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Morphogenesis in robot swarms
I. Slavkov1,2*, D. Carrillo-Zapata3,4,5*, N. Carranza1,2, X. Diego1,2,6, F. Jansson7,8, J. Kaandorp8,
S. Hauert3,5, J. Sharpe1,2,6,9†

Morphogenesis allows millions of cells to self-organize into intricate structures with a wide variety of functional
shapes during embryonic development. This process emerges from local interactions of cells under the control
of gene circuits that are identical in every cell, robust to intrinsic noise, and adaptable to changing environments.
Constructing human technology with these properties presents an important opportunity in swarm robotic appli-
cations ranging from construction to exploration. Morphogenesis in nature may use two different approaches: hi-
erarchical, top-down control or spontaneously self-organizing dynamics such as reaction-diffusion Turing patterns.
Here, we provide a demonstration of purely self-organizing behaviors to create emergent morphologies in large
swarms of real robots. The robots achieve this collective organization without any self-localization and instead rely
entirely on local interactions with neighbors. Results show swarms of 300 robots that self-construct organic and
adaptable shapes that are robust to damage. This is a step toward the emergence of functional shape formation
in robot swarms following principles of self-organized morphogenetic engineering.
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INTRODUCTION
Whereas human technology is typically constructed by an external
builder (humans or robots), most spatially organized biological sys-
tems dynamically create their own physical shapes. This process of
shape formation is called morphogenesis, and it occurs in a distributed,
self-organized, and emergent manner. For example, collectives of in-
sects, such as ants, construct bridges to traverse terrains (Fig. 1A, i).
Organisms such as slime mold and bacteria create colonies with reg-
ular spatial geometries to optimize nutrient transport and consumption
(Fig. 1A, ii and iii).Multicellular organisms provide themost impressive
example of morphogenesis, where massive collections of cells combine
and actively collaborate during embryo development to build complex
tissues and organs (Fig. 1A, iv). Having a functional shape and organi-
zation is important for survival because it allows organisms to inhabit
certain ecological niches and thrive in given environments.

Two broad principles of spatial patterning exist in biological mor-
phogenetic systems (1). Segmentation of the Drosophila embryo is a
paradigmatic example of the first principle, in which each segment is
genetically controlled individually (2), whereas the patterning of
mouse digits is an example of the second principle, where each digit
is a repetition of the same local process (3).

1) Top-down control. In some tissues, cells first access information
about their location and then make cell fate choices according to this
positional information (4). The control system is distributed—all cells
have the same regulatory circuits or genetic program—but the positional
information is achieved by means of an effective coordinate system,
whichmaybe created bymolecular gradients or othermechanisms (5, 6).

2) Local self-organization. As an alternative to positional in-
formation, spatial patterning may be controlled by purely local self-
organization—spontaneous symmetry breaking processes, such as
chemical reaction-diffusion (RD) systems (7). Themathematics of such
processes [such as Turing patterns (8)] has been extensively studied
over the past half century (9). These processes can only produce rela-
tively simple periodic patterns, but they do so without the cells requir-
ing access to any positional information and, because of their reliance
on feedback mechanisms, are very robust to noise.

The recent new field of morphogenetic engineering introduces the
principles of natural morphogenesis into human-engineered systems
(10). More specifically, it uses the distributed control paradigm of
developing tissues to program the generation of structures that both
are robust and show predictable behavior. Ideally, such systems
should display a high degree of autonomy, self-regulation, and some
degree of active self-repair or regeneration in the case of damage. In
the area of swarm robotics, where the swarm consists of simple iden-
tical robots, a key challenge is to design control algorithms for achiev-
ing complex behaviors and shapes based on robots interacting only
with their local environment and their neighbors. Swarmmorphogen-
esis might be achieved by the above principle 1 or 2 or a combination of
the two. Top-down approaches (principle 1) could have the advantage
of creating any arbitrary shape, whereas the self-organized approaches
(principle 2), although more limited in the patterns they can create,
would have the advantage of being emergent, naturally scalable, robust
to failure of individual agents, and flexible, i.e., exhibiting the type of
swarm intelligence seen in natural swarms (11).

Potential applications of such morphogenetic approaches in swarm
engineering are numerous: self-constructing buildings that naturally ad-
just their structure to the geometry of their location, reconfigurable ro-
bots that adapt their shape for different tasks, and self-organized swarms
(12) for mapping or search and environmental monitoring. Nanome-
dicine could also benefit fromhaving self-organizing swarms of nano-
particles for more efficient drug targeting and delivery (13). Ultimately,
machines functioning in this way could achieve dynamically changing
physical structures—programmablematter (14, 15)—and hence would
open up a whole new world of machinery.

The problem of controlling the configuration of a group of robots
has been receiving increasing interest, although mostly in theoretical
studies based on simulations rather than real robot swarms. Target
behaviors for the swarm have included collective navigation and flock-
ing, trail formation, seizing and enclosing a target, and gap crossing
but rarely focused on controlling the shape of the swarm per se. Con-
trol systems have included rule-based schemes (16–18), density-based
schemes (19, 20), or attraction/repulsion based on simple signals or
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Fig. 1. Morphogenesis in natural systems. (A) (i) Fire ants constructing bridges. (ii) Bacterial colony structures formed by swarming. (iii) Slime mold network for
optimal nutrient transport. (iv) Lungs consisting of a large network of alveoli for respiration. (B) GRN as the underlying mechanism behind patterning and morpho-
genesis processes in real tissues (e.g., heart valve) or robot swarms. (i) Each individual cell has an identical GRN, and cells communicate by secreting morphogens or
direct cell-to-cell communication. A multicellular tissue consists of many cells that are interconnected and communicate with each other, thus allowing for coordinated
tissue behavior. (ii) Robots emulate this behavior by running the same GRN and communicate with each other by sending messages about their GRN state. (C) (i) Turing
patterns in different biological organisms: zebra, giraffe, seashell, and butterfly. (ii) Different types of Turing patterns on fish skin.
Slavkov et al., Sci. Robot. 3, eaau9178 (2018) 19 December 2018 2 of 16
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gradients (21–29) or have used more complicated interactions be-
tween signals, such as RD systems (30, 31), gene regulatory networks
(GRNs) (32–35), and swarm chemistry (36) [for a more extensive re-
view, see (37)].

However, most previous work required precise motion or sens-
ing abilities such as measuring angles to neighbors. Furthermore,
when adaptability to different scenarios was tested with real robots
(16–18, 22, 28, 30, 32, 33), no more than 30 agents were used. In
particular, properties such as self-healing of swarmmorphologies have
mostly been tested in simulations (20, 24, 31–33, 36), with some ex-
ceptions (16). Because validation has been mainly simulation based,
or using few real robots, it is unclear whether self-organized morpho-
genesis algorithms proposed so far would cross the reality gap and
scale up in a large swarm of simple, noisy robots.

