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SUMMARY

The exponential growth experienced by the robotics sector over the past decade has
fostered the proliferation of new architectur@ptimized for specific missionshese
platforms ae in most cases limited by their embarked computational pamas lack of
full situational awarenes#lore robust, flexible, scalahland nspired by naturegroup
roboticsrepresent an interestirgpproachto overcome some limitations tiesesingle
agentsand take advantage of the heterogeneity of the cuiwbnoticsfleet Their essence
lies in accomplishing more complex synergistic behaviors through diversity, simple rules
and local interactiongdowever,the designof robotic groupsis complex a decision
makers havéo optimize the groupperationas well aghe performance of eaahdividual
unit, for the groupperformance In particular, key questions arise to know whether
resources should belatatedto the characteristics of thgroup or to the individual

capabilities of its agents in order to mtwet established requirements.

Current methodsf swarm engineering tend to perform sequential optimization of
the microscopic level (the agents) and then the macroscopic levetdtige, whichresuls
in suboptimal architecturem this contextgefficiently comparing two differengroupsor
guantifying the superiority of groupversus ainglerobotdesignmay proveimpossible
Same goes of thdetermination of an optimal architecture for &egi missionWith a
special emphasis on aerial vehiclebg tpresent research proposes to establish a
methodology tachieve microscopic/macroscopic configuration tradeoffs in the design of

cooperativemulti-robot systems
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The resulting product is the MARIM: Multi-Agent Systems Design Methodology.
A novel multHlevel multrarchitecture morphological approach fisst introducedto
facilitatedesign space exploratiggnd amesoscopic levaimulationbased design method
is used to bridge the gap betweercmscopic and macroscopic levelssing these first
blocks, an innovative optimization technique is suggested based ointesoonnected
loops which differs from the classical sequential approach presesty by the research
community.

Results of thisesearch show that simultaneous optimization can have clear benefits
if applied to the design of muitbbot systems and on particular cases, average
improvements of 16 percent were observed on the main performance metric. The proposed
optimizer proves toda key enabldor fully heterogeneous swarms, a capability which is
not possible in the current paradigm. Moreover, the optimization algorithm was efficiently
designed and exhibits a speedup of at least 50 percent when compared to current
techniques. Fially, the exploration of the design space is effectively carried out with a
combination of morphological reduction, morphological tree representation, and
mesoscopic modeling. Indeed, applied to mudbot systems, such models prove being
several times fter than usual simulation approaches while remaining in the same range

of accuracy.

This work is divided into two volumes with the appendix detailed in the second volume.

Keywords: Conceptual desigriViulti-robotics,Swarmengineering MesoscopicDesign

Optimization
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CHAPTER 1

MOTIVATION

Automation is part of the quest for comfort of human beings and enables to
autonomously carry out processes with minimal human interventiomas been
experiencing a relentless growfttom even beforaghe invention of the priimig press by
Gutenberg, the Jacquard loom or the centrifugal governor of Wattodern autonomous
robots Thedevelopment of the robotics field unleashes a new potential for the automation
of jobs that were only accomplished by humasa far.In particular, mobile unmanned
systems provide advantages over human operators in manyrelsiking transportation
of goods and people, delivery surveillance missiong.his spectrum of robot operations
is getting wider and wider as the current fleet is getiimgre diverse in terms of
architectures and capabilitiedNonetheless, individual robots experience several
limitations, some of which can be addressed thrauwgirming Directly inspired by nature,
multi-robotics solutions such a®botic swarms proposéncreased capabilities over
individual agents and enable to capitalize orhiterogeneityf the current fleet of robots.
However, designing such systems of systems is a challenging task and the advantages of
multi-robot systems over singlmbot solutios need further examination. Their
democratization remains impeded by the lack of a standard design process, delaying the
use ofmulti-robot systemsn industrial applicationsThis first sectionstudies in greater
detail these elementdrawing attentiond certainneeds leadintp the research objective

of this work.



1.1 Brief overview of the research objective

In order to ease the reader into understanding this resé¢laedhist chapter builds

up on a series of observations in the field of rmalbiot systens design

1 A growing diversity of drone types is now available amdlti-robot collaboration
may overcome the limitations of single robot platforms.
1 Designing a multrobot system requires much more commitment than for a single
agent, such systenagsotend to be confined to experimehapplications.
f Multitagent systems do not always perform i

community focuses on homogeneous andaiimal group configurations.

A set of corresponding complementary assertions rsdbducted from these observations:

1 There is a potential to take advantage of the diversity of the existing drone fleet.
1 A standard physical design methodology is required for fmlidt systems.
1 There is a need to compare the performance of optimizeti-rahbt systems

versus optimized singlebot platforms for a given mission.

Finally, theseavermentgprompt the formulation of a unified research objective: the
fundamental problematiengenderinghis research-ence, the goal will be to establish a
design methodology that enables the optimal design of maidt systems. In particular,
key tradeoffs will be examined such as the compromise between the number of agents in
a group, and the individual capabilities of each agent of this gidwgprest othis chapter
goes on to detail, assemble, and give ground to the motivation of this work on the
MASDeM: the MulttAgent Systems Design Methodology.
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1.2 The potential of unmanned systems

Thanks to dramatic improvements in computational power, battery life,
miniaturization and complexity of sensors, unmanned systems are now an essential
constituent omilitary instrumentation and are finding their way istammercial and civil
applicationsWhat wereonceconsideed as cumbersome vehiclae nowadays proving
as necessary assets for applications that were unforeseen a few yeddhragoned
systemshave now become an integral part of military operations asettentairstrikes

campaign in Syriand Afghanistamlemonstrags[1].

Figure 1.1: Unmanned aerial vehiclesused in military operations[1]

They are also being used more and moreamroercial applications for mine
mapping, building inspection,raps monitoring etc. This section examinewhat the
advantages proposed by unmanned systemasaveell as what their limitations consist in

despite a growing heterogeneous market.



1.2.1 The advantagesover human operators

The use of unmanned systems is fieddias they providedvantages over human
operators and many of thesenefitsstem from the origins of automatidndeed, the first
advantages of unmanned systems are to be able to carry out tasks that would be too

dangerous, complex, repetitiva stenuous for human being]:

1 Dangerous operations include exploration of damaged buildings, mine clearance
missions in hostile sestorms or miscellaneous jobs in radioactive environments
The hardware used in robots more robust andresistant to environmental
conditions that could be threatening for human life. In particthar are able to
withstand greatewear,shocksand more extremes temperatutiesr instance, the
design of a Unmanned Air Vehicle (UAV) doesot account for the accelerations
and maneuverability constraints imposed by the human pilafitber manned
vehicles.Sometimes, the danger lies only in reaching a remote sargla asa
collapsed buildingvhere small and aerial vehiclakne more mobildhan human
workers, can penetrat€he fact that robots are an expendable adsetnables to
send them ohazardousnissionsinstead of humang].

1 Complex tasks can consist of ders®d accurat&D mapping of a buildig or
precisepartsassembly Owing to their elaborate sensors such as cameras, laser
range findersor else sonars, unmanned systems possess a much greater precision
in sensual perception than humankis enhanced perception is critical tasks
requiring accuracy

1 A typical repetitive process often carried out by unmanned systems nowadays is

surveillance of buildings or border&utomation enables to encode the repetitive



sequencein the logic of the robot only onc&o take care obtherstrenuous tas,
powerful actuatormake robotstronger than their humakesignersandunmanned
systems are capable of carrying out demanding operations such as lifting heavy

payloads.

Thanks to the enhanced precision in terms of both perception and actuation,
efficient control schemes can be implementen the platforms, enabling greater
sensitivity in the required operations than with hunogeratives This results in an
unerring robustness in tasks completion or in achieving quality stan@andsequently,
this consistencyenables savings in wasteenergy and materialand the tasks are
accomplishd with improvements in qualitgnd precision when compared with human
workers.Additional savings in energy can be achieved by optimizing the behaivibe
robots For instance, a current motivation mentioned4jyand[5] is to design movement
patterns necessitating less acceleration energy. The controls are detelcgledlate the
best trajetories for the robots from the standpoint of energy efficieRoy.mobile robots,

this translates into an increase in operational rangendurance.

Additional advantages of unmanned systems over humans are cost related. In terms
of mobile robotics, thy generally present a cheaper acquisition cost than their manned
counterparts despite the cost of automation and communicdten.exampleof the
military can first be considered as ittise breeding ground for the democratization of
unmanned systemBigurel.2 presentghe flyaway cost for the major defense acquisition

programs defined by tHeepartment of BfensgDoD) of the United States of America.
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Figure 1.2: Costof main DoD programs|[6, 7,8,9,10,11,12,13,14,15],[16, 17,18,19,20,21]
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While UAS costs span the same spectrum as their manned counterparts, it should
be noted that the X7 is a demonstrator onind that most unmanned systems tend to be
in the lower part of the grapAlso, considering theersatilemissions of the diverse aircraft
presented ofrigurel.2, unmanned systesmepresent a less expensive opfionfixed and
pre-establishedequirementsThis is especially true for surveillance and reconnaissance
missions. These previousmarkshighlight that unmanned systems are generally cheaper

alternatives than manned systems in terms of acquisition costs.

Focusing now ortivilian applicationsand the example of aerial imagery, the
acquisitioncostof the Landsat 8 imaging satellite is estimated at arc8%b million
(including launch and operatiof22]. A Cessna 172 used for the sannegmse would cost
around $300, 000 while an automat edRTKappi ng
costs about $25,000 and a simple imaging d
at $1,000(seeFigure 1.3). As in the miltary, and although the satellite remains an

unmanned system, the difference is clear in terms of acquisition cost for small unmanned

air vehicles.
[* T r(‘ — o ' e
(a) DJI Phantom 3[23] (b) senseFly eBee RTK (¢ cessna 17225] (d) Landsat 8[26]

mapping drone[24]

Figure 1.3: Example of aerial imagery solutions



While this latteris reduced by preferring an unmanned system option to a Ruman
basedone cost savings are also encountered in utilizatioteed, he savings in energy
and materials mentioned herabovecanlower the utilization cost for a given task or
mission.Estimatingthe operational cosin an hourly basis a difficult task when it comes
to comparing unmanned and mannggkrations. Their mission profiles can be quite
different as they generally do not fly at the same altituies toregulations or safety
factors. The capabilities of one or the other also affect the type of weather and time
conditionsthey can operat@. Moreover, he logistics involved in the transportation of the
systems are different since one can be easily driven to a location while mannets syste
most likely have to be flown to theegion of the mission.Unmanned systems tend to
require less maintenance since their equipment is commeftidie-shelf and is subject
to less safety requirementsowever,the data gathered by UAS requires pasicessing
steps while a pilot can visually prosemformation during the flightsuchphases incur

additional costs.

Emphasizing on the military applications first, many examples of cost per flight

hour are presented Kigurel.4.



B-2A spirit Stealth Bomber | NG 169313
E-48 Flying Headquarter S 163 485
vc-25A Air Force One [[INNGNGIE 61501
cv-22B Osprey Tilt-Rotor | NGNGB 33256
c-5B Galaxy Cargo Plandi N 75517
B-52H Stratofortress Bombe ([ N 69.708
F-22A Raptor Fighter | NN 65.362
B-1B Lancer Bomber | GG 57.507
RQ-4B Global Hawk Drone [ 49,089
Ac-130U Spooky Gunship| I NI 45.986
C-32A VIP Plane (Vice President, Cabinet Officer I 42.936
F-15C Eagle Fighter|| NI 41.921
E-3B Sentry AWACS Radar Plandi I 39.587
MC-130H Combat Talon Il Special Operations PlajiSll 32,752
C-20B VIP Plane (Senior Pentagon Official S 32.212
U-2 Dragon Lady Spy Plandi ] 30.813
HH-60G Pave Hawk Helicopte [l 24.475
C-17 Globemaster Cargo PlanfiJll 23.811
F-16C Viper Fighter [l 22.514
KC-10A Extender Tanker [l 21,170
A-10C Warthog Attack Plancjjjill 17,716
C-130J Hercules Cargo Planfiill 14,014
UH-1N Huey Helicopter [JJll 13,634
T-38C Talon Jet Trainerl] 9,355
MQ-9A Reaper Dronell 4,762
MQ-1B Predator Dronef] 3,679
T-6A Texan Il Turboprop Trainer] 2,235

0 40,000 80,000 120,000 160,000 200,000

Figure 1.4: USAF aircraft cost per flight hour [27]

While the cost of the unmanned systems varies greatly from $3,679 to $49,089 per
flight hour, they are the cheapestlution for a given mission. Indeed, the Global Hawk
remains one of the most inexpensive solution in terms of very high altitude and long
endurance intelligence gatheringhereas the same observation can be drawn for the
Predator and th Reaper drones ithe domain of Medium Altitude Long Bdurance

(MALE) missions.

This trend is also observed in commercial applications, for instemeerial

photography andr/ideography Renting afixed-wing aircraft ora helicopter typically



ranges from $300 to $1000 pgewur[28], [29] with an additional fixed cost ranging from
$5,000 for simple shoots to $20,000 for a mourgidbal solution[30]. Taking agan
agial imageryas an illustrationthe operating cost is evaluated in terms of covered area
While imaging cost quickly soars for UA\&s the area to be covered increatias latter
solution still proves the cheapest and most precis&éars underllhaas shown ofrigure

1.5.
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UAV
=@ A jrcraft
mmge= Satellite
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Figure 1.5: Imaging cost per platform[31]

This point can be further supported by looking at the difference ofaogiven

civilian applicatiors as presented ihablel.1.
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Table 1.1: Manned vs. unmanned mission cost comparisori32]

Mission Manned System Unmanned Systernr
Sandhill Crane $4,300 (governmen
. $2,600
Population Survey $35,000 (contractor
Mesa Cpunty Landfill $10,000 $300
Inspection
Mesa County Gravel Pit $10,000 $120

Inspection

It can be noted that in the three missieramined choosiig unmanned systems

results inreductions in the total cost froome to two orders ahagnitude

Finally, the advantagesf robots ovea human workforcenentioned in this section
often give rise to manudabor replacement, incurringy turn additional cet savings.
Indeed, human workforce can be replaced for any of thetpted benefits: the assigned
task is too dangerous, strenuous, complex for a human, beiting exploitation cosif the

robotis simply cheaper than the one of the human operator.

Summary: This section showed that robots generally offer many advantages over humans:
they proposeenhancements in rapidity, precisjand stability This includes nssions
unsuited for human operators and they are eteaper most dhe time. These incdives

partly explainthe growth of themarket of unmanned systepstudied in the next section.

