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1 Introduction

With swarm robotics relying heavily on local inter-
action it is important for the agents in the swarm to
communicate suitable information. Individual agents
are often inexpensive and may thus have limited in-
dividual capabilities, but, given a sufficient number
of agents and efficient communication, the collective
can perform complex actions at swarm level.

Many swarm approaches are based on self-
organisation methods, which are usually inspired by
nature (e.g. social insects [2]), for details see [5]. Our
research is based on spatially self-organised natural
phenomena, known from animal skin pattern forma-
tion [1]. These phenomena can be modelled by Reac-
tion Diffusion systems that are known to produce the
so-called Turing Patterns. We show here that these
patterns are not restricted to physical and biological
systems, but can also be used to shape the global
structure of a robot swarm in a controllable manner.

2 Turing Patterns in Swarms

Swarm robotics relies upon local interaction for the
swarm to interact within itself as well as with the en-
vironment. It has been recently reported that with
the increase of the swarm size, error cascades can oc-
cur if information is communicated explicitly within
the swarm [3]. A swarm may thus benefit from a
communication scheme that is based on intrinsic in-
formation rather than on explicit information across
the swarm. The distributed information is not avail-
able to each agent at any time, but will serve to guide
the collective in a desired manner.

Reaction Diffusion (RD) systems describe the
changes of measured concentrations of species in
space over time, given how the components react with
each other and that they will diffuse. Usually one
species acts as an activator, u, and the other as an
inhibitor, v. Our RD system is given by two coupled

partial differential equations with the reaction terms
being based on the Fitzhugh-Nagamo equations. The
advantage of the RD system is that the diffusive as-
pect uses the second derivative meaning directionality
is not required for the system.

If the system is setup so that the inhibitor is van-
ishing quicker than the activator, then patterns shall
emerge, commonly known as Turing Patterns [8]. It
has been shown that Turing Patterns can be cre-
ated in physical agents [4], specifically in simulated
Kilobots [7] (including initial random spatial distri-
bution), and the next step is to attain a grounded
understanding of the dynamics to allow for control
by the swarm. We show some simple examples of
parameter changes that allows for this.

3 Results

Stationary. The following results are for a station-
ary simulated Kilobot Swarm, see Fig. 1, using AR-
GoS [6], varying the diffusion constant of the acti-
vator and its self-interaction parameter slowly over
time, see Fig. 2.

The swarm can attain different patterns, spots,
stripes and inverted spots, given the parameters. We
also show that the swarm, even with message loss, can
change between patterns during the same simulation.

Figure 1: The Kilobot and it’s simulated counterpart
in ARGoS, and the grid setup used for the stationary
initial results.
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Figure 2: The top row shows the effects on the pat-
tern as the activator’s diffusion constant, Du, in-
creases over time. The bottom shows the pattern
changes as λ, activator’s self-interaction parameter,
increases over time.

Non-Stationary. Unlike previous work mentioned
so far, this set of results is if the RD system is con-
tinuing while the swarm is in motion. A simulator
was created, using LiquidFun (google.github.io/
liquidfun/) for the particle physics, to speed the
experimental process at this stage. The motion is
replicated to be similar to a Kilobot, forwards or
semi-circle movements, and can sense in the same
manner as the Kilobot. For this, however, there is
nothing that the agents can sense, so their motions
are entirely dependent on their activator’s concentra-
tion values. This set of agents, unlike the Kilobots,
have perfect communication.

Fig. 3 shows the preliminary result of setting two
different values for diffusion constant of the activa-
tor.By setting only this parameter the swarm, while
in motion, can form these patterns not only in their
imagined space, but also in the physical space as well.
The spots are easier to maintain, and even the agents
change over time of who is the active parts of the
pattern, the pattern itself deviates very little. The
stripes on the other hand are less stable and requires,
as seen in Fig. 3, the agents to be in closer proximity a

lot longer. The stripes when formed are not stable for
long, but this can be corrected, or at least maintain
stability for longer, by changing the velocity rules of
the agent.

Figure 3: The left shows a swarm, of 500 agents with
Du = 0.3, forming spot patterns. The right is of
a smaller swarm, 300 agents, with higher diffusivity,
Du = 0.63 forming stripes. The arena for the simu-
lation on the right is smaller than that on the left.

4 Conclusion

Agents in a swarm receive a considerable amount of
information regarding the collective and the environ-
ment through local interactions. Therefore, models
that describe spatial self-organisation in nature are
interesting in the context of robot swarm applica-
tions. Not only is it possible to have the swarm re-
alise the desired pattern through parameter choice,
but also to switch between these patterns as part of
the problem solving capabilities of the swarm. It has
also been demonstrated that these patterns can be
achieved with the swarm moving with each agent de-
ciding its motion only based on its concentration of
the activator, though at the moment it is unstable for
stripe-like patterns to be maintained for long. Future
work will include further research into the relation be-
tween the underlying RD dynamics and the function
of heterogeneous swarms.
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