A significant breakthrough in the field of swarm robotics wasmade
byRubenstein et al. (38) when they created the kilobot, aminimal, low-
cost robot designed to enable swarm experiments in large numbers.
Two years later, they specifically demonstrated the shape formation
capabilities of this robotic platform (39), in which a swarm of 1024
robots successfully arranged itself into predefined morphologies, such
as a starfish shape, in a decentralized manner. This impressive result
was achieved with only local communication between neighboring ro-
bots. However, it depended on the hierarchical control principle
mentioned above (principle 1)—each robot had an explicit image of
the final shape that should be created, and every robot had access to
a coordinate system constructed by the kilobots themselves, such that
each robot knew its relative position within the swarm. The shapes
were thus not fully emergent (principle 2 above), placing limitations
on their ability to be adaptable, scalable, and robust. A more recent
study from the same group extended the approach to create swarm
shapes by “disassembly” of the swarmusing a light attraction/repulsion
system (40), but it still relied on the same top-down approach.

Here, we chose a specific biological inspiration to address the pro-
blemof shape formation, namely, spontaneous self-organized pattern-
ing (principle 2) that occurs in some examples of multicellular tissue
development. Although the many cells in a tissue do different things
(e.g., becoming different cell types or migrating in different directions),
they all contain the sameGRN—the same genomic “program” (Fig. 1B,
i and ii). Biological cells continually sense their neighborhood and
communicate with other cells with the help of signaling molecules,
thus creating an interconnected network. The design of the GRN leads
to spatially nonuniform patterns of gene activity in which different
genes are activated in different cells in a coordinatedmanner. Thesemo-
lecular patterns are then responsible for directing secondary processes—
coordinated cell movement (migration), tissue proliferation (cell rep-
lication), or apoptosis (cell death)—that physically shape the tissue.
Because our individual robots cannot replicate, our goal here was to
implement swarm morphogenesis based only on cell movements
(migration), which is known to drive a number of well-studied devel-
opmental cases, for example, gastrulation.

The key goal was to achieve simple biologically inspired morphol-
ogies by purely emergent self-organized morphogenesis (approach 2).
This would allow morphogenesis without the robots needing to de-
termine their locations, thus showing a higher degree of adaptability
and robustness. Drawing directly on inspiration from developmental
systems, we chose to use RDcircuits and, in particular, Turing systems,
because they have recently been shown to underlie a number of devel-
opmental models (Fig. 1C, i) (41–43). RD circuits describe a system of
interactingmolecular species (such as diffusible proteins encoded by the
Slavkov et al., Sci. Robot. 3, eaau9178 (2018) 19 December 2018
gene circuit) that can encode a genuinely symmetry-breaking reaction
that produces spatial patterns of spots or stripes (Fig. 1C, ii). Although
such patterns are limited to periodic arrangements, in nature, they have
led to morphologies with a variety of useful functions. Their lack of
dependence on positional information removes the potential errors that
such self-localization mechanisms would experience. Furthermore, we
explored whether feedback could be observed between patterning and
tissue movement. In other words, could examples be found in which
robot movements would be driven by the “molecular” pattern, but
where the consequent alterations in swarm shape would also feed back
to alter the pattern? This is a studied phenomenon in development,
known as morphodynamic patterning (44, 45), and believed to provide
intrinsic adaptability and self-repairing behavior. These results were
achieved in a real but very simple swarm technology, in which the
shape-forming behavior of the collective swarmwas reliable, even when
the behavior of the individual robots was relatively unreliable, thus re-
quiring the collective whole to be greater than the sum of its parts.
RESULTS
The swarm robotic platform that we used for our work is the kilobot
(38). Kilobots are minimal robots designed to enable swarm
experiments in large numbers. Three main functionalities were used:
movement, robot-to-robot communication, and a multicolor light-
emitting diode (LED) for experimentalmonitoring (Fig. 2A). In kilobots,
locomotion is achieved by two motors that generate vibrations for
the legs, resulting in nonholonomic movement with a large amount
of noise. Communication is performed by passing infrared messages
and is limited in range (see Materials and Methods for more details).
Noisy distance measurements to neighbors can directly be extracted
through communication but not angles, i.e., when receiving amessage,
a robot cannot detect from which direction the message arrived. The
lack of directional sensing and the degree of noise in motion and
communication were ideal to demonstrate robust self-organized col-
lective behavior (morphogenesis) even with robots that are simple
and unreliable—a key goal for robust but economical technologies.

The morphogenetic mechanism explored was the interaction of
the two activities described above (Fig. 2B): Pattern formation driven
by GRNs and migration or “tissue movement,” the collective motion
of the individual kilobots responsible for reshaping the swarm mor-
phology. These two processes happen simultaneously (not sequen-
tially), thus directly interacting with each other to achieve dynamic
morphogenesis.

For the first part, pattern formation, the Turing system was used
as the underlying mechanism, comprising a GRN of two virtual mo-
lecules, U and V, conceptually represented in Fig. 2C (i). Each robot
kept track of its own concentrations ofU and V, and the interactions
between the two molecules were configured as an activator-inhibitor
network, where moleculeU acted as an activator andmoleculeV acts
as an inhibitor. The change in concentration of each molecule was
given by the RD equations

∂u ¼ Rf ðu; vÞ þ Du∇2u

∂t
∂v
∂t

¼ Rgðu; vÞ þ Dv∇2v

f ðu; vÞ ¼ ðAuþ Bv þ CÞ � guu
gðu; vÞ ¼ ðEu� FÞ � gvv
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Fig. 2. Swarm morphogenesis approach description. (A) Kilobots are small robots, each containing a microprocessor, IR receiver/transmitter, a battery, a multi-
colored LED, and two vibration motors. (B) Top view of a kilobot swarm consisting of ~300 robots. (C) A Turing patterning system consisting of two diffusing molecules
U (green) and V (red) that act as an activator and an inhibitor, respectively. Each individual robot calculates the values of U and V by using RD equations (i) and transmits
them to neighboring robots (ii). (iii) Turing patterns in simulated and real robot swarms for varying values of parameter C. (D) Kilobots move along the edge of the
swarm and aggregate around Turing spots (i). A robot detects that it is on the edge of the swarm (1) and starts moving along the outer edge of the swarm (2). It stops
(3) when it gets close enough to the Turing spot. (ii) An example of kilobot movement in a real robot swarm. (E) Conceptual execution of the swarm morphogenesis
algorithm. The Turing pattern is formed (dark green), and several robots on the edge of the swarm (in blue) move and stop in the proximity of the Turing spots. Ideally,
the Turing pattern should adjust to the new morphology (light green) by changing its configuration, while other robots continue moving and surround the Turing spots
to build up the protrusions of the swarm.
Slavkov et al., Sci. Robot. 3, eaau9178 (2018) 19 December 2018 4 of 16
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The reaction part of the equation could be solved directly on each
kilobot just by using the current values of U and V. For the diffusion
part, the values of both the activator and the inhibitor of each neigh-
bor in range were necessary, which can be obtained viamessage pass-
ing (Fig. 2C, ii; details given in Materials and Methods). In Fig. 2C
(iii), we show examples of different Turing patterns produced by
varying a parameter of the RD equations. Green activation of the LEDs
was programmed to appear where the concentration of the activator U
was high (i.e., above a threshold value). By varying parameter C, we
could control the type of pattern (spots, stripes, or inverted spots).
For the purpose of this paper, we term the green spots Turing spots.