1.2.2 A growing market
While the premises of Unmanned Aeriahicles UAVs) were set at the beginning

of the century, the market analysis proposed here concerdratelsat are considered as

11



modern UAVs thanks to developments in robotics ovetabgwenty yearsin the past
decade, the unmanned vehicles market has experienced a tremendous dhewthittary

as well as irtivilian applicatons (Figure1.6). Their use has been constantly increasing in
military operationssince theerror attack®f September 11, 2001h&y have now become
an integral part of militarpperationsas demonstrated by thecent airstrikes capaigrs

in Syria and Afghanistaji]. Comparably tananyothercasestheexpansiorof unmanned
systems for military use has also triggeaedacceleratettansfer and development of this
technologyinto the civilian world.This democratization was fostered by the creation of
public drone community forums such as DYI Drones in 2008 and the first large scale
introduction of a public UAV model probably came with tleéease of théarrot A.R.
Drone model in 201Mespite the cuent lack of inplace regulations faomany countries
and especially the United Statdse growth of this market has been exponential for the last

few years and is expected to continue as showeddgumnel.6.

16
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2 12 - |=@=]GI Consulting
2 == Tcal Group
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2005 2010 2015 2020 2025
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Figure 1.6: UAV global market forecast[33, 34,35, 36]
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Many other forecasts are available and all differ in their predictions, possibly by
several ordey of magnitude for the 2025 horiz{@/]. Notwithstanding the absence of a
clear consensusr the size of the market over the next seven to ten years, most consulting
firms predicta strong growthThis lack of agrement between the forecasting parties stems
from the difficulties of making clear predictions about the UAV market. Some of its
segments are indistinct as some platforms are sold as general consumer products whereas
they arealsoadvertised as professionadctors to be used for commercial purpogesa
consequence, a distinction between the consumer and commercial drones market cannot
be drawn and both are considered as the same segknetiter source of uncertainty in
forecasting the drone market liesthefact that very few countries have established legal
regulations for the operation of unmanned systems in their national airBpatiee U.S.,
the Federal Aviation Administration (FAA) has been working tightly with companies and
startups to help defe the requirements of such airspaces. An example is the proposal by
Amazon to have low altitude airspaces allocated for automated vehsclesll as no fly

zones and free flight zoaérigurel.7).

Integrated Airspace

Predefined
Low Risk

Location High-Speed

Figure 1.7: An example of drone airspace integratior{38]
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Since government policies control the usehefairspace and whether pilots can
operate beyond visual line of sighijs makes the done industry a regulated market for
which forecasting is especially toudh. addition, the global drone industry did not wait
for regulations to be set up and is betting on a technology that could take years to be legal
and properly regulatef87]. This could possibly backfire on the market forecasts if the

regulations turn out to be more stringent than whatiwaally expected.

This advance of the market translates in an augmentation of the number of vehicles

in the National Airspace SystefNAS): a proliferation of unmanned systems is expected

(Figurel.8).
200,000
Total public (DoD included)
mm Total commercial
» 150,000 -
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©
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Figure 1.8: Total U.S. UAS Systems in the Ational Airspace Sysem [33, 39]
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The transfer from military to commercial use can also be noticedtsiet@ecast
for civilian applications grows at a faster rafeer the 2025 horizo his can be explained
by the fact theBUAVs can be used for many mguarposes in the civilian world than in the
military: the long term market will be dominated by the civil siflee military has indeed
been acting as an early adopter for the technolagyking onthe maturation phase
denonstrating its utility and encouraging the idea of its use in-naiitary applications.
This populationof vectorswill most likely be donmated by MALEvehicles as it can be
seen orFigurel.9 while the part of High Altitude Loeg Endurance (HALE) will be limited.
TheMicro Unmanned Aerial VehiclMUAV) market will be the dber field experiencing

a growth, as opposed to Tactical Unmanned Aerial Vehicles (TUAVS)

mTUAV mMALE mHALE = MUAV
1,600 ~

1,400 A
1,200 A

1,000 A

800 -
600 -
400 -

N

2007 2008 2009 2010 2011 2012 2013 2014 2015 2016

Figure 1.9: Expected military UAV revenues (Europe)[40]
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In addition, the adoption of the technology by giant commercial companies such as
Amazon, Googleor Facebookstimulatesthe emergenceof the field andpulls smaller
startup compaas into the market emulatioffrigure 1.10). With its Prime Air service,
Amazon first started by advertising a revolutionary drone delivery program able to
distribute packages within thirty minutesanf orderplacementGoogle sbrtly followed
by announcing its own drodmased delivery system named Wing, using a different
architectureFinally Facebook proposed, through a very high endurance design, a different

utilization of drones aimed atovidingremote areas wititernet.

~ g "‘“‘l
- \_:“""‘ 27
| 4 ‘4~ - %
_4 : ,‘ﬁ "
(@) Amazon[41] (b) Google[42] (c) Facebook[43]

Figure 1.10: Drone programs from the gianttech companies

This growth is also facilitated by the maturation of the technology and the
advancements in other related fields such as battery densities, electronics miniaturization,
sensors developmerds well as robotics intelligenc@his facilitates the integrationof
each of thesdisciplineson the vehicle, resulting in an enhanced general performbnce.
addition this drives the prices of drones to decreasaking them affordable to a wider
public, enabling their adoption for a broader mof civil applications To mention an
expressive example, having edsyuse agricultural drones equipped with cameras for less
than $1,000 represents for farmers a cheap wasctde the increasing need afdata

driven agriculturecrops monitoring for better water use am$ipmanagemeid4].
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A good benchmark to look at for this price reductiomme ofthe first product
releasedo the public market in 2010: the A.R. Parrot DroDeer a period of two years
up to now, its average price hdscreased b83% (Figurel.11). Despite several factors
affecting the manufacturing channilsuch as the price dfithium Polymer (LiPo)
batteries, the average price decrease can be thouahad®C pricinglecrease mod@5]

quitereminiscenbf the rise of prsonal computing in the 197[%5].
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Figure 1.11: Parrot A.R. Drone 2.0 price evolution[47, 48]

The DJI Phantom dronand its different configurationsonstitutean additional
benchmark athey arecurrentlyamongsthe most popular platforsnfrom 2013 to 2015,

an average reductiorf 84% was observedmits price(Figurel1.12).
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Figure 1.12 Price reduction for Phantom 2 variants[49, 50]

Furthermore, the DJI Phantom lll, latest versabthe drone, is expected to

experience a pricerdp of 47% in the next 5 yeaj45].

Summary: In the face of the complications in obtaining accurate market forecasts and
conflicting prediction models, it was estabkshin this section that the unmanned aerial
systems field is experiencirgremendous growth. This applies for both the military sector
as well as the public and commercial sextdhe recent involvement of major public
companies further cultivates theogress in the sector. On top of that, the cost reduction in
the manufacturing channel leads to lower prices, facilitating the adoption of the technology
by a wider public.The fertile groundabovementioned gives rise to a number of new

unmanned system®figurations, focus of the next section.
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1.2.3 A fleet getting more diverse

Owing to the introduction and rapid development of drone technology in the civil
world, many applicationare envisaged and require ndesignsindeed, new operation
constraints encoagethe need for increased vehiatapabilities and enhanced sensing
technology As the spectrum of drone operations is widening, classical architectures such
as the quadcopter dhe fixed-wing design become swutptimal for original mission
requirements rad novel solutions are consideref. quick search reveals that more than
745 military drone modelexisttoday[51] and this number is most certainly even higher
for drones availabléo thegeneralpublic. Foculsed mainly on unmanned aerial vehicles,
this section will examine the reasons and the extent of such a diversity. Some of these

observations also apply to ground robots and maritime unmanned systems.

As a consequence of the substantial amount of compéstr@nic equipment
onboard, anain limitation of unmanned aerial systems is endurancetheir design has
become an exercise of energy conservation through optimizatos.latter is hereby
defined as thact, process, or methodology of making a deagfully perfect, functinal,
or effective as possibl¢s2]. Each platform is thus optimized based on a specific
application and for exclusive nsi®n requirementdence, despite a relative robustness,
slight modificdaion of the design or mission requirememntdl result in a suboptimal
configuration.This observation will be illustrated by taking the example of a classc
kilogramquadcopter designed for simple laser mapping purposes. If mission requirements
suddety includethe ability to locate heat sources in the created map, a solution would be

to add a thermal camera to the quadcof@ech sensors are usually quite heavy and weigh
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around one kilogram. Howevelhe quadcoptewas optimized for another payloadda
cannot accommodate an additional sefikerabiggermanned vehicle could havdence,
in cases where a manned platform could have just been upgraded with an additional sensor,
unmanned systems often require whole new designs to adapt to new miggienients.

This explainavhy many models and configurations of them exist.

Even for multirotor designs which might seem very similar at first glance,
fundamental differences exist between a tricopter and a quadcopter, ocagterand an
octocopter Configurations with many rotors are generally used for increased lifting
capability and redundancy purposkst require different control schemé&®cusing only
on the quadcopter design, many designs and capabilities are available on the fRoarket
exampe, as it can be seen dngure 1.13 where fifteen representative models are listed
this variety is represented in terms of enduraaeé price, despite the fact that these

platforms all have the same basic architecture.

Model name

Figure 1.13: Civil micro quadcopter UAV market [53]
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Besides thewo typical designsand variationsof the multrotor and the twin
boomer, gotic architectureshave startedot emerge to respond to original mission
requirementsWithout having the pretentioof listing all possibilities, a selection of
unusual designs is provided here beléwiirst and simple nevarchitectureconsists in
mergingthe capabilities of the two stalardarchitecturesa hybrid designindeedin many
missions, the ability to cover long distances is desired, as well as the hovering #aculty.
notorious limitation of multirotor designs is their lack of endurakéguiel.13) since the
propulsion system has to sustain the whole weight of the platform in the air: an-energy
demanding taskProviding a multirotowith the ability to perform forward flighisingan
assisting winglleviates the weighttioto be carried by the ppaolsion system onlyT his
hybrid design isalready adopted bthe delivery programdrom Google and Amazon
(Figurel.10). The forward flight configuration is used to cover distance while the hovering
capability is utilized for th@recise delivery approac®ther unconventional architectures

may include:

1 Non-planar multi rotor : for full control in the air in terms of both translation and
orientation, orthogonal directions of action are required. Aplanar multirotor
has rotors aenged in orthogonal planesnsuringthat the vehicle can hover and
translate in any orientation, but also change its orientation at a given pasition
spaceA simply impossible task for conventional multirotors.

1 Wall roller: mostly designed for buildginspection, thigrchitecturecan get very

close to walls or ceilings and roll on them for detailed examination.
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1 Balloon: generally preferred for missions requiring extremely long endurance,
balloons however lack speed.

1 Flapping wings: also referred tosaornithopters, thes&chitecturesre especially
coveted by the military for stealtimyissionssinceflapping wingsenablevery small
sizesfor the vehicle.

Some of these alternatives are presentédguarel.14 here below.

(a) Multirotor [54] (b) Twin boom design[55] (c) Helicopter design[56]

T 9

(d) Hybrid design [57] (e) Tilting win g hybrid design[58] (f) Non-planar hexarotor [59]

g‘j

(g) Wall roller [60] (h) Balloon [61] (i) Ornithopter [62]
Figure 1.14: Examples ofclassical andunconventional designs

Very recent research also includes vehicles able to evolve both in water and in the

air, or on the groundnal in the aif63], [64].
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The emergence of such atypical designs is empowered by several key enablers, the
first one of them being the existence of an actiperrsourcecommunity Communities
are essential as they facilitate the establishment of standards and norms for a given field,
the UAV sectorbeing onen adire needor regulationsThey also accelerathe spread of
knowledge, critical in the case of sharing satety privacyules forthe use otJAV's. An
example of such a community is DIY Dror@$], indisputably the reference in terms of
custommade unmanned systerisirough forums and articles, communities put in relation
novices with more exgrienced userwho provide feedback and advice on the proposed
designs. Such a public constitutes a fertile ground foativent of newunconventional
designssimilar to those displayed dfigure 1.14. One of the majoaccomplisimentsof
the DIY Drones community i s tioto[6bhwrteallcr eat e
providing the ability to turn anfRadic-Controlled (RC) model into a fullyautonomous

UAV.
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Figure 1.15: Interface of ArduPilot [65, 66]
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Figurel1.15 shows that this universal autopilot allefer differentarchitecture®f
vehicles: multirdor, contrarotatingmultirotor, helicopterfixed-wing, and even roveilhe
hardware itself is degned as plug-andplayinterface that can be just fixed on trehicle
and rapidly wired with the different actuators and motéisscode being opesoure,
members have the possibility to modify it to accounttatom architectures particular,
many modify existing commercial platforms in terms of design and automation to suit their
own mission requirement$his tool is nowthe reference universal @pilot and isused
by a very large public: general consum&e, hobbyists, researcheasd even commercial

companies.

Although drastic changes in mission requirements often call for completely new
designs, moderate changes can be addressed throughdmtions of an initial baseline:
an incentive for modularityndeed, it was established previously that the desigruéf\a
is quite fixed for a given mission. However, unmanned systems sometimes strike by their
reduced size and even apparent simpliddading to wonder if slight design adjustments
around central blocksould possibly address minor mission variatioMereover, a broad
spectrum of capabilities for a minimal cost is often a critical objective for recent projects.
This question is addssed bythe field calleddesign for modularity: rotherkey enabler
for the diversity of thedrone poplation. Using modularity, vehicles are reconfigured
between sorties based on a library of interchangeable components that could comprise
wings, tails, egines and payload$67]. For instancea fixed-wing design is considered
with apredetermined fuselage and empennage. The wing can then be optimized for speed

enduranceor transition flight in the same fashion that thglpad can be customized for
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imagery, communicationsr surveillance purposes. Hence, three wings and three payload
packages can exist and be clipped on a single vehicleTdwrduselage and the empennage
can also possibly be declined in several configtions and all modules are quickly
assembled to obtain the final vehi¢keeFigure 1.16). Thanks to modularity, an initial
design can be virtually duplicated in a spectrum of ottwrfigurationsaddressing

different mission regirements.

Architecture Reconfigurable Family
Fuselage (1 Option) Wing (3 Options)
Tail (1 ()pnon)

All

Combinations
—_ )

\

PlOpllllell (2 Options) x

Figure 1.16: Notional family of reconfigurable aircraft [67]

An additional key enabler for the diversification of unmanned systems architectures
is rapid prototping [68], [69], [70], [71]. Mainly performed using 3D printing or additive
layer manufacturingt is a key enabler famodularityitself (Figurel.17). These advanced
manufacturing techniques enalilee production ofcheap reconfigurable parts when

expensive molds were previously needed to do the same Tiirggnot only reduces the



cost of modlarity in general but alsdhe cost of unmanned systems a broader

perspective

(a) Quadcopter with scalable 3Bprinted parts (b) Detail of the arm connection

Figure 1.17: Use of 3D printing ona quadcopterdesign[69]

It also permits the manufacturing of complex structures that are often the result of
design optimization algorithms. For instance, complicated structural meshes sheh as
honeycombmeshcan be used to redutiee weight of some components like the wing (see

Figure1.18) while maintaining its structural strength.

