated. For the solitary and the
competitive situation, the areas used by the individuals are depicted (Figure 3.8a
and d). For a single individual, the utilisation distribution is shown (Figure 3.8b
and e). Red areas denote many visits while blue areas were visited only a few
times. The attractiveness in the maps is displayed in Figure 3.8c and f. Areas of
high attractiveness appear in red while low attractiveness is depicted in blue.
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The individual roaming solitarily in the environment displayed a high corre-
spondence between the utilisation distribution as observed externally and the at-
tractiveness distribution in the graph memory (Figure 3.8a-c). On the other hand,
if an individual often encountered competitors in the environment, the utilisation
distribution and the attractiveness distribution deviated from each other. Overlap
areas as marked in Figure 3.8d led to a disjunction of the utilisation distribution,
i.e. the individuals preferably moved away from strongly crowded areas (Figure
3.8e). In the graph memory, those areas appeared with a very low attractiveness
(Figure 3.8f). The areas of highest attractiveness did not necessarily coincide with
the peaks of the utilisation distribution. Solely if an individual found an area of low
crowding, the attractiveness of this area rose due to repeated visits. In the situation
with many competitors present in the arena, no coherent attractiveness distribution
was formed due to repeated interactions with the competitors.

Grid structure. As for the graph structure, the ranges, utilisation distribution,
and the attractiveness distribution in the memory were compared if the grid struc-
ture was used by the individuals (Figure 3.9). Similar results as for the graph struc-
ture were observed. A solitary individual displayed a confined space use (Figure
3.9a). The utilisation distribution was highly correspondent to the attractiveness
distribution in the memory (Figure 3.9b and c). As for the graph structure, this
correspondence diminished if the individual was exposed to strong competition
for space (Figure 3.9e and f). Additionally, the range used by the individual was
disjunct in contrast to the solitary situation (Figure 3.9d).
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Figure 3.8 (Page 49): Ranges, utilisation distribution and attractiveness distribution
with the graph map. (a)-(c) Robot roaming solitary in the arena. (a) Range used
during 1000 steps. (b) Utilisation distribution. Key for colours on the right. (c) At-
tractiveness distribution in the graph. Key for colours on the right. (d)-(f) Competitive
situation. (d) Ranges of eight robots in the environment (1000 steps). The range of
the focal individual is marked in red while the ranges of the other seven individuals
are subsumed in black. Overlap areas between the focal individual and at least one
of the others is marked in gray. (e) Utilisation distribution of the focal individual. (f)
Attractiveness distribution in the focal individual’s graph memory. Note the different
scales.
.

Figure 3.9 (Page 50): Ranges, utilisation distribution and attractiveness distribution
with the grid map. (a)-(c) Robot roaming solitary in the arena. (a) Range used during
1000 steps. (b) Utilisation distribution. Key for colours on the right. (c) Attractiveness
distribution in the grid. Key for colours on the right. (d)-(f) Competitive situation. (d)
Ranges of eight robots in the environment (1000 steps). The range of the focal indi-
vidual is marked in red while the ranges of the other seven individuals are subsumed
in black. Overlap areas between the focal individual and at least one of the others is
marked in gray. (e) Utilisation distribution of the focal individual. (f) Attractiveness
distribution in the focal individual’s grid memory. Note the different scales.
.
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Figure 3.8: For description, see page 48.
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Figure 3.9: For description, see page 48.
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3.7 Discussion

The establishment of stable home ranges and territories within a model combining
spatial learning with territoriality is shown. With both memory structures applied,
the graph and the grid map, a suitable representation for space is provided.

In the grid structure, the reachable space is fully represented. The regularly
arranged cells of the grid map cover the represented space completely. This results
in an area-based representation. Metric information, i.e. distances and directions,
are essential for the grid map. Its storage is memory consuming since informa-
tion is stored even if it is redundant with the information in the neighbouring cells
which even applies if no information about the corresponding area is yet available.
Hence, the grid does not represent any weighting of the information which leads to
high computational demands if information is retrieved from the grid. For instance,
path planning would be costly. Thus, the computational demands of grid-like rep-
resentations should be considered in cognitive map theories. In their parallel map
theory, Jacobs and Schenk (2003) hypothesise a combination of a grid-like global
map and local sketch maps in the mammalian and avian brain, but they do not treat
the computational costs of such a representation.

In contrast to a grid, in the graph representation, space is only represented if
information about it is available. The agent sets a node in its graph that is asso-
ciated with the information gained about the corresponding location. Thus, infor-
mation about the environment is not stringently continuous or area-based. Thence,
the graph representation is less memory consuming than the grid map, and allows
memory retrieval for tasks such as path planning with low computational demands.
Metric information is not obligatory for a graph representation. Instead, topologi-
cal information based on the sensory input is sufficient for its formation (Schölkopf
and Mallot, 1995). Graph structures as spatial representation were originally intro-
duced as a means for solving path planning.

The model of territory establishment as described above does not include tasks
as path planning, but claims area-based spatial learning. The grid structure thus
meets the requirements for this kind of behaviour. Accordingly, I observe the for-
mation of stable home ranges and territories in my model with the usage of the
grid as memory structure. The attractiveness values of the internal representation
correspond to the pattern of space use including the competitor encounters. Never-
theless, the agents using a graph as internal representation of space display a similar
stability in space use as the individuals relying on the grid map. Thus, computa-
tionally costly area-based memory structures as the grid map are not required to
explain stable space use.
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Both memory structures applied in my model do store information that would
qualify them as cognitive maps, i.e. as belonging to the most complex navigation
strategies of the hierarchies presented in Section 3.2. However, this information
is not used in the context of shortcut or detour behaviour which is often stated as
the criterion for the existence of a cognitive map. Though a map-like structure
is apparently essential for territorial behaviour, the metric information might be
negligible. As mentioned above, a graph representation does not rely on metric
information. Following the assumption of the model introduced by Stamps and
Krishnan (1999), the establishment of home range and territory is based on local
movement decisions and not on forward planning of paths or actions. I introduced
the attractiveness panorama as potential solution of this decision process. For the
panorama, the compass information is important while the metric information, i.e.
the distance of a possible goal from the current location, is less crucial. Applying
the hierarchies of navigation mechanisms, territorial behaviour demands the topo-
logical navigation in the sense of Trullier et al. (1997) or the cognitive level of the
levels introduced by Mallot (1999).

The combination of both spatial and non-spatial information in a graph frame-
work has been proposed as a qualitative model of motivational learning in spatial
behaviour. Arbib and Lieblich (1977) postulated a “world graph” as internal rep-
resentation used by animals. In their model, the behaviour of the animals is con-
trolled by a set of drives. Each place in the world graph is associated with position
information and an expectation of drive reduction. The animal would aim at the
place that promises the highest drive reduction in relation to the travelling time
needed to reach it. The potential field map as introduced by Arkin (1989) follows
similar ideas though the non-spatial information displays less complexity. Obsta-
cles in the environment were associated with repulsive forces while a goal position
had attracting forces. The agents could reach the goal without planning a path.
Pipe (2000) used a potential field map as learning scheme in a robot experiment.
By learning obstacle locations and assigning them with repulsive forces, the robot
was able to navigate efficiently around the obstacles. Pipe (2000) compared the
simulation to reward-free learning in animals.

In my simulation, I showed that both a graph and a grid structure support area-
based behaviour without the previous knowledge of the environment as it is avail-
able to the agents in the model by Arkin (1989). No explicit goals have to be
defined in order to account for a behaviour such as territoriality. The only drive,
spoken in terms of the ideas of Arbib and Lieblich (1977), is the drive to keep
moving to places of the environment assigned with a high attractiveness.



Chapter 4

Space Use

4.1 Introduction

In the context of many behaviours, animals rely on spatial learning. In Chapter
3, I could show that a map-like representation provides a suitable framework for
spatial learning in territoriality. However, storage and retrieval of the information
in the representation can vary, and thus, influence the behaviour. Additionally, the
individuals have to deal with external factors such as competitors and the physical
environment. Such cognitive abilities in animals are traits adapted to the ecolog-
ical niche. This assumption represents the basis of the field of cognitive ecology
(Healy, 1992; Real, 1993; Dukas, 1998a).

In this chapter, I will introduce the ideas of cognitive ecology by presenting po-
tential benefits and costs of information processing in animals. Using the simula-
tion of territorial behaviour, I investigated the effects of defined cognitive abilities,
i.e. learning rate and memory retrieval, on the individuals’ behaviour as measured
by the space use. Additionally, I focused on the interactions between external fac-
tors and territorial behaviour. I will give an overview of reactions of territorial
animals according to external factors, and I will present the space use of the sim-
ulated individuals exposed to varying population densities and structurings of the
physical environment.
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4.2 Cognitive ecology

4.2.1 Benefits of cognitive abilities

Learning and memory can be regarded as phenotypic plasticity enabling an animal
to adapt to changing environmental conditions (Dukas, 1998b). This plasticity can
be observed in a wide variety of animals and contexts. Food-storing birds and
mammals are able to bridge lean seasons by caching food while it is available.
Individuals often set up several hundred hiding places. A high memory capacity is
vital for the later retrieval of the food (compare Section 3.2.4; for review, see e.g.,
Giraldeau, 1997).

As introduced in Chapter 3, learning and memory is needed for many naviga-
tion tasks. For instance, bees exploit sources that provide nectar or pollen over a
longer time period. Accordingly, bees visit such food sources over and over again
(von Frisch, 1965), i.e. they learned the way between the source and their hive.
Ants of the genus Ectatomma are even able to adjust their foraging behaviour ac-
cording to multi-event past experience. Food locations were manipulated by the
experimenter following a predictable rule. The ants were able to increase their for-
aging success by learning this rule (Franz and Wcislo, 2003). Regarding a whole
ant colony, Haefner and Crist (1994) could demonstrate in a simulation study that
the inclusion of learning and memory distinctly increased the foraging success of
the colony.

Hummingbirds are not only able to return to locations of profitable flowers, but
also remember which flowers they recently emptied. Hence, the birds were able
to avoid foraging at momentarily unrewarding sites (Healy and Hurly, 1995). This
ability was also found in flower bats (Winter and Stich, 2005). Additionally, for-
aging presents instances of the advantage of learning in a non-spatial context. The
theory of optimal foraging implies phenotypic plasticity according to past experi-
ences. Bélisle and Cresswell (1997) demonstrated in a simulation study that op-
timal foraging behaviour can only be achieved if memory is included. Increasing
memory capacity went hand in hand with increasing energy intake of the individu-
als.

Learning and memory also appears to be particularly useful in social con-
texts. Whenever an animal interacts with the same individuals repeatedly, it may
be favourable to adjust the own behaviour according to the past experiences with
these individuals (Pusey and Packer, 1997; Dukas, 1998b). An instance for the
benefit of learning in a social context is the dear-enemy phenomenon. In a ter-
ritorial system, the neighbours might impose a different threat on a resident than
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strangers (Temeles, 1994). If a neighbour can be assumed as a minor threat since it
will not dispute for a territory, no reaction is needed if the neighbour comes close
to the borders of the own territory (Getty, 1987; Heinze et al., 1996; Beecher et al.,
1998; Langen et al., 2000). However, if competing for food, the neighbours might
be the strongest rivals. In this case, increased aggression against neighbours might
yield the highest benefit (Gordon, 1989; Temeles, 1994; Knaden and Wehner, 2003;
Sanada-Morimura et al., 2003). Both the dear-enemy phenomenon and its opposite
require the discrimination between neighbours and strangers, and thus, memory.

