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Abstract - This article focuses on the use of Multi-Agent
Systems for modelling of Micro-unmanned Aerial
Vehicles (MAVS) in a distributed control task. The task
regards a search and destroy scenario in the context of
security and urban counter-terrorism. In the
simulations developed, a swarm composed of four
autonomous flying robots, driven by an embodied neural
network controller, has to approach a target deployed
somewhere within the given environment. When close
enough to the target, one of the aircraft needs to carry
out a detonation in order to neutralizeit. The controllers
used by the MAVs evolve through a genetic algorithm.
The preliminary results presented here demonstrate how
the adaptive evolutionary approach can be successfully
employed to develop controllers of this kind. The MAV
swarms evolved in thisway are in fact able to reach and
hit the target, navigating through an obstacle-full
environment. Further works on this model will focus on
the development of a 3D physical simulator, in order to
move towards the usage of MAVs with neural network
controllersin real applicative urban scenarios.

Keywords: MAVs, multi-agent systems, autonomous
robotics, obstacle-avoidance, neural networks, genetic
algorithms, embodied cognition.

1 Distributed control in Multi-Agent
Systems (MAYS)

Distributed control, particularly when it requires a certain
level of coordination/cooperation [1][2][3], is a notably
interesting problem from both a technological and
scientific perspective. Compared to centralised control
where a central controller (eg. human operator or
airplan€’ s “leader” agent) isresponsible for (pre)planning,
task-assignment and supervision of the coordination task,
in distributed control systems intelligent autonomous (or
semi-autonomous) agents are capable of sensing, acting,
cognition and communication and together contribute to
the task solution. These network-centric systems only
require partial interaction with other agents, and may
necessitate simpler architectures and individual resource
requirements as knowledge is distributed in the
popul ation.
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The significant advantages of this approach are that
the system ismore robust, adaptive and fault tolerant since
thereisno critical reliance on any specific individual, and
that decentralization results in increased reiability, safety
and speed of response [3][4]. In addition, distributed
approaches have the benefit of not requiring the full pre-
planning of the cooperative strategy. Adaptive solutions
can emerge at runtime through the interaction between
autonomous individuals and from the task and
environment requirements, which might not be fully
accessible at the beginning of the problem.

Studies on distributed control greatly benefit from
the utilization of Multi-Agent Systems (MAYS), since they
provide a platform for simulation and testing of various
hypotheses based on the principle of distributed (artificia)
intelligence [5]. Distributed control MAS approaches have
been used in various domains, such as unmanned air,
terrestrial/underwater  vehicles, search and rescue
scenarios, collective robotics, social cognition etc. For
example, Sastry and colleagues [4] have focused on
coordination and didributed control in unmanned
underwater vehicles, Sykara and collaborators [6] have
concentrated their attention on the study of hybrid rescue
group systems based on humans, software agents, and
autonomous robots. What they propose are coordination
architectures capable of quickly finding optimal solutions
to the combined problems of task allocation, scheduling,
and path-planning subject to system congtraints. In the
SWARM-BOT project [3][7] groups of robots evolve a
cooperative strategy for exploratory tasks. In such a study
distributed coordination implies that the characteristics of
the group’s behaviour (e.g. individual sensorimotor
dtrategies, the roles played by the different robots, the
synchronization problems raised by their interactions) are
not managed centrally by one or few “leaders’ but are the
result of self-organizing processes instead. Examples of
these processes are “ positive feedback” (if each individual
of agroup follows arule of the type “do what the mgjority
does’, the individuals behaviours will tend to become
homogeneous) or “consumption of building blocks’ (e.g.
if the number of individuals forming a group is limited,
the process of convergence towards the same behaviour
caused by a positive feedback mechanism will necessarily
dow down and then stop). Finaly, various MAS models
of social cognition have been proposed, such as those
modelling animal collaborative tasks such as in ant
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colonies (which have inspired the SWARM-BOT
application) and predator group behaviour [8].

The goal of this paper is to introduce a new
methodology, based on MAS, to develop autonomous
controller systems for unmanned aerial vehicles (UAVS).
We will focus on a particular category of UAVs
characterised by their very small size, the so-called Micro-
unmanned Aerial Vehicles(MAVS). Theinterest in such a
model arise from the fact that, given their specifications,
swarms composed by many MAVs could be successfully
employed for counter-terrorism operations to be carried
out within urban crowded environments.