Figure 1.18 Use of 3D printing ona fixed-wing design[70]
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Building on these observatigresfirstconjecturecan be drawn:

Conjecture 1

There is a potential to take advantage of the upward dive

of the existing drone fleet

Summary: This sectionestablished on one hand thatmannedsystems are subject to
stringent design constraints, notably on enduranc@ayldadweight. This motivates the

need for a variety of models in order to be able to carry out the myriad of missions
anticipated by the growing markeédn the other hand, itagshowed thathanks to their
reduced cost, sizand sometimes complexity, unmanned systems designs are predisposed
to modularity andcustomization foevolvingmission needs€ach design is then virtually
duplicable in an infinity of novel models, patag in the population diversityThese
observations, coupled witthe power ofan opensourcecommunity as well as rapid
prototyping were identified as key enablers for the proliferation of architectures for civil
applicationsand military purposedn the next section, thiamitations thatcould possibly

hinderthe promisingpotentialof unmanned systems are examined in detalil.

1.2.4 The limitations

As a result of their particularityynmanned systems are exposed to limitations and
constraints that manned sgsts might not encountéFhe most widespread ones are their
lack of enduranceespecially for micresized UAVs, and their deficiency in cognitive
behavior.Other drawbacks of unmanned systemkich motivate a progression towards

the research objective tfis work,arealsoconsidered in this section.
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On account of their often reduced size, unmanned systems are subject to limitations
in terms of the payload thiean carry and this especially affects their batteAsesa result,
unmanned systems often éxha lack of endurance for the missions they are assigned to.
This applies particularly to micrsized platformsand Micro Air Vehicles (MAVs)whose
size is of the order dhirty centimetersObserving the example of quadcopters, these are
quite often ged for mapping purposes but barely exhibit an autonomy of moréftean
minutes Figure 1.13). This endurance remains insufficieta takeoff, perform the
calibration taks, reach the mission ardmiild themap,exit the buiding, and finally return
to baseBy looking at the history of the state of the art lithiion batteries in terms of
maximum capacity, it is possible by a simple rule of thum&otopute what would have

been theequivalentmaximumbattery lifeof a DJI flhantomover the yearsHigure1.19).
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Figure 1.19: Equivalent DJI Phantom battery life over time [72, 73, 74]
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Although this battery life has experienced subsequent improvements over the past
few years due to design optimizaticasd advancements in battery technolagys still
very limited when compared to what bigger platforms are able to accomBhsm
microdrona with fixedwing configurations, which are supposed to last longer in the air
thanks to additional lift, still exhibflight times under the hoy24]. Non-flying platforms
are also affected in the same fashion while theyaot have such high requirements in
energy draw as their flying counterparihis is a clear limitatiorfor the missions that

unmanned systenae set t@arry out

The limited endurance mentioned hereinabove remains firmly coupled with the
amount of cenputational poweand cognitive capabilitiethat it is possible to embark on
a robot.Indeed, the payload defines the power consumption required in operation not only
by its own current draw but also sometimes by its weight for aerial vehigesedouly
affecting battery sizingThe design is thus an iterative loop since additional payload
requires additional power to stay in the air, whietls for more batterigsinducing an
increase in weight which in turn implies a more important need for p@awerthe loop
continuesFor this lack of embarked computational power and hence cognitive capacities,
it is oftensaid that robots are very good for things that humans consider as complex or
hard, but demonstrate quite poor performance for tds&medas sandard. For instance,
it is very easy for an unmanned system to compute the exact distance to an object in its
environment, a task for which a human agent could only give a rough approxijnation
by looking at it In like manner, a robot can effortlegplerform thousands of mathematical

operations in no time, or lift a thousand pounds of the ground: operations for which humans
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would experience great difficultydowever, unmanned systernfien look clumsy and
uncertain wheentering doors or windows wless humans seamlessly walk through them,
instantly incorporating the information from all their send@ebotssimilarly require
consequent computation time and complex algorithms to identify people or pbjeas&
easily accomplished even by young dhén. In addition the transition between the
different stages of a missidrequentlyturns out to be slowue to recalibration processes
This lack of cognitive behavior on individual agents stems from a deficit of computational
power and full situatiorawareness which could be addressed by having other units

contribute to the tasks or sharing complicated processes across several robots.

The latter also impedes the autonomy of unmanned systems, making fully
autonomous missions almost impossible witholtisan supervisiorgausingthe tasko
be only semiautonomous.indeed, taking the example of military operations, local
operators manage the takeoff and landing phases directly at the airfield before putting the
asset on a holding flight pattern befoesnote operators based in the Uzke over and
carryout the missbn manually: thdully automated part of the mission is very lindiia
terms of complexity As a result, unmanned systems are inclined to stringent
communication link requirements so as toaintain constant supervision of the
whereabouts of the ass&his required communication link can be particularly hard to set
up, especially due to the very nature of the settings where unmanned systems operate:

environments with difficult or dangeroascess for human beings.

Unmanned systems currently lack a dedicated and protectedfregii@ncy

spectrum required to ensure secure and continuous communications for their operations.
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This worses the probability that an unmanned aircraft will be vulbézao unintentioal

or intentional interferencg¢75]. The RQ-170 Sentinel stealth drone incident of 2011
showed that, because of this communication link requirement, even militéforipigtan
supposedly be hack¢d6]: an additional limitation to the use of unmanned platforms and
their communication protocol#ilitary applications have their own protocols such as the
Joint Tactical Radio System (JTR&)d even Longerm Evolution(LTE) networks as
they provide a superior mobitendwidthand low latencyideal for datalinkgransmitting
image ad video informationL TE technology also enables the military to take advantage
of a wide network of vendors and it will most probably beftihare forUnmannediircraft
Systems JAS) communication$77]. However most commercial and publicly available
unmanned systems presently us@io frequencies channels around 2.4z H bandwidth
compatible wih Wi-Fi and thus with most mobile electronic devidéile this facilitates

the integration of UAS with existing technologies such as smartphones and laptops, the

range of such a solution is limiténl a couple kilometers in the best case scenario atd is

risk for interference and hacking.

NETWORK SETTINGS
PRODUCT NAME BebopDroneDF
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Figure 1.20: Network settings of the Parrot Bebop drong78]
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As Figure 1.20 shows, anon-military UAS network might have to bet set up on
congested frequencies, especially in crowded atésasg unprotected radio spectrum and
wireless technology for the use wimannedaircraftsystems constitutes a major security
and safety vulnerabilt Indeed, disconnection of the communication link amputates the
UAS of its only means of control, againsimanned systems in which a pilot is directly in

physical control of the aircraft.

Lost link is also a possibility when the comndhand control comunication fails
between the UAV and its ground station due to environmental or technological
complications. Even though unmanned systems generally haveprmgrammed
procedures to hover and recover the signal or safely return to base, no standatthzation
been proposed by the FAA and air traffic controllers deal with the problem on-byase
case basi$75]. This is another hurdle in the quest for a standardized communication

protocol across all types of UAS.

On top of these previous, quite direditnitations, unmanned systems aakso
subject to more diseet limitations due to the uniqueness of each robuteed, the
accumulation of capabilities on a single vector in order to increase its flexibility might end
up eitheroversizing it for simpler missionsr making it simply too expensive to use
good example of this assumption is thekushimanuclear incidenbf 2011,when many
robots were deemed too expensivbé@ut to work at the power plaibr manyadvocates
of automation, a perfect use case of rolmits case of a nuclear disaster for which humans
cannot be sent on the scene to look for survivors or evaluate and repair the déehage.

after March 2011, none of the two robalssigned for radiatio possessed by Japam
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country specialized irobotics breakthroughgvas sent on si{&@9]. Several fantoperators
decided that robots were too expensiMee research community, who usually sends some

of their projecs on disaster relief sitd80], also deemed thés platforms were to costly

of an asset to lose to radiation as it had already happened at the Chernobyl incident of 1986

[81].

Furthernore, he U.S. Department of Defense has issued a roadmap for the
integration of unmanned systemsnderlying the factors that will influence their
development in the near futUi&2]. Theroadmap points out the expeditioutegration of
unmanned technologies in battlefield capabilities due to urgent operational needs after the
9/11 terror attacksThis results now in a critical need for interoperability and modularity
amongst existing platforms. Indeesensors, computerard algorithms are evolving
rapidly, sometimes outpacing implementation capabilitiés .not rare that a new onboard
computation chip is released while its previous version has just been integrated with
success on existingehicles The Department of Defse proposes to reach this goal of
modularity and interoperabilitpy addressingntra-platform challenges as well a@nter-
platform challenges Intra-platform modularity refers to the ability to easily transition
upgraded capability or hardware onto fedidsystems in algpg-andplay fashionWhile
this approach calls for an assimilation of modular design methods, it is important to note
that the modularity feature catsobe achieved by putting to use the existing platfarms
a collaborative fashionFor example, consider a system of two robots 1 and 2, both
equipped with a computing unit &eeFigure1.21). This chip has enough power to run

one algorithm only, either mapping or surveillance. A new chip B is released withsadre
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computing capabilities when compared to chip A. In order to perform mapping and
surveillance, a designer could choose to create a new platform 3 running both missions
thanks to the upgraded chip. This new vehicle would have to interface with the new
computing unit. However, the same capability of simultaneous mapping and surveillance

can be achieved by making vehicles 1 and 2 collaborate properly.

System 1 System 2
UAV 1 UAV 2 UAV 3
8

s 11
-fF@m=- Chip A - » ChipB
: .. ® Mapping :: Mapping + Surveillance
\_ \_ LT )

Figure 1.21: Taking advantage of fleet diversity[83, 84]

This integration of existing disparate assets is-effsttive since both vehicles are

already developed, a kéenefitfor the Department of Defense.

BesidesUAVs with advanced purposes tend to requila af manpower to fulfill
thar mission. Most of them require at least a pilot and a sensor operator as direct operators,
not to mention the necessary personnel for deployment and communidatioesample,
a single Predator UAV involves one pilot ami sensor operatarand it is estimated that
it takes around 82 personneltotalto run a mission85]. The aim of the Air Force is to

have a ratio of around 10 crews frery drone combat air patrfd6], and even though
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the actual ratio is between 8.1 and 8.5, it is still quite high comparbe tequirements
of manned missions'he total personnel for these combat air patrols is estimated to 186

and presented drgurel.22.

_ _ near
I ntel aiggeamd e ATakeof
Al magery an ALandings
Alntelligen AMai nt e

¢

Figure 1.22: Total personnel for drone combat air patrols[86, 87,88, 89, 90]

This number is justified by the additional security measures required to operate
unmanned systesras opposed to manned vehicles and seems quite startling in view of the
automation purpose of UASVith the contribution of enhanced cognitive capébs as
well as communication protocol standards, many tasks could be automated and streamlined
in order to reduce this important inertia to perform a drone missionontrast,it is
important to notice thanhost civil and commercial UAS require one oger most of the

time to carry out a mission.
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Finally, the public opinion regarding drones suffers from several misconceptions
and concernswhich are slowing down the democratization of the industry for civil
applications. Indeed, such platforms haveeldoeen used, and advertised, for national
defense so far which makes it harder to imagine theirmititary benefits.Until a few
years ago, there had been little acknowledgment of the use of unmanned systems for
agriculture, mapping, search and resarel humanitarian or disaster respon$be fact
that it took more than a year for the FA® establish a first set of rulesndoubtedly
insufficient, for the regulated use of unmanned air vehicles cleagals that some

unease remains regarding these in the civil world.

= Approve
Disapprove
= Not sure

Figure 1.23: Approval of drone use to kill high-level terrorism suspects oversed91]

Generalmisconceptions highlighted B92] are that UAS are dangerous to manned
aircraft andto people on the ground as they might collide and crash in populated areas.
They are also commonly considered as privacy threats andresitentsometimeshoot
drones trespassingver their property93]. In fact, even the military drone program is

widely criticized for killing remotely and indiscriminateland does not show a clear
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support from the American populati¢geeeFigure 1.23). These misconceptions leave the

UAS industry with a tricky case to make to show the positive impacts of drones.

Summary: This section highlighted that unmanned systems are subject to limitations
especially in terms of endurance and computalipower. Thenduced lack of cognitive
behavior calls for an essential supervision. This latter is provided through complex
communicationlinks which can be hard to put up in the operational environments of
unmanned systemB addition to exposing theehicles to hacking hazards, it sometimes
also requires additional manpower to be operated, incurring additionalFioathy, their
integration in realife operations was done quite hastilleaving room forsome
improvement in interoperability.he obgrvations made throughout this sectadsoshow

that in some cases, using the capabilities of several unmanned systems could have liberated
the overall missiorfrom several limitationsthe broad spectrum of unmanned systems
architectureds not put to us. Finally, the public perception of unmanned systems is
negatively connoted which hinders the expansion of the indu$trg. next section
examines howame of these limitations can be tackled by making several individual robots

collaborate in @roup

1.3 The growth of multi-robotics

As it was hinted in the previous sectisgme ofthe limitations of individual
unmannedgystemsan be lifted by making several of them collaborate complexity of
some environments or missions might require a combinatiosbotic capabilities which
are too expnsive to desigon a single platfornj81]. Cooperative teams of roboise

studied by the field omulti-roboticswhere many individual agents wotkgether in a
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coordinated fasbin toaccomplish a unique go&@uch solutions enable the entire system
to respond robustly, reliablgnd flexibly to unexpected changes in the environment or in
the robot group itself. In particulaswarm roboticss a particular approach to collective
roboics and is inspiredrém the seHorganized behavioexhibited in nature by social
animals such as figlg birds, ants or bees. The main idea of swarm robotics is to obtain a

complex synergistic behavior through simple behavior rules and local interactions

Figure 1.24: Example ofrobotic swarm [94]

Swarm robotics use simple robots compared to the cexitplof the mission to
perform. The increase in capability ovengie robots comes from tleellaboratioraspect.
Since several robots are used, this gives robustness, flexdnildyscalability to the swarm.
This approach of collective robotics also represents an interesting way to capitdhize
heterogeneity othe current fleet of robots described in the previous sedtmmits future
projects, the DoD stresses in its UAV integration roadmap the importance of several factors
such as interoperability, modularity, resilience, autonoamgl cognitive behaviogj82].

