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ABSTRACT
At the Emirates ICT Innovation Center (EBTIC),
and later at NEC Research Labs (NLE) we developed a suite of algorithms inspired by social insects for the control of swarms of autonomously operating devices. We adapted mathematical models from theoretical biology for the
nest building behavior of termites and applied
them to complex computational problems. We
designed swarming algorithms for collectives of
UAVs, i.e., fleets of aerial devices capable of operating under some level of autonomy to collectively
solve a task given to the swarm. Specifically, collective remote-sensing tasks through onboard sensors with bounded resolution were addressed. The
approach presented in this paper was implemented
and tested on hybrid swarms of UAVs. We present
results validating the approach and we make the
argument that these results directly translate to applicability for swarms of satellites.

1

INTRODUCTION

In the US the civilian use of high-resolution satellite data has become available due to the improvement of federal policies since the beginning of the
early 1990’s [1]. In the late 2000’s satellites were
still more a curiosity than a market [2] but recently
a number of companies have started to populate
the new field [3, 4] and are sending up units in
ever increasing numbers and frequency. Since late
2017 we can account for any object on the surface
of the planet the size of a tree or larger; and we do
so within every 24 hours [5].

1.1

Satellite-swarms

There is no question whether satellites swarms
are realistic, they already exist and the number of
companies and stakeholders operating or planning
to deploy them is rapidly increasing.
The use of satellites already extends to providing
large area surveillance [6, 7]. In fact, these devel-

opments are progressing so rapidly that any discussion about the state of the art would be moot
at this point. We are currently experiencing landmark changes in satellite numbers, size and operational capacities (as well as ability to put satellites
into orbit) in the time span of years or months (not,
as it used to be, in the matter of decades).
Looking back briefly we remember that in the end
of 2016, SpaceX filed the paperwork for a license
to operate a massive swarm of non-geostationary
satellites (NGS). SpaceX’s satellites are planned
to operate in orbits between 1,110 to 1,325 km
(690 to 823 mi) above Earth, allocated into four
orbital shells so as to improve coverage. While
the initial constellation was planned to consist of
1600 satellites, a second wave of 2825 satellites
is expected to follow soon after. The company
has stated that the threshold to start operating a
global satellite network is at around 800 satellites. The goal of this network is to provide spaceto-ground internet. With 800 nodes in place,
SpaceX will already be able to cover the majority of the planet. Connecting to create a complete
coverage-network around our planet, each individual satellite will provide access to a (roughly)
2120-kilometre-wide ellipse underneath its orbit
(cf. Figure 2, right). In addition to the 4285 satellites of waves 1 and 2, SpaceX has indicated that
an additional 7500 satellites are considered for deployment to lower altitudes at a later stage with
the aim further boost broadband capacity in large
population centers. The company, while being the
most prominent example of satellite-swarm operating enterprises, is not alone: similar projects are
being developed by Airbus, Virgin Galactic and
Boeing, among others. Estimates vary across outlets and over time, but in the coming years somewhere between 4400 and (at least) 12000 satellites
will be deployed into orbit around our planet.

1.2

Application scenarios

In 2011-2012 CubeSats measured ionosphere turbulence caused by solar storms [3] and more re-

cently detected a forrest fire [2] and illegal logging within 8 hours after it happened [7]. Today,
sensing equipment located in space can be used to
collect (sometimes real-time [3]) data about environmental conditions and infrastructure to a level
of detail that allows the precise measurement of
changes in the centimeter range. For example,
around the same time that SpaceX filed its application to operate NGS-swarms for a planetary internet network, the Sentinel-1 satellites were used
to show that certain buildings (e.g., the Millennium Tower skyscraper in the centre of San Francisco) are, in fact, sinking by a few centimeters
each year. The two Sentinel-1 twins are part
of Europe’s Copernicus environment monitoring
programme, providing what some call radar vision. These satellites can measure land movements and contribute to the monitoring of the arctic ice sheet, forests or support humanitarian missions or disaster response operations in the aftermath of a natural disaster [3]. Satellites have been
used to monitor environmental conditions [6] and
the impact of animals on plant life [8] as well as
deforestation [7]. The idea to use satellites and
swarms thereof to track changes in crops, flora
and fauna is not new [3, 6, 7].
Another example of space-based data-collection is
the Cyclone Global Navigation Satellite System
(CYGNSS, launched at the end of 2016) which
consists of eight identical micro-satellites, at an
altitude of about 510 km and an inclination of
35 degrees above the equator. These satellites
can measure surface winds in and near a hurricane’s inner core and help meteorologists to assess the conditions around and inside hurricanes
to better predict their impact, lifespan and path.
When they are not tracking existing hurricanes or
cyclones they will collect data that enables us to
better predict when these are likely to occur, and
where. Since their launch these satelites have increased the frequency of measurements of wind
speed over the tropics to once every few hours (as
compared to every few days as it had previously
been the case). In another example, satellites have
been used to detect and monitor earthquakes [9].
Without a question, these devices will possess significant computational power in order to operate
in scenarios where communication with a control
center on earth will be affected by a time-delay,
or potentially be obstructed by conditions on the
surface of our planet. Without wanting to stray
into the realms of science fiction, we argue that
it is only a matter of time before satellite-swarms