The second process—migration or tissue movement—allowed
robots to reposition themselves from areas with low activator U to
areas with high activator (Turing spots), given in Fig. 2D. This
mimicked the flow of cells seen in natural morphogenesis or could
alternatively be seen as equivalent to localized tissue growth in the
region of the green spots and localized cell death in between [as seen
during digit formation in tetrapods (46)]. There were two conditions
for a kilobot to start moving: (i) It must detect that it is on the outer
edge of the swarm (“edge detection”), which is based on the estimate
of the relative change of the local swarm density, and (ii) it must de-
tect a local concentration of U lower than a certain threshold value.
To relocate robots, we used an edge-following algorithm, where each
individual robot moved along the outer edge of a group of static ro-
bots while attempting to maintain constant distance to its current
nearest neighbor. Last, the robots were programmed to stop when
in proximity to a Turing spot, i.e., when they detected a neighbor with
a high concentration of U, thus creating an accumulation of kilobots
around the Turing spots. The details of the movement algorithm are
given in Materials and Methods. An example of kilobot movement,
following the previously described movement algorithm, is given in
Fig. 2D (ii).

A conceptual example of the execution of the morphogenesis
algorithm is given in Fig. 2E. Swarms started froman initial shapewith
arbitrary low-morphogen concentrations. As soon as the pattern was
formed and the Turing spots were established, individual robots (in
blue) started moving and settling on locations adjacent to the Turing
spots. In parallel with the movement, the Turing pattern adjusted to
the new shape by changing themorphogen concentrations in both the
newly positioned robots and the robots that had already become a part
of the Turing spots (denoted in light green). This process of tissue
movement and pattern adaptation continued, resulting in the emer-
gence of a shape.

Computer simulations were used to explore how the combination
of Turing patterns with movement can spontaneously and reliably
give rise to morphogenesis (Fig. 3A). To conveniently monitor the
states of the kilobots and the local concentrations of the virtual mole-
cules, we used the color of the LEDs. As shown in Fig. 3A, the LED
color depended on the level of the activatorU, ranging from green (as
the highest level) through teal, blue, and purple at decreasingly lower
levels, until the LED is turned off for very low values. We explored the
parameter space of the Turing pattern around the values provided in
Miyazawa et al. (47). As shown in fig. S1, replication of the type of
patterns obtained by varying parameters A and C was successful,
hence confirming results shown in that work. We also explored what
types of patterns would result in better morphogenesis based on our
approach, i.e., spots, stripes, or inverted spots. Neither stripes nor
inverted spots were useful because these patterns resulted in many
of the edge robots experiencing high concentrations of U, thus being
Slavkov et al., Sci. Robot. 3, eaau9178 (2018) 19 December 2018
restricted from moving. By contrast, normal spots worked well be-
cause they tended to appear on the edge of the swarm but left signif-
icant numbers of edge robots with low concentrations of U. They
provided a good compromise between number of robots that could
move (in areas of low concentration) and areas of “growth” where
moving robots would accumulate (the spots themselves). Parameter
values that maximized the number of the spots on the edge without
becoming stripes were considered as a good starting point for a com-
plex morphology to develop (values given in Materials and Methods).

The morphogenesis approach was then validated on a real swarm
of 300 kilobots. The objective was to transform an initially disc-
shaped swarm into amore interestingmorphology displaying an array
of “tentacles” or protrusions. An interesting questionwaswhether reg-
ular morphologies could be generated (e.g., with a fourfold symmetry
of protrusions) and/or more dynamic organic shapes reminiscent of
simple organisms. Ideally, the shape formation process should be
emergent, adaptive, and robust. The program that had been tested pre-
viously in simulation (emulating the Turing GRN) was run on the ro-
bots and, starting from the initial disc shape (Fig. 3B), the swarmswere
able to reorganize themselves into new coherent shapes. In the case
shown in Fig. 3B, five Turing spots emerged—four on the surface of
the swarm, roughly equidistant to each other, and one in the center.
Subsequently, when the edge robots started to move, they reliably re-
located from regions with low concentrations of the Turing morpho-
gens (no LED illumination) to the vicinity of the Turing spots (green
LED). Over a short time, robots built up around the four spots to cre-
ate four protrusions, showing a fourfold symmetry. Occasionally, in-
dividual kilobots were “lost” from the swarm, but this was a relatively
rare event, and the vast majority remained in the evolving morphol-
ogy. Figure 3C shows the results from three more experiments, in
which the same basic shape, with fourfold symmetry, was created. A
close-up of the stages in the growth of a single protrusion can be seen
in more detail in Fig. 3D. Reliability of this emergent morphogenesis
was high. The successful parameter values were able to create robust
organic shapes every time (nine runs performed in total with an ini-
tial circular morphology), and five of these produced the fourfold
symmetry highlighted by the white dashed boxes in Fig. 3 (B and C).
Of the nine runs, six of them were replicates with the same Turing
parameters, motion rules, and experimental conditions. The approxi-
mate running time of each experiment was around 3 hours. The reg-
ular shape shown in Fig. 3 (B andC)was highly reproducible, but it was
transient—further evolution of the swarm led to more dynamic
morphologies, which are studied next. The complete summary of all
these experiments are given in fig. S2.

An important question is whether morphogenesis really emerged
from patterning or simply from robots moving around the swarm. To
test this, we performed three experiments in which robots had initial
random concentrations and patterning was switched off (meaning
that they would keep the same concentration throughout the experi-
ment and no reaction diffusion was taking place). Motion rules, num-
ber of robots, and initial circular shape were kept the same as in the
previous experiments. We then compared both sets of experiments
and demonstrated that Turing patterning is essential for the emergent
morphogenesis process and that shapes cannot grow from random
patterning (fig. S3A, i). Shape index was used as themetric to compare
experiments (details in Materials and Methods).

