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Video also at:
http://www.youtube.com/watch?v=Sp8tLPDMUyqg









I Understanding

I swarm behaviour

* individual-based model developed by Craig
I Reynolds (1986)

* “Boids” (elementary “animals’):
- they react only to their local neighbourhood
- neighbourhood characterised by distance & angle
- they follow 3 simple behaviour rules
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A Boid’s Separation Alignment Cohesion
neighbourhood steer to avoid crowding steer towards the steer to move toward
local flockmates average heading the average position

of local flockmates of local flockmates



I Modelling swarm behaviour

Watch the video from Craig Reynold’s Website
I http://www.red3d.com/cwr/boids/

Observe the behaviour of the swarm
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I Emergent behaviour in swarms

* “chaotic” behaviour
- wild behaviour
- splitting groups
* splitting around obstacles and reuniting

I * orderly behaviour

Modifications (these rules get low priority):
* predictive obstacle avoidance
* goal seeking
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Interaction ruling animal collective behavior depends
on topological rather than metric distance: Evidence
from a field study
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MNumerical models indicate that collective animal behavior may ke Me'tric d iStan ce" :

emerge from simple local rules of interaction among the individ-
uals. However, very little is known about the nature of such

interaction, so that models and theories mostly rely on aprioristic Wh at We u S u al Iy

assumptions. By reconstructing the three-dimensional positions of
individual birds in airborne flocks of a few thousand members, we

show that the interaction does not depend on the metric distance, u n d e rStan d aS d iStan Ce

as most current models and theories assume, but rather on the
topological distance. In fact, we discovered that each bird interacts

on average with a fixed number of neighbors (six to seven), rather 1 T I 1 I d 1 't 7
than with all neighbors within a fixed metric distance. We argue 0 O 0 Ica IS an ce
that a topological interaction is indispensable to maintain a flock’s

cohesion against the large density changes caused by external be'tween tWO birds:

perturbations, typically predation. We support this hypothesis by
numerical simulations, showing that a topological interaction

ir;:tisiign:ﬁi;i::;t:ﬂ:lriah:;:j:hesinn of the aggregation compared HOW many Other birds are
between them?

#F ollective behavior of large aggregations of animals is a truly




Real birds

Ballerini et al. (2008):
* Observed starlings
INn Rome with stereo
camera and had
computer calculate
positions of all birds

=> each bird always
reacts to 6-/
nearest neighbours,
Independent of their
(metric) distance




Does it make a difference?

Models using metric aﬁﬂ:;? ‘ o
versus topological v ay
distance: N

* With metric b e
distance, flock i e § § m ey
disintegrates when -5 X
attacked (a, b) S
(stragglers are lost) °* ) e

* with topological L Il
dIStance, ﬂOCk h 1 ‘.!llll!?ﬁ‘ﬁ; ] ;-I1.;"=_"??,-. 3 161172

usually remains
connected (c)

number of connected components after the attack

Ballerini et al. (2008)



http://dx.doi.org/10.1073/pnas.1007102108
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Although it has been suggested that large animal groups should
make better decisions than smaller groups, there are few empirical
demonstrations of this phenomenon and still fewer explanations
of the how these improvements may be made. Here we show that
both speed and accuracy of decision making increase with group
size in fish shoals under predation threat. We examined two
plausible mechanisms for this improvement: first, that groups are
guided by a small proportion of high-quality decision makers and,
second, that group members use self-organized division of vigi-
lance. Repeated testing of individuals showed no evidence of
different decision-making abilities between individual fish. In-
stead, we suggest that shoals achieve greater decision-making
efficiencies through division of labor combined with social in-
formation transfer. Our results should prompt reconsideration of
how we view cooperation in animal groups with fluid membership.

swarm intelligence | collective decslon-making | soclality

their own as well as in groups of different sizes under simulated
predation nsk, predicting that, because ammals should optimize
both speed and accuracy in their decision-making process, larger
groups would make faster as well as more accurate decisions
than smaller groups or singletons,

Results
In a simple decision-making task (Fig. 1), solitary fish performed
relatively poorly, avoiding a replica predator in 60 of 108 trials
(35.6%). The proportion of fish making an accurate decision
mnereased with group size with focal individuals in groups of 8 fish
and of 16 fish being significantly more likely to make accurate
decisions (Le., o avoid the replica predator) than solitary ones
{(binomial test: group of 8, P = 0L02; group of 16, P = (L0O2;
Fig. 24).

The theoretical “perfect many eves” case, where the proba-
bility of all mdmviduals avording the predator i1s equal to that ol
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Experiment with humans

Experiment by a German TV Science
Programme:

http://www.wdr.de/tv/quarks/sendungsbeitraege
[2007/0410/002_schwarm.jsp

* 300 volunteers

* Rule: keep at arm's length to neighbours,
and don't say anything

 Swarm behaviour

* 50 can steer the whole swarm



Mass panics and what to do
about them

15/8/1989 Hillsborough: 96 dead, 766 injured

12/1/2006 Mecca: 362 dead,;
3 million pilgrims within 24 hours

24/7/2010 Duisburg, Loveparade: 21 dead,
>500 Injured, ca. 485000 participants

Video (German): Research on panic in Mecca
http://www.wdr.de/tv/quarks/sendungsbeitraege
[2007/0410/001_schwarm.|sp






Termite mounds

Building the Queen' Chamber



An evolutionary thought

Classically, aggregation has been viewed as an
evolutionarily advantageous state (...) Complexity
theory indicates that large populations of units can
self-organize into aggregations that generate
pattern, store information, and engage in collective
decision-making. This begs the question, are all
emergent properties of animal aggregations
functional or are some simply pattern?

Julia Parrish, Leah Edelstein-Kashet (1999):
Complexity, Pattern, and Evolutionary Trade-Offs In
Animal Aggregation, Science 284 (5411); 99—101



Patterns in Nature
Outline

1. Introduction

2. Waves and oscillations
3. Reqularity and chaos
4. Animal cooperation

5. Spatial patterns o & 7 =
6. Aggregation and growth processes
/. Cellular automata
8. Fractals s,
9. Miscellaneous topics ¢4 .t
10. Concluding session = oGS =
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