2 Autonomous UAVYMAVs path-
planning

Typically, the UAVs' used nowadays in red applicative
scenarios are dynamically remote controlled (think for
instance about the famous Predator, which is currently
widely employed in the main warfare environments) by a
human crew staying in aremote position. Many UAVs, at
the same time, also have their own guidance systems, via
which they can fly autonomoudy. The limitation is that
usualy these guidance systems are dightly similar to
automatic pilots used within the civilian aviation domain
as they simply provide a means of keeping the UAVs
following a given pre-planned route.

During the last few years we have noticed an
increasing interest in developing intelligent autonomous
UAVS controller systems. The focusing toward
autonomous guidance systems is not only an economical
matter, although the use of autonomous aircraft instead of
the usual combination “manned airplane plus human
pilot” would allow to save the enormous amount of
money normally required for pilot training, skills
upgrading, and so on. Computer software can frequently
outperform humans in carrying out many different tasks,
both in terms of reliability (for example, consider the
“dull” factor which Cambone and colleagues refer to [9])
and accuracy (computer software is more accurate than a
human pilot to perform an already planned manoeuvre
and, most important of all, it is able to perform with the
shortest reaction time possible). For tasks where more
than a single UAV has to be employed, for example
because a certain level of cooperation is required, the
magnitude of the problem increases accordingly.

According to Richards and colleagues [10] current
approaches for autonomous cooperative UAV control can
be separated into the following strategies’:

e deliberative approach: focused on developing a
specific flight path for each UAV to follow. Such
flight paths are rigid and they cannot be altered

* within this section we will use the term UAV in a generic way,
meaning any possble kind of unmanned aerial vehicle, including MAVs.
2 |In reality, Richards, Whitley and Beveridge classify these approachesin
four different groups. For smplicity purposes, we limit our analysis to
only three of these, excluding the “behaviour based controller systems’.

even in the event that new information is
discovered. In other words, the entire scenario is
assumed to be already known. This approach
could be successfully employed for civilian flight
planning, but it simply results in being unusable
in a military perspective. An example of this
approach isin thework by Ablavsky [11];

e adaptive replanning approach: in order to
achieve some degrees of flexibility, few
deliberative systems incorporate an element of
adaptive replanning. Like in the deliberative
approach, in the adaptive replanning the main
role is played by a centralized controller that
provides to generate a specific flight path for
each UAV to follow based on the currently
available information. The UAVs move
according to the flight paths received, but they
are also able to gather sensorial information from
the environment and send it back to the controller
as it becomes available As the controller
receives new information, it may generate new
flight paths that are in turn broadcast back to the
UAVs[12][13];

e reactive strategies rather than generate a specific
flight path that requires live updates, this
approach aims to generate a so-called “reactive
strategy” for every UAV. This kind of strategy
can be imagined as a single decision tree that
controls the aircraft for the life of the mission.
The decision tree determines changes in the
UAV'’s heading, based on immediate low-level
information collected from its sensors [14][15].

Richards and colleagues use a team of UAVSs that
has to explore a given area in a cooperative way, relying
on a decision tree that implements a reactive strategy and
controls the various aircraft developed through genetic
programming (GP) methodologies. A more convenient
approach might consist in the usage of evolutionary neural
networks (NNs) [16][17], mainly for two reasons. First, it
is easier to use neural networks instead of GP for this kind
of task since there is no need to provide the MAVs with a
predefined set of possible manoeuvres. Robotic aircraft
endowed with a neural network controller can achieve a
grester flexibility level, which in turn could allow them to
employ innovative solutions (i.e., not expected by the
experimenter) for the task they are carrying out. Second, if
properly trained, neural networks can guarantee a much
grester generaisation capability than a decision tree
evolved through genetic programming. This can alow the
MAVs evolved within a certain experimental setup to
perform well in adifferent scenario