The present distribution of operations is creating a need for robotiarsystebecome
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increasingly intesperable.These characteristics match with the capabilities offered by
multi-robotics. Robot groups can beused inreatworld applications for exploration,
surveillance, search anescue humanitarian demining, intrusion tracking, cleaning,
inspection and tansportation of large objedi85]. Howevermulti-robotics is a complex

field and several of its limitations are exposed at the end of the psestion

1.3.1 Afield inspired by nature

The observation of animal behavior has been used as a source of inspiration for the
development of individual robots and calso beused to gain isight into the creation of
cooperative groups of robo{81]. Hence, it is no surprise that the current research
underway in multrobot systems can be classified quite similarly to the way animal
societies or colonies arideed, a first consequent body of work concentrates on very large
numbers of robots that have limited individual capabilities but can generate complex
behaviors through cooperation: swarming systems. A second approach which can be
referreditomad® fciorotpetotanbré gereralty cdopeativecrgbotics
[81], emphasizes highdevel intentional cooperation between robots that have a higher
level of intelligence.The first category can prove particuladyited for very repetitive
tasks over large areas while the second one may be more adequate for applications with
several distinct tasks. Both these approaches can possibly overlap in their missves
assumptionsand theyare described in the follang paragraphs.
1.3.1.1 Swarm robotics

Particular subcategory of mulbbotics, swarm robotics has been gairspgcial
interest in the past decade. It takes its inspiration from societies of insects in which the

swarm can perform tasks that are beyond the dajebof the individuals. Such collective
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behaviors are observed the dance of honepees, the nestbuilding of wass, the
construction omounds by termitesr in ants following trailsFigure1.25 presents ther
examples of such comportments. These latter were considered as mysterious for a long
time in the biology field and it was showed in the past few decades that individuals do not
require sophisticated knowledge to exhibit complex behaviors as a §@@fnindeed,

there is no leader guiding the colony to accomplish an established goal and each agent does
not know the overall status of the swarm. The global knowledge is distributed amongst all

individuals which cannot @omplish the taslithout the rest of the group.

a) A ball of mackerel fish defends against sea
predators [97]

b) A bird swarm [98]

Figure 1.25: Swarm behaviors in nature

The agents are able to exchange information locally and thesaatibns modify
their behaviobased on the previous changes made by their mates in the environment. The
selforganizing comportment emerges frame fpropagation of information throughout the
swarm. This former has external communication between its agents and their environment,

as well as internal communicatibetweertheagents themselves.
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A couple detailed examples of swarm behaviorsbeaexanned. For instance, ant
colonies can locate food sources the nearest to their nest without any single ant having this
precig information. Thanks to chemicals called pheromones laid down on the path to the
food source, ants can identify the shortest datteed, ants returning first to the nest most
likely took the shortest path and other ants hence follow the same path, reinforcing the trail
of pheromone which encourages the colony to take this fg@tkAs for bees, thehave
scouts exploring areas around the nedind decent locations for a new nest. Each scout
returns to the cluster and share their findings thaoks danceencouraging othsrto
explore the location. Once more individuals are convinced aboub¢h&dn, a favorite
location starts to emerge and the whole swarm finally flies to it. This swarm behavior
ensures the safety of the cluster and is quite efficient in finding the most suitable nest site

[100].

The fields of physics and chemistry present theories explaining how complex
collective behavior can emerge from interactions of agents behaving $86plswarm
robotics tries to mimic these behaviors to make simple robots adsbrmmmplex
missions that cannot be carried out by a sole agent. In so dbimags identified the
desirable properties giwarns of social insectso apply to swarm robotics. The first one
is robustness, the ability for the swarm to still function calyetsome of the agents fail
or if the environment experiences disturbances. Since robots can sometimes be expendable
assets as it was established in the first section, it may happen that a few agents are lost
during a mission. However, as opposed t@lsirunit missions where the mission would

stop, a swarm should continue to operate with a reduced number of agents. A second
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quality desirable for swarm robotics is flexibility: the swarm should be able to adapt to
different tasks and reallocate the rabé#s agents based on the needs of the moment. This

is especially true if some agents of the swarm have diverse capabilities, a different layout
of the subtasks for the individuals of the swarm can result in a different synergistic goal
being accomplished he last property observedanimal swarms anithat is advantageous

for swarm robotics is scalability: the capability for the group to perform a mission
independently of the size of the swarm, from a feshwviduals to thousands of thej®6].

This interesting aspect of swarm robotics enables to seamlessly add one or several robots
to the swarm and having them immediately contribute to the overall mission without
overwhelming reprogramming tasks. This can be done tcowepthe performance of the

swarm on a given task for instance.

Given these properties fiest definition of swarnrobotics can be give96]:

Swarm robotics is the study of halarge number of relatively simple
phystcally embodied agents can be designed such that a desired
collective behavior emerges from the local interactions among agents

and between the agents and the environment.
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Based or{95], a set of conditions complemsrthis characterization to establish

whether a multrobot system constitutes a swarm or not:

i.  The robots of the swarm must be autonomous robots, able to sense and actuate
in a real environment.

ii.  The number of robots in the swarm must be large or at leasiothtrol rules
allow it.

iii.  Robots must be homogeneous. There can exist different types of robots in the
swarm, but these groups must not be too many.

iv.  The robots must be incapable or inefficient with respect to the main task they
have to solve, this is, theweed to collaborate in order to succeed or improve
the performance.

V. Robots have only local communication and sensing capabilities. It ensures the
coordination is distributed, so scalability becomes one of the properties of the

system.

These properties nabe compared to taxonomies found in the literature of multi

roboticsystems (se€ablel.2).
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Table 1.2: Swarm robotics taxonomy axe$101]

AXxis Description
Collective size Number of robots in the collective.
Communication range Maximum communication range.

Of the robots in the communication range, those wt

Communication topology can be communicated with.

How mud information the robots can send to each

Communication bandwidth
other.

. . . The rate at which the organization of the collective
Collective reconfigurability

be modified.
Process ability The computational model used by the robots.
Collective composition Are the robots hongeneous or heterogeneous?

The discrimination between swarm robotics and other rmlltdt approaees can
be tricky to establis[95] especially when heterogeneous swarms are considered since they
might violate assumpan (iii). This explains the divide in the literature about unique
definitions, characteristicand taxonomies of swarm robotics as proposdd @3], [103],

[104], or again[105].

Finally, one may notice that robotics is not the only field trying to apply such
observations on biological swarms to scienearticle Svarm Optimization (PSO)for
instancetries to apply swarnbehavior rules to the field of optimization. A population is

randomly scattered in the design space and at each iteration of the algorithm, each agent
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moves according to simple rules ($agure1.26) until the population conveeg on the

optimum of a givercostfunction over the design space.

(a) Separation (b) Alignment (c) Cohesion

Figure 1.26: Swarm behavior rules inParticle Swarm Optimization [106]

These elementary rules are the following:
1 Separation: each agent tries to maintain a minimum distance with its surrounding
neighbors.
1 Alignment: each agent steers towards the average heading of its neighbors.

1 Cohesion:each agent tries to go towartie taverage position of its neighbors.

The resulting complex behavior from these simple rules is a performant
optimization method able to efficiently find global optimums whaanyother methods
fail.
1.3.1.2 Cooperative robotics

When time or efficiency constrasare placg on the missionor when several
distinct tasks have to be performedmore directed type of cooperation might be required

between the robo{81]. These missions generally involve smaller groups of agenés wh

45



compared to swarm robotics, and are more inclined to encourage heterodesteiag of

using a functional decomposition of the robot as with the swarming approach, most of the
research on cooperative fAintentiskamarhedo r obo
approach is then separated into world, sensors, plarandgaction modeis, also known

as the sensmodelplan-act Artificial Intelligence(Al) paradigm[81]. The main focus of

this type of approach is to @emine through analysis the proper action and cootdimat

scheme among the members of the group, in order for them to complete their mission.
research community is mainly split into two bodies: a first one focusing specifically on
robotic implementabn, and a second one applying Distributedifisial Intelligence

(DAI) to more generic types of agents.

In the first body of research, the semsedetplanact architecture is implemented
with different layers of control[107] hence proposes three layers: the planner level
managing tasks coordination and allocation, the control level ensuring proper task
execution by each robot, and the functional level for controlled reacfiity.method is
demonstrated on a bguushng task with a group of two robots. Another orgaiian of
layers is proposed bjl08] using Petri Nets: a task planner, a task allocator, a motion
plannerand an execution monitor at the lowest level.

Other approachedilize subscriptions and requests mechamsisntoordinate tasks
between the different robots of heterogeneous grdemsinstance[109] implements a
negotiation framework which robots use to recruit help when neAdagdn-board method

is used iM110], in addition to mutual exclusion algorithms.
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By being centralized, these approaches lack fault tolerance and it is probable that a
failure in one of the robots or in the communication protavould result in a failure of
the whde systen{81]. Moreover, it makes it hard for multobot systems to deliver real
time performance in dynamenvironmentdue to the difficulties and limitations of an

implementaton on physical robots.

The second body of research is netf@acused on robotics implementation but
proposes solutions to cooperatiamd conflict resolutionfor generic agentsThese
approaches qualify as DAl and generally use negotidtased mechamss to perform the
task allocation between the agenf&uch methods mentionebdy [81] have agerst
broadcasting requests for bids to perform the different subtasks of the mission. Agents
which are available, suitabland wiling to perform the tasks then respond tedh
requests and the initiator selects the most suitable agent from th®pbeblutions have
shown successful implementations in a number of fields such as vehicle fleet monitoring
and air traffic contro[81] but they have rarely been applied to gmaprobots.Indeed,
such approaches usually rely on perfect world modeling assumptions with perfect sensing
and adbn capabilities, which does not correspond to the situatiaich robots and their

noisy sensorand actuatorsvolve.

Summary: In this section, the essence of mutibotics was captured from example
behaviors found in nature such as watlvarms of ants or beebird flocking, or fish
shoaling. It relies on #hfact that an elaborated collective behavior can emerge from a

group, surpassing the capabilities of its individual agents, using simple local interactions
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and comportment rules. When applying these observations to the field of robotics, three
main charateristics are desirable: robustness, flexibjlignd scalability. Example
definitions, assumptionsand characteristics of cooperative and swarm robotics were
establisheddespite a lack of consensus in the literatlibee current work distances itself

from some of these assumptions in order to simplify the approach and focus on the design
methodology, hence evolving towards a more classical maldot problem facilitating
heterogeneitySupported by the different opposiwigws on its definitiopa swam s here
referred to as a group, possibly heterogeneous, of robots interacting to solve a complex
task for which the constituents are individually inafhis definition will constitute the

main focus of this research and the words group and swarm wildekindifferentlypased

on this definition The enhancements in mission competence that it is possible to obtain

from multi-roboticsarethenstudied in the next section with implementation examples.

1.3.2 Anincrease in capability

The main advantage of mulbbotics lies in the very definition of it: obtaining a
complex behavior from the collaboration of simpler individual robots. In other words, it
presents the potential to bridge a gap in mission capabilities while making a minimum
investment on the developent of an individual platform. It is then possible to unlock novel
abilities using a fleet of robots that is already at disposition. In addition to the three major
defining advantages mentioned in the previous section (i.e. robustness, flexalnitity
salability), the different enhancements in robotics capabilities proposed byrohdtics

can be separated in different categofiddl].
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Task enablement in some cases, using a group of robots unlocks new possibibties f
missions that cannot be carried tytsingle robots. The most common example of this
enhancement is obstacle clearance using group reconfigupatidh Figure 1.27 shows

an example of howgroup of robots can reconfigure itself in order to bridge a gap between

rocks in the environment.

Figure 1.27: Holes avoidance through group reconfiguration112]

The obots of the group seissemble using physical interconnections to constitute
a bigger entity capable of tackling the difficulties of the environment such as gaps, narrow
passageor obstacles. Not only the sensing done by each of the robots helpsubargr
understanding the nature and properties of the obstacle, but the robot itself is physically

used by the group to pass the obstacle.
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Figure 1.28 Chain formation for a narrow passage[112]

In Figure 1.28, the chain of robots navigates through a narrow and deep passage
thanks to physical interconnections. Without this group behavior, each individual agent
would fall in the passage and breakile the whole group is able to exert more traction

force and carefully negotiate its way.

Figure 1.29: Five robots collectively tackle a 14cm stefl12]

The same typ of group reconfiguration is used to help the robots pass an obstacle

as shown onrFigure 1.29. The environments explored by robots can often be quite
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unstructured or partially known. i§playing capabilities of mobility, robustrsgsand

versatility in such situations can be done thanks to muitotics.

Improved performance: when tasks to be performed can be parallelized, using groups to
decompose the main mission into subtasks can result in enhanced efficiency. Considering
the task of transporting loads using unmanned aerial vehicles such as quadcopters, using

several robots present a certain advantage for the performance of the rriggiceil(30).

(72, R2) € SE(3)
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(a) A single quadrotor with a
cable suspended loafil13]

(b) Load being transported by three quadrotors[114]

Figure 1.30: Cooperative transport using quadrotors

For a situation irwhich a single robot is used to carry the load, this latter will be
subject to erratic accelerations and momentums that might compromise the integrity of the
load. This is especially true if the load is fragile or needs to be horizontal at all tfores
instance dangerous chemgaHowever, by using at least three robots to carry the load,
this latter can be suspended in any desired configuriibf], hence augmenting the

performance of the initial system in whiclsiagle platform is used.
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Distributed sensing:with multiple robots, the sensors of the system are distributed over
the whole environment, hence enabling information sharing and an enhanced perception of
the situationA typical use case of this propeityarea surveillance: a group of drones is
assigned a certain area to detect suspicious activity or defeetratarget. If the task were

to be performed by a single platform, this latter would have to perform a large loitering
flight pattern. It would rost probably miss the detection of the target, especially if the size

of the surveillance area is large with respect to the resolution of the embarked detection
sensor. On the other hand, if a rob@roupis used, the large area is covered by several
coadinated vectors, hence enabling a continuous surveillance of the wholgignea
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(a) A limited sensing resolution (b) Partition -based surveillance strategy

Figure 1.31: Area surveillance by UAVH115]

Each individual drone is assigned an area optimized with respect to its own sensors

and capabilitie§115]. For instancefast aircraft can cover a largeea at a reasonable

52



resolution while quadcopter are deployed at a lower altitude, covering smaller areas with
greater precision.

Another aspect of distributed sensing is tiidhé observations of several drones
overlap, it is possible to use all of theopided information to refine the observation and
increase the precision of tgeoup The example of mapping is explanatory: if a landmark
of the environment is observed several time, each observation of the landmark is used to

refine its position in thenap (sed-igure1.32).
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Figure 1.32 Multiple observations of a map landmark

As seen on the figure, each robot detects the landmark from a different angle with
an ellipsoid of unertainty. This latter is more important along the axis of detection due to
the ambiguity indepth perception. The further the robot, the greater the uncertainty. The
information provided by all observations enaltie obtain a reduced uncertainty on the

global position of the landmark. This may be roughly depicted by the superposition of the
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ellipsoids. Each observation reduces the uncertainty along the axis of detection, resulting

in a more evenly distributed location uncertainty around the landmark.

Distributed action: in the same fashioasdistributed sensing, distributed action is the fact
that the group of robots can perform tasks in different places simultaneously. This faculty
is linked with the possible parallelism of the tasks of the mission. ¥emple of
application is bridge construction thanks to teams of robogso@p of robots can start

from one end of the bridge while a matching team starts from the opposite end of the bridge

(seeFigurel.33).