The process of swarm morphogenesis, besides producing shapes
in an emergent manner, also proved to be a dynamic and adaptive
process. If we changed the initial configuration of the swarm to a
5 of 16
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rectangle, the patterning process adapted to this, and the shape again
evolved Turing-driven protrusions (at each corner) as shown in Fig.
4A. To quantitatively test that, we compared the set of replication
experiments with initial circular shape with a set of five experiments
starting from a rectangle and having the same code as the circular
experiments. Results showed that shapes grow indistinguishably, al-
though they started from different initial configurations and there-
fore had different initial shape indices (fig. S3A, ii). In addition, we
ran the same program on a smaller swarm (110 kilobots) to explore
the impact of swarm size. These tests produced a similar pattern but
with three protrusions instead of four, resembling the letter T (Fig. 4B).
Slavkov et al., Sci. Robot. 3, eaau9178 (2018) 19 December 2018
This is consistent with Turing patterning systems, where, for a given
set of parameters, the frequency of the spots remains the same ir-
respective of the surface size, i.e., smaller surfaces do not have smaller
Turing spots but fewer.

Another important question, related to swarm adaptability, was
whether morphodynamic processes occur. This describes the sce-
nario in which a large-scale feedback loop is observed—i.e., pattern
drives morphology, but the change in swarm shape also feeds back
to alter the molecular pattern (44, 45). Figure 4C shows two examples
of molecular pattern shifting through the swarm while the shape
changes. In this first case (Fig. 4C, i), this was a necessary part of
Fig. 3. Emergence of swarm morphologies. (A) Morphogenesis in a simulated swarm. Different LED colors indicate different concentrations of the activator U. Initially,
a swarm of kilobots is visible with arbitrary concentrations of U. Next, five Turing spots emerge, around which noticeable protrusions appear (far right). (B) A temporal
sequence of morphogenesis of a kilobot robot swarm (~300 robots). The initial swarm configuration was roughly circular with five distinct Turing spots, including four
spots on the edge of the swarm and one spot in the center of the swarm (top four images). The robots rearranged around the Turing spots (bottom four images), forming
initial protrusions. Last, a distinct cross-like shape was formed, which consisted of four tentacles with Turing spots on their tips. (C) Three replicates of morphogenesis
with ~300 robots, which show similar cross-like, four tentacles morphologies. (D) Close-up of a growing tentacle during the swarmmorphogenesis process. Starting from
a Turing spot in the initial image (left), there is a progressive build-up of kilobots around it, resulting in tentacle growth in the final image.
6 of 16
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the growth of a protrusion. The spot always maintained its position at
the distal tip of the protrusion, although the tip did not consist of the
same robots over time (growth occurred by new robots arriving and
adding to the existing protrusion). This is an important mechanism
for tip extension. If the spot were static (remaining in the same group
of robots throughout), then it would gradually become enclosed and
“hidden” bynongreen robots. Any subsequently arriving robots would
continue to edge-follow their way right past the spot, to a different part
of the swarm, and growth of the protrusion would be frozen. In the
second case (Fig. 4C, ii), a Turing spot could be seen to shift through
Slavkov et al., Sci. Robot. 3, eaau9178 (2018) 19 December 2018
the tissue. This type of pattern adjustment endowed the swarm with a
powerful form of adaptability. If the evolving shape was not
compatible with an optimal periodic arrangement (due to either ran-
dom noise or constraints in the environment), then the pattern could
adjust and thus self-correct its own morphology. The adjustment of
this molecular pattern could occur either as a gradual shift or as a
more abrupt reorganization—in both cases, settling to a new, more
stable configuration. Driven by this morphodynamic processes, our
swarm produced a variety of other morphologies, whose main feature
was that they are very organic, or organism-like, shapes. Figure 4D
Fig. 4. Adaptability of swarm morphologies. (A) Shape formation of a large swarm (~300 robots) starting from a rectangular shape. Four spots emerged on the edges
where four tentacles grew, whereas the central spot moved, adapting to the changingmorphology. (B) A temporal sequence of morphogenesis in a smaller kilobot swarm
(~110 robots), with the same settings for the Turing parameters as in (A). Three Turing spots drove the formation of a T-like tentacled morphology. (C) Two examples of
Turing pattern (spot) adaptation in response to the swarm changingmorphology. (i) Adaptation during tentacle growth, where the Turing spot visibly changed shape, size,
and location during the growth of a single tentacle, always tending to stay on the tip of the outgrowth. (ii) Starting from the initial spot location on the edge of the swarm,
the spot slightly shifted toward the center of the swarm. After a while, it completely moved to the center, while another spot appeared close to its initial location. (D) Four
variable swarmmorphologies with irregular, organic shapes obtained from different runs. Inset images show the initial configuration of the swarm. (i) Started from an initial
square morphology, whereas the swarms in (ii to iv) started from circular ones.
7 of 16
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shows a variety of swarm shapes, with tentacle-like protrusions grow-
ing out of them. Individual quantification of morphologies is shown in
fig. S3B (i).

The swarm also showed robustness to direct swarm damage. We
explored a couple of damage scenarios: cutting off the protrusions and
cutting the whole swarm in half. In the first case, either the original
protrusion regrew (Fig. 5A) or the loss of one protrusion promoted
the growth of others (on the other side of the swarm in the case of
Fig. 5B). Again, this demonstrated the value of the self-organizing
behavior. From any given state of the pattern and morphology, the
Turing mechanism always pushed the pattern toward an even-spaced
periodic one, whether from the initial unpatterned configuration or
from a perturbed pattern due to damage. For supplementary quanti-
tative analysis of this first case, see fig. S3B (ii). In the second case,
when the swarm was cut into two roughly equal parts, the two halves
re-fused to create a single swarm relatively fast (Fig. 5C). The self-
Slavkov et al., Sci. Robot. 3, eaau9178 (2018) 19 December 2018
organizing dynamic of the Turing spots actually facilitated the merging
of the two swarms, contributing to the robustness of the system.