Nonetheless, in both GP and NNs cases, a computer
simulation is required for reasons of cost and time. The
strategies developed have first to be evaluated within a
simulated environment, where the (potentialy) thousands
of strategy evaluations required to converge on effective
solutions do not trand ate into real economic costs.
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In addition to being frequently used to control
terrestrial robots, neural networks have recently started to
be considered aso in thefield of underwater robotics [18].
Degpite that, they have been only rarely used as controller
systems for flying robots. The main exception
encountered so far, reviewing the literature, consistsin the
work of Floreano and colleagues [19]. They employ fully
autonomous MAV swarms, where each swarm’s member
acts as a signal repeater, in order to create a reliable
communication infrastructure between human rescuers
and base station working into areas hit by natural
disasters. At the same time, Holland and collaborators
[20][21] are studying how to employ neural networks as
controllers for autonomous heicopters.  Finally, in
addition to evolutionary methods, other meaningful
insights come from the work carried out within the
Autonomous Flight System Laboratory at the University
of Washington. Stressing the importance of using
heterogeneous autonomous systems in place of traditional
hierarchical structures, Rathbun and Capozzi [22] had
developed an efficient path planning algorithm for
situations where the UAV's need to modify their paths in
order to avoid a number of other aircraft flying in their
vicinity.

3 Simulation experiments

The simulation experiments that will be presented here
concern the usage of MAV swarmsin adistributed control
perspective. These experiments focus on a particular task,
specifically a “search and destroy” scenario in the context
of security and urban counter-terrorism. The main idea is
that, given the MAVS small size and their high level of
maneuverability, they could be successfully employed on
counter-terrorism operations to be carried out within
urban environments.

To clarify the scenario, let us imagine being in the
presence of a potential “danger”, such as a terorist
walking aong the centre of a modern city® in order to
reach the place of an dready planned attack. We can
roughly identify two main categories of possible
countermoves to a menace of thiskind:

e direct approach: blocking the attacker through
the intervention of a security task-force. It might
be extremely dangerous if the target is, for
example, a kamikaze wearing an explosive belt,
since he could ingtinctively react to a physical
aggression by detonating himself;

e indirect approach: neutraizing the target by
hitting him from a remote position. This is the
typical action carried out by a team of snipers.
The problem with this approach is the difficulty
involved in passing unnoticed while deploying a
large amount of snipersaround a city.

® The idea is to represent an urban scenario typical of a Western-like city,
characterized by the presence of many high buildings, grouped in a semi-
regular way, crossed by few huge roads.

Using MAV swarms it might be possible to avoid
the main disadvantages related to both the direct and the
indirect approaches. The fact that electrical-propelled
flying robots are able to fly silently and out from the
typical line of sight of a person allows them to remain
unnoticed while reaching the target. Furthermore, unlike
the employment of a sniper team, a MAVs swarm will
also be able to eventually perform a non-lethal action. The
outcome of neutralizing the target could in fact be pursued
through a low-potential detonation, or using some
chemical substances instead. Those chemical elements
might be something able to block a device starter or to
immobilize the target. Another possibility would be to
drop a flashbang grenade againg the target, in order to
make it temporarily inoffensive and allowing in this way
the intervention of a task force deployed in the vicinity.

The fundamental assumption made in the mode
described hereis that the MAV's have to be always aware
of the target’s position. It should not be an unredlistic
hypothesis, as we can easily imagine a satellite-based
system that, while continuously monitoring the
movements of the target, a the same time shares the
gathered information related to its position with the
various MAVs.

The specifications of the MAV's employed in these
simulations (size, speed and autonomy) have been
inspired by the WASP Block Ill, produced by the
American manufacturer Aerovironment.

The experiments that will be showed in this paper
congtitute the first steps of an incremental set of
simulations aimed to gradually move toward a realistic
model of MAV's swarm cooperative behaviour®.

3.1 Thesmulation modd

The environment where the simulation takes place is a
two-dimensional rectangular area - sized approximately
630x675 meters - representing a portion of London’s
Canary Wharf. A swarm is composed of four MAV's, with
gtarting positions close to the rectangle’s corners and
facing the centre of the environment (with the addition of
a certain amount of random noise from their starting
orientation). A target is deployed somewhere into the area,
occupying a random position that is always known to the
swarm’s membersin terms of distance and relative angle.