Figure 1.33: Bridge construction using distributed action[116]

Fault tolerance: having a robot failure in thgroupdoes not necessarily translate in the
failure of the whole mission. Gng to the redundancy of the system, the mission can still
be carried out with a limited number of robdissing again the example of carrying a
payload at a given orientation with quadrotors, this mission can still be accomplished until

there are less thathree robots in the grodfpl14]. If the number drops below three, the
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payload cannot be orientated anymore and supposing that the robots still have the lifting
power to sustain the payload in the air, the secondarsioni®f simply carrying the load
can still be performed. Hence, using groups of robots ensures of a certain redundancy and

resiliency in the mission.

Cost reduction: the exponential growth of hUAV sector described in the previous
section brings cheapand cheaper individual units on the market. Consequently, this
decreases the costrmilti-robotsystemsn the same fashigf33], [45], [46]. The keycost

factor in multirobotics comes from the definition: a complex goal is accomplished by
simpler units. In other words, each individual platform from the group is quite incapable
with respect to the overall goal of the mission. Given that simple rotetaast probably
cheap, this implies that for a given complex mission, a moittdt solution can possibly

be chaper than a singleobot one. This cost difference can be illustrated with the example
of aerial imagery and distributed sensing, both prelyatsidied. If a specific area has to

be imaged, satellite imagery can be obtained at cheap pa2pdput only at a given
periodicity. If a group of UAVs is used for the same purpose, the original investment will
be mut cheaper than the initial investment for the satellite and the images can be updated
very quickly depending on the mission requirements. Using plenty of cheap and low
resolution sensors instead of a very expensive high resolution onecaokttence be
decreaseth some casesith the concept of distributed sensifgis is the type of tradeoff

study that motivates the present work.
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Summary: This section showed that the possibilities unlocked thanks to-roblbtics are
present under several aspeBg.exploiting parallelism in the tasks of a mission, this latter
can be completed more efficiently by using groups of collaborating robots-iditics

also provides the ability to perform certain tasks that are impossible for single robots. In
addition using multiple robots distributes their sensors over the environment hence
providing a better perception owing to information shariigamsof robotscan also
perform actions simultaneously at different locations and offer redundancy to increase the
reliability of the whole system. On top of that, mufbotics sometimes offer a cost
advantage which is nemegligible at a time when projects are more and more driven under
tight budget requirementgvhile this type of observations clearly depends on-bgsease
considerations, the present research aims at providing techniques for the study of these
types of tradeoffsThe next subsection details two particular +wafld applications of

multi-robotics to further motivate the current research.

1.3.3 Application to real-world problems

Amongst the numerous possible applications of aralibtics mentioned earlier,
two are presented with greater detail in this section. These applications of search & rescue
and military operations have been chosen as they are bemgjigated by companies and

organizations, not research laboratories.

Search & Rescue [117] identifies that the US Coast Guard spends more than $50M
annually on search & rescue missions, a cost mainly incurred by pe@swxe logistics
required in such operatiorfSearch and rescue has already been performed by single robots

in many occasions such as for the World Trade Center in 2001, Hurricane Katrina in 2005,
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Haiti in 201Q and more recently Fukushima in 20118]. As established in the previous
sections, multrobot systems and their distributed sensing capabilities offer the possibility

to quickly cover search areas and detstims much more rapidly than current methods.

Figure 1.34: Representation of a UAVtbased search and rescue operatidi19]

Using autonomous recharging schemes as descriljé@®ly such systesiare able
to achieve extended endurance: a key asset for search and rescue missions. Moreover, the
units of the multirobot system are possibly expendable in dangerous condifioisgopic

is currently being investigated for commercial applicationsdabf 17].

Military operations : a study of current military systems [21] identifies that they are
highly vulnerable to coordinated attacks such as the ones that could beaatrbgadnulti
robot systems. In particular, this study shows that any current military ship can be

neutralized by a group of only eigérnall UAS.
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Figure 1.35: Representation of a multtUAS military system[117]

This clear vulnerability motivates the US NgWy22] and the British Armyf123]
to investigate the application of muttbot systems for both affise and defensmailitary
operationsThe solutions are first studied for uncluttered open water environments and will
be later extended to land operations as the technologies of sense and avoid matures for

trees, buildings, power lines, vehiclesd pedstrians.

Multi-robotics addresses the significant performance enhancements achievable by
multi-robot systems. However, despite the increase in capability and possibhorigal
applications described in the previous sections, it is quite complex to eloemal, hence

revealing several limitations exposed in the reedsection.

1.3.4 The limitations

The increase in capability offered ulti-robotics mostlycomes at the cost ah
amplified complexity as a complete System gisg&ms (SoS) has to be desigmesiead
of a single robot onlyAccording to the defitions provided in[124], a group of robots
classifiesasa complex system due to a large number of components able to interact with

each other and the environment. Iniéidd, the rules of the components may change over
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time and are not always fully understood. Finally, the properties of the whole system cannot
be determined from the simple sum of its paktgiroupof robots is hence hard to design
as it is larger in sqee and is subjedb a more complex integration of its elemefitse
group (macroscopic leveghasto be designed as well as the individual agents (microscopic
level). A nonexhaustive list of difficulties encountered whesidaing a system of robots
are[125]:
1 A higher degree of uncertainty and risk compared to classical systems design
1 The system is comprised of elements with different lifecycles
1 Thegroupmay be comprised of robots which are not designed to fit the whole
system and which are integrated after their design is finished
1 The requirements might be more ambiguous than for a single robot
1 Thegroupmay have a continuous systems engineering which is never actually
finished. This is especially true if new systemsgkbeing integrated in thgroup

in order to update it.

In addition, grounébased robots have been the norm in the field of robotics until a
few years ago, limiting the interest in design optimization for robots. Subject to more
stringent weight restrictianand other realities than ground robots, aerial robots design has
to include optimization step§.he focus in robotics has long been on intelligence and
software architecture more than on physical desigis complexity being a limitation in

itself alsotranslates into several other limitations for the usmwfti-robotics.

A first drawbacks interferencerobotsin agroupcaninterferewith eachotherand

hinder the proper functioning of the group In some worse cases it can be
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counterproductivelnterferencemay happenwith collisions, which might possiblytake
down the involved agents.Occlusionis alsoa commoninterferencen groupsof robots
whenonerobothappess to bein thefield of view of the sensorof anotherrobot. While
this can sometmesbe helpful if the robotsof the group haveto detecteachother, this
occludesa part of the environmentwhich cannotbe observedThe closerthe robotsare,
themoreimportantthe occlusion.Thesetypesof occlusioncanalsoresultin interference
in communicationdetweenthe vectorsof the groupif onerobot occludingtwo others

interceptsamessagéy mistake.

Another limitation given by the literatureis thatin somecasesuncertaintyrises
concerningthe intentions of other robots. This is espeially true for group of robots
respectingexactly the assumptionf swarmrobotics ensuringthereis no centralized
controlentityfor theswarm.In additionto imposingcomplexcommunicatiomequirements
onthegroupdesign this assumptiorensureshatagentscanonly communicatevith their
immediateneighborsIn this caseit canbe hardto sharethe intentsof otherrobotssince
thereis nocontroloverseeinghewholegroup Indeed coordinationn thiscontextrequires
to knowwhatthe surroundingobotsareactuallydoing,otherwisetheagentanightendup
competinginsteadof cooperating[96]. This limitation also calls for a robustdecision
makingarchitecturen thegroupin orderto makesurethatall theordersareproperlygiven
accordingo correctsituationsandnot causedy miscommunicatiomr occlusionbetween

therobots.
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Additionally, the field of collaborative robotics in geneighotyet established in
commercial applicationsind remains mostly confied toacademic worksuch as the
systems developed jh26], [127], and[128]. It is still at a preliminary stage in the research
community and shy aplations start to trigger interest only themilitary with no known
successful deploymentor instance, te Office of Naval Research (ONRgs been
working on the_ow-Cost UAV Swarming Technology (LOCUS$ystem and performed
successful demonstrations ilaunchinga swarm of nine UAVs with autonomous
coordination129]. Their next milestone is the deployment of 30 swarndngoteUAV's
from a shipfor endurance missionélthough these applications are outside the acaem
environment, they remain confined to pure reseancthare not used in operatiéGteasons
are varied ang96] mentions in particular: the need for a good laboratory infrastructure,
the difficulty in building nodlinearand stochastic models of thebot groupsand the fact
that currently, no general methoxgists to go from the individual behavitw the group
behavior.[96] mentions this latter reason as a key obstacle in the etadrod design
algorithms for swarming system&s a matter of fact, most of the research community
focuses on the behavior design of mutibot systems, leaving aside their physical design

[130]. These elementsromptthe formulation of another kegonjecture

Conjecture 2

A standard physical design process for mugdbot systems

is needed to foster their democratization
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Note that in the scope of this research, design correspontie tmtellectual
engineering pro@s of creating on paper a machine that either meets certain requirements
and performance objectives, or explores new concéptbnologiesand innovations

[131].

One additional drawback linked moulti-roboticsand epecially swarm roboticas
defined per its assumptigns that it tends to focus on robots having the same capabilities.
As a matter of fact, one of the asdhempti or
robots must be homogenegaadthat the numér of subgroups with different capabilities
is limited. Hence, mosof the research community focuses on homogengmigswith
cheap and absolutely identical robdtsw instancesuch ag132], [133], [134], [135],
[136], [137], or [138] consider heterogeneity anextensive manneand when they do, it
is focused on behavior design and not physical design of the agents agubupe
However,the utilization ofrobots with different capabilities could benefit to the mission
in terms of performancand unlock nevedlaborationcapabilities Considering mapping
and exploration missions for instané&ast robots could be used first fopeeliminarypass

on the environment while slower robatsuld laterrefine theinitial map.

Lastly, the costadvantagamentionedin the previoussectionsmight not always
applydependingnthenatureof the projectof multi-robotdesign.This limitation doesnot
traditionallyapplysincemulti-robotsystemsaim atusingmanycheapsimplerobotswhich
total coststill remainsunderthe costof complexplatformscarryingout the samemission

(for instancethe caseof DJI Phantomquadrotorsversusa satellitefor Earthimagery).
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However,it may apply mostly when comparingsinglerobot systemswith multi-robot
solutionsandis exacerbatetbr heterogeneougroups Indeed for aheterogeneougroup
severalifferentplatformsareactuallydesignednsteadof asinglerobot. This couldresult
in a higher cost for the multi-robot solutionin termsof development and sometimes
procuremenéswell. Thisfurthermotivateghestudyof costtradeoffshetweemulti-agent

systemsandsingleplatformsolutions.

In the presence of such limitations to the usenafti-robotics compared to its
advantagesone may wonder if there is an actual benefiteveloping anulti-robotsystem
instead of asinglerobot one. Indeed most of the community tends to evaluate the
performance of muklrobot systems independently without having any benchmark
performance to compare it to. This is largely due to tle tlaat the field of swarm
engineering is lacking established standa#dsmentioned if101], A Col | ect i ves
possibility of enhanced task performance, increased task reliability and decreased cost over
more tradilbnal robotic systems. Although they have this potential, many possible
collective designs are neither more efficient, nor more reliable, nor more robust than a
comparale single (more complex) roloin particular, it also provides a quite exhaustive
andysis of situations in which muHkrobot solutions would be preferable dmglerobot
ones. Howeverno quantification ofthe adwantageor disadvantage is provide@ther
studies such afl01], [133], and [134] investigate the question of whether it is more
efficient to distribute expertise rather than designing a unique expertiHtetver, these
papers focus on very particular missions and lack getyerab methodology exists in

multi-robot engineering to perform such comparis@isiilar observationsan be drawn
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from [139], whereas it studies theadeoffs between havinggaoupas opposed to a single
robot, the conparison of differengroupson a given mission seems to be a missing topic.

This leads to #hird conjecture

Conjecture 3

There is a need to evaluated compar¢he real advantage dffferentoptimized

multi-robot systems versus optimized singkotsolutions on a given mission

Summary: The limitations highlighted in this section showed that the designuti-
robot systems remaina quite complex problem, delaying their use ireatworld
applications From SoS design obstaclés stringent commuication requirementgrom
difficult decisionmaking architectures to possible development cost exedsthese
complications cause muitobot systems to struggle in establishitftemselvesn the
commercialand even militaryworlds. This section als@dentified a need to evaluate and
guantify the possible improvement or deterioration resulting from choosimgtarobot

architecture over singlerobotsolution.

1.4 Summary

With an emphasis on aerial systembistmotivation sectionstarted off by
descibing the advantages offered by unmanned systems in terms of automation. Their
growing market unleashes a multitude of unforeseen applications, hereby fostering the
diversification of the robotic fleet in terms of designs and capabilitiesvever, this
broadening spectrum of architectures is not exploiddreover,the advantages that

unmanned systems offer might be shadowed by shortcomings in endurance and cognitive
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behavior.These imitations can possibly be addressednyiti-robotics: a field inspired
by naturewith groups of robotperforming complex missions beyond the capabilities of
theirsimple individual component$his enables tcackle the limitations of singleystem
solutions by being able to accomplish more complex missions. In addidenpgeneous
groups of robotsapitalize on thaliversity of the current robotics fleddence, it was
shown thatmulti-robotics can be a solution to the shortcorsing single unmanned
systemsNonetheless tiwas established th#te advantage ahulti-robot versus single
robot solutions still has to be evaluated and quantifieddaal mission requirementsor
instance, the tradeoff between the number of agentsgroap (numerality) and the
technical capability of each individuatould be interestingo study The fidd of
collaborative roboticsemains mostly confined to acadenadad isfacing obstacles in its
democratization teommercial applicationslhe research is at a quite preliminary stage
and the applications demonstrated by the military avantgardist and far from
deployment in realworld situations. Moreover, multi-robotics experience several
limitations ranging from typical SoS design obstacles, stringent communication
requirements, difficult decisiemaking architectures, and possiblevdlopment cost
excess. These complications motivate the need for a designer to quantify the possible
improvement or deterioration resulting from choosingnalti-agentarchitecture over a
singlerobotsolution.Moreover, he literaturecurrently lacks métods for the designer to

intelligently make these choices.

1.4.1 Research objective
The firstconjecturemotivates a focus of this present work on the designudfi-

robot systemand especially heterogenearsups The secon@dneencourages a focus on
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a desig process so as to increase the understandingutii-robot systemsnd further
democratize their use foeatworld applications, beyond academic and military research.
The third conjecturestimulates a research dhe effects of numerality on the group
performance. In terms of design, tlggoup numerality could be compensatdxy
technology enhancements on thegle constitueniplatforns. Hence, to evaluate the real
benefits of agroupover single robots, the tradeoff between the number of robots in the
group and the level of technological development of its agents must be stuédied.
motivation hence emerges with a necessity to answer some questions such as:

1 Does using anulti-robot systenalways provide increased performance for a given
mission?

1 After achange in mission requirements it better to increase tlgroupsize or
increase the capabilities of each agent in ordestitbbe able tocomplete the
mission?