Last, we quantified the dynamicmorphologies created by our robot
swarms (Fig. 6).We considered the outer contour of the swarm shapes
as the main feature to analyze (because this represents the pure mor-
phology of the system) and chose two shape analysis metrics to quan-
tify it: the shape index and the minimum number of characterizing
points (details in Materials and Methods) (48, 49). The first measure
gave an indication of howmuch the shape was different from a circle,
and the second measured the roughness of the contour. We tracked
the change of the shapes over time from nine experiments, starting
from the initial, roughly circular shape, finishing with the final evolved
shape. By plotting the values of the twomeasurements for each exper-
iment over time, we produced a trajectory of the swarm through
morphospace (Fig. 6A) (50). Three clear features of these trajectories
could be seen—the starting position, a transient region of regular
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Fig. 5. Robustness of swarm morphologies. (A) Regeneration response to minor damage. The starting point was the “standard” four-spot pattern, from which four
tentacles developed, as visible in the second panel. The robots from one tentacle were removed, as indicated by the red dashed line, and left behind a Turing spot with a
dent in themiddle. After a while, the tentacle regenerated with a small dent in themiddle. (B) Redirected tentacle growth response. Two tentacles were completely cut off,
and the whole Turing spots were removed. Unlike the example in (A), where there was some of the original Turing spot remaining, here, these tentacles could not grow
back. Instead, by cutting them off, we effectively freed up a large surface of edge robots that could freely move and aided the growth of the remaining two tentacles in the
swarm, as visible in the third and fourth panel of the figure. (C) Regeneration response tomajor damage. The developing swarmwas cut in two, approximately equal parts,
along the red dashed line. We left the two swarms in close proximity to each other, and after a while, they managed to merge into one entity again.
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morphologies, and a dynamic region of variable shapes—which will
be discussed in the next section (Fig. 6B).
DISCUSSION
In summary, we have successfully endowed a large swarm of 300 ro-
bots with a self-organized morphogenetic behavior (described as ap-
proach 2 in the introduction; Movie 1). It is directly based on the
Slavkov et al., Sci. Robot. 3, eaau9178 (2018) 19 December 2018
principles of developmental biology and
results in emergent, adaptive, and robust
shapes. Rather than using predefined
patterns and explicit information about
where each robot is, we used a GRN that
implemented a self-organizing Turing
process as the basis for the pattern forma-
tion. This was translated into physical
shape change by using the concept of ro-
bot migration (in analogy with natural
developmental biology).Analysis of swarm
shape over time revealed the overarching
control process involved. Starting from
the initial circular conditions, all swarms
moved in a consistent direction through
morphospace (Fig. 6B). This movement
represented the emergent but reliable
process of protrusions forming on the
outer edge of each swarm (blue region).
The second featurewas the transient region
resulting in regular fourfoldmorphologies
(green region), which are highlighted in
white dashed boxes in Fig. 3. The third
feature was the diversification region of
morphospace in which the swarms accu-
mulated. They drifted around this region
in a dynamic, adaptable way but reliably
stayed within this particular shape space
(red region). Thus, both the dynamic
adaptability and the shape predictability
could be understood within this plot of
the morphospace.

A key question was whether the phe-
nomenon ofmorphodynamic patterning
could be found within our robot swarms,
a dynamical process documented in the
biological literature (44, 45). We demon-
strated the existence of this large-scale
feedback loop between the patterning pro-
cess and the changes of the shape mor-
phology (Fig. 4C). On the one hand, the
molecular patterning process drives the
physical shape change (of the swarm);
on the other hand, changes to the shape
(which act as boundary conditions for the
Turing system) feedback cause themolecu-
lar pattern to change.As in biology, this fea-
ture makes the swarm more dynamic and
adaptable. In particular, the same types of
morphology were created when starting
from different initial configurations and al-
so upon damage to the swarm from external perturbations (when the re-
searcher “cut” protrusions off the swarm or cut the swarm in half).

Another important feature of this system is scalability. In human
technology, the reliability of the whole machine often depends on the
reliability of the components (“the strength of the chain is in the
weakest link”). The decentralized and collective nature of our system
avoids this problem. Although a few robots were lost during morpho-
genesis, this did not impede the remaining swarm to fulfill its function
Fig. 6. Quantitative analysis of swarm morphologies. (A) Morphospace of nine runs of the morphogenesis
algorithm, all starting from an initial circular configuration. Gray lines trace the change of swarm morphologies,
and the morphospace is populated by both regular (transient) shapes and more organic shapes. The corresponding
morphologies are plotted alongside each point. (B) Three distinct regions of morphospace trajectories. The first one
is the thin “adherent” region (blue), where all the individual trajectories are similar. Next is the transient region
(green), where most of the regular morphologies reside. The third region (red) is where the more organic morphol-
ogies reside. Their trajectories in this region are more spread out than in the blue region. However, they still remain
in a constrained space.
9 of 16

http://robotics.sciencemag.org/


SC I ENCE ROBOT I C S | R E S EARCH ART I C L E

 by guest on D
ecem

ber 20, 2018
http://robotics.sciencem

ag.org/
D

ow
nloaded from

 

Fig. 7. Morphogenesis approach implementation details. (A) Morphogenesis algorithm execution loop. (B) Each kilobot broadcasts an 8-byte message containing its
ID, number of neighbors, state, and the values of the twomorphogens of the Turing system. Receivedmessages are stored in a neighbors’ table, togetherwith the distance to
the transmitting robot and the kilotick time stamp. (C) A linear Turing system (i), consisting of two morphogens, whose concentration is determined by solving the RD
equation on each robot. Morphogen diffusion (ii) is calculated by first comparing (substracting) the morphogen values of each neighbor, to a robot’s own morphogen
concentrations and then these differences are summed up, yielding the net diffusion of eachmorphogen. (D) Orbiting and approaching movements are the basis for edge
following and loss recoverymovement (i). When an orbiting robot is moving around its current nearest neighbor, the resultingmovement is edge following. A lost robot will
switch its state away from “recover” if it detects a robot that has other neighbors (iii). (ii) A robot determines whether it is an edge robot (yellow) or not (gray), by calculating
the ratio r of the average local density of kilobots (NN) to its own number of neighbors (N), and comparing this to a threshold rth. (iii) Three robot states: WAIT, EDGE FOLLOW,
and RECOVER. The WAIT state is a static, nonblocking state. In the other two states, a robot performs the corresponding movement algorithms described in (i).
Slavkov et al., Sci. Robot. 3, eaau9178 (2018) 19 December 2018 10 of 16
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(and it is reminiscent of real embryo development, in which not all
cells survive). Loss of robots can occur for a variety of reasons—loss
of digital infrared (IR) messages, inaccuracy in distance estimation, and
unreliable movements of robots—all of which relate to the general lack of
reliability of these relatively simple, cheapkilobots.Despite this, the swarm
as awhole continued to control its global shape, evenwhen reduced to less
than one-third of its original size or when physically “damaged.”