The neura network controlling the MAV behaviour
is characterized by a simple three-layered feed-forward
architecture, detailed as follows:

e theinput layer consists of four neurons. One of
them is dedicated to receiving the sensoria input
related to the distance that separates the MAV
from the target; the other three are dedicated to

* From a technical point of view, the simulator software has been written
in C++, using the Qt libraries as graphical framework. The source code,
the corresponding binary files (compiled both for Windows 32 bit and
MacOS X 10.4/10.5) and some demos are available on line at the URL:
http://ww.tech.plym.ac.uk/research/SOC/abc/plymav/
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encoding the relative angle between the two
agents;

¢ theten neurons belonging to the hidden layer are
characterized by a tan-sigmoid activation
function, with minimum value -1.0, maximum
1.0 and curve' sslope 1.0;

e the output layer is composed of two neurons.
One of them, continuous, is dedicated to the
MAYV steering. Its output value can vary between
-1.0 and +1.0, according respectively to a 10° left
and to a 10° right turn. The other neuron is a
Boolean one: when it turns to 1 the MAV
detonates (we suppose that, within the possible
actions introduced in the previous paragraph, the
MAVs of these smulations attack the target
through alow-potential detonation).

Figure 1 - The neural network controller
achitecture for Smulations A1, A2, A5 and A6
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The MAVS controller systems evolve using a
genetic algorithm, through an evolutionary process lasting
for 500 generations. An initial population of 100 different
swarms is created with both connection weights and
biases randomly assigned in the range -1.0/+1.0. Note
that, even if each member is endowed with its own neura
controller, the MAV's belonging to the same swarm share
the same connection weights and the same biases as well:
they are, in fact, clones of each other. Each swarm is
tested four times within four different environments
which vary only for the target’s position. Every test starts
with the swarm’'s members deployed in their starting
places, with the maximum amount of energy available
(5,000 energy units’). Each MAV sequentialy perceives
its sensorial inputs, e aborates the appropriate behavioural
response (steering amount and/or detonation) and actuates
it a each time-step. The movement, which is in the new
direction after steering has taken place, is 3.14 meters
long and costs the aircraft 3.01 energy units. The test ends
when the target has been destroyed by a MAV detonated

® Please consider that this value is much lower than the one that should
correspond to the real WASP 111’ s autonomy (it should be approximately
33,800). The decision to keep this value lower is justified by the long
computational time required to carry out a simulation when the MAV's
have the same autonomy as their real counterparts. Sometimes, in fact,
and especially during the first generations, it might happen that some
swarm’s members move in the loop, without reacting to the variation in
sensorial perception, until the autonomy finishes.

close enough to it (2.2 meters or less) or when there are no
more aircraft alive. Consider that a MAV — as well as
detonating - can aso die if it moves out of the
environment boundaries, if it collides with a tesm-mate or
if it finishesits autonomy.

The fitness formula through which the collective
performance obtained by each swarm - after the
conclusion of the four tests - ismeasured is:

fitness=—a + (%) +(c*50)+(#¢*5) (1

where:

e 0 isthe average distance between the target and
the swarm's member exploded closest to it,
calcul ated based on the four tests;

e fistheaverage amount of energy retained by the
MAV detonated closest to the target, calculated
based on the four tests;

e o isthe number of tests concluded by the given
swarm with the elimination of the target;

e ¢ is the total number of swarm's members
remained alive after the 4 tests (maximum 3
MAVsx 4tests= 12 MAVS).

This formula tends to favour not only those swarms
able to reach and destroy the target, but also the ones that
are both quick in accomplishing the task and capable to
performing it while losing the lowest number of MAVs
possible.

The 20 swarms obtaining the best fitness score are
selected for reproduction. Each of these swarms creates 5
copies of itself, which inherit its connection weights s,
along with the biases related to the hidden and to the
output layer (the input layer’s neurons have not any bias).
A certain amount of random mutation (ranging between -
1.0 and +1.0) is added to each inherited weight and bias
with probability .25. The elitism operator is also applied
in order to preserve the unmodified reproduction of the
swarm that - within a given generation — obtains the best
performance. The best swarm creates five copies of itself,
but just four of these are subject to random mutations

3.2 SimulationsA: preliminary testing on
an open environment

The first set of experiments ams to identify the most
appropriate encoding for the sensoria input. Eight
different simulations (A1-A8) have been carried out,
testing various encodings and the related architectures.

Al: the angle that separates the MAYV from the target
(dependent on the current MAV’s facing direction) is
divided into eight different sub-fields. The first includes
all the angles equal to or greater than 347.5° and lower
than 22.5°; the second oneisrelated to the angles between
22.5° (included) and 67.5° (excluded) and so on. These
sub-fields are numbered progressively, according to a
Boolean encoding, as shown in Figure 2A. The distance -
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which in the smulated environment used can range from
0 to 1,165 meters - is discretized into 11 different values,
accordingto Table 1.