1 How to efficiently optimize groups of robots?

1 Should a designer spend more time on dewetpthegrouparchitecture or othe
Research and &elopment (R&D) ofndividual agent®

1 For a given mission, what is the optingabuparchitecture?
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These observations lead us to considefdhewing research bjective

Research Objective
Establisha methodology that enables the optimum design of it
systems and the evaluationtaddeoft between individual architecture

development and numerality to achieve group performance

The whole research process involved in establishing this obsehjective is

outlined inFigure1.36.

Robots Swar ms Swarm Engi
Observations 1 Observations 2 Observations 3
A Man dione A De s i g n-robhogsystem mt .
available Y i requires mgch more commitment /rj:‘b S: ? giﬁg?e agzl;rtsg : . s |
Thi s diversity It@nfqevr‘glﬁqgg‘qng i Ved‘y fedN nq_rou designs
A Single robbet | imitTeteVoRd €c &P N1 ngd  bio 8 cademi fosf "
overcome by collaboration experimental and avagardist Eomo - . {
military applications 9 us i)
Assertion 1 Assertion 2 Assertion 3
There is a need to evaluate and
There is a potential to take A standard physical design proces compare the real advantage of
advantage of the diversity for multi-robot systems is needle different optimized multrobot
of the existing drone fleet to foster their democratization systems versus optimized single

robot solutions on a given mission

Figure 1.36: Establishment of the research objective
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1.4.2 Research tallenges
Reaching this objective involves addressing several reseaatiergdiesowing to
the novelty and complexity ahulti-robotsystemsThe most importanthallenges, some

of which were metioned in the previous portionate recollected in the present section.

First, the design optimization of groupof robots result$n the generation ofra
extremely large design spadar beyond what is typically encountergdaerospacer
automotiveindustriesfor single vehicle design for instand® given groupconfiguration
consists of a combination of possibly different platier each one of them having its own
design combinations in terms of subsystemd many other design dimensiofms some
extent, the classical subsystems design space for single vehiwb@sfismu | t i pl i edd b
number of agents composing tgeup this number of vehicles possibly being another

design factorThis iswell illustrated by considering the following toy problem:

A roboticgroupof threeagentshas to be designed from existing- off
the-shelf components and architecturésiotypes of robotsra

available, each witlive subsystems and three possible technologies

for each of these subsysteistermine the size of the design space,
I.e. the total number of differegtoupsit is possible to generate

from this setupAll options are compatible itih each other.
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Solution: the decomposition of the problem first starts with the determination of the total
number ofconfigurationsfor each type of robot. For five subsystems, a choice has to be
made between three technologies which results in ¢ T possibleconfigurationsfor

each type of robofThen there aréwo types of robots availabl@vith exactly the same
architecture choices)nmaking¢ T a T Y the number of possibldesignchoices for

each robot of thegroup Finally, it is important to notehat when listing the possible
combinations of roboté the group the order does not matter. Indeed, a combination
AABCO of robots A, B and C is t hastheraime i n
one robot of each type in both combinatiok®reover, repetitions neetb be accounted

for since agroupcan be comprised of the same robot
possible combinationslhe final step then consists of choosing 3 robots amongst 486
possible configurations with repetition. From matheratics, the formula for a -k

combination from achkhedsefk&aigievein ity :Ain mul

Equation 1.1: n multi-choose k

~

5 e Qop
o o

With A A Athe usualin choose ko biTmesize ofthe desigre f f i c i
space is then TOlIJ ¢ TOlIJ b p tg vipt o possiblegroup designsAs

it can be observed, a simple toy probleineady generates a design space with close to
twenty million possiblegroupconfigurations Using realworld figuresfor the number of

technologies or subsystems then quickly results in extremely large design Blogedlat

69



if incompatibilities betweethe different subsystems are taken into account, these numbers
would be lower. Howevemll things being equal, the number of possible configurations

would still remain comparatively higher than for single vehicle systems.

1018ﬁ

10"
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Possible swarm architectures

100 L ! ! ! ! ! ! I
0 1 2 3 4 5 6 7 8

Agents in the swarm

Figure 1.37: An extremely large design space

In addition, the number of possible designs grows exponentially with the
parameters of this toy problem and one quickly ends up generating unmanageable design
spacesvhich areorders of magnitdelarger than for singleobot designgseeFigurel.37).

To decrease this number of alternatives, partial heterogeneity can be considered: all robots
of a given architecture will have the same configuration. For instance,nioitarobot

syst®d Gi0do composed of Otahd teoeplames atdcarobteo r s

assumed for simplification that all quadrotors will have the same configuration and that all
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planes will have the same configurationsothaét gr oup f i malolow wietdhuc e

now only two configuration choices instead of five.

Moreover, tle architectures to be considered in the design optimization process
might alsonot be known a priori and have to be generated, which adds a defree
complexity to the problenilhis plethora of architectures maijsohave elements which
are not designed to be interfaced together. Hence, the compatibility of the configurations

hasto be accounted for in the generation of these architectures.

An addtional challenge stems from the very particularityraflti-robot systems
and particularly swarming systemshdar emergent behavior. Resulting from the
interactions between the agents of gneupand their complex cognitive comportment,
this behavior isighly nonlinear, possibly stochastiand thus quiteinpredictable for the
design proces®©wing to this nodinearity, it is in general not possible to optimize each

agent individually in order to obtain an optimal smagiseeEquationl.2).

Equation 1.2: Non-linearity of the design space

£ 1 0 Q&R 6 "Qa Qid L0ON

This distinction between additivity, ndimearity, and emergencas well as the
irreducible character of group propertieslearly established §¥40]. A holistic approach
is required to consider the aforementioned interactions betweagé¢nésMoreover, the
lack of link between the microscopic and the macroscopic layersnofitarobot system
makes it hard to propagate design changes from the agengésgimtip behavior.

71



The design ofmulti-robot systems, systems of systems by definitionalso
multidisciplinary. In particular, cost considerations have to be emphasized as emerging
markets tend to neglect this aspect in early design plisseBigure 1.38). Conceptual
design is the first step in the design process and is an ieg@bnse to a given design goal
[141]. The overall shape, size, weigahd performance of the vehicle amaginal based
on basic drivers but no detailed design occurs at this stggential tradeoffs are

considered during the conceptual design phase.
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/
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4
-
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Design completion

Figure 1.38: Prevalence of cost considerations in early desigrhpses

Many disciplines have to collaborate the design processometimes with

conflicting impacts on the finglerformancein order to create thgroup of robotsThis
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combination of technical design and financial considerations increases the tgiféitul

multi-robotsystemsiesign.

In addition to the challenges presented in general by systems of systems
engineeringno known robotic swarm is in commercial use #mel design ofnulti-robot
systemss anemergingfield. Consequentlythere is a sigfiicant lack of historical data to
support the design process atdaingeneric insights omulti-robotsystems desigihere
is also a lack ofstandardsaccentuating the difficulties in establishing a clear design
framework. Additionally, no benchmark isurrently available, which makes it hard to

guantify the outcome of the proposed research.

In order to tackle these challenges and fulfil the research objective, the assertions
(Figure1.36) must be studied individually to idefy competences which already exist or
need to be developed. By reviewiaigd comparing prevailing techniques, tiextchapter
pinpoints potential research gaps to be briddéds will support the definition of the
research problerand help establish ¢hmethods, tooJsind processes needed to reach the

goals of the research objective.
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CHAPTER 2

PROBLEM D EFINITION

The path to theresearch objective previously establishechindered by @me
obstacleswhich must be addressetdhe preceding chapter highlightetdet principal
challenges to overcome: exploratemd optimization ira very large design space, bridging
the gap from the microscopic levghe individual agentsfo the macroscopic levéthe

group of a multi-robot systemThese form themain research dcusesstudied by this

chaptetin order to establish a proper problem definition.

Bridging the gap between microscop

. Exploring a large design space
level to macroscopic level P 9 9 gnsp

Figure 2.1: Decomposition of the research objective

In particular a literature review of pertinent areas is proposathtierstand state
of-the-art methods, their strengtlout also their applicabilityheir assumptionsandtheir
shortcomingsThis step helps in finding the most suitable practices to address the research

challenges and pinpoingy deficits in the currentiterature through formal research
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guestionsHypotheses are then developed as suggested soligithresidentified gaps with

theaim of structuring the rest dhe presentesearctprocess

2.1 Introductory example

With the intentionof familiarizing the reaer with the research objective and
provide first insights on how a simulatidrased approach may provide the link between
macroscopic and microscopic levels of a swarm, a canonical example is formulated in this
section. While this model is simplistamdcorresponds to a basic 2D enascopic model,
it provideskey insights shaping thesearch questions and tiest of this research and is

to be extended with additional complexiGonsider the following problem formulation:

A homogeneous robotics swarsritd map a 2rea ofsizel byl .
The complete mission consists in reaching the interest area from base
(distanceA ), map the are@ollaboratively and return to base. One single
agent has the capability to map one unit area at a timeafdms' to be
mapped by each agerdare allocatedas shown ofrigure 2.2. The mapping
mission starts from the top left corner of each-audm, and follows a path
according taFigure 2.2, there are no obstacles to the agents. For simplicity,
it is assumed that it takes one unit of time to map a unit area so that a grid

cell is basically mapped once it is visited.
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Figure 2.2: Example of mapping configuration for 3 agents

LetN denote the number of agents in the swarmwamrdnstant velocity of each agent,
be representative of the performance of a single agent. The mission performance of the
swarm is representdaly T, the totl time required to map the area. Each agent is assumed
to have afixed cost ofA , the swarm has amstalment fixed cost ¢ for the ground
station for instance. The cost of technology is represented by a Im@aaseA of the
cost of amagent with the velocity. The goal is to:

1. Link the microscopic level variable andthe macroscopic level variabithrough

swarm performance.
2. Assuming anaximum cost; 4 @S abudgetconstraint derive the optimum swarm

configuration in terms of coshd performance.
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Solution
1. The mission being finished once all agents are back at thetbadetal time to carry
out the mission will be dictated by the slowest agdote that each ageifis assigned to

! T . \ . . .
map an area a a witha  —. Inthis particular case, since all agents have the same

constant velocity and the same area to map, this slowest agent is the one having to map the
areahe furthest from the base: agéntDenotingd the time requied by ageni®o perform

its part of the missiorthis first observation is written:

Equation 2.1: Total mission time

Y a0
NG h a

Eachtime Oiis then obtained by considieg the distance travellell. Note that a

unit area is mapped in a unit of time as per the assumption stated earlier

Equation 2.2: Mapping time for each agent

@) A H Ev oph &
o) Y
First, each gent has to travel the distan©drom the base to its mapping area:

Equation 2.3: Distance from base to mapping area

O A Epl A E p-—-HE dha
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Then, travel the distaed required to map the StArea

Equation 2.4: Distance traveled during mapping phase

I pl 1 p 11 p — pHE MO«

Note here thatite result seems ndromogeneous at first, however considering the
mapping path described éiigure2.2 we understand that the distarice p is travelled
a times, and the distance is travelledx  ptimes Also note that the mapping distance
does not depend on indé&vhich is consistent with the assumption that all agents map

equal areagsinally, the distanceb to go back to the bastepends on the configuration as

shown orFigure2.3.
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Figure 2.3: Distance back to initial mapping point
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Hence, it can be written as:

Equation 2.5; Distanceto return to the base

a pQ@AOAI
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Hence, the total distance travelled by an agent

Equation 2.6: Total distance

Q i & oh'oepha
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Putting the result together we obtain the total time required to complete the mission

as a function of the microscopic variabl@and the macroscopic variahle
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Equation 2.7: Final expression for total mappirg time
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For visualization purposes, this mapgtime to be minimized can be transformed
into an objective to be maximized by considering the mapping Yaix) —ﬁSThis

rate represents the speed at which the whole area is mapped.

2. This expression can then be plottedyain insight on how the microscopic level and the
macroscopic level variables affect the swarm performance. It may also be used to derive
an optimal swarm architecture yielding the maximum performance while enforcing a cost

constraint. Given the above menclature, the total cost for the swarm system is given as:

Equation 2.8: Cost structure

~

6 6 00 08 oa

The figures here below present such analysis result® forp 1dt anda map

size ofd p mdt by p mdr. The cost is represented in notional units so that an

agent fixed cost iso o, the swarm fixed cost i p mand a unit of individual

performance (velocity) increases the costby p. The quadratic technology cost factor
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@ is first set to zeroThe cost constrainbr available budgets fixed atd xTtfor
the swarming solution. Finally, note that the mathematical formulation derived here above
is valid when( is a divisor ofd due to the mapping navigation assumptions. However,

the plots are presented for various integer valuéswithout distinction.

Constrained region (above budget)
® Sequential optimum
@ "Global" optimum

S |

[O%}

Swarm performance
(mapping time (s))
=
IR
Sw
Swarm performance (mapping time (s))

10

Figure 2.4: Evolution of mapping time with the design variables(example 1)
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The first proposed graplFigure2.4) enables to understand how the micaoysc
level and macroscopic level variables affect the performance ofsyeem, here
represented bthe mapping timéYUOR) . As one can expect, increasing the number of
agents in the swarm increases the mapping rate, or equivalently, decreases the mapping
time hence improving the mission performance. Enhancing the capabilities of each agent

constituting the homogenesgwarm also results in a performance improvement.

© Swarm performance (mapping rate (m>/s)) @ Swarm cost .
Cost constraint Cost constraint

@® Optimum @® Optimum

10 10

oo
oo

N
E N

Individual performance
(velocity (m/s))
N
Individual performance
(velocity (m/s))

2 4 6 8 10 2 4 6 8 10

Number of agents Number of agents
10 20 30 40 50 60 70 20 40 60 80 100 120
Swarm performance (mapping rate (m>/s)) Swarm cost
(a) Mapping rate contours (b) Swarm cost contours

Figure 2.5: Contours for mapping rate and system cosfexample 1)

Thedesign points which are jusatisfying thecost constrairdérerepresented in red

(Figure 2.4, Figure 2.5) and they can be seen following the-gtihtour of coswith a
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mapping rate o 1 FOandt 1t TOfor the numbers givem this particular case
Optimization of the swarm design for this particular mission yields the following

characteristics:

Table 2.1: Example 1 designs

Design characteristic Sequential optimizatior Global optimization
Number of agents 4 5
Individual velocity (m/s) 10 8.90
Mission time 4 min 47 s 4 min 27 s
Total cost (notional cost units 62 69.50

Note that when deriving the optimal design with the usual sequential optimization
approachoptimizing agents individually first, and then the groug)suboptimal design
is obtained (imed). By being stuck at such a local optimum, a 7% performédageadation
i s observed with the Agl obal o optimizat.i
simultaneasly. In this particular example, the optimization seems to favor individual

performance over the numerality in the swarm.