This work is an important step in the direction of human-designed
hardware showing the dynamic and organic adaptability of living or-
ganisms. Although the shapes were not formed with a particular task
in mind, this proof of concept should be extended to create functional
shapes. The conditions that lead to adaptability and regeneration are
understood at a general level (the self-organizing of Turing systems
and the feedback ofmorphodynamics). However, amore detailed the-
oretical understanding will help to engineer these systems for specific
tasks, improving our control of the shapes that emerge. An important
idea is to explore greater interactions with the outside world, such as
getting the whole swarm to collectively navigate toward an external light
source, surrounding and herding foreign objects, searching an en-
Slavkov et al., Sci. Robot. 3, eaau9178 (2018) 19 December 2018
vironment for areas of interest, or building environment-driven
structures (e.g., dynamic bridges to “flow” over a river). In these cases,
external cueswould influence theGRNstate (e.g., gene production), thus
directing the growth of the swarm and possibly resulting in whole
swarm movement. Overall, we believe that these results provide a
glimpse into the future of “programmable matter” in which the limits
to the design and flexibility of useful machines are restricted only by
our imagination.
MATERIALS AND METHODS
Study design
The objective of our study is to demonstrate that the morphogenesis
algorithm produces emergent morphologies in large swarms of real
robots. A total of 122 computer simulations of 1000 agents were per-
formed to find the most suitable parameters for the RD equations.
Experiments with swarms of real robots were conducted to validate
our algorithm. Concretely, 1 experiment with a swarm of 110 robots,
1 experiment with a swarm of 250 robots, and 13 experiments with a
Table 1. Transition rules for switching between kilobots states.
WAIT
 EDGE FOLLOW
 RECOVER
WAIT
 default
 • edge_detected()
 • dist(NN) > dist_far
• check_wait_state(ALL)

• dist_to_Turing () > dist_th
EDGE
FOLLOW
• dist_to_Turing () < dist_th
 default
 N/A
• !edge_detected()

• !check_wait_state(NN)

• dist(NN) < dist_far
RECOVER
 • !check_wait_state(NN)
 N/A
 default
• dist(NN) < dist_far
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swarm of ~300 robots were conducted. Of the 13 experiments, 11
corresponded to experimental replicates with the same code and ex-
perimental conditions, divided in two sets with different initial
configuration. Six of them were initialized with a circular shape,
whereas the other five were initialized with a rectangular shape.
Three additional experiments were conducted on a swarm of 300 ro-
bots to test the rehabilitation properties of the morphogenesis
algorithm. Last, another three extra experiments with a random
morphogenesis algorithm on a swarm of 300 robots with the same
code and experimental conditions were conducted as control. There-
fore, 21 experiments with large swarms of real robots were conducted.

Morphogenesis algorithm
The morphogenesis algorithm is executed in a loop on each individ-
ual robot. It consists of the same sequence of updates, which run in
parallel and asynchronously on all kilobots of the swarm. The
algorithm can be summarized in three basic steps as (i) communica-
tion, (ii) patterning, and (iii) motion.

In the first step, all the inputs, i.e., messages received from
neighboring robots, are processed. Next, the values of the two mor-
phogens (U and V) of the GRN are calculated, which underlies the
swarm patterning process. Depending on these values and some ad-
ditional conditions (such as edge detection), a robot updates its move-
ment state and halts or activates its motors accordingly in the last step.
The robot also sets the values of the message variables that it
broadcasts and the color of the LED light, which depends on the value
of the activatorU. We summarize the algorithm in Fig. 7A and give the
details of the implementation of each of these steps in the following text.
Communication
The primary kilobot inputs are the received messages from other
surrounding kilobots (Fig. 7B). For passing amessage, an IR broadcast
is used, and the message itself has a payload of 9 bytes. It can be re-
ceived by any kilobot within communication range (~10 cm), and the
frequency of the message broadcast is “hardwired” in the kilobots and
happens at regular intervals. At any point in the program, the content
of the message values can be updated, and they will be transmitted at
the next broadcast interval. On the receiving side, when a kilobot de-
tects an incoming message, a program interrupt is generated, and a
user-defined handler function processes the received message. In
our program, we used a function that stores each incoming message
in a circular buffer. The messages from this buffer are emptied and
processed at the beginning of each of the main loop executions.

We used 8 of 9 bytes for our message payload, and we transmitted
the values of five variables. First is the (locally) unique ID value of a
kilobot that took up 2 bytes of themessage. The second is the number
of neighbors that a robot has and used 1 byte. The robots can be in
one of several states, which is also transmitted in 1 byte. The remain-
ing 4 bytes are used for the Turing patterning process, namely, to
transmit the value of the U and V morphogens of a robot, each one
taking 2 bytes.

Because the morphogen concentrations of U and V are stored as
single-precision floating point numbers (4 bytes each) inside the kilobots,
they have to be converted to half precision on the transmitter side
and then decoded to single precision on the receiving robot side (with
a small percentage of error incurred during conversion). The reason is
that the 9-bytemessage that kilobots can send needs to include the other
information described above (ID, state, and number of neighbors). Of
the 16 bits available in the 2-byte, half-precision floating point numbers,
10 bits are used for the fraction of the number, the next 5 bits for the
Slavkov et al., Sci. Robot. 3, eaau9178 (2018) 19 December 2018
exponent of the number, and 1 bit for the sign, as described in the In-
stitute of Electrical and Electronics Engineers Standard for Floating-
Point Arithmetic (IEEE 754).

After a message from the receiving buffer is processed, it is stored
in a so-called neighbors’ table, which contains the neighbor’s ID, its
number of neighbors, and its state. The received bytes of the mor-
phogens U and V are converted to single-precision floating point
numbers and stored. In addition, a time stamp is added to each mes-
sage, which is the current kilo tick number of the robot. The neighbors’
table keeps the most recent messages received from the neighbors in
range for a certain amount of time, and older messages are discarded
(set at 2 s old).
Patterning
The state of the GRN of each robot is responsible for the patterning
process of the whole swarm. The equations for the Turing patterning
system are given in Fig. 7C (i). These are RD equations that give the
rate of change of the morphogens U and V, where R is the reaction
parameter and DU and DV are the diffusion parameters. The pro-
duction of U and V is given by functions f and g, and it depends on
the synthesis and on the degradation ofU andV. The two functions
( f and g) are linear functions given in Fig. 7C (i). The parameter
values of the linear equations used in our experiments are the fol-
lowing: A = 0.08, B = −0.08, C = 0.03, gu = 0.03, E = 0.1, F = 0.12, and
gv = 0.06. The synthesis terms are limited between zero and user-
defined maximum values, which, for our experiments, are given as
synUmax = 0.23 forU and synVmax = 0.5 forV. The reaction parameter
isR= 160, and the diffusion parameters areDU= 0.5 andDV= 10 forU
and VI, correspondingly. In our implementation of these equations,
we used a discrete version with a time step dt = 0.00005.