Table 1 - Distance encoding for neural network architecture A1

Distance (meters) Discretized value
1,165 <= distance < 1,008 0.0
1,008 <= distance < 896 0.1
896 <= distance < 784 0.2
784 <= disance < 672 0.3
672 <= distance < 560 0.4
560 <= distance < 448 0.5
448 <= digtance < 336 0.6
336 <=distance < 224 0.7
224 <= disance < 112 0.8
112 <=digance < 2.2 0.9
2.2<=digance <=0 1.0

A2: the distance-related encoding is the same as A1,
but the angle that separates the MAV from the target is
encoded in a different way. It is still segmented in eight
different parts but these are now numbered through a Gray
Code encoding instead of a Boolean one (see Figure 2B).

Figure 2 - The angle encondings for neural network
architecture A1 (A) and A2 (B) respectively

N
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A3: the neural network architecture used differs from
the two previoudy seen, since it exploits only two
continuous neurons to encode the angle between the MAV
and the target. Given an angle between 0° and 360°, the
first neuron encodes its sin, while the second encode its
cosineinstead. The distanceis encoded asin Al and A2.

Ad4: this neural network architecture uses only a
single continuous neuron to encode the angle that
separates the MAV from the target. The angle value
(0°>360°) is normalized in the range [0;1]. In order to
avoid a very different encoding between a couple of
angles both near the front of the MAV, before the
normalization the angle is rotated to ensure the O stays
behind the MAV. The distance is encoded as in Al, A2
and A3.

A5, AB, A7, A8: dl of these architectures encode the
distance between the MAV and the target in the same
way. It is not discretized as it was in the first four
simulations, but simply reduced into the range [O, 1],
where 0 corresponds to the maximum distance (1,165
meters) and 1 to the minimum one (O meters). Theangleis
encoded as follows:

e Simulation A5:; encoded asin Smulation A1;
e Simulation A6: encoded asin Smulation A2;
e Simulation A7: encoded asin Smulation A3;

e Simulation A8: encoded asin Smulation A4.

3.2.1 Simulations A: results

The results from the firgt set of simulations, summarized
in Table 2, clearly identify the A2 as the combination of
neural network architecture and input encoding that
generates the best performance.

Table 2 - Average fitness and percentage of tests concluded with the

elimination of the target for Simulations A. The values are the average of
the last 10 generations, based on 5 seeds

! : Average Per centage of tests
Simulation fitneg concludedagjcc%fully
Al 110.49 75.09
A2 315.18 93.46
A3 -152.46 11.68
A4 55.32 58.14
A5 111.66 75.33
A6 240.19 88.14
A7 -142.20 10.89
A8 -287.03 6.97

In general it is possible to see how the discretization
of the sensoria inputs dramatically helps the controllersto
evolve toward optimal solutions.

3.3 Simulations B: environment with
obstacles

In the second set of simulations we have inserted some
obstacles into the environment, with the intent of
representing the biggest buildings present in the urban
area we are using as a model. For simplicity, the new
simulated environment is ill two-dimensional. The
buildings represent for the MAVs akind of “no-fly zone™:
if they try to enter these areas, they will be immediately
destroyed. In other words, we are assuming that these
buildings are too high to alow the MAVs to fly over
them, so their only chance to avoid these obstacles is
through circumnavigation.

Figure 3. The environment where simulations B take place, with the
main buildings mapped (in red) as no-fly zones. The highlighted zone, in
the centre of the scenario, iswhat we define asthe “ enclosed area’
[The background image has been taken from Google Earth©]
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According to Figure 3, 19 building/obstacles have
been mapped into the environment. Their shape is always
rectangular and the differences between them are just
related to their size. These obstacles correspond to the
tallest buildings present in Canary Wharf.

In order to evolve an obstacle-avoidance capability,
the MAV's have to be equipped with a sensor (or a set of
sensors) able to detect the presence of any obstructions.
We use an ultra-sonic sensor capable of detecting the
presence of an object, no matter what kind of object it is
(just a surface that can reflect the signal is enough)
situated in front of the MAV - along a straight line - until
25 meters distance. In the context of our simulations, the
obstacles that the aircraft are able to perceive through this
sensor consist of: a building, the target and another MAV.

Starting from the A2 architecture, we have added
one neuron to the input layer and two to the hidden layer.
The behaviour of the new input neuron is straightforward,
asit smply encodes the distance from the nearest obstacle
perceived by the MAV, according to Table 3.