The examples demonstrate that learning and memory strongly influence be-
haviour. Animals can only achieve optimal behaviour within the limits of their
information processing abilities. In reverse, alterations of cognitive traits should
lead to marked changes in behaviour.

4.2.2 Costs of cognitive abilities

The examples presented above indicate the benefit of learning and memory, espe-
cially in the context of spatial behaviour. However, this kind of phenotypic plastic-
ity also has drawbacks. The complexity of processing requires the corresponding
neural complexity, i.e. number of processing units (neurons) and their connections
(synapses). Thus, higher cognitive abilities imply a larger neural machinery (Jeri-
son, 2001). We have seen an example for an enlarged brain area due to higher
processing demands in the hippocampal sizes of food storing birds as compared to
non-storers (compare Section 3.2.4). Even a small amount of tissue that has to be
sustained additionally by an animal might be costly, and thus, have distinct fitness
consequences (Dukas, 1999). Neural tissue appears to be especially expensive. In
humans, the brain avails 15% of the total metabolic activity, but contributes less
than 2% to the body weight (Aiello and Wheeler, 1995).

Mery and Kawecki (2004) could even demonstrate that learning claims im-
mediate costs. Drosophila flies were either exposed to an ongoing conditioning
treatment or achieved equal amounts of food without any learning. The condi-
tioning treatment led to a reduced egg laying rate, reflecting a direct fitness reduc-
tion. Additionally, the learning procedure itself might be costly (Dukas, 1998b).
Laverty and Plowright (1988) compared bumble bees feeding primarily on monks-
hood (Aconitum spp.) with generalistic species feeding on a wide variety of flow-
ers. Previously naive bees were allowed to search for nectar in the morphologically
complex flowers of the monkshood. Bees of the generalist species needed a search
time during their first visits that was thrice as long than observable in the bees of
the specialist species. Hence, by relying on inherited abilities, the specialists save
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learning time (Laverty and Plowright, 1988; Dukas, 1998b).
The costs associated with cognitive abilities entail that the optimal solution to

behavioural tasks might not be achievable by animals. In order to economise neu-
ral machinery, they should forgo, for instance, high learning abilities or memory
capacity.

4.2.3 Adaptivity of cognitive traits

Correspondingly, learning and memory abilities should be adapted to the animal’s
niche as much as any other trait. This hypothesis led to the foundation of the field of
cognitive ecology or neuroecology (Healy, 1992; Real, 1993). Although evidences
for the correlations between specialised cognitive abilities and the ecological niche
have been presented (Healy and Braithwaite, 2000; Healy et al., 2005), the modular
evolution of brains and intelligence remains a subject of discussion. Bolhuis and
Macphail (2001) criticised the neuroecological approach, and assumed that the
evolution of intelligence was a general process. In their view, all learning tasks are
based on similar processes. Complexity of information processing thus goes hand
in hand with a general growth of the brain (Macphail and Bolhuis, 2001).

Flombaum et al. (2002) defended the idea of psychological modularity as favou-
red by the neuroecological approach. He argues that psychological modularity is
not necessarily innate. Conversely, modules might also be acquired by learning.
Additionally, the idea of psychological modules as adapted traits does not imply
that such modules have to be strictly restricted to a single task. Instead, a mod-
ule might serve in different contexts. A psychological module might not have a
particular neural counterpart, i.e. not every cognitive ability is strictly associated
with a single specialised brain region. Hence, the cognitive ecology approach does
not oppose to the existence of multiple-purpose information processing abilities.
However, these abilities cannot be viewed outside the evolutionary context. At
some point of a species’ evolutionary history, an information processing ability
appeared as an adaptation to the confined problems posed by the ecological niche.

Thus, the neuroecological approach predicts that the cognitive abilities in ani-
mals as well as their brains are shaped by both their evolutionary descent and their
current niche. Indeed, an investigation of mammalian brains supports this view.
The sizes of brain areas in different mammalian species are not merely scaled with
the size of the whole brain. The brain parts rather allow a grouping of the inves-
tigated species according to both their phylogeny and their particular adaptations
(de Winter and Oxnard, 2001; Brown, 2001).
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4.3 External influences on territoriality

4.3.1 Competition for exclusive territories

Territorial behaviour is not only influenced by the cognitive abilities of the individ-
uals, but space use will also depend on external factors such as the competitor den-
sity and the structuring of the physical environment. Animals defend territories in
order to monopolise the resources of the area (see also Section 3.3). However, the
defence itself is costly for the individual since it risks injuries in fights and looses
the time for foraging. Thus, home ranges of individuals might be disjunct without
actual defence of an exclusive territory. Since an area used by several individu-
als usually provides less benefit for the single animal, such overlap areas might be
avoided. The active defence of resources is called interference competition while
exploitation competition is the notion for the depletion of the same resources by
several individuals (Begon et al., 1990). Both types of competition are strongly de-
pendent on the population density (Kawata, 1997). As soon as the animals actively
defend resources, the two processes are hard to separate. Nevertheless, disjoint
foraging ranges which are not actively defended can be observed suggesting the
avoidance of exploitation competition. In Bechstein’s bats, females maintain fairly
stable foraging ranges. Although no aggressive interactions between the females
were observed during foraging, their foraging ranges are mostly exclusive. Only
a mother may widely share a foraging area with her daughter (Kerth et al., 2001;
Rossiter et al., 2002). In the model of territoriality as presented in Chapter 3, the
individuals achieve exclusive ranges by avoidance. Thus, the model does apply to
both interference and exploitation competition.

4.3.2 Population density

The defence and maintenance of exclusive access to a resource is strongly de-
pendent on the population density. If too many individuals compete for the same
resource, the energy needed for its defence will override the benefit achievable
from the resource. Craig and Douglas (1986) described conditional territoriality
in New Zealand bellbirds. These nectar feeding birds defended largely exclusive
ranges when the Dysoxylum trees found scattered in the forest were in flower. Ear-
lier in the season, a single Vitex found in the observation area attracted most of
the birds. In this case, they were not able to defend exclusive ranges, but mostly
dispersed over the whole tree. Grant et al. (2000) described comparable behaviour
in the Japanese medaka. These fish initially spent more time chasing competitors if



58 CHAPTER 4. SPACE USE

the competitor-to-resource ratio increased. Thereby, the resources in these experi-
ments were the number of potential mates. However, if the competitor-to-resource
ratio exceeded three, the level of aggression declined again (scramble competi-
tion). Chapman and Kramer (1996) tested the effects of scramble competition in
an experiment with interspecies competition. A single food source was provided in
an aquarium which initially housed a giant danio fish. Successively, individuals of
the smaller zebrafish were introduced. With up to five of the smaller competitors,
the giant danio was able to monopolise the resource completely. However, if the
competitor number exceeded ten, each fish, including the giant danio, obtained an
equal share of the food.

Conclusively, exclusive space use is achievable by defending a defined range,
the territory, but might also arise only due to exploitation competition. In the latter
case, exclusive areas arise because the individuals tend to avoid each other. In both
cases, the exclusive space use due to interference and/or exploitation competition,
the exclusivity is not maintainable if the competitor number becomes too high.

4.3.3 Physical environment

Not only the competitors might influence the space use as an external factor, but
also the layout of the physical environment might come into play. Landmarks
and obstacles can be used as markers for territory borders or may direct migration
movements. The dispersal of butterflies is hampered by edges such as treelines
or field borders in a fragmented habitat. The butterflies stopped their movement
according to patterns that do not necessarily hinder their movement as it is the case
for field borders (Ries and Debinski, 2001; Schultz and Crone, 2001).

In territorial species, the preferred establishment of territory borders along
landmarks or visual barriers was observed. Cicada killer wasps readjusted the
boundaries between their territories according to sticks on the ground that were
introduced by the experimenter. Aggressive encounters between the territorial res-
idents declined along the borders defined by the landmarks (Eason et al., 1999).
Correspondingly, an elongated landmark on the ground of an otherwise homoge-
nous aquarium was used as territorial border location by buckheads. Pairs of these
fish establish territories. While one of the two pairs introduced in the aquarium
usually claimed the whole available space as its territory if no visual cues were
provided, the two pairs divided the available space along the added landmark. This
even held true if the landmark location distinctly deviated from the mid of the
aquarium. The fish rather accepted a smaller territory than risking elongated fights
with the competitors (LaManna and Eason, 2003). Lizards were introduced in
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an environment that was subdivided by opaque barriers. Although the sight was
blocked, the animals could easily pass beneath the barriers. The territories estab-
lished by the lizards in this environment were lined up with the barriers. In com-
parison to an environment without the barriers, the lizards established on average
smaller territories (Eason and Stamps, 1992). In a field study of sparrow territories,
a high consistency of the territory locations was found over 14 years. The territory
borders were mostly aligned with ridges or hills. These topographical constraints
apparently influenced the territory sizes more than the resource holding potential
of the residents (Reid and Weatherhead, 1988).

The landmarks or barriers might provide a local position cue for both of the
competitors. Hence, both individuals are able to locate their border, and thus, fights
around the border might be reduced. This reduced investment in the border defence
may pay even in case of a decreased territory size.

4.4 Internal and external influences on space use

As discussed in Chapter 3, territorial behaviour presupposes spatial learning and
memory in most cases (Stamps and Krishnan, 1999). How do the cognitive abil-
ities influence spatial behaviour such as territoriality? Such a question is hard to
approach in animal experiments. Instead, the simulation as presented in Chapter
3 allows the alteration of independent modules of information processing abilities.
Additionally, effects of the structuring of the physical environment can be tested
by the explicit simulation of the individuals with their sensors.

Using the individual space use and the areas frequented by more than one in-
dividual as behavioural measures, I investigated the influences of cognitive and
external factors in the simulation. The two memory structures applied were com-
pared under the different conditions. I altered the learning rate of place attributes,
i.e. the learning rate of the attractiveness. Additionally, I investigated the influence
of different amounts of memory retrieval on the behaviour. As external factors,
the population density and the structuring of the physical environment were stud-
ied (Schmolke et al., 2004; Schmolke and Mallot, submitted). The time dynamic
of the territories in the model was approached by observing the development of
the space use over long time periods. Additionally, I analysed the effects of the
removal of single individuals as well as the retarded introduction of individuals in
the experimental arena.
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4.5 Home range analysis

The analysis of bivariate data is of high importance for studies of space use in
animals. From the positions where individuals were observed, the underlying util-
isation distribution has to be concluded. This also holds true for the analysis of the
robots’ space use. Since several methods have been proposed for this task (for re-
view see Powell, 2000; Silverman, 1986), I will present the three methods the most
commonly used in the analysis of animal home range data. For the illustration of
the methods, I applied them to an example data set drawn from the robots’ home
ranges.
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Figure 4.1: Area estimation by a minimum convex polygon (a) Positions visited by one
robot in 1000 steps. (b) Minimum convex polygon with an area of 846.4cm 2

4.5.1 Available methods

Minimum convex polygon

The bivariate data points can be surrounded by a minimum convex polygon (Figure
4.1). The home range is then defined as the area of the polygon.
Problems: The area of the minimum convex polygon usually overestimates the area
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covered by the data points since gaps as they appear if the used range is concave
are neglected (compare Figure 4.1). No utilisation distribution can be derived.
Advantages: This method is applicable to any bivariate data set. The polygon and
its area can be easily computed.