are being deployed in orbit around other planets
or even sent into deep space. For example, large
swarms of extremely small satellites have been
proposed as a viable alternative to sending one
large satellite to explore the rings of Saturn [4].

1.3

Motivation

This motivates our research into approaches that
support the data-collection ability as well as increase the operational autonomy of swarms. The
value of swarm autonomy increases in importance
with every second of communication delay incurred. For comparison and scale: a return signal
from earth to the moon takes more than 2 seconds,
sending a one-way signal to mars will take (depending on the position of the planets) between 4
and 24 minutes.
Given the speed at which such swarms may travel
it becomes imperative to design data-collection
capabilities that enable a swarm to receive higher
level instructions from a control center while leaving the specific execution of these instructions to
the swarm. When it comes to data-collection tasks
that may require specific investigations in realtime and based on the received data, relying on
instructions that may take seconds or minutes to
arrive is simply not feasible.

Figure 1: Relative movement: as far as the collected data is concerned there is no difference between a moving swarm measuring a static object
on the planet (left) and a geo-stationary swarm
tracking a moving object on the ground (right).
In the introduction we mentioned the satellites
currently provide daily images of every tree-sized
(or larger) object on the surface of the planet [5].
This does not mean that one could not hide e.g.,
an entire ship from detection, because - obstruction by cloud coverage aside - these images are
not created simultaneously. Due to this, our observation capability is basically restricted to static
objects in most regions of the world.

Figure 2: Linear change in altitude (or zoom) affects the covered area (or resolution) non-lineraly (left).
This applies to resolution coverage as well as broadcasting such as e.g., for satellite based internet services
(Image adapted from SpaceX) (right). Allocating coverage between satellites is a non-trivial problem.
The scenario we have in mind is that of a swarm
providing coverage over a large area for continuous surveillance, with the requirement that suspicious measurement can be immediately followed
by a second measurement of much higher resolution or quality. We consider applications where
the primary goal is to provide continuous coverage, i.e., where we can not re-focus the entire
sensing capability of the swarm to provide a better measurement. The second property of our system is that we have a seizable number of devices
operating together as a swarm. While this is not
restricted to individual devices (i.e., our approach
is also applicable to a population of e.g., cameras
mounted on a single satellite) we treat each sensing node as an autonomous agent in a collective.

1.4

Overview

In this article we will provide the reader with
a framing of the problem and explain the nonlinearity of the cost function. We will discuss our
inspiration, that is, briefly mention the mathematical model for the nest building behavior of termites from theoretical biology and explain how
we have in the past applied this to address complex computational problems. We then discuss
the specific approach we propose for satelliteswarms and argue how this is similar or identical
to the problem faced by swarms of UAVs operating zenital cameras for surveillance operations.
We present results from operating a hybrid 25UAV swarm using our algorithm and argue that
these results indicate that our termite algorithms
can be applied to swarms of satellites.

2

SCOPE OF OUR WORK

Our approach applies to swarms of satellites, but
is not restricted to orbital satellites. They are also
not required to have the same direction or operate
in the same space for extended periods of time:
our approach can be applied to any collection of
devices that currently share (a) communication
capabilities (to interact with each other) and (b)
operational domain (to interact with the same - or
at least with overlapping - targets). This means
that e.g., a collection of satellites in orbit around
a planet but on different trajectories could form
dynamically, with devices entering the collective
as soon as they satisfy condition (a) and (b) and
leaving the swarm when either condition is violated. However, the protocols to implement this
functionality are outside the scope of this paper.
The objective of the swarm, at any given moment,
is twofold: the primary objective is to provide sensory coverage over an entire area. The secondary
objective is to enable the swarm to dynamically
increase the provided resolution of the data delivered for specific sub-areas. All things being
equal and bounded, this implies that the swarm
operates with redundancies that can be leveraged.
Therefore, we assume there to be some minimum
requirements that the swarm can always deliver,
and that the swarm will provide better data whenever possible. As a result of our approach, in the
absence of specific high-resolution requirements
for specific sub-areas, the swarm will leverage the
current redundancy to improve the overall quality
of the delivered data.