By adding a quadratigelocity term to the cost witiw 1@ and changing the

cost constraint t@; 4 g p T, T different optimuntomparisons obtained as shown on

Figure2.6 and inTable2.2.
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Figure 2.6: Evolution of mapping time with the design variables (example 2)

As seen orFigure2.6, the infeasible space due to the cost constraint now occupies
a larger portion of the design space. Indeed, owing to the quadratiensthe cost of

the system now increases more importantly withviiecity desig variable
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Table 2.2: Example 2 designs

Design characteristic Sequential optimizatior Global optimization
Number of agets 2 7
Individual velocity (m/s) 10 4.30
Mission time 8 min55s 7min0ls
Total cost (notional cost units 96 99.93

This time, the optimization tends to favor numerality over individual performance
by having many agents with a moderate gyo One will note that thesimultaneous
optimization technique offers an improvemet27% in performance compared to the

sequentiabptimization scheme.

This example helps illustrate and understand the idea of tradeoffs between
numerality and individal performance, main component of this research. The agents are
modeled with one variable and the group behavior is fixed (although depending on the
number of agents and thee of the map) and is not owemplicated with respect to the
complexity of thanicroscopic level. This is the type of tradeoff that is used in mesoscopic
models detailed in the next subsectiorhe purpose of this present work is then to build
from this simplistic case, notably by adding additional levels of complexity: heterogeneit

agent behavior, swarm intelligence, and possibly stochasticity and uncertainty.

2.2 Bridging the gap from microscopic to macroscopic level

Thefirst principal research axis identified in this problem formulation is the lack
of a link between the behavior thfe agents and the comportment of the grdtguétion

1.2). This existing gap must be bridged in order to be able to obtain ogicwgddesigns.
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The emergent field of swarm engineering tries to address this design difbEuttylti-

robot systemsnd to standardizeheir design.Introduced by[142], the term of swarm
engineering refers to the emergent discipline aimed at forming systematic processes to
model, design, realize, verify, validatserateand naintain swarm robotics systerfes]

and to a larger extenmnulti-robot systemsThe formal method ofvgarm engineering as
defined by[142] consists of two steps: the geaton of an appropriate grodyased swarm
condition, and the generation of a behavior for each swarm agent that satisfies this
condition. Considering swarm engineering in a broader sense, the formalism of systems of
systems engineering provides a firspagach to understand what tools and methods are
required in order to design a group of robots. Swarm engineering being a relatively new
field, it exhibits a certain lack of maturity which adds many limitatitm#s current
possibilities. In this sectiom review of these restraints is proposed and by focusing on a
few of them, research questions amgoduced A multitude of specific swarm design
methodologies are then reviewed to gain depth in understanding swarm engineering and

possibly give first elments of response to the research questions.

2.2.1 Swarm engineering: a lack of maturity

It is not before the year 2000 that a first design procedure focusealtrrobot
systems and more particulagdwarming systems was formalized[tiy2]. This makes the
field of swarm engineering quite recent and at a very early stage of its development.
Subsequently, this emergent discipline experiences several shortcomings which hampers

its understanding and delays its usage in civiliappbns.
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To begin with, the development of swarm engineering is not homogeneous. The
areas of requirements analysis, performance measurement and maintenance are clearly
lagging behind more popular topics such as design and analysis which concentrate most
the progress of the fiel®5]. Even in design and analysis, musmphasis is put on the
behaviorof the individual agents and the behavior of the swarm, giving little attention to
the physical design of the rob¢130]. Most of the time, a generic swarm of robots is built
focusing on the simplicity of the agents and their means of local interactions (cameras and

markers, infrared sensors, \Wii é ) .

Once the swarm is built, the ezgch focuses mainly on the implementation of new
behaviors for the swarnit. is likely that once swarming systems are introduced rieab
world applications, maintenance and performance areas will start being a concern for the

industry and this interestill transfer to the research community.

The development of design approaches is also held back by a lack of established
standard metrics to evaluate the performance of robot swarms. Few metrics are defined and
most of them are tightly related to specd#jplications and cannot be reused. iRstance,
when considering a mapping aexploration application, relevant metrics can be the area
covered, the quality of the magnd the time to cover this area. However for construction
or pattern formation apmations, such metrics would not make a lot of sefiéds
particularity makes the design of swarming systems very appliespiecific, preventing

the establishment of a generic design method.
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Additionally, the field is missing testbed applications andlioly available
datasets for the research community. These are essentials in order to test and benchmark
new design methods and algorithms. While foraging is commonly used as a test
application, it is limited and lacks &stablished standard scengd@8] that could be used
by researchers. Construction, also commonly used as a testbed, exhibits similar limitations.

This lack of standaghinders the comparison differentswarm robotics systems.

Swarm engineering ialso impeded by the absence of an established simulator
which could be an enabler for the research community. An ideal simulator fosromngti
purposes should first encompass features from typical robotics simulators: enable 3D
simulations and be modulty accommodate any type of robots. It should also be scalable
with respect to the number of robots. This is the main constraint forrahtit simulators
as swarm robotics in particular might require an extremely high number of alyents.
addition, modurity is essential to be able to accommodate different scerf@inadly, the
ideal swarm engineering simulator shoulddpeensourceto foster development by the
research community. Many mobile robotic simulators already exist and may be used for
experinents with multirobot systems. Their differences lie mainly in their technical
characteristics budlso the cost of their licen§@6]. These principal suigeof simulators as

reviewed by[96] and[143] are summarized ifable2.3 with their capabilities.
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Table 2.3: Overview of multi-robot simulators

Simulator 3D  Scalability Modularity Open-source
ARIA 00 o} YES
CARMEN 000 YES
Gazebo 00 0 000 YES
Microsoft Robotics Studio 0 0 0 000 NO
MissionLab 00 0 YES
Pyro 00 00 YES
Stage 000 YES
SwarmBot3D 00 000 YES
TeamBots 0 YES
Webots 00 0 00 NO

The legend used for this table is the following:

w

0 Feature may be obtained by extension

v v

0 0 Feature partially/decently supported

0 0 0 Feature completely supported

The development environments which are the most used include Stage which
provides 2D simulationapabilities with a runtime scaling mostly linearly with the number
of robots up to 100,000. Gazebo is a @Rensourcesimulator which notably includes
rigid-body physics and comprises a large library of robots and sensors. Webots is a
commercial mobile abotics simulator providing the same features and enabling-multi
robot simulations for up to 100 robots. Microsoft Ro®t®tudio is another simulator
developed by Microsoft Corporationt €nables multrobot simulation but suffers from

discontinued offtial support since 2012. Finally, SwarmBot3D is a simulator designed
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specifically for the SBot platform of the SwarmBot project. It can be seen that none of
these simulator offers all the characteristics required for swarm engineering simulations.
As Table 2.3 also suggestsno existing solution proposes to address all the enabling

capabiities of the ideal multrobotsimulator.

Furthermore, highly noefinear relations from agémarameters to group behavior
[144] result in a &ck of topdown design method95] and establista gap in the dégn
flow. Indeed, as stated [d45], Afone chal |l en g eorganizingugstams r st a n
is the micrémacro link, i.e., determining the relationship between global and local
behavior patt e[®hasl saon ds tvaitcees vtehrastaoi.no gener a
the individuals to the group behavi o . Due to the multitude o
among multiple agents, the ntinear relationship between the variation in a design
parameter and its resultant repercussion on the group behaviorirguitine and hard to

control[144].

/ Microscopic

(Agent)

Macroscopic

(Swarm)

Figure 2.7: Missing link between macroscopic and microscopic level
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This lack of a link between macroscopic and microscopic levels of a swarm is the
main obstacle faced by swarm engineg and the intuition of the human designer still

remains the main ingredient in thewveélopment of swarming systef@s].

Optimization of the different attributes of the group and its individual agents is part
of the traditional design process and the manifestation of this gap is a sequential
optimization with suboptimal resulthis deficiency results in current methods of swarm
engineering tackling the design of swarming systems by performirggrialized
optimizaton: the microscopic levdirst (the agents)and then the macroscopic level (the
swarm). As a matter of fact, some of the research community also use in their swarms
existing platforms which are already optimized for their respective and completely
different missionsAmongst many other exampld¢$33] has the system designer creating
multi-robot systems by picking from a pool of available rob[it46] alters preexisting
platforms to obain a multirobot system suited to the considered misgibfi/] prepares a
swarming system for a competition using the most common quadcopter for the general
public: the A.R. Parrot Drondhese missions generally grgadiffer in scope with the
type of mission that the swarm has to accomplish. Using these platforms, researchers then
attempt to obtain an optimal swarm by completing a second round of optimization. This
sequential process results in suboptimal desigree $In one hand, it is unlikely that the
swarm takes advantage of the full capacities of its constituent agents, and on the other hand
the agents were never designed fully as the integral patssfarm. In hisstudy for
architecting system$125] is one of the first to highlight this incoherence in the design
process back in the early days of systems of systems engineering. Focusing on

communication aspects, it is stated that the resultmgti-robot system might be
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compiised of agents which were not designed to fit the whole system. They are integrated

after their own design is finished.

While the lack of this micranacro link is identified by many in the research
community[95], [96], [144], [145], there is no record of an attempt to quantify the possible
improvements which could be achieved in design performance if such a link as to

establisled. This observation leads to the firssearch question:

Research question 1

Can multirobot systems designs be improved by linking

microscopic and macroscopic levels?

Managing to link microscopic and macroscopic levels of a swarm irs efradesign
optimization would consist in replacing the sequential optimization methodwii is
generally referred to asmorefiglobabo r A s i muobtimaatia appreach. Hence,
to articulate a hypothesregarding research questiartfie diffeences between sequential

optimization and global optimization are reviewed in detail.

This segregation between sequential and globaindgztion typically appears in
Multidisciplinary Design Optimization (MDO), a field used in the design of complex
syse ms . Swarms constitute a good example of
interacting members thatisdidfiul t t o und e r[E48].aMordoveatsey e wh ol e
characterized by an emergent behavior, a largaebeu of design variablesand the

nonlinearity of the individual interactions. With the intention of coherently exploiting the

92



synergism of these mutually interacting components, MDO patrtitions the problem into
subsystems based on physical boundariestimadity, disciplinesor even organizational
structure of a company. For the scope of this work on group robotics, the system is
decomposed based on physical boundaries: the different robots composing the swarm.
MDO problems are different from classiagitimization problems as the design variables
feed into multiple analyses, the objective function depends on several analysis outputs, and

interdependencies might exist betwees different analysis functions.

Sequential optimization involves optimiziniget different constituents of a system
independently and sequentially, with their own set of constraints and cost function. For a
robotic swarm for instance, it means that the agents of the swarm are first optimized with
respect to individual mission regements, the whole swarm is then optimized using this
set of preoptimized agentsor viceversa Figure 2.8). On the otherhand, global
optimizationor simultaneous optimizaticiends to consider all constituents at once with

all their interactions, in order to derive an optimal complete sy@tegnre2.9).
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Figure 2.8: Example of quential swarm design optimization
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Figure 2.9: Example of global swarm design optimization
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A growing number of methods of MDO are available to perform global
optimization and they can be divided into two classes: monolithic or dmgé
formulatiors, and multilevel formulatia[149]. Singlelevel techniques use a single
optimizer at the system level and distribute the analysis to the partitioned subsystems. Such
methods tend to be easy to implement but they might not scale well for indsesttirads
and for very large problems with many disciplines. On the other hand, multilevel methods
use an optimizer at the system level in addition to multiple other optimizers at the
subsystem level. By benchmarg different MDO algorithms[149] clearly states that
strategies such as sequential optimization are often not abfeltthé true optimum of a
system andt is underlined thainteractions between the components of the system must
be properly accounted foiThis last statement is presumed to be true for moiftot
systems, and the previous introductory example offers evidence of this suboptimal
behavior. One goal of this thesis is to examine this widely held assumption when applied

to multi-robot systems.

This statement is corroborated [Hyp0] on an example of aerospace design: this
partial (sequential) optimization approach does not lead to the optimal design of the
complete system, except in special casesiQure2.10, a wing is to be designed in order
to achieve a minimum value of an aggregate function of weight and drag. The system
optimizer acts on the span which is given to the aerodynamics group in charge of
minimizing the drag by deteiiming an optimal twist distribution. The aerodynamics loads
acting on the wing are then forwarded to the structures group, in charge of minimizing the

weight of the wing witlrespect to the skin thickness.
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Figure 2.10: Wing design by sequential disciplinary optimization

This process is iterated for different
design is reached. It is shown that this type of sequential procedure yields 11% more drag
than an optimakolution derived with a global optimization technigdé&0]. Similar
conclusions are drawn from aeroelastic and dynamics consideralibiss.type of
optimization procedure is notably used[ib1] where a bievel algorithm is used: one
level dedicated to the design characteristicstagl-level variables (material, curvature,
gl obal t hickness, strutsé), and a second

thickness, crossectiors € ) .

Reference[152] also constated the possible improvements achievable through
simultaneous optimization by applying it to suborbital vehicles design programs. It was
shown that programs that do not properlgamt for the interactions between their
different business divisions (hence using sequential optimization schemes) proposed very

different programs than the optimal ones found by simultaneous optimization. An
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improvement of up to 14.1% was announced assalt of using a global optimization

scheme as opposed to a sequential one.

The difference between sequential and global optimization is also well illustrated
in the field of industrial engineering, and particularly for supply chain management
problematts. In such problems, a system of suppliers, manufacturers, transportation,
distributors, and vendors operate to transform raw materials to final products and supply
those products to customers. Optimization is applied so that each component of the chain
orders its necessary input in the right quantitiegrder to be able tdeliver the expected
output at the right time. The goal of supply chain management is then to minimize the cost
of the complete system despite conflicting objectives from the difféagilities at stake
[153]. The most evident of these tradeoffs is that the customer desires a short time to
delivery at low prices while the warehouses focus on having low inventory to reduce their
operating costsln this context,[154] compares sequential optimization to global
optimization on a simplified supply chain. In the first case, the agents of the chain derive
their respective optimal solution independently of the otherseslsea complete integrated

supply chain system is considered for the second Eaper€2.11).
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Figure 2.11: Optimization in supply chain management

Hence in sequential management, each party optimizes its own profit with almost

no regard to how its decisions affect the other members of the supply chain. On the other
hand, a global optimization scheme tries to find what i$ feeghe entire supply chain.
Although the global optimization scheme is harder to put in place for supply chain
management since all parties have to agree to share their inventory information, it results
in better performance of the overall system thmatihé sequential optimization case. A total

joint profit increase of 2.31% emonstrated in the example[d54] and the resudtshow

that the global optimizatioechemas better than the sequentaie

In the light ofthis review of MDO, it appears that if a link can be formulated

between microscopic level and macroscopic level, global optimization schemes can be

used to optimize the design of a swarm, resulting in an improved performance when
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compared to the sequentigptimization caseThis can be formulated as the following

hypothesis:

Hypothess 1
IF an approach leveraging the interdependence betwee
microscopic and macroscopic levels is used
THEN significant improvements in average performance ca
achieved in th design of multrobot systems compared to

traditional sequential optimization schemes

To validae this hypothesis, experiment i$ implemented to compare the
performance of differenmulti-robot systemdesigns on the same testbed mission.

particular, typical questions to be answered by this experiment are:

9 Can the micremacro link provide clear benefits imulti-robot systemslesign?

1 How much improvement can be obtain€ll? a greater extent, how do the two

method compare?