The minimum convex polygon is well suited for the area estimate if few data
points are available. For larger data sets, especially if the point cloud diverges from
a convex form, another method should be applied.
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Figure 4.2: Area estimation using the histogram method. (a) Positions visited by one
robot in 1000 steps. (b) Histogram with 2cm cell spacing; total area: 612cm2. (c) Grid
shifted by 1cm compared to (b); total area: 584cm2. (d) Cell spacing of 2.5cm; total area:
706cm2.
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Histogram method

In order to generate a histogram of a bivariate data set, a grid is superimposed on
the data. For each grid cell, the number of measurements falling in the area of this
cell are counted. The area of the home range is reflected in the sum of all cell areas
that have at least one count. The probability that the animal is observed in the area
of one grid cell can be calculated.
Problems: The results of this method are strongly dependent on the chosen size of
the grid cells and the positioning of the grid (compare Figure 4.2).
Advantages: The method has no restrictions concerning the bivariate data and
is easily computable. In the histogram, the utilisation distribution is represented
(compare Figure 4.3).

With the histogram method, a large data set can be handled. In contrast to the
minimum convex polygon, concave ranges are not overestimated and the utilisation
distribution is available. If the grid spacing can be determined beforehand, this is
a very useful method for home range analysis.

Figure 4.3: Utilisation distribution gained by the histogram method. (a) Positions visited
by one robot in 1000 steps. (b) Number of visits in each cell; cell spacing: 2cm
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(b)(a)

Figure 4.4: Utilisation distribution derived by the kernel estimator method. (a) Positions
visited by one robot in 1000 steps. (b) Utilisation distribution. The total area covered
amounts to 565cm2 if 95% of the distribution are taken.

Kernel estimator

Around each data point, a kernel function is placed. The values of these distribu-
tions of the whole data set are added up at each point of the observation area. This
yields a continuous distribution function which is normalised to 1 (Figure 4.4).
Thus, the utilisation probability for any point in the observation area can be deter-
mined. The whole area used by an individual can be inferred by regarding a core
distribution of, e.g., 95%, by cutting off 5% of the tail of the distribution. Thereby,
the smallest area enclosing 95% of the utilisation distribution is determined (Pow-
ell, 2000).

In the following, I introduce the kernel estimator method using the bivariate
normal distribution as kernel function K that is superimposed on each data point
(Equation 4.1). Similar functions can be used as kernel leading to comparable
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results (Silverman, 1986).

K(x) =
1
2π

exp−x′x
2 (4.1)

x denotes an arbitrary point in the plain. The probability of stay in any location of
the observed area, i.e. the utilisation function f̂(x), can then be estimated according
to Equation 4.2.

f̂(x) =
1

nh

n∑
i

K[
x− Xi

h
] (4.2)

The number of measurements n of bivariate data points Xi enter into the utilisa-
tion function. The value of the smoothing parameter h is crucial for the resulting
utilisation distribution (Silverman, 1986; Worton, 1989). The smoothing parameter
determines the width of the kernel function K. Low smoothing leads to a repre-
sentation of all details in the data set while with high smoothing, any gaps and the
roughness in the distribution are not represented. The least squares cross valida-
tion allows the choice of h to be adapted to the data set (Equation 4.3, Silverman,
1986). For this method, the function M1 is minimised over h using the data set Xi.
In the minimisation, the convolution K(2) of the kernel K with itself is used. The
value h as determined by this minimisation leads to a medium smoothing of the
data.

M1(h) =
1

n2h2

n∑
i

n∑
j

K∗[
Xi − Xj

h
] +

2
nh2

K(0) (4.3)

K∗ = K(2) − 2K

Problems: The smoothing parameter h has to be chosen which poses a problem
comparable to the choice of the grid spacing in the histogram method. Although
the least squares cross validation allows a fit to the data without preassumptions,
the comparability of several data sets becomes unclear if h is determined indepen-
dently for each set. Additionally, the minimisation procedure M1(h) does not yield
reasonable values of h if identical data points exist in the data set, i.e. if the individ-
ual had been observed in the same position two or more times. The computation of
the kernel estimator method is expensive compared to the other methods presented
here.
Advantages: The kernel estimator method can handle large bivariate data sets. It
provides the same advantages as the histogram method. In addition, no preassump-
tions about the distribution of the data are needed (compare the cell spacing in the
histogram method), and the resulting utilisation distribution is continuous.
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4.5.2 Methods applied

The observed robots’ positions mostly did not approach a convex shape. Thus, the
minimum convex polygon method was inappropriate for my data. The histogram
as well as the kernel estimator method work especially well with a reasonable large
data set which is the case for the robot experiments. Hence, I analysed the bivariate
data sets using both methods.

I recorded the positions of the robots each time they completed a step, i.e. as
soon as they finished a translation. The length of a translation was restricted. Due
to the restricted movement scheme (compare Section 3.5.3), a single step did not
exceed 3cm and only fell short of 2cm if an obstacle was close-by. Thus, I can
preassume that the positions are distributed approximately uniformly at a spacing
of 2cm. Hence, the histogram method was applied using this grid spacing.

For the kernel estimator, the smoothing parameter h was determined for each
data set, whereby only a random subset of 200 (from 1000) differing data points
was fed in the least squares cross validation (Equation 4.3). The determined values
for h were averaged over the data sets with identical parameters. The averaged
value of h was used for the kernel estimator method. The effects observed in the
results presented below are independent of the method used. However, the kernel
estimator method yields an infinite distribution. If the area has to be determined,
a core of the utilisation distribution, e.g., 95% of the distribution, has to be cho-
sen subjectively (Powell, 2000). Since the grid spacing in the histogram method
was determinable according to the experimental setup, the area estimated by this
method appears to be more accurate. Hence, only the results from the histogram
method are shown in the following.

4.5.3 Quantification of the overlap

The home range of the robots denotes the whole area used during the whole exper-
iment (in most cases 1000 steps, in long-term experiments, 10000 steps; compare
Section 4.6). The territory is defined as the part of the home range that is exclu-
sively used by the resident (compare Section 3.2). The area used by two or more
individuals is referred to as overlap. Three measures of overlap are described in
the literature (Smith and Dobson, 1994; Powell, 2000): (a) the area of overlap in
relation to the whole home range of the individual, (b) the part of time (number
of position measurements) spent in the overlap area by each individual, and (c)
the probability of meeting the other individual(s) in the area of overlap. The mea-
sure (c) can be calculated as the index Ip of pairwise overlap O between the home
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ranges of the individuals i and j (Equation 4.4; Smith and Dobson, 1994).

Ip =
∑
k∈O

pki

∑
k∈O

pkj (4.4)

While the measures (a) and (b) are asymmetrical, i.e. differ for the individuals of
a pair, the probability of meeting each other in the area of overlap (measure (c))
is equal for both individuals, and is based on the assumption that the individuals
visit the overlap area independently from each other. For the overlap between indi-
vidual home ranges, I calculated all three measures. The area of overlap is usually
located in the periphery of the home range where the probability of stay is reduced
compared to the central areas. Thus, the measure (a) is likely to overestimate the
overlap between home ranges in contrast to the other measures. The effects as pre-
sented in the results (Section 4.7) are observable with all three measures. For the
plots shown, I used measure (b), the probability of stay in an area of overlap.

4.5.4 Statistics

The three dependent variables, home range size, amount of overlap, and territory
size were tested by one-way ANOVAs. In order to determine differences between
means, Tuckey’s honestly significant difference criterion was applied. Interactions
between the used memory structure and the experimental conditions were deter-
mined using two-way ANOVA. If no effect of memory structure was found, the
data of grid and graph structure were pooled.

4.6 Experimental design

The robots were set in the arena which was previously unknown to them. The
effect of different parameters of the territorial behaviour as well as different envi-
ronmental influences were tested. The data was pooled for multiple experiments
with identical settings. The simulation and its parameters are described in Chapter
3. The experiments 1 and 2 are concerned with the influences of internal (cognitive)
factors on the behaviour while the experiments 3 to 5 treat the external influences.
The last two experiments, 6 and 7, are concerned with the time dynamics of the
home ranges and territories.
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4.6.1 Experiment 1: Learning rate

According to the model of territory establishment, the attractiveness of a place
increases with each visit if no competitor is met. In contrast, the attractiveness is
reduced due to competitor encounters (compare Section 3.3.3). The learning rate
of the attractiveness is determined by the variables Rp and Rf , respectively, of the
attractiveness equation (Equation 3.1). Thereby, high values of Rp or Rf reflect
a low learning rate and vice versa. If both positive visits and fights influence the
attractiveness value, I will refer to this as the competitive model. As controls, either
one or both of the learning parameters were removed from the model. Thus, either
the influence of positive visits, of fights, or of both disappeared. The positive model
excludes the influence of competitor encounters. This corresponds to the variable
Rf set to infinity. Comparably, the negative model neglects positive visits, i.e. Rp

is assigned with an infinite value. If no learning occurs at all, the robots perform a
random walk.

Competitive model. The influence of the learning rate on the establishment of
home ranges and territories was tested by applying values of Rp ranging from 0.5
(high learning rate) to 20 (low learning rate). The same value range was applied to
the learning rate concerning the fights, Rf . The effect of learning rates was tested
using the graph and the grid structure. For the other model parameters, the default
values were used, as denoted in the Tables 3.3, 3.4, and 3.5.

Positive model. The learning of competitor encounters was suppressed (Rf =
∞). Thus, competitors only influenced the other robots’ behaviour as mobile ob-
stacles. The positive model was tested with values of Rp ranging from 0.5 to 20.
As in the competitive model, the default values were applied to the other model
parameters.

Negative model. In this case, the positive visits do not influence the attractive-
ness value (Rp = ∞). The negative model was tested with Rf -values between 0.5
and 20, and with default values of the remaining model parameters.

Random walk. The random walk is the control for the space use achieved
without learning. Both Rp and Rf were set to infinity. The movements were only
influenced by the obstacles, whereby the competitors act as mobile obstacles.

The different parameter sets tested in the different models are listed in the Table
4.1. All the experiments concerning the learning rate were conducted in the empty
arena. The robots were placed at fixed initial positions as depicted in Figure 4.6a.
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Table 4.1: Experiment 1. Tested parameter combinations of the attractiveness equation
(see Equation 3.1).

Rp Rf Pmax Fmax A0

Competitive model
0.5 3.0 3.0 3.0 0.2
1.0 3.0 3.0 3.0 0.2
3.0 3.0 3.0 3.0 0.2
5.0 3.0 3.0 3.0 0.2

10.0 3.0 3.0 3.0 0.2
20.0 3.0 3.0 3.0 0.2

3.0 0.5 3.0 3.0 0.2
3.0 1.0 3.0 3.0 0.2
3.0 10.0 3.0 3.0 0.2
3.0 20.0 3.0 3.0 0.2

Positive model
0.5 ∞ 3.0 - 0.2
1.0 ∞ 3.0 - 0.2
3.0 ∞ 3.0 - 0.2
5.0 ∞ 3.0 - 0.2

10.0 ∞ 3.0 - 0.2
20.0 ∞ 3.0 - 0.2
Negative model
∞ 0.5 - 3.0 0.2
∞ 1.0 - 3.0 0.2
∞ 3.0 - 3.0 0.2
∞ 10.0 - 3.0 0.2
∞ 20.0 - 3.0 0.2

Random walk
∞ ∞ - - 0.2
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4.6.2 Experiment 2: Memory retrieval

The amount of memory used for each movement decision is given by the N -
neighbourhood (compare Section 3.5.3). I tested the influence of the amount of
memory retrieval on the individual space use applying the values N = {1, 2, 3, 4, 5}.
The other model parameters were set to their default value as defined in Tables 3.3,
3.4, and 3.5.