Figure 3: A decentralized swarm versus a swarm with a master-slave hierarchy (left, middle) and separate
data transmissions versus data aggregation and pre-processing at the master satellite (middle, right).

3

INSPIRATION FROM NATURE

In nature, the trial and error approach has led to
the emergence of many - sometimes highly tuned
- methods and approaches that solve - sometimes
extremely specific - problems. There are many examples of engineers and computer scientists applying the underlying principles to address challenges in their domain (cf. [10]). Generally speaking, nature-inspired approaches (e.g., [11]) have
the potential to be extremely efficient [12, 13].

3.1

impact on the behaviour of the collective. If, as
is often the case, their behaviour affects the environment, then there is indirect communication
between agents. This communication uses on the
environment to store and convey information.

3.2

The termite nest-building model

Insect colonies achieve global goals using only
local information, often in the in the absence of
central control or a master plan [22] and accomplished this by basically rolling a (loaded) die.

Collective behaviour & social insects

Collective behaviour such as division of labour,
collaboration, clustering and distributed signal
processing has been shown to be possible as a
result of self-organization [14]. The underlying
principles have been found in group-living animals from insects to vertebrates as well as at the
cell level [15]. With regard to distributed sensing
(an ability observed widespread across biological
taxa) this can be achieved using only rudimentary
cognition and has been shown to applicable to and cost-effective for - computational agents [16].
Termites and ants are examples of social insects
often living in large collectives. While e.g., honeybees are known to pass on information (e.g., on
how to find a food source) between each other
through a dance [17], information in social insects
is often transferred indirectly through a process
known as stigmergy [12, 14, 16, 18, 19, 20, 21].
The working principles is as simple as it is effective: without direct inter-agent communication
the actions and decisions of members of a colony
are guided by their environment. Since they all
share the same environment, this already has an

Figure 4: Simulation of the termite nest-building
effort: resources, initially scattered randomly
around the area (left) are quickly aggregated into
a few, somewhat evenly spaced pillars (right).
In a (highly) simplified view (cf. Figure 4), agents
performing a random walk aggregate building materials using two simple rules:
1. if you are empty, you will load with a probability inverse proportional to the amount of
materials currently present. Conversely,
2. when full, you unload with a probability
proportional to the amount present.
The probability function governing the interaction with other agents only uses locally available
variables. Despite the stunning simplicity of this
model, it can be used for load-balancing [23, 24]
as well as dynamic resource allocation [25, 26].
We showed that agent heterogeneity only bolsters
the ruggedness of the approach [13].

4

OUR SWARMING ALGORITHM

We propose a swarming algorithm for the collective autonomy of satellite-swarms inspired by
the mathematical model for how termites construct their nests. Using the analogy of social insects, each satellite is an agent covering a limited amount of space in its immediate surrounding. Each satellite communicates exclusively with
satellites with which is shares some coverage area
(and maybe one central master-satellite which
may handle the data aggregation, cf. Figure 3).
This already has a bounding effect on the computational requirements of the algorithm: since communication is restricted to a small set of agents,
the incurred communication overhead as well as
the aggregated computational load both grow linearly with the number of agents in the swarm.
In addition, to restrict computational complexity
even further, interaction is restricted to exactly
two satellites. This allows us to distinguish two
roles: the active agent and the passive agent. The
assumption is that agents remain passive most of
the time, but can become active periodically or
when changes in their mission allow for increasing the resolution of their measurements.

The active satellite then estimates the performance
values under some hypothetical exchange in task /
location re-allocation between the two satellites.
Using the current as well as the hypothetical performance values, the probability P of exchanging
responsibilities is then calculated as follows:
P=

performance
(performance+hypothetical

performance)

If the algorithm is tuned well (cf. [27] for an implementation example) then the activity between
satellites calms down as the swarm settles into a
near-optimal solution: as shown in Figure 6, low
performance values result in high probabilities of
exchange (which facilitates the solution space exploration) while better performances reduce the
number of exchanges. Due to this, the system
eventually settles into a stable allocation which is
only disturbed when requirements change.

Figure 6: The probability of exchanging locations
between two satellites, calculated based on both,
the current performance value and the value for
the hypothetical new allocation.