Table 3. Econding related to the ultra-sonic sensor perception

Distance (meters) Discretized value
1165 <= distance < 33.6 0.0
33.6 <= distance < 30.24 0.1

30.24 <= distance < 26.88 0.2
26.88 <= distance < 23.52 0.3
23.52 <= distance < 20.16 0.4
20.16 <= distance < 16.8 0.5
16.8 <= distance < 13.44 0.6
13.44 <=distance < 10.08 0.7
10.08 <=distance < 6.72 0.8
6.72 <= distance < 3.36 0.9
3.36 <=distance <=0 1.0

One of the main difficulties of this task arises from
the fact that, using a sensor of this kind, the MAV's can
simply detect a generic obstacle in front of them without
the knowledge of what kind of obstacle it is. They are not
aware, in fact, of the real nature of the obstacle they are
facing, i.e. if it is, for example, a building or the target
they are looking for instead. Therefore they need to make
an assumption about what the perceived obstacle is, based
on the others sensorial information gathered. In other
words, they have to identify the target matching the
information provided by the ultrasonic sensor with the
distance from the target that they receive in turn from
another sensor.

From atechnical perspective the smulation has been
subject to only few minor changes with respect to the A-
series. First of all, the fitness formula (1) has been
modified and now - in order to assign a strong importance
to the obstacle-avoidance issue - it stresses the factor ¢
more than before;

fitness=—-a+ (%) +(0c*50)+ (¢*10) (2

To achieve a good generalization ahility, the MAVs
no longer start from the usual positions close to the
environment’s corners, but from a semi-random starting

point instead. The distance from the boundaries is fixed
(one MAYV per side of the environment), while the exact
dtarting position is randomly assigned before every test.
Furthermore, during the four tests, the target is deployed
two times in a random position into an “enclosed area” at
the centre of the environment, and the other two timesin a
random position outside the enclosed area.

In order to make the navigation task easier, the
MAVS' turning radius has been increased from +/-10° to
+/-20°. This modification has been partially mitigated by a
second change: now - during each step - the MAVs no
longer make a movement 3.14 meters long, but a
movement of 2.24 meters' length instead. The amount of
energy spent for a single step has consequentially been
reduced from 3.01 to 2.14.

Also, since the new behaviour requested to the
MAVSs is more complicated than the previous one, the
evolution length has been increased from 500 to 2,000
generations.

Figure 4. Ultra-sonic sensors set up for Simulations B
(A: architecture B1; B: B2; C:B3; D:B4)

I
\v 51“7

The experimental setup described here corresponds to
Simulation B1. In order to pinpoint the most efficient
configuration able to evolve obstacle-avoidance
capability, three other smulations have been carried out
with different sensors set up. As detailed in Figure 4,
simulations B2, B3 and B4 al use three ultra-sonic
sensors (with the respective input neurons) instead of only
one. The corresponding neural network architectures are
dightly different with respect to the one used in B1, since
a larger amount of hidden neurons (15 instead than 12)
has been inserted on them.

3.3.1 SimulationsB: results
The results coming out from the second set of simulations
need to be analyzed thoroughly.

Table 4. Average fitness, percentage of tests concluded successfully and
average minimum distance from the target for Simulations B. The values
are the average of the last 10 generations, based on 5 seeds

sm Ayerage Per centage of Minimum distance
) fitness tests succeeded from the target
Bl 51.09 62.13 0.67
B2 257.27 87.07 0.14
B3 238.09 84.5 0.44
B4 257.62 87.18 0.54
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What is striking is that Simulation B1 is the one which
performs worst in the overall group. This outcome was to
some extent expected, since the presence of only one
ultra-sonic sensor does not alow the MAVSs to know in
which direction to turn when facing an obstacle. Aircraft
evolved in this experimental setup are able to reach and
neutralize the target only 62% of the times, while, on
average, one aircraft per test crashes againg a building.