4.6.3 Overview: Internal factors

The interaction between memory retrieval and learning rate were observed by vary-
ing both Rp and N simultaneously. The relation between territory and home range
size was regarded for the different learning models and for a higher amount of
memory retrieval.

(a) (b)

(c) (d)

Figure 4.5: Experiment 3. Starting positions of the robots in the experiments testing the
effects of competitor number. (a) Solitary robot. Only one of four starting positions used
is shown. (b) Two robots. One of two applied starting configurations depicted. (c) Four
robots. (c) Eight robots. Only the home ranges of the inner four robots were evaluated.
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4.6.4 Experiment 3: Competitor number

One to eight agents were placed in the arena at a time. In the trials with eight
individuals, only the ranges of four of them were evaluated. The starting positions
were assigned as follows: a single agent was placed either north, east, south or west
(example in Figure 4.5a), two agents were placed in the positions north and south
from the mid of the arena (Figure 4.5b) or in positions east and west of it. Four
agents were placed in positions in north, south, east and west (Figure 4.5c). These
starting positions were also used for the four focal individuals if eight competitors
were present (Figure 4.5d).

4.6.5 Experiment 4: Arena size

The available space for the territory establishment was manipulated by adjusting
the arena size. The ranges of four robots were investigated. The robots were placed
in square environments of three different sizes. Arena sizes of 1m2, 0.5m2 and
0.25m2 were tested. The full arena size (1m2) does not restrict the size of the
robots’ home ranges. This still holds true for half the size (0.5m2). Brought down
to the quarter of the available space, four home ranges as established by a solitary
robot in the full arena would fill up the space. For the other model parameters, the
default values were applied (Tables 3.3, 3.4, and 3.5).

4.6.6 Experiment 5: Habitat structuring

The effects of environmental structuring on the pattern of space use was investi-
gated placing four agents in four different environments (Figure 4.6): (a) Empty
arena without obstacles, (b) all obstacles clustered in the centre of the arena (cen-
tred layout), (c) obstacles placed along the virtual borders of the arena’s quadrants
(quadrant layout) whereby the gaps between the obstacles could be easily passed
by the agents, and (d) obstacles placed at random locations in the arena (random
layout) using five different random layouts. Apart from the empty arena, the total
area covered by obstacles was equal in the different environments. For all arena
layouts, the starting positions of the individuals were identical. I hypothesised that
in the quadrant layout, the territory boundaries would tend to line up with the ob-
stacles. In order to test this hypothesis, I quantified the area used by each individual
in the four quadrants of the arena.
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(a) (b)

(c) (d)

Figure 4.6: Experiment 5. Arena with different obstacle layouts. The gray circles mark
the robots at their start positions, the black rectangles are the obstacles. (a) Empty arena.
(b) Centred layout. (c) Quadrant layout. (d) Random layout (one of five random obstacle
distributions is shown).

4.6.7 Overview: External factors

The relation between territory and home range size marks the exclusivity of space
use. A comparison of this relation is given for solitary individuals, individuals in
higher population densities, and individuals establishing ranges in habitats struc-
tured by obstacles.

4.6.8 Experiment 6: Residents and newcomers

Four individuals were allowed to establish home ranges in the empty arena. The
individuals performed 1000 steps. In the first part of the experiment, a naive in-
dividual, the newcomer, was introduced in the arena at the position taken by one
of the residents after its 800th step. The five individuals performed another 1000
steps. In the second part, one of the residents was removed after 1000 steps. The
newcomer was placed at the last position taken by the removed resident. The four
individuals present performed 1000 steps. Then, the former resident was reintro-
duced at the position it last visited before its removal. Again, the five individuals
accomplished another 1000 steps.
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I applied the default model parameters in the experiments with the newcomer
(compare Tables 3.3, 3.4, and 3.5). The sizes of home range and territory as well
as the drift of the home ranges was determined and compared between permanent
residents, reintroduced resident, and newcomer.

4.6.9 Experiment 7: Long-term experiments

The development of the home ranges was investigated in long-term experiments.
Instead of terminating the trials after 1000 steps, the space use of the individuals
was observed over 10000 steps. The experiments with the elongated run-time were
conducted with both memory structures and with an amount of memory retrieval
of N = 1 and N = 3. For the other model parameters, the default values were
applied (compare Tables 3.3, 3.4, and 3.5). I quantified the drift of the ranges
used by the individuals. For this task, I calculated the overlap (probability of stay;
compare Section 4.5.3) of the range used during 200 steps with the whole range
visited previously by the same individual. If an individual confined its space use
completely to previously explored areas, this measure amounts to 1, while 0 would
indicate that the individual did not revisit any known place.

4.7 Results

4.7.1 Experiment 1: Learning rate

Competitive situation

Attractiveness decline. The rate of attractiveness decline is defined by the variable
Rf . In Figure 4.7, the influence of the learning rate Rf concerning the competitor
encounters is depicted. Obviously, Rf had little influence on home range and terri-
tory sizes. However, if competitor encounters were not learned at all, i.e. Rf = ∞
(positive model), the home range size was significantly smaller than for Rf ≤ 3
for both memory structures (Figure 4.7a; ANOVA: F11,228 = 5.36, p < 0.0001).
Though the memory structures did not differ in pairwise comparisons, the effect of
the memory structure was revealed by two-way ANOVA (effect of memory struc-
ture: F1,228 = 11.12, p = 0.001, and of Rf : F5,228 = 9.08, p < 0.0001).

Comparably, the mean territory size was significantly smaller for Rf = ∞
than in the case of Rf = 0.5 or 1 if the grid structure was used. No significant
differences were found in pairwise comparisons with the graph structure (Figure
4.7b; ANOVA: F11,228 = 4.46, p < 0.0001). Again, the memory structures dif-
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Figure 4.7: Experiment 1. Mean range sizes (± SD, n = 20) dependent on the inverse
learning rate of competitor encounters (Rf ). An infinite value of Rf denotes that com-
petitor encounters do not influence the attractiveness value (positive model). Note the
logarithmic scaling of Rf . (a) Home ranges. (b) Territories.

fered significantly (two-way ANOVA, effect of memory structure: F1,228 = 12.09,
p = 0.0006, and of Rf : F5,228 = 6.68, p < 0.0001).

Attractiveness increase. In Figure 4.8a, the home range size is shown as a
function of Rp, and compared to the range used in the negative model which cor-
responds to an infinite value of Rp, i.e. only the competitor encounters altered
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Figure 4.8: Experiment 1. Mean range sizes (± SD, n = 20) dependent on the inverse
learning rate (Rp) of positive visits in the competitive situation. If Rp = ∞, only the com-
petitor encounters influence the attractiveness of places, i.e. no learning of place-related in-
formation occurs (negative model). Note the logarithmic scaling of R p. (a) Home ranges.
(b) Territories.

the attractiveness of places (negative model). While the home ranges measured
with the graph map did not differ significantly as long as Rp < 20, the range in-
creased significantly with increasing value of Rp if the grid map was used. The
home ranges obtained by the negative model were significantly larger than those
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measured with values of Rp ranging from 0.5 to 20 for both memory structures
(ANOVA: F13,266 = 46.37, p < 0.0001). The two structures differed significantly
for Rp = 20 and the negative model. In both cases, the grid led to higher home
range sizes than the graph structure (two-way ANOVA, effect of memory structure:
F1,266 = 76.77, p < 0.0001, and Rp: F6,266 = 71.15, p < 0.0001).

Since the overlap increased in proportion to the size of the home range, the
area of the territories remained widely stable with decreasing learning rate (Fig-
ure 4.8b). Using the grid structure, the territories were significantly larger in the
negative model than for Rp ≤ 5. No significant differences in territory size were
found when using the graph structure. This includes the negative model (ANOVA:
F13,266 = 6.12, p < 0.0001). In pairwise comparisons, the memory structures only
differed significantly for Rp = 20 and in the negative model (two-way ANOVA,
effect of memory structure: F1,266 = 31.74, p = 0.0001, and Rp: F6,266 = 2.96,
p = 0.0082).

Positive model

In the positive model, i.e. if competitor encounters did not influence the attractive-
ness of places, the learning rate had a similar effect on the individuals’ space use as
observed in the competitive model (Figure 4.9a). The home range sizes increased
with a decreasing learning rate. An infinite value of Rp in the positive model results
in random walk since the attractiveness value of a visited place remains unaltered
(compare Section 4.6.1). The home ranges established in random walk were sig-
nificantly larger than with Rp ≤ 20 (ANOVA: F13,266 = 88.07, p < 0.0001).
For the grid structure, the home range sizes additionally differed from each other
if Rp = 10 and Rp = 20, and from the home range sizes measured with lower
values of Rp. The memory structures had a significant effect on the home range
size if Rp ≥ 10 (two-way ANOVA, effect of memory structure: F1,266 = 61.66,
p < 0.0001, and Rp: F6,266 = 154.15, p < 0.0001).

Again, the territories did not change boldly in size (Figure 4.9b). Only for the
grid structure, the territory size reached with Rp = 20 significantly exceeded the
territory size for Rp ≤ 5 (ANOVA: F13,266 = 8.44, p < 0.0001). The memory
structures only had a significant effect on territory size for Rp = 20 (two-way
ANOVA, effect of memory structure: F1,266 = 9.76, p = 0.002, and Rp: F6,266 =
12.94, p < 0.0001).
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Figure 4.9: Experiment 1. Mean range sizes (± SD, n = 20) dependent on the inverse
learning rate (Rp) in the positive model, i.e. the competitors do not influence the attractive-
ness value. Here, random walk (Rp = ∞) serves as control. Note the logarithmic scaling
of Rp. (a) Home ranges. (b) Territories.

Comparison of learning models

In Figure 4.10, the effects of different learning models are summarised. In the
competitive and the positive learning model, the home ranges were notedly smaller
than in the negative model and in random walk (Figure 4.10a). However, the terri-
tory sizes scarcely differed between the models (Figure 4.10b). Hence, territories,
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Figure 4.10: Experiment 1. Mean range sizes (± SD, n = 20) with different models
of attractiveness alteration. Data shown for competitive model: Rp = Rf = 3; positive
model: Rp = 3, Rf = ∞; negative model: Rp = ∞, Rf = 3; random walk: Rp = Rf =
∞. The learning of positive visits (Rp) influence the range sizes stronger than the learning
of fights (Rf ). (a) Home ranges. (b) Territories.

i.e. exclusive ranges, were established with all learning rates applied, but the indi-
viduals achieved them by less roaming if they relied on higher learning rates. The
learning of positive visits was thereby the crucial factor.
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Figure 4.11: Experiment 2. (a) Mean home range size (± SD, n = 20) dependent on
the amount of memory retrieval (N ). (b) Mean part of time (or number of steps) spent in
overlap areas (± SD, n = 20).