The morphogen diffusion (Fig. 7C, ii) is emulated by passing of
morphogen concentrations through the messages between robots.
At a given moment, each robot has information about its neighbors’
morphogen (U andV) concentrations. By subtracting these neighbor-
ing morphogen values from its own and then summing up these dif-
ferences, each robot determines the net morphogen diffusion that
takes place. This allows the robots to edit their own morphogen values,
by either increasing or decreasing them due to “diffusion.” With the
help of the kilobots’ LEDs, the Turing pattern can be visible on the
swarm. We used different LED colors for different ranges of values of
the morphogen U, defined as follows: green LED for U > 4.0, teal for
3.0 <U≤ 4.0, blue for 2.0 <U≤ 3.0, purple for 1.0 <U≤ 2.0, and off
for U ≤ 1.0.
Motion
The process of edge detection is relevant for updating the robot state
and is the main process responsible for determining whether a robot
moves or not. It is based on estimation of the relative difference of local
swarm density, as illustrated in Fig. 7D (ii). Each robot transmits the
number of its own neighborsN to the robots in range, and in return, it
receives the same information Ni from them. If an individual robot’s
own number of neighborsN is smaller than the average number of its
neighbor’s neighbors NN, then the robot is on the outer edge of the
swarm. The intuition is that if robots are on the inner part of the
swarm, then they would have an approximately similar number of
neighbors. The threshold for detecting an edge robot that was used,
edgeth, had a value of 0.8.

Becauseof the inherentnoise in thekilobot swarm, somemessages from
robots are not received or dropped. This can potentially affect the edge de-
tection andmake it unstable. To compensate for this, instead of taking the
current number of neighbors, or the current average of neighbor’s
12 of 16
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neighbors, we used an approximate running average, given with

avgNNs ¼ a� curr:avgNNsþ ð1� aÞ � old:avgNNs

for the average number neighbor’s neighbors and

Ns ¼ a� curr:Nsþ ð1� aÞ � old:Ns

for the average number of neighbors, where a = 0.0001.
After a kilobot detects itself on the edge, motion might start (as

described below). The default movement in our approach is the
edge-following movement. It is based on orbiting movements, where
the aim of a moving robot is tomaintain a constant distance to a static
one (Fig. 7D, i). The orbiting robot is moving in one of the preferred
directions (clockwise or counterclockwise) while estimating the dis-
tance to the static robot based on the messages it receives. If the dis-
tance is larger than the predefined threshold (dth), then the robot starts
rotating in a direction that brings it closer to the static robot. As soon
as this movement brings the robot to a distance less than dth, it
switches to the opposite direction of rotation. This constant switching
of rotation direction produces a forward motion, thus moving the ro-
bot in a circle around the static one. The edge-following algorithm
is a simple extension of this orbiting algorithm. Namely, there is a
swarm of static robots, instead of just one, and a moving robot goes
around the edge of this static swarm by always orbiting its nearest
neighbor.

The recover movement (approaching) moves a robot toward a
static one, bringing it to a predefined distance of dth, the threshold dis-
tance. It is used when a robot is too far from a swarm and needs to
“recover.” The movement starts by the robot rotating in an arbitrary
direction and measuring the change of distance from the static robot.
If the change is negative, then thismeans that the robot is approaching
the static robot, and the current direction of rotation ismaintained. If
this change is positive, i.e., the distance to the static robot is increas-
ing, then the robot switches the direction of movement. It does so by
selecting the nearest neighbor from the swarm as a static robot and
approaching it until it is at a distance lower than dth.

There are three motion-related states in which a robot can be:
WAIT, EDGE FOLLOW, and RECOVER, as shown in Fig. 7D, iii.
There is one central stationary state, the WAIT state, from which a
robot can transit into one of the two moving states—EDGE FOLLOW
or RECOVER. The EDGE FOLLOW and RECOVER states are both
blocking states, meaning that if a robot is in this state, then all neighbors
that are receiving messages from it cannot initialize movement. This
constraint is due to the design of the movement algorithms, related to
the EDGE FOLLOW and RECOVER state, coming from the kilobots
lack of directionality sensing.

The properties of each state are the following:
•TheWAIT state is the default kilobot state, in which the robot is

not moving; it is just updating its GRN and checking whether the
conditions for transitioning into the EDGE FOLLOW or RECOVER
state are fulfilled.

•In the EDGE FOLLOW state, the kilobot is performing the edge-
following movement.

•In the RECOVER state, the kilobot’s goal is to approach the swarm,
in case it drifted too far away.

The main rules for transition between the states are summarized
in Table 1. Unless a rule allows a state transition to be triggered, the
kilobot will by default stay in its current state. There are a few com-
Slavkov et al., Sci. Robot. 3, eaau9178 (2018) 19 December 2018
mon functions and constants that are used for the state transition
rules:

•edge_detected(): TRUE if robot on the edge of the swarm.
•check_wait_state(): TRUE if neighboring robot(s) are in the

WAIT state.
•dist(): returns distance to a specified neighbor robot.
•dist_to_Turing(): returns distance to the nearest neighbor with

a Turing spot (if applicable).
•dist_far: upper distance limit beyondwhich a robot is considered

too far from the swarm.
•dist_th: distance threshold used for the edge-followingmovement.
•ALL: all neighbors.
•NN: nearest neighbors.
A robot that is in the WAIT state can transit to EDGE FOLLOW

if it is on the edge, no other neighbors are moving, and it is not a part of,
or in near proximity to a Turing spot. The transition in the opposite di-
rection (fromEDGEFOLLOW toWAIT) occurs in any of the following
scenarios: (i) the robot is no longer on the edge, (ii) it is close (or became
part of) a Turing spot, (iii) the kilobot that it is currently trying to orbit
around is also moving, or (iv) it moves too far away form the swarm.

If a robot is too far away from the swarm, then it instantly switches
to the RECOVER state via the WAIT state. The robot remains in this
state until satisfactory distance to the swarm is achieved, after which it
switches back to the WAIT state.
Summary of the morphogenesis algorithm
Below is a serial outline of the program that the kilobots execute
(patterning and motion). It is worth noticing that the kilobots run
several processes such as sending and receiving messages following
a timer-interrupt approach. Only the main functions and variables
are presented here. A link to the source code can be found at the end
of this article.

program main:
u,v,id,state←initialize_variables()//Random

initialconcentrationsformoleculesU andV,random
// initial id, robot in WAIT state, message

with random
// concentrations starts to be sent
A ← 0.08, B ← -0.08, C ← 0.03, gu ← 0.03, E ← 0.1, F

← 0.12, gv ← 0.06, Du ← 0.5, Dv ← 10,
R ← 160, Dt ← 0.00005, synUmax ← 0.23, synVmax ← 0.5
MAX_DIST_NEIGH ← 85 // Maximum distance in

millimeters to neighbors for the diffusion term
neigh_table ← create_empty_list() // Initializes

neighbors table to store their messages
while TRUE:
// Messages from neighbors are processed and

neighbors table is updated. It also
// calculates running averages for number of

neighbors and number of neighbors’ neighbors
n_neighbors, neigh_table ← process_inputs