Figure 5: The communication protocol for two
satellites (active: initiating the interaction).
Given a set of locations / measuring tasks allocated to a satellite, it maintains a performance indicator (the weighted average resolution currently
provided for all tasks). In addition, if any requirements are imposed and not meat, a penalty value
is calculated (we omit the mathematical details,
[27] discusses our implementation for swarms of
UAVs with on-board cameras). In any interaction
with neighbouring satellites, these two values are
communicated to the active agent (cf. Figure 5).

To enure uninterrupted measurements, a receiving
satellite will first adapt its sensors to include the
received measuring task into its set of responsibilities before informing the sending satellite that it
can now safely relinquish coverage of this location / task. Figure 7 shows the handover protocol.

5

VALIDATION & RESULTS

The underlying principles have been successfully
applied to e.g., aggregate mobile terminals in
wireless access networks [25, 28], to allocate
tasks to populations of service agents [23, 24] and
to dynamically re-allocate surveillance tasks between drones in a UAV-swarm [27]. While we did
not evaluate our approach using actual satellites,
we argue that the UAV results extend to this case.

Figure 7: The handover protocol to assure that the
area coverage remains uninterrupted.
We have specifically investigated the approach
considering individual differences in the respective agents as well as with the specific goal to endow collectives of heterogeneous robots with the
autonomy required to operate in large distances
from a control center (i.e., on other planets) [13].
In the absence of an actual trial using satellites we
refer the results obtained from our implementation and trials using a hybrid swarm of 25 UAVs
where we used simulated cameras mounted under
the drones. The UAV swarm was tasked with the
continuous surveillance of a large area while individual drones were periodically sent high resolution requirements for specific locations. As
shown in Figure 2 (left) the increase of resolution
requires the drone to either use the zoom of the
camera or to lower its altitude. In the case of a
satellite-swarm this is restricted to zooming.

After an initial deployment of the devices the
swarm re-allocates responsibilities to improve its
collective performance (cf. Figure 8). Complete
area coverage is achieved after ≈ 500 iterations.
The devices continue to improve their zoom levels. However, before the swarm can settle into a
stable allocation, we introduce local requirements
for some of the measurements (at iterations 2000,
4000, 6000 and 8000). The swarm briefly violates
the resolution requirements as its members scramble to accommodate them. Throughout the operation the swarm continues to optimize its general
allocation, which can be seen from the fact that
with increasing iterations the incurred penalty (as
well as the time required to deliver the required
resolution for new requirements) decreases.
To further validate these results we provide the
standard deviation over the performances of different trials (cf. Figure 9). As the initial allocation of locations is random, the performances differ initially but quickly converge on a STDEV of
1 around the time the swarm first achieves complete area coverage. The slight increase in deviation afterwards stems from the swarms attempt
to improve on this allocation. After further reallocations this drops below 0.05, indicating that
the approach reliably performs well.

Figure 9: The standard deviation of the performance results shown in Figure 8.
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Figure 8: The performance and penalty (for violating high resolution requirements) of a swarm
over time. Initially the swarm “moves into position” and collaborates to improve the general
surveillance performance. Every 2000 iterations
changing requirements are imposed resulting in a
penalty. The swarm briefly self-organizes into new
formations to deliver the required service.

CONCLUSION

Termite-inspired algorithms have been successfully applied to resource allocation problems in
the telecommunications sector [25, 26, 28] and
have been used for the control of swarms of UAVs
performing surveillance and measuring tasks [23,
24, 27, 29, 30]. In both cases hardware implementations were developed and tested [25, 28, 27,
30]; in both cases patent applications were filed
[31, 32, 33, 34, 35]. Recently, theoretical investigations into termite algorithms for the control
of autonomously operating devices operating in
construction scenarios - specifically for extremely
hostile environments or non-earth based construction operations - have extended our work [13].

The application of our work to space-based
robotics, especially to swarms of cube satellites,
has been considered at NEC Research Labs Europe for the last few years. Obviously we do not
have the means to actually experiment with real
satellites. However the implemented hardware
test-bed used for UAV-based applications has generated sufficient results to make founded claims
about the benefits of applying our work to space
based robotics and automation applications.
We firmly believe that in the coming years we
will see the number of companies which operate satellites swarms increase significantly. The
applications for such distributed orbital sensing
stations are already numerous. As we set out
to explore and colonize other planets, the need
for increased operational autonomy will move the
field of swarm robotics and practical research into
nature-inspired self-organization for such collectives into the focus of the communities working
on robotics and automation in space.
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