4.7.2 Experiment 2: Memory retrieval

If only the immediate neighbours in the memory structure were used for each de-
cision (N = 1), the mean area of the home ranges was significantly larger than for
all other amounts of memory retrieval tested (Figure 4.11a). No further significant
decrease was observed for N ≥ 2 within the same memory structure (ANOVA:
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F9,190 = 44.85, p < 0.0001). For N = 4 and N = 5, the home ranges formed
using the graph structure were significantly smaller than those observable with the
grid structure in the same conditions (two-way ANOVA, effect of memory struc-
ture: F1,190 = 39.37, p < 0.0001, and of N : F4,190 = 90.18, p < 0.0001).

In conditions with smaller home ranges, the individuals spent less time in over-
lap areas. For N = 1, an average overlap (probability of stay) of 16.2 ± 13.5%
and 14.0±13.7% with graph and grid memory, respectively, was observed. For all
higher N , the overlap approached zero (Figure 4.11b).

4.7.3 Overview: Internal factors

Both parameters of information processing, the learning rate of positive visits (in-
verse Rp) and the amount of memory retrieval (N ), reduced the home range size if
increased. In order to investigate how these two factors act together, both were var-
ied simultaneously. In Figure 4.12, the contour lines denote constant home range
sizes. Both memory structures are presented separately. The development of the
home range size illustrates that the effects of learning rate and memory retrieval
can compensate or amplify each other, respectively.

The relation between territory and home range size clarifies the exclusivity of
space use (Figure 4.13). The closer the relation approaches 1 (the diagonal in the
Figure), the smaller the proportion of overlap relative to the home range. High
cognitive abilities, i.e. high learning rates and high memory retrieval, led to the
optimisation of this relation.

4.7.4 Experiment 3: Competitor number

Solitary individuals established home ranges even in the absence of competitors.
For all numbers of individuals tested, the area of the home ranges did not differ
with respect to the memory structure used (two-way ANOVA, effect of memory
structure: F1,152 = 0.2, p = 0.6551, and of competitor number: F3,152 = 13.61,
p < 0.0001). Increasing competitor numbers resulted in larger home ranges (Fig-
ure 4.14a). Solitary individuals established significantly smaller home ranges than
individuals in competitive situations with four or eight competitors present in the
environment. The home ranges formed if two individuals were set in the arena
at a time were significantly smaller than the home ranges with eight competitors
(ANOVA: F3,156 = 108.24, p < 0.001).

The territory sizes matched in the solitary condition and with two and four
competitors. In the experiments with eight competitors, the largest home ranges
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Figure 4.12: Experiment 2. Interaction of the amount of memory retrieval N with the
inverse learning rate Rp. The contour lines depict constant home range sizes (n = 20). (a)
Graph structure. (b) Grid structure.

were found while the mean territory size was significantly lower than for the other
conditions (Figure 4.14b, ANOVA: F3,156 = 60.57, p < 0.001).

The number of steps that fell in an area of overlap increased with the number
of individuals in the environment (Figure 4.15). The probability to stay in an over-
lap area was significantly higher with eight competitors in the environment than
with less individuals present. Additionally, the overlap was also higher with four
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Figure 4.13: Internal factors. Relation between territory and home range sizes. Data of
grid and graph structure are pooled. The territory cannot exceed the size of the home
range, i.e. all values fall beneath the diagonal. Data points close the diagonal mark cog-
nitive abilities that allow the establishment of highly exclusive ranges. The data from the
four learning models in Experiment 1 are depicted as well as the data from an amount of
memory retrieval N = 3 taken from Experiment 2.

individuals than with two. The overlap with two competitors present in the arena
did not differ significantly from zero (ANOVA: F3,156 = 60.57, p < 0.0001).

4.7.5 Experiment 4: Arena size

Instead of reducing the space available per individual by introducing more indi-
viduals in the environment, the size of the environment was reduced in the exper-
iments. The mean home range and territory sizes dependent on the arena size are
shown in Figure 4.16. The data of grid and graph memory structure were pooled.
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Figure 4.14: Experiment 3. Mean range sizes (± SD, n = 40) dependent on the competitor
number. (a) Home range. (b) Territory. The data of both memory structures are pooled.

If the individuals could only roam in an area of 0.25m2, the mean home range size
was significantly reduced compared to an area of 1m2 (Figure 4.16a; ANOVA:
F2,117 = 5.63, p = 0.0046). The territory size dropped more rapidly, yielding
significantly different mean sizes for all three arena sizes (Figure 4.16b; ANOVA:
F2,117 = 73.03, p < 0.0001). With 0.25m2 available to the four individuals in the
environment, the territory sizes were nearly quartered compared to a square meter
of space available.
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Figure 4.15: Experiment 3. Mean part of time (steps) spent in overlap areas (± SD,
n = 40) dependent on the competitor number. The data of both memory structures are
pooled.

Regarding the overlap between the individuals, the probability of staying in an
area used by more than one individual was significantly increased in the smallest
arena as compared to the other two arena sizes (Figure 4.17; ANOVA: F2,117 =
26.45, p < 0.0001). Note that 0.25m2 approximately matches the size of four
home ranges as established by solitary individuals in an empty arena (compare
Figure 4.14).

4.7.6 Experiment 5: Habitat structuring

In the four different arena layouts tested, the area of the home range did not de-
pend on the memory structure used by the individuals (two-way ANOVA, effect of
memory structure: F1,152 = 1.34, p = 0.2489, and of arena layout: F3,152 = 5.46,
p = 0.0014). In the case of the quadrant layout of the arena, the robots used sig-
nificantly smaller ranges than in the empty and centred layouts (Figure 4.18a). The
mean home range size in the random layout fell between the values of the other lay-
outs and was not significantly different from any of them (ANOVA: F3,156 = 5.48,
p = 0.0013).



84 CHAPTER 4. SPACE USE

0

200

400

600

800

1000

H
o

m
e 

ra
n

g
e 

[c
m

2 ]

(a)

10000 5000 2500
0

200

400

600

800

1000

T
er

ri
to

ry
 [

cm
2 ]

Arena size [cm2]

(b)

Figure 4.16: Experiment 4. Mean range sizes (± SD, n = 40) dependent on arena size.
(a) Home range. (b) Territory. The data of both memory structures are pooled.

The time or steps spent in areas of overlap between the home ranges of the in-
dividuals was smallest in the quadrant layout of the environment, differing signifi-
cantly from the highest overlap found in the random layout (Figure 4.18b, ANOVA:
F3,156 = 3.86, p = 0.0107). The territory size declined significantly in the ran-
dom as compared to the empty and centred layouts, the other means did not differ
significantly (data not shown, ANOVA: F3,156 = 4.62, p = 0.004).

In the quadrant layout, 91.2%± 13.8% of the home range fell in a single quad-
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Figure 4.17: Experiment 4. Mean part of time (steps) spent in overlap areas (± SD,
n = 40) dependent on arena size. The data of both memory structures are pooled.

rant, exceeding significantly the means for the other layouts (Figure 4.19, ANOVA:
F3,156 = 7.81, p < 0.001). There was no difference found between the memory
structures used by the individuals (two-way ANOVA, effect of memory structure:
F1,152 = 0, p = 0.9693, and of arena layout: F3,152 = 7.65, p = 0.0001).

4.7.7 Overview: External factors

In Figure 4.20, the relations between territory and home range sizes in the Exper-
iments 3 to 5 are depicted. Highly exclusive ranges fall close to the diagonal. In
high population densities, i.e. with eight competitors in the large arena, or four
competitors in the smallest arena, the relation vastly deviated from 1. In the other
conditions, the individuals approached a high ratio. Note that a solitary individ-
ual always reaches a ratio of 1 since it cannot have overlapping areas with other
individuals. In the regularly structured quadrant layout, the territories also nearly
reached the size of the home ranges.



86 CHAPTER 4. SPACE USE

0

200

400

600

800

1000

H
o
m

e
ra

n
g
e

[c
m

2
]

(a)

e b s rb
0

0.1

0.2

0.3

0.4

0.5

O
v
e
rl
a
p

(p
ro

b
.
o
f
s
ta

y
in

%
) (b)

[c
m

]
2

Figure 4.18: Experiment 5. (a) Mean home range size (± SD, n = 20) dependent on the
physical structuring of the environment. (b) Mean part of time (or number of steps) spent
in overlap areas (± SD, n = 20). The data of five random obstacle layouts is pooled. The
data of both memory structures are pooled.

4.7.8 Experiment 6: Residents and newcomers

An individual (the newcomer) was introduced in the environment 1000 steps after
the others in the home range of the focal resident. The home range sizes of the
residents grew continuously during the experiment. The development of the new-
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in one of the arena’s quadrants (means ± SD, n = 40). The data of five random obstacle
layouts is pooled. Data for both memory structures pooled.

comer’s home range did not differ from the residents (data not shown). The drift of
the home ranges of the newcomer and focal resident did not differ from the other
residents. The time spent in overlap areas was increased during the first 200 steps
after the introduction of the newcomer (Figure 4.21a).

In the second part of the experiment, the focal resident was first substituted by
a newcomer, and reintroduced in the environment later. As seen above, the home
range sizes and the drift of the home ranges behaved according to the number of
steps accomplished and was not dependent on the treatment. In Figure 4.21b, the
overlap during the whole 3000 steps is depicted. The newcomer and the focal res-
ident are highlighted by red and blue markers, respectively. The newcomer had a
high probability to roam in overlap areas during the first 200 steps after his intro-
duction, and the overlap was increased when the focal resident was reintroduced.
Note that the overlap was also higher during the first 200 steps of each experiment,
i.e. when all individuals were naive.
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4.7.9 Experiment 7: Long-term experiments

The increase of the whole area visited by the robots was observed over 10000 steps.
In Figure 4.22, the overall home range size development in intervals of 1000 steps
is presented for two different amounts of memory retrieval, N = 1 and N = 3.
The home ranges did not reach a maximum size even in 10000 time steps. This
held true for both memory structures as well as the two values of N applied. The
ranges visited if the grid structure was used exceeded the ranges as used applying
the graph memory.
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Figure 4.21: Experiment 6. Part of time (means ± SD, n = 20) spent in an area of overlap
by individuals introduced in the arena at different times. (a) Four individuals established
home ranges during 1000 steps. Afterwards, a newcomer is introduced in the home range
area of a focal resident. (b) Four individuals accomplished 1000 steps. Then, one resident
was substituted by a newcomer. The previously removed focal resident was reintroduced
at its last position after another 1000 steps.

The probability that an individual will stay in previously explored areas was
significantly higher for N = 3 than for N = 1 (Table 4.2; paired t-test: p < 0.0001
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Figure 4.22: Experiment 7. Mean home range size (± SD, n = 20) observed over 10000
steps. (a) Amount of memory retrieval N = 1. (b) N = 3.

for grid and for graph structure). Note that the variance of the probability of stay
also dropped for N = 3 as compared to N = 1. The range used during an interval
of 200 steps initially increased. After 5000 steps, it reached a constant value in all
conditions tested.
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Table 4.2: Experiment 7. Probability (means ± SD) that an individual will revisit previ-
ously explored places during 10000 steps.

Grid structure Graph structure

N = 1 0.88% ± 0.17% 0.88% ± 0.18%
N = 3 0.96% ± 0.04% 0.97% ± 0.08%

4.8 Discussion

4.8.1 Learning rate

In the simulation, the individuals learned about their environment by building up
a spatial representation associated with a notion of the quality of the places, i.e.
the attractiveness of the places (compare Chapter 3; Schmolke and Mallot, 2002b).
The attractiveness value was changed according to the experiences at the place and
could either increase due to repeated positive visits or decrease if a competitor was
encountered (Experiment 1).