Simulations B2, B3 and B4 look much more
promising. All the members of this subsection score a
good result in terms of percentage of tests successfully
concluded (respectively 87%, 84% and 87%). Therdative
bad performance of B3 is due to the fact that the obstacle-
avoidance ability of the MAVs evolved in this setup is
less effective with respect to Simulations B2 and B4. To
clarify this point, consider that on the “average swarm” of
the population evolved in Smulation B3, there is (again,
on average) one MAV that crashes against a building
every three tests, versus one each four tests for Simulation
B3 and one each five tests for Simulation B4).
Furthermore, the MAVs - particularly when enclosed
within restricted areas surrounded by obstacles - can
sometimes get stuck in a kind of loop. Basically they
continue to turn on themsdves, until their available
energy goes out. This condition happens much more
frequently in Smulation B3 than in Simulations B2 and
B4.

Figure 5. The end-test condition for the average swarms of Simulation B4
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Looking at Table 4, the results obtained by B2 and
B4 appear very similar. The lag column - “Minimum
distance from the target” - could look like a bad score for
Simulation B4, but we have to consider that, in order to
destroy the target, a MAV needs to detonate within a two-
pixel distance from it. It does not make a big difference
having an average minimum distance from the target, for
the swarm’s member detonated closest to it, of 0.1394 or
0.5426 ingtead.

Observing the data contained in Table 5, related to
the conditions of the “average swarm” at the end of the
“average test”, the advantages of Simulation B4 become
evident. With respect to Simulation B2, in fact, there are a
wider number of MAVs alive (2.3 vs. 2.17), due to fewer
detonations (1.03 vs. 1.05) and to a better obstacle-
avoidance capability (on average, 0.22 MAVs crash

against a building vs. 0.32). The only pitfall is the average
amount of MAVSs that finish their energy during the test:
0.23 for B4 vs. 0.18 for B2.

Table 5. End-test conditions for the Simulations B's "average swarm"

Crashed
Sim. Alive Detonated against a eont(jetr SL g;gﬁ:
building
Bl 1.18 1.22 0.99 0.32 0.29
B2 217 1.05 0.32 0.18 0.28
B3 2.2 1.03 0.28 0.27 0.22
B4 2.3 1.03 0.22 0.23 0.22

Simulation B4 can be anyhow declared the best
between all the “Family B” simulations carried out.

4 Conclusion and further
developments

In the smulations described here we have identified the
minimum set of sensors, with the respective encodings,
needed to evolve neura network controllers for
autonomous MAV swarms able to navigate along an
unknown environment, with or without obstacles, and to
perform a pre-defined action when a certain target has
beenreached. This work congtitutes a basdine
framework that will act as a solid starting point for the
future studies regarding the employment of MAV swarms
in different kinds of tasks. Particularly, the main research
directions that will be followed during the next years are
two.

Sociality and cooperative tasks. The task presented
here, even if conducted by a swarm composed of many
members, could not be fully classified as a cooperative
task. The MAVs, in fact, act individually, interacting with
the teammates only through their ultra-sonic perception
when it happens that two or more of them are flying over
the same area. The next step will be to make the task a
social one, eg. requiring a coordinated attack (two or
more MAVs that detonate simultaneously) in order to
neutralize the target. To successfully accomplish such a
kind of task, the swarm’s members need at least to know
the position of their teammates.

Evolution of communication. From the previous
point easily arise the awareness that the usage of explicit
forms of communications between the MAVs could
dramatically improve their performance in accomplishing
a cooperative tak. Most MAS models that have
considered communication typically refer to implicit
forms of communication, such as visual cues in predator
models [8] and stigmergy communication in colonies [7],
or to the technical aspects of agent communication
protocols [5]. Instead, the use of explicit forms of
communication (e.g. symbalic, language-like systems) can
be crucial in tasks requiring higher levels of cognitive
capabilities, such as planning and decision making, and
for the integration of language and cognitive capabilities
[23][24][25]. By explicit forms of communication we
mean the use of symbolic lexicons in which it is possible
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to identify a clear symbol/meaning relationship grounded
on the agents' collaborative task properties and processes.
New studies on the role of explicit communication in
MAS have many theoretical and technological
implications. In particular, agents that are alowed to
communicate explicitly during the execution of
collaborative tasks might benefit from the exchange of
information regarding properties of the task being
processed. Such explicit communication systems do not
have to be defined a priory by the human designer, but can
autonomously emerge from social interaction between
agents [26][27].

At the same time, the simulator will gradually evolve
toward a more realistic three-dimensional model, able to
take into account the physical properties of the actors
involved in the simulations. This, in fact, will constitute
the last step required in order to think of the usage of
MAVSs, endowed with genetically evolved neural network
controllers, within real applicative scenarios.
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