(neigh_table)
if state = WAIT then
u, v ← update_GRN(u, v, A, B, C, gu, E, F, gv, Du,

Dv, R, Dt, synUmax, synVmax,
MAX_DIST_NEIGH, neigh_table)
end if
ifkilo_ticks≥20000then//Movementstartsafter

about 10 minutes, when pattern is stable
state ← update_movement(state, neigh_table)
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end if
show_concentration(u) // The color of the LED

depends on concentration of molecule u
id ← local_unique_id(id) // If a neighbor has the

same ID, another will be chosen at random
update_message(id, n_neighbors, state, u, v)

// It updates the message that will be sent
end while
end program
algorithm update_GNR:
input: internal concentrations u and v of mo-

lecules U and V,
parameters A, B, C, gu, E, F, gv, Du, Dv, R of the

linear model,
incremental step Dt for the discretization,
maximumproductionratessynUmax,synVmaxformole-

cules U and V
maximum distance MAX_DIST_NEIGH in millimeters

to neighbors for the diffusion term
neighbors table neigh_table with all the

information from neighbors
output: new concentrations u and v of molecules

U and V
laplaceu ← 0, laplacev ← 0
// The Laplace operator is calculated
for i ← 1 to length(neigh_table) do
neighbor ← neigh_table[i]
if distance(neighbor) ≤ MAX_DIST_NEIGH then
laplaceu ←laplaceu + concentration_u(neighbor) - u
laplacev ←laplacev + concentration_v(neighbor) - v
end if
end for
creationu ← A*u + B*v + C
creationv ← E*u – F
if creationu < 0 then
creationu ←0
else if creationu > synUmax then
creationu ← synUmax

end if
if creationv < 0 then
creationv ←0
else if creationv > synVmax then
creationv ← synVmax

end if
creationu ← creationu - gu*u
creationv ← creationv - gv*v
u ← u + Dt*(R*creationu + Du*laplaceu)
v ← v + Dt*(R*creationv + Dv*laplacev)
return u, v
end algorithm
algorithm update_movement:
input: state state of the robot,
neighbors table neigh_table with all the

information from neighbors
output: new state state of the robot
if state = EDGE_FOLLOW then
if edge_follow_to_wait() then
state ← WAIT
stop_motors()
Slavkov et al., Sci. Robot. 3, eaau9178 (2018) 19 December 2018
else // Stays in EDGE_FOLLOW state
nearest_neigh ← find_nearest_neighbor

(neigh_table)
// By moving around the nearest robot, an edge-

following movement is achieved
move_around(nearest_neigh)
end if
else if state = WAIT then
if wait_to_edge_follow() then
state ← EDGE_FOLLOW
start_motor_right()
else if wait_to_recover() then
state ← RECOVER
start_motor_right()
else // Stays in WAIT state
do_nothing()
end if
else if state = RECOVER then
if recover_to_wait() then
state ← WAIT
stop_motors()
else // Stays in RECOVER state
nearest_neigh ← find_nearest_neighbor

(neigh_table)
// By moving towards the nearest neighbor, the

bot tries to get back to the swarm
move_towards(nearest_neigh)
end if
end if
return state
end algorithm

Quantifying swarm morphologies
Shape characterizing points
In the field of landscape ecology, it is of great interest to quantify the
heterogeneity of landscapes by identifying and analyzing spatial ho-
mogeneous patches (48) to counteract the effects of human-induced
biodiversity, asMoser et al. point out in (49). In their work, they ana-
lyzed the relation between the shape complexity of the patches and
the richness of plant species. In particular, they proposed a metric of
geometric complexity based on the contour of the patches, which can
be useful here. This metric is called number of shape characteriz-
ing points (NSCPs), and it is defined as the minimum number of
points required to define the shape. The idea is that the greater the
NSCP, themore complex the shape. As a result, this metric can poten-
tially describe the morphology of the protrusions by means of the
spikiness of shapes. In their work, they propose to calculate the poly-
gon defining the patch and take only the vertices forming an angle of
less than 160°.

In our work, all the points on the contour of each shape were ob-
tained by using the findContours function included in OpenCV 3.2.0
using CHAIN_APPROX_NONE. To calculate the number of charac-
terizing points of the shape, the length of the array resulting from ap-
plying the following algorithm to the array of all contour points with a
threshold of 160° was obtained.

algorithm shape_characterizing_points:
input: array P containing all points of the

shape contour,
angles threshold t between 0 and 180 degrees
14 of 16
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output: array Q containing points in the same
order from P with angles < t for all three consec-
utive points

Q ← P
if Q contains at least 3 points then
base ← 1
for k ← 2 to length(Q) do
angle ← compute internal angle from points

Qbase, Qk and Qk+1

// Q is circular. When k = length(Q), then Qk+1 = Q1
if angle ≥ t then
Q ← remove point Qk from Q
else
base ← k
end if
end for
end if
return Q
end algorithm

Perimeter/area ratios
The simplest metrics to measure shape complexity are those using the
perimeter and area of the shapes in question. In our scenario, the area
of the swarm is practically constant because the number of robots re-
mains the same throughout the experiment, with the exception of the
few ones that get lost and the gaps between robots. The perimeter
then describes how the contour of the swarm grows/shrinks over
time. The longer the protrusions, the bigger the perimeter. Therefore,
a metric involving perimeter can be a good estimate of the develop-
ment of the shape.

Among all perimeter/area ratios, we decided to use a dimension-
less one to allow for comparison across experiments, evenwith different
swarm sizes. Moreover, we were interested in comparing the shapes
during themorphogenesis process with the initial circular configuration
of the swarm. The metric with all these features was shape index, which
is a measure of the circularity of a shape. Its formula is

Shape index ¼ perimeter
2

ffiffiffiffiffiffiffiffiffiffiffi

parea
p

As can be seen, the shape index of a circle is 1. This metric can be
useful to quantify how the swarm develops morphological features
and how different it becomes from a circle (shape index greater than 1).

To calculate the shape index of the shapes in our work, we used
the built-in functions contourArea and arcLength of OpenCV 3.2.0
to calculate the area and perimeter of the shape, respectively. The
contour used for this metric was the result of applying the algorithm
shape_characterizing_points to the contour with all the points with a
threshold of 160°, as described in the subsection above.

SUPPLEMENTARY MATERIALS
robotics.sciencemag.org/cgi/content/full/3/25/eaau9178/DC1
Fig. S1. Parameters exploration in simulation.
Fig. S2. Summary of 15 different runs of the morphogenesis algorithm.
Fig. S3. Quantitative analysis of emergence, adaptability, and robustness.
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