Attractiveness decline. The learning rate of competitor encounters had a low
impact on the individuals’ space use. However, if the encounters had no influence
on the attractiveness of places, home range and territory sizes decreased. Thus,
the learning of negative incidents did play an important role in the model while
the learning rate was of low influence. Unknown areas of the environment were
designated with a low attractiveness value. Most encounters with competitors oc-
curred in previously unknown areas. Thus, the initially low attractiveness value
approached zero upon the first encounter independent of the learning rate Rf . The
corresponding place was subsequently avoided. Comparably, in the model pre-
sented by Stamps and Krishnan (1999), a low influence of Rf on home range and
territory size was found.

Stamps and Krishnan (1999) assumed that the division of space develops due
to the avoidance of the interference competition. However, the model might even
apply if only exploitation competition is at work. The presence of another indi-
vidual can be used as marker for reduced resource availability. Hence, the area is
avoided or, in terms of the model, is assigned with a decreased attractiveness. The
interaction itself is not modelled and not essential for the division of space between
the individuals.
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Attractiveness gain. In contrast to the learning rate of negative incidents,
the learning rate of positive incidents has a strong influence on the individuals’
space use. The home ranges of the simulated agents decreased if they learned at
a higher rate. If the attractiveness values remained completely unaltered due to
positive visits (negative model), the ranges were two to three times larger than with
fast learning of positive incidents. In contrast, the area used exclusively remained
mostly stable over different learning rates (Schmolke and Mallot, submitted).

If the influences of competitor encounters were excluded, i.e. the attractiveness
value only changed due to positive visits, similar results were obtained. In this
positive model of learning, the home range and territory sizes were persistently
smaller than in the competitive model. Both positive and competitive learning
model revealed a similar development of the range sizes: decreasing learning rates
resulted in increasing home range sizes and fairly constant territory sizes. Thus,
a higher learning rate (inverse Rp) allowed the individuals to achieve an exclusive
area of similar size with distinctly reduced amount of roaming. The comparison
of the different learning models clarifies the relation between home range size and
territory size (see Figures 4.10 and 4.13). These findings of the simulation are in
accordance with the model analysis of Stamps and Krishnan (1999). They also
described clearly increased range sizes if no learning took place.

Especially with low learning rates (high values of Rp), the space used by sin-
gle individuals was frequently disjoint, i.e. the individuals shifted their space use.
Previously explored areas could become unreachable for an individual if the link
between them and the individual’s current position was designated with attractive-
ness values close to zero. Nevertheless, those areas were not prone to forget, but
remained unaltered in memory. The sequence of events at the places was not stored,
filling the memory with the information independent of the time passed since the
information was obtained.

The effects of learning in the model suggest a fitness gain due to fast learning.
However, a moderate learning rate leads mostly to similar results as a high learning
rate.

4.8.2 Memory retrieval

The agents in the model retrieved different amounts of information from memory
for each decision (Experiment 2). In the lowest amount of memory retrieval, only
the information associated to the places reachable in the next step provided the ba-
sis for the decision. With higher amounts of memory retrieval, the information of
more distant nodes was additionally taken into account. As soon as each decision
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was based on more than the most proximate information, the home ranges drasti-
cally decreased in size. The overlap between the ranges of the competitors nearly
vanished. Inclusion of more memorised information in the decision processes did
not provoke further changes in space use (Schmolke and Mallot, submitted).

The effect of memory retrieval is thus comparable to the effect of learning
rate. In both cases, the space use became more confined with higher information
processing. The alteration is most pronounced if low is compared to medium in-
formation processing. The two cognitive factors could be balanced out (compare
Figure 4.12).

The simulated memory retrieval can be compared to the working memory ca-
pacity of animals. In a model of optimal foraging, Bélisle and Cresswell (1997)
revealed that the capacity of the working memory strongly influenced the foraging
success. In my model, a higher memory retrieval allows the individuals to keep
track of a previously explored area even if they moved out of it recently.

4.8.3 Population density

With an increasing number of competitors, the individuals in the model had diffi-
culties to stabilise areas of high attractiveness (compare Figure 3.8 and 3.9). This
consequence of the model implicitly simulates the decreasing reward of defending
a territory in the presence of an increasing number of competitors. Indeed, the
individuals roaming solitarily in the environment used a more confined area than
individuals in competitive situations. The individuals stabilised their exclusively
used area until the intruder pressure became too high (Experiment 3; Schmolke et
al., 2004; Schmolke and Mallot, submitted). Similar results were also obtained in
the model without spatial memory (Stamps and Krishnan, 1999).

This alteration of space use can be compared to the conditional territoriality in
bellbirds (Craig and Douglas, 1986). However, my simulation does not necessarily
assume competition through interference of the individuals. As discussed above,
encounters with competitors might merely repel the individuals from the corre-
sponding area. This is only possible as long as enough space is available to the
individuals in order to avoid each other. Otherwise, no exclusive areas can be ob-
tained anymore as it is the case in conditional territoriality. In addition, the fidelity
to a confined area is less worthwhile since, for instance, food availability becomes
unpredictable. The larger home ranges may reflect such decreased benefit of site
fidelity.

The increase in population density was also simulated by reducing the available
space (Experiment 4). In this case, the home ranges slightly decreased while the
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territories showed a sharp decline with shrinking size of the environment. Compa-
rably to rising population density due to a higher competitor number, the overlap
between the home ranges increased. Thus, the conclusions drawn from the increas-
ing competitor number also apply for a decreasing arena size. However, in a small
arena, the individuals additionally often approached the arena walls. The avoid-
ance of the competitors was thus aggravated, and the territory sizes even shrank
faster than in larger environments.

4.8.4 Habitat structuring

Due to the explicit modelling of the individuals with their sensors and of the en-
vironment, it was possible to test the influences of the structuring of the physical
environment on the individuals’ space use (Experiment 5). In the environment de-
picted in Figure 4.6c, the robots confined their space use according to regularly
arranged obstacles. The overlap with the competitors’ ranges approached zero
(Schmolke et al., 2004; Schmolke and Mallot, submitted).

The internal representation of the environment allowed the individuals to adjust
their space use according to the physical structuring of the environment. Similar
effects were shown in animal experiments (Eason and Stamps, 1992; Eason et al.,
1999; LaManna and Eason, 2003). However, only landmarks or visual barriers
were provided in the animal experiments while my agents had to face physical
obstacles. In order to test the influence of landmarks, vision and visual memory
should be introduced in my model.

The alignment of territorial boundaries according to external cues allows the
memorisation of the boundary locations by comparably simple rules. No metric
information would have to be included in the internal spatial representation. As
discussed in Section 3.7, a graph-like memory structure would allow the establish-
ment of territories without explicit representation of metric distances. The border
locations of the territories could be recognised by characteristic visual cues or even
due to simple rules (as the encounter of an obstacle), and thus, no metric position
information about the border location has to be memorised. This would reduce
the complexity of the memory. The usage of simple rules for the establishment
of territory borders has been proposed by Mesterton-Gibbons and Adams (2003).
The conventional borders sites do not only demand comparably low information
processing abilities, but also reduce the investment in the establishment and main-
tenence of the boundaries.
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4.8.5 Territory dynamics

The introduction of a newcomer in an environment already inhabited by residents
did not result in distinct disadvantages for the newcomer (Experiment 6). In Euro-
pean robins, a resident advantage could be found in the contest for a patch. Tobias
(1997) removed individuals from their territories for varying periods of time. The
territory was mostly immediately claimed by another bird. The former resident was
able to reclaim its territory if reintroduced after a few days. In my model, both the
newcomer and the resident are able to maintain their ranges. No individual could
actually be driven out of the experimental arena, instead the competitors were able
to avoid each other.

If the simulation was run for a long period, i.e. 10000 steps, the home ranges
of the residents still did not reach a maximum size (Experiment 7). About 12%
of the individuals’ steps were visits to previously unknown areas. With an in-
creased amount of memory retrieval (N = 3), those visits were reduced to less
than 5%. Since unknown areas were associated with an attractiveness above zero,
visits to unknown areas occurred. The results of the long-term experiments suggest
a constant drift of the activity range of the individuals while the range used during
a fixed time interval remained stable. Analysed over the whole experiment, the
home ranges grew constantly. This reflects the information content of the spatial
memory of the individuals since no forgetting has been modelled.

White et al. (1996) presented a model of wolf territoriality including a den site
and border markings as it is the case in wolfs during the breeding of the pubs.
However, if the den site was removed from the model, simulating the winter con-
dition when the young wolfs join the pack, the pack was moving more extensively
through the territory. The buffer zone between the territories of two packs was
more likely to be entered. Thus, a den site is a strong factor in order to prevent the
drift of the activity range. Additionally, landmarks might come into play. As dis-
cussed above, landmarks provide reliable cues for the localisation of the territory
borders. In my experiments, the individuals were not bound to a certain site, and
the territory borders could not be settled according to external cues.
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Chapter 5

Conclusions and outlook

5.1 Conclusions

Territorial behaviour is based on the ability of spatial learning. An individual has
to assess its own position, and associate it with experiences gathered at this place
before. Additionally, it has to learn the relations between places. In order to solve
these problems, animals rely both on measurements of egomotion and on exter-
nal position cues. I introduced a path integration system which can be used as an
estimate of the own position in relation to a starting point. The accuracy of the
system was increased by combining it with a polarisation compass as external ori-
entation measurement. Compass orientation using the polarisation pattern of the
sky or other means are common in animals. The polarisation compass is a solution
applicable to miniature robots due to its low claim in energy supply, number of
sensors, and size.

For the exploration of an area without a defined spatial goal, as it is the case
in territoriality, the information gathered has to be included in a memory structure
wherein the relations of the known places are represented. Such a spatial memory is
usually referred to as cognitive map. I presented two different possible realisations
of a map-like spatial memory. In both memory structures, position information and
non-spatial information was stored. With both memory structures, the individuals
were able to establish territories. The simulation approach allowed the comparison
of the internal state of the individuals with their behaviour. The grid structure
claims a higher memory capacity since the whole available space is represented,
including unknown places. In contrast, only known places appear in the graph
memory which leads to lower computational costs. Though initially designed for
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way-finding tasks, the graph representation is suited as basis for territoriality, and,
additionally, provides the advantage of reduced computational costs as compared
to the grid.

In addition to the two different structures of the spatial memory, the individuals
relied on varying learning rates as well as amounts of information retrieved from
memory for each movement decision. These cognitive factors strongly influenced
the space use of the individuals. Faster learning and higher memory retrieval led to
more compact territories and less overlapping space use of the competitors. How-
ever, this development was not linear, but flattened when reaching high extends.
Thus, as soon as cognitive abilities can sustain a behaviour, they should not be
refined any further in animals. Instead, according to the model, very high cogni-
tive performances claim high computational power, but do not result in a distinctly
improved behavioural performance.

Solitary individuals had more compact territories than individuals in competi-
tive situations. As soon as an individual could establish an area of high attractive-
ness, visits outside this area have a low probability. However, if strongly disturbed
by competitors, i.e. frequent attractiveness reductions, the individuals had to switch
to other areas. In high population densities, this resulted in high overlap areas be-
tween the individuals and small territories. The competition could be tempered by
the introduction of obstacles in the environment that predefined territory bound-
aries. Regularly arranged obstacles that left enough space for the formation of a
territory between them reduced the overlap between the individual ranges. The
individuals tended to stay in the areas predefined by the obstacles.

The model assumes that every patch of the environment yields the same fit-
ness value for the individuals. However, fitness and resources were not explicitely
modelled. Thus, the individuals did not have to cover a minimal area in order to
maintain their energy intake. Fights only are implicitly modelled by the loss of
attractiveness, but do not influence subsequent interactions. The individuals are
assumed to have similar resource holding potentials, resulting in fights between
equal competitors. Stamps and Krishnan (2001) included asymmetric fights in their
model. Highly aggressive individuals were able to claim larger ranges. Nonethe-
less, the basic results of the model were comparable to the results gained with the
assumption of equal competitors.

The inclusion of resource availability and fighting costs would allow to mea-
sure the efficiency of space use directly by the fitness of the individuals. Using
a game-theoretic approach, different strategies of territory establishment could be
introduced in a population. The factors determining a strategy as evolutionary sta-
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ble could thus be derived. Morrell and Kokko (2005) presented a two-dimensional
model of territory formation, and determined evolutionary stable strategies under
different conditions, e.g., varying costs of fights.

The inclusion of forgetting in the simulation would implicate a more parsimo-
nious memory. Places visited at least once are represented in the memory even
if they got out of the reach of the individual. On the other hand, areas labelled
as unattractive due to competitor encounters are lost for the individual forever al-
though the competitor might have left the area.

Nonetheless, I observed steady territory sizes over a wide range of parameters
tested in the model. Opposite to the stability of the exclusively used range, the non-
exclusively used area was strongly affected by internal and external influences. An
increased area of overlap is equivalent to stronger competition and to increased
travel distances due to the growth of the whole range. Hence, the model shows
that simple information processing mechanisms can account for the establishment
and maintenence of efficient space use although the underlying ultimate causes, i.e.
fitness and resource availability, were not modelled.

The model shows that behaviour is strongly influenced by the underlying cog-
nitive abilities. The simulation approach allowed the manipulation of specified
information processing abilities independent of other characteristics of the individ-
uals and the environment. The consideration of such abilities is important in order
to judge optimality of behaviour. It can be neither assumed that animals are able
to assess all information relevant for their decisions nor that they use the infor-
mation available to them completely. Additionally, a high amount of information
used for decisions does not appear to increase the efficiency of behaviour markedly
compared to an intermediate information use.

In summary, the simulation suggests a graph-like spatial memory as basis
of territorial behaviour. The cognitive abilities underlying behaviour should be
expected to be modularly adapted to the animal’s ecological niche. A medium
amount of information processing as needed for the behaviour would thereby be
most favourable in order to save neuronal complexity. The cognitive abilities are
crucial for the understanding of animal behaviour. It cannot be assumed that an-
imals assess or use all information available to them. This holds true from the
sensors to highly abstract cognitive processing. Instead of admitting thoroughly
as much information in their decisions as possible, it might very frequently suffice
for animals to follow more or less simple rules in order to achieve a behaviour that
roughly approaches optimality.
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5.2 Outlook

As I pointed out above, the simulation could be made more realistic by adding
certain aspects. First, the robots in the simulation do not navigate completely au-
tonomously. The combination of a visual system with the presented path integra-
tion system would allow them to built their internal representation exclusively with
information gathered through realistic sensory systems. This includes the detection
of the competitors. The graph formation based on visual homing and metric infor-
mation from path integration presented by Hübner and Mallot (2002) will be used
for such an approach. First tests with this extended simulation were successful.
The autonomous navigation would allows to quantify the influences of imperfect
information on the behaviour. Additionally, whether environmental cues can be
efficiently used as locations of boundaries could be tested more thoroughly.

A second improvement to the model would be the inclusion of a forgetting
function. Forgetting would imply that the sequence of events at a place plays a
role. The attractiveness values of places visited a long time ago would slowly ap-
proach the default attractiveness of unknown places again. In the graph represen-
tation, such places would even be prone to be forgotten completely, i.e. they would
disappear from memory. Forgetting should follow an exponential function (Rubin
and Wenzel, 1996; White, 2002) which would be applied to the attractiveness value
in my simulation. With the forgetting, the individuals would further decrease the
memory claim of the graph representation. Additionally, I would expect that the
individuals show a higher place fidelity since they rely more on recently collected
information at places closer to the current position than information about places
visited long ago.

The encounters between competitors are assumed to end in a draw, i.e. the
individuals all display the same fighting abilities. This is usually not the case in
animals. Thus, as a third point, asymmetrical fights should be included in the
simulation. This would imply that individuals with higher fighting abilities should
gain more space, and “defend” their territory more effectively. In the simulation,
this would mean that their territories are less influenced by competitors, and thus,
the space use of the “stronger” individuals should show a lower drift, or be more
compact, respectively, under the pressure of competitors.

As a fourth point, the inclusion of the individual fitness would allow predic-
tions about the most successful spatial strategies underlying territorial behaviour.
The individuals would loose energy over time, fights would additionally reduce
their strength. In order to compensate this loss, they would have to collect re-
sources. Such resources would be explicitely modelled, and, accordingly, could be
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dispersed variably in the environment. The relation between minimal territory sizes
and population densities would become predictable with the model. The effects of
exploitation and interference competition would become separable by varying the
costs of fights (as compared to the positive and competitive learning model of the
attractiveness in the current version of the simulation; compare Chapter 4). The
performance of cognitive abilities could be rated according to the abilities of the
individuals to establish and maintain exclusive ranges, or by their fitness value.
Including also costs for the cognitive machinery, evolutionary stable strategies of
spatial cognition within territoriality could be determined.
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memory and hippocampal pallium through vertebrate evolution: Insights from
reptiles and teleost fish. Brain Res Bull 57:499–503.

Rossel S, Wehner R, 1986. Polarization vision in bees. Nature 323:128–131.

Rossiter SJ, Jones G, Ransome RD, Barratt EM, 2002. Relatedness structure and
kin-biased foraging in the greater horseshoe bat (Rhinolophus ferrumequinum).
Behav Ecol Sociobiol 51:510–518.

Rubin DC, Wenzel AE, 1996. One hundred years of forgetting: A quantitative
description of retention. Psychol Rev 103:734–750.

Sanada-Morimura S, Minai M, Yokoyama M, Hirota T, Satoh T, Obara Y, 2003.
Encounter-induced hostility to neighbors in the ant Pristomyrmex pungens. Be-
hav Ecol 14:713–718.

Schmolke A, Basten K, Mallot HA, 2004. Effects of intruders and environments on
spatial behavior: a simulation study. In: Dynamic Perception (Ilg UJ, Bülthoff
HH, Mallot HA, eds.). Akad. Verl.-Ges. Aka, Berlin, 39–44.

Schmolke A, Mallot HA, 2002a. Polarisation compass for robot navigation. In:
Fifth German Workshop on Artificial Life (Polani D, Kim J, Martinetz T, eds.).
Akad. Verl.-Ges. Aka, Berlin, 163–167.

Schmolke A, Mallot HA, 2002b. Territory formation in mobile robots. In: Pro-
ceedings of the Eighth International Conference on Artificial Life (Standish RK,
Bedau MA, Abbass HA, eds.). Cambridge, MA: MIT Press, 256–259.

Schmolke A, Mallot HA, submitted. Cognitive ecology of space use: a simulation
study of territoriality.

Schölkopf B, Mallot HA, 1995. View-based cognitive mapping and path planning.
Adapt Behav 3:311–348.



112 BIBLIOGRAPHY

Schultz CB, Crone EE, 2001. Edge-mediated dispersal behavior in a prairie butter-
fly. Ecology 82:1879–1892.

Shettleworth SJ, 2001. Animal cognition and animal behaviour. Anim behav
61:277–286.

Shettleworth SJ, 2003. Memory and hippocampal specialization in food-storing
birds: challenges for research on comparative cognition. Brain Behav Evol
62:108–116.

Sih A, Mateo J, 2001. Punishment and persistence pay: a new model of territory
establishment and space use. Trends Ecol Evol 16:477–479.

Silverman BW, 1986. Density estimation for statistics and data analysis. London,
New York: Chapman & Hall.

Smith AT, Dobson FS, 1994. A technique for evaluation of spatial data using
asymmetric weighted overlap values. Anim Behav 48:1285–1292.

Stamps J, 1994. Territorial behavior: Testing the assumptions. Adv Stud Behav
23:173–232.

Stamps JA, 1995. Motor learning and the value of familiar space. Am Nat 146:41–
58.

Stamps JA, Krishnan VV, 1990. The effect of settlement tactics on territory sizes.
Am Nat 135:527–546.

Stamps JA, Krishnan VV, 1994a. Territory acquisition in lizards: I. first encounters.
Anim Behav 47:1375–1385.

Stamps JA, Krishnan VV, 1994b. Territory acquisition in lizards: II. establishing
social and spatial relationships. Anim Behav 47:1387–1400.

Stamps JA, Krishnan VV, 1995. Territory acquisition in lizards: III. competing for
space. Anim Behav 49:679–693.

Stamps JA, Krishnan VV, 1997. Functions of fights in territory establishment. Am
Nat 150:393–405.

Stamps JA, Krishnan VV, 1998. Territory acquisition in lizards. IV. obtaining high
status and exclusive home ranges. Anim Behav 55:461–472.



BIBLIOGRAPHY 113

Stamps JA, Krishnan VV, 1999. A learning-based model of territory establishment.
Q Rev Biol 74:291–318.

Stamps JA, Krishnan VV, 2001. How territorial animals compete for divisible
space: A learning-based model with unequal competitors. Am Nat 157:154–
169.

Temeles EJ, 1994. The role of neighbours in territorial systems: when are they
’dear enemies’? Anim Behav 47:339–350.

Thrun S, 1998. Learning metric-topological maps for indoor mobile robot naviga-
tion. Artif Intell 99:21–71.

Thrun S, Bücken A, 1996. Integrating grid-based and topological maps for mo-
bile robot navigation. In: Proceedings of the Thirteenth National Conference
on Artificial Intelligence, AAAI, Portland, Oregon. AAAI Press, Menlo Park,
California USA, 944–950.

Tobias J, 1997. Asymmetric territorial contests in the European robin: the role of
settlement costs. Anim Behav 54:9–21.

Tolman EC, 1948. Cognitive maps in rats and men. Psychol Rev 55:189–208.

Trullier O, Wiener SI, Berthoz A, Meyer JA, 1997. Biologically based artificial
navigation systems: review and prospects. Prog Neurobiol 51:483–544.

Webb B, 2000. What does robotics offer animal behaviour? Anim Behav 60:545–
558.

Wehner R, 1982. Himmelsnavigation bei Insekten. Neurophysiologie und Verhal-
ten. Naturforsch Ges Zürich.
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Appendix A

Implementation details

A.1 Territory behaviour

In the following, I introduce the main classes of the territorial behaviour. I provide
a short description of the tasks each class fulfils and mention the most important
functions of the classes. I explicitely state if a class does not apply for both the real
and the simulated robots.

A.1.1 Attractiveness

Calculation of the attractiveness value applying Equation 3.1 within the function
new attract. Constants of the equation are read from the initialisation file.

A.1.2 Occupancy

Calculation of the occupancy probability of the grid. From the current sensor data,
the grid range covered by the sensors is derived. This sub-grid is merged with
the global occupancy grid. The positions of the infrared sensors relative to the
robot’s centre are provided. The sensor model as introduced in Section 3.5.2 is
implemented here. The cell spacing of the occupancy grid is predefined.

Functions:

actual submap Builds a small occupancy grid from the current infrared sensor
data. The returned occupancy grid is aligned with the global occupancy grid
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and centred around the cell in which the robot is currently positioned.

merge submaps Merges the sub-map gained by the previous function with the
corresponding section of the global occupancy grid. The occupancy values
in each cell are calculated using Equation 3.4 as implemented in the follow-
ing function.

new cell value Incremental calculation of the occupancy probability given two
estimates (compare Equation 3.4).

calc overlap Calculates the overlap between each grid cell and the free or occu-
pied area, respectively, as derived from the sensor data (compare Section
3.5.2 and Figure 3.2).

get sensorRect Calculation of the area that is detected as free or occupied, respec-
tively, by each sensor.

A.1.3 BaseMap

Spatial memory structure. This is the base class for the two memory structures
applied, the graph (TerritoryGraph) and the grid (TerritoryGrid). The updates
of the memory as well as the choice of the next destination are implemented here.

Functions (virtual in BaseMap):

save map Writing the whole structure to a file.

read map Reading the memory from file.

update map Updating the memory by current local data. This includes the posi-
tion, the attractiveness of the current place, the information about obstacles
(the occupancy of the surrounding in case the grid is used) and the presence
of competitors.

nextNode Decision for the destination of the subsequent step.
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Additional functions in TerritoryGraph:

TerritoryGraph uses the class MetricGraph which stores the connections between
the nodes.

catchment area Checks if the robot has entered the catchment area of a node.

goto heading Retrieves the nodes from memory that belong to the N -neighbour-
hood of the current node. The attractiveness panorama is assembled using
the following function. From the panorama, a movement direction is chosen
stochastically.

attractPanorama Builds the attractiveness panorama according to the attractive-
ness values and distances of the nodes in the N -neighbourhood (compare
Section 3.5.2 and Equation 3.5).

obstacle edges Determines the position of obstacles in relation to the robot. In
case an obstacle is close-by, the current node labelled as explicitely uncon-
nected to the nodes behind the obstacle (“non-edges” in the graph, compare
Section 3.5.2).

add node to Matrix A new node is added to the graph if a previously unknown
place is visited. The nodes and connections between them are stored in Met-
ricGraph.

Additional functions in TerritoryGrid:

heritedAttractiveness Calculation of the directional attractiveness according to
the N -neighbourhood (compare section 3.5.2).

get submap Retrieves the section of the occupancy grid that currently corresponds
the to infrared sensor range. This sub-grid is merged with the current grid as
calculated from the sensor data, see Occupancy:merge submaps.

write submap Changes the occupancy values as stored in the global grid accord-
ing to the updated sub-grid.
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A.1.4 TerritoryNode

An instance of this class provides the memory container that is connected to each
node in the graph structure or cell in the grid. The following data is stored: po-
sition, occupancy probability (for the grid), attractiveness value, infrared sensor
data, number of positive and negative visits. All functions of this class either set or
retrieve these data.

A.1.5 FileMan

This class handles the data storage in files and the loading of files in case a robot
is revived from a previous session. While the memory is only written to file after
a predefined number of steps (write file), the current robot’s position is written
to file after each step (savePosition). The file names include the number of steps
accomplished, the number of the robot and the type (*.map for the memory content,
*.pos for the robot’s positions).

A.1.6 TerritoryBehave and SimBehave

These classes control the single robots, i.e. for each robot, an instance of the classes
is provided. TerritoryBehave is used for the real Khepera robots while SimBe-
have controls the simulated robots.

Functions:

move / get destination Retrieves the destination of the next step from BaseMap
and controls the robot’s movement to this location.

updates Retrieval of all available information after each step. This information
changes the memory content via the classes introduced above.

A.1.7 TerritoryControl

This class controls all real Khepera robots and the tracking system. The user inter-
face to this control class is provided by GuiTerritory. The image as captured by
the tracking camera is shown on the graphical user interface. The bottoms change
a state variable that is scanned by the control class after each step.
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A.1.8 sim

This is the heart of the Khepera simulation. The class controls all robots as Territo-
ryControl and provides the user interface. Additionally, it initialises the simulated
environment. It provides the interface between the robots and their environment.

A.2 Control of the real Khepera robots

A.2.1 ComHand

Control of a robot and the tracking system. Since the robots are contacted via
the radio module, transmissions occasionally fail. This class is designed to bridge
transmission problems. Only if the communication fails several times in a row,
the robot is assumed to be unreachable. Comparably, the tracking of a robot is
repeated several times if it fails. For each robot in use, an instance of ComHand
is produced. The robot identity is adjusted in TKhepera (see below). The classes
introduced here were also used for the evaluation of the polarisation compass.

Functions:

move Command to the robot to move forward or backward for a defined distance.

rotate Command to the robot to rotate by a defined angle.

stop Any movement of the robot is interrupted.

reached Checks if the robot reached its position.

set speed profile Determines the maximum speed the robot will reach during
translations and the acceleration.

motor position Reads out the motor counters of the robot.

reset motor counters Resets the counters of the robot’s step motors.

read IR Reads out the data of the active infrared sensing.

read ambient IR Reads out the ambient infrared light as measured by the infrared
sensors.
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read cam Reads out the data of the linear camera device.

read analysers Reads out the data of the polarisation sensors.

set LED Switches the LEDs on or off. The LEDs are the signals used by the
tracking system to detect the robot’s position and heading. Only one robot
can be detected at a time, thus, the LEDs have to be switched off after the
tracking of one robot.

walk to The call combines a rotation and a translation command that will steer
the robot to a defined goal position.

track position / get tracker pos Retrieve the robot’s arena position from the track-
ing system.

get averaged tracker pos Averages the robot’s arena position over several mea-
surements. This allows a more precise position measurement.

reset com counter The failed communications with the robot are counted and
communication is given up if this counter reaches a defined threshold value.
This function resets the counter.

reset tracker counter The number of unsuccessful tracking attempts are reset to
zero.

A.2.2 TKhepera

Interface to the Khepera robots. Functions for the Khepera control as listed in the
manual are provided. Most functions are reimplemented in ComHand. For the
territorial behaviour, it is important to communicate with a defined robot. This is
achieved by adjusting the robot identity in each function call. The current robot ID
is set with the function activate robot.

A.2.3 TEnv

This class exclusively triggers the tracking of the robot using the function search ro-
bot. The class ImgCapture2 reads out the camera image while CalTracking
calculates the robot’s position by detecting the LEDs in the image. The image
distortion is corrected.
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A.3 Simulation environment

The code of the simulation environment is adapted from the Khepera simulator as
provided by Olivier Michel (compare 3.5.1). The code is not written in C++ as the
rest, but in C. I will list the functions that are important for the territorial behaviour
and altered (or added) accordingly.

A.3.1 sim

This subsumes the overall control of the simulation and the main function (see
above).

Functions:

OpenProgram Initialisation of the environment with the robots as well as the
graphical user interface. Links to SimBehave in order to retrieve the param-
eters from the initialisation files.

main Note that only the options STEP ROBOT and RUN ROBOT are linked to
the territorial behaviour. All settings of the environment and the robots are
defined before program start in the initialisation files as described below.

A.3.2 robot

This file includes all the functions and variables that are needed to define and run
a single robot.

Functions:

CreateRobot Produces a struct that defines a robot.

IRSensorDistanceValue Calculates the responses of the infrared sensors by using
the information of obstacle location from the environment (world) and the
infrared sensor model as described in Section 3.5.1.
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A.3.3 multirobots

Subsumption of all robots. The sequential access to the robots is controlled as well
as their mutual influences.

Functions:

CreateMultiRobots Produces a struct that subsumes all robots that are currently
running in the arena.

MultiInitSensors Controls the infrared sensors of all robots including potential
mutual influences between the robots.

MultiRobotRun Controls the movements of all robots. Each robot accomplishes
a full step; the robots are executed one after the other.

RobotDetection Checks if another robot is closer than 15cm to the robot currently
in focus.

A.3.4 world

Definition of the environment with the obstacles. It provides the interface to the
robots in order to calculate their sensor responses.

Functions:

CreateObject Produces a struct that defines a single obstacle.

CreateEmptyWorld Creates the arena bare of any obstacles (even the walls).

ReadWorldFromFile Reads the world file and sets the obstacles accordingly.

getEdges Calculates the edges of an obstacle. This function is essential for the
determination of the robots’ infrared sensor response.

A.3.5 graphics

In this file, all functions related to the graphical user interface are subsumed. I
added the function DrawMultiLittleRobots which draws the robots on the graph-
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ical user interface. The robots are provided with a yellow number each that reflects
their identity number. The other functions are mostly originally taken form the
Khepera simulator.

A.4 Initialisation files

On program start, an initialisation file is read in. This file defines the variables
of the experiment that apply for all robots at a time. Additionally, it contains the
names of the initialisation files as used for each robot. This allows different settings
for the robots. The initialisation files are written im XML and the classes veXml
and veStrUtils are used to extract the data.

A.4.1 Global initialisation file

Parameters:

fileName Name of the result files. Robot number, step number and a file name
extension is appended to this file name (compare FileMan).

worldName Name of the file that defines the arena layout, i.e. the number and
positions of the obstacles. This parameter does not apply if the real robots
are used.

tracker Determines if the tracker is used for the position information in the real
robots. This variable does not apply if the simulated robots are used.

robotNum Number of robots.

contSession If this parameter is set to 1, a previous session is restarted. Set the
parameter to zero to start a completely new session.

prevRobots If contSession is set to 1, this parameter defines the number of robots
in the previous session. It is possible to reload less robots than were running
in the previous session. This parameter does not apply if contSession is set
to 0.

steps Number of steps that will be accomplished in the session. The session is
interrupted automatically as soon as the steps are accomplished.
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interval Defines the number of steps during an interval. After each interval, all
data is saved automatically and the session is continued. Note that steps
should be dividable by interval.

StartPosition Array of position data composed of the x and y coordinate in mm
of the start position and the heading in degree. There have to be provided as
many positions as robots started. This parameter does not apply for the real
robots.

map Name of the initialisation file for a single robot. For each robot, one file name
has to be given.

calfile / imgfile Name of the calibration files for the tracking system. These pa-
rameters do not apply if the simulation environment is used.

iniK Name of the files containing the calibration data for each robot as gained by
the UMBmark method and the optimisation of the polarisation sensors (com-
pare Section 2.2.3 and 2.3). This parameter does not apply if the simulation
environment is used.

A.4.2 Individual initialisation files

For each robot, an individual initialisation file is defined. The names of these files
are listed in maps of the global initialisation file.

Parameters:

map Identification number of the memory structure that will be used; 1 marks the
grid, 2 the graph structure.

node length Amount of memory retrieval. The number denotes the N -neighbour-
hood applied (compare Section 3.5.3).

Rp / Rf / Pmax / Fmax Parameters of Equation 3.1.

defaultAttract Attractiveness value of unknown places.

gridSize Number of cells in one row of the grid structure.
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cellSize Edge length in cm of a single cell in the grid structure.

min / max Minimal and maximal step length in cm if the graph structure is used.
If the step length should be constant as in the presented experiments, both
values are set equally.

radius Radius in cm of the catchment area of a node in the graph structure (com-
pare Section 3.5.2).

accuracy Sample separation in degree of the attractiveness panorama (compare
Section 3.5.3).
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