1 In which cases are bothathod yielding similar results?

The first swarm design is obtained with a sequential optimization while the second
design is derived through global optimization. This experiment is to be repeated for several
swarm architecture choices in order to obtalear conclusions. The necessary
requirements for such an experiment are detailed here below:

1 Testbed missiann this case a mapping/imaging miss{see sectio.3.9
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1 Method to link microscopic and macroscopic level

1 Sequentl optimization algorithrs

1 Corresponding global optimization algorithfor instance if a genetic algorithm is
used for the sequential optimization, then the same type of algorithm must be used

in the global optimization scheme.

Metrics to compardghe two methodsare also requireih terms of number of
iterations number of objective function evaluatiomapidity, stability, precision, and other
relevant optimization metricésee[155]). Based onthe questionsto be aswered the
evaluation criteria for this experiment atbe percentage difference in the optimization
function values between sequential and global optimization cases, the proportion of test
cases where the difference is below a given limit as well ar atkightful statistical
measures of the experimemhe optimal group performance will be assessed with respect
to the best known solution since no analytical derivation of the true optimum is feasible

[156].

The test ases involve first optimizing a set of architectures independently for a
testbed missigrand then optimizing a swarm composition based on these architectures for
the testbed mission. The second step is to performitma@taneoudptimization of both
the architectures and the swarm composition before comparing the two methods. This
comparison is to be repeated for different architectures and mission charactenistics.
particular,additionalparametersvhich could bevaried during the experiment may incéud

the problem size, the stopping criteria of the optimization procedures, Sbarch
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neighborhoodsandthe move selectiorA failure point for this experiment conssh the

case where both methods perform equally well or even whegldhal optimizaibon
method performsstatistically worse than thesequentialapproach.The first validation
criterion for hypothesis 1 is that based on statistical testing, global optimization yields a
superior main design performance on the testbed mission at a 95%eocefidvel. The
second criterion is that the computational time required is comparable to sequential
optimization. In particular, for the propasenethodology to be used and adopted by
designers, it is necessary to ensure that the global optimizatiordpreds not several
orders of magnitude slower than the sequential optimization proceduently used in

the field

This experimentis designed to provide quantifiable response elements to the
widespread claim that the absence of mitiacro link resuk in suboptimal swarm
designs. However, to be able to carry out these experiments, at least one method to link the
microscopic level and the macroscopic level of the swarm has to be elaborated with an
emphasis on physical design. Focusing on conceptesigm, central effort for this

research, another research question directly derives frofingheesearch question:

Research question 2

How to link the microscopic and the macroscopic levels of

multi-robot system for conceptual design purposes?
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In order to bring elements oésponse and formulate a hypothesis, the next section

examines a multitude of possible design methods which could be utilized to link the

microscopic and the macroscopic les@af a swarm.

2.2.2 A diversity of design methods
Swarms inalde some additional particularities (de8.1) which require dedicated
techniques for their design. Such desigml analysis techniques falhder the definitn

of swarm engineering as fé&#2] and are presented in this section based on the taxonomies

proposed by95] (seeFigure2.12).

Probabilistic finite
state machine design

Behaviorbased design'  Virtual physicsbased
methods design

; Probabilistic finite
Other design methods state machine design

Design methods

Virtual physicsbased

Evolutionary robotics design

Automatic design

methods
Multi-robot

reinforcement learning Other design methods

Microscopic models

Analysis methods Macroscopic models

Realrobot analysis

Figure 2.12 Swarm engineering methods taxoamy [95]
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The next two subsections examine both the design and analysis methods as they
represent possibilities in solving the mieracro link problem. In particular, it is shown
that none of these methods currentlgwars exactly the research question envisaged in
the scope of this worlDbesign methods focus mainly on the design of behsa®opposed
to physical design, and the analysis methods are completely uncouple@asiblehence

lacking of a link betweemmicroscopic level and macroscopic level of a swarm.

2.2.2.1 Design methods

The goal of the design steps is to create a swarm in terms of architecture, its
vehicles, as well as its functioning so that the group meets certain criteria or accomplishes
a given missioased on initial requirements. The aim of this section is to show that despite
an apparety high number of design methods, swarm engineering actually focuses mostly
on the behavioral design of the swarm, leaving aside the physical design of the agents,
main focus of this present work.
2.2.2.1.1 System of systems approach

The unique engineering challenges presented by robotic swarms seem to
correspond to the ones addressed by systems of systems engineering. Indeed, the goal in
designing a robotics swarm is to opta@ithe design of the swarm itself but also of its
agents individually so that they fit perfectly into the group. This section will present a
typical SoS approach to show how this field can be used to desigrrofdtisystems and

possibly swarm systems. tAntativedefinition of systems ofystemsgivenby [157] is:
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Groups of systems, each of which individually provides its own mission
capability, that can be operated collectively to achieve an independent,

and usudy larger, common mission capability.

This designation is to some extent reminiscent of the characterization given for
swarm robotics, hence consolidating a link between SoS engineering and swarm
engineering. The field of SoS engineering is an arisingrdiigciplinary methodology
focused on transforming individual capabilitiegoisystem of systems solutiofib8]. In
particular, SoS engineering ensures that individual systems function as autonomous
constituents of we or more SoS, providing appropriate functional capabilities. The
management and operations part of SoS makes sure that political, financial, legal,
technical, social, operationand organizational factors are considered. This includes the

perspectiveand relationshipsf the stakeholders

The main challenges presented[§$9] which are of main concern for system of

systems engineering are:

1 Complexity is a major issue

1 Management can overshadow engineering

1 Initial requrements are likely to be ambiguous

1 System elements operate independently

1 Fuzzy boundaries cause confusion

1 System elements have different life cycles

1 SoS engineering is never finished

104



The individual systems are not necessarily designed with the godis wfible
SoS in mind and the field also has to focus on the flow of data and resources between
systems that were most probably not designed to be interfaced. Moreover, testing and
evaluation of the overall system can prove difficult owing to the vaguerpsahce
criteria. Finally, system of systems engineering also emphasizes the importance of political
aspects of the design process. Indeed, system of systems are generally funded by a broad
range of sources due to the scope of such projects, makingaulditd align the goals of

each individual funding party with the overall SoS purpose.

In terms of design methods, SoS engineering first concentrdsegeaeffort on
Aar chi s8Blc[160]:rdescribing the fundamental organization of the system and its
components as well as their relationships to each other and the environment. The
architecture is usually established using a framework which defines specifications for each
A v i eBaah view offers a unique perspective about the system and can be focused on
management or integrationrfinstance. The main advantagfethis step is to provide a
mean to organize, communicatnd document details about the systems, establish a
planning, anddetect possible pitfalls in early designs. Key products of this pdratke
identification of requirements for the modeling and simulation step, a mefns
communication between stakeholders and engineers and an evaluation of risks and costs.

Modeling and simulation is then used as a second principal step to estimate
performance metrics and evaluate the goodness of a design alternative. The views

previouslycreated help provide details needed for modeling the chosen architecture. The
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link betweenthe products of an architecture and a dynamic modeling and simulation
software is often established thrtug an fiexecut ad38e Toeenabldhi t ect
executable architecting, the products from the architecturebawsandardized, computer

readable, consistent, and contain the information required by the modeling-igal®

2.13 summarizes the design process used in architebaged SoS engineering.
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Figure 2.13: Architecture -based SoS engineering process

Modeling for SoS can exhilsiome challenges due to the complezitg emergent
behavior required fathe mission to accomplish, the stochastic and dynamic nature of the
requirementsand norinearity.

Surrogate modeling may be used in the process and presents its own challenges
since as it was stated previously, the relation and propagation from individual agent
parameter (microscopic level input) to the overall swarm behaviorr@sampic level
output) is highly nodinear. Moreover, designers are very often interested in having-a time
dependent description of the behavior of the swarm rather than-dynamic model.
Hence, particular advanced surrogate modeling techniquebandssociated Design of

Experiments (DoE) procedures are used for SoS engineering. Such SoS modeling
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techniques include mathematical graphs, Markov chains, discrete event simulations,
system dyamics and agenbased modelinfL58].

Finally, dealing with SoS engineering as opposed to classical systems engineering
can result in the generation of a very high number of data points and gigabytes of
information. Making sense of this data can reveal challenging and visugli@n#ools
may be used as one of the last steps of the SoS engineering process to handle this type of
datasets. The purpose of such a step is to facilitate analytical reasoningdecitien
makes and provide deep insights by using a broad spectfuwiswal representations.

Analysts can then observe the data in multiple ways and also interact with it.

This section has drawn a parallel between the design of swarming systeths and
field of systems of systems engineeringheyshare the same teclkal requirements of
optimizing individual systems in order for them to fit in a bigger system. The challenges
faced in the design of swarm robotics systems are similar to the ones encountered in SoS
engineering. Hence the techniques of SoS engineeringassibly apply to swarming
systemsAn architecturébased design process was presented and justifies how some of its
tools are relevant for swarm engineerimgparticular modeling and simulatioHowever,
such methods are noasily automated and tend poit more emphasis on managerial and
operational factorghan swarm engineering doekKeeping the methodology of SoS
engineering in mind, swarm engineering also proposes a variety of swarm design methods

which are presented in the next section.
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2.2.2.1.2 Behaviorbased design

As the mat commordesign method, behavidwased design consists in an iterative
process between the microscopic level and the macroscopic level of the swarm. The
individual behavior of each robot is implemented and improved until the desllective
behavior is obtained. This type of approach enables to base the design on the behaviors
observed in animal swarms which can ease the design process since mathematical models
may already be availabl&his design method is based on trial and earat is typically a
bottomup processSeveral techniques of behawviesased design are introduced in this

subsection.

Probabilistic finite state machine designduring its mission, a robot uses the history of
its sensors inputs supportits decision proess and change its state. Such behavior can be
modeled withProbabilistic Finite State Bthines (PFSMs) where the transition between
each state (sdegure2.14(a)) occurs based on a probability which can be foredhange

ove time.
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Figure 2.14: Probabilistic finite state machine design
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For instance[161] uses a fixegbrobability toimplement an aggregation behavior
in which robots decide to move towards or away from other robots based on a fixed
probability. For timevarying or more generallgorrconstanfprobability, a mathematical
function depending on the parameters of the systamed such as the common response
threshold functionKigure 2.14 (b)) whichis widely used for decisiemaking and task

allocation[95].

Virtual physics-based designin this design method inspired by physics, each robot is
considered as a virtual particle exerting virtual forces on its counterparts. Individuals of the
swarm are also subjected to virtual forces emanating from the environment. The goals of
the mission are assiated with attractive forces while obstacles nhaymodeled with
repulsive forces. For instance in the physicomimetics framework, a robot computes a
virtual force vectoraf) B "QQ Q where—andQ are theazimuthand distance of

the "@h perceived obstacle or robot. The functiQderives from an artificial potential
function such as the Lennaddnes potentialHigure 2.15) where the potential increases

close to the obstacle ocobot.
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Figure 2.15: Virtual physics-based design
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The stability and robustness of such methods can be proved theoretidalctor
guantities are easily added to obtain global behaviors. Moreover, a single mathematical

expression is required to account for the sensors inputs and translaiatthasgons.

Other design methods:other behaviebasedmnethods are also presedtby[95] such as
the Protoswarm scripting languagmabling the automatic generation of individual
behavior scripts from a collective behavior. Another method focusing atetign of the
swarm as a wholé and not aly on the behavior degig is the topdown method from
[162]. In this method swarm properties are first defined before the implementation of a
macroscopic model. A model checker then verifies the properties in thd beddee a
simulation implementationFinally, the whole system is tested on real robots. This
methodology helps verifying formally that the final system sassfihe established
requirementsbut remains a tedious iterative method based on trial and erro
2.2.2.1.3 Automatic design

Automatic design methods were created in the hope of reducing the effort of
developers when trying to create collective behaviors. They are further classified into

multi-robot reinforcement learnirgndevolutionary robotics

Multi -robot reinforcement learning: robots can use reinforcement learning methods to
learn a behavior through trial and error based on interactions with the environment. Positive
or negative feedback is received thye robot based on its actiors)couraging a cexin

type of them and finally converging into an oveogdtimal policy Optimality is considered

here with respect to the policy that provides maximum reward from the interactions with
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the environmentReinforcement learning hence enables the generatiobelfviors

without an explicit implementation from the developer.

Using this principlewith multi-robot systems, the difficulty lies mainly into
dividing the global reward for the swarm into individual rewards for its agents: this is
known as the spatiaredit assignment. In addition, other factors limit the feasibility of
multi-robot reinforcement learning. First, the considered state space is enormous since at a
given step of the learning process, the possible actions are virtually infinite. Indeed, all
possible decisions at the macroscopic level should be considered as well as all possible
actions from each of its robots, making the number of possibilities very high. Moreover,
the perception of the environment is imperfect and this latter istadiorary as it evolves

due to the actions of the robots.

Evolutionary robotics: as amtherconcept inspired by nature, evolutionary roboticsuse
the Darwinian principle of natural selection and evolution in order to determine an optimal
individual behavior tamplement.This methodrefers tothe steps of a classical genetic
algorithm with individual behaviors as the individuals of the population. A random
population is first generated and evolves through eoess and mutation until the fitness

of the populabn converges. The best individual of this population can be considered as
the best individual behavior. To evaluate the fitness of an individual of the population, the
mission of the swarm is executed with the given individual behavior (population
individual). Note thathis particular design methasl particularly suited for homogeneous

swarms since an individual of the population is only one individual behavior. In this design
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methodology, an individual behavior can for instance be represented aseasfaté

machine as presented earlier.

Several other design methods that do not fit in any of the two previous categories
are presented bj95]. These methods prst the same characteristic asiltiarobot
reinforcemen learning and evolutionary robotics as they focus on the behavior of the
swarm and not its physical desidior example[163] proposed a mukiobot architecture

namedL-ALLIANCE focused on task allocation in teams obods.

2.2.2.2 Analysis methods

For the analysis phase, a swarm engineer focusebewking in detail whether a
given design produces the expected behavior or not. As it was mentioned in the previous
sections, a swarm is modeled based on two different levelsitimescopic level which
represents the single individuals of the swarm, and the macroscopic level modeling the
characteristics of the entire group. Modeldsich analyzeswarming systemasingboth
levels of interaction are still under research, espediéylink between the microscopic
level and the macroscopic level. Subsequently, the largest part of modeling teshnique
focuseson one level at a tim@5]. An additional analysis technique consists in checking

the imgementation on real robots directly.

Microscopic models:they model each robot individually, accounting for its interactions
with the environment, but also with other robots. Microscopic models can have a lot of
detail in their implementation and vary fnosimple point masses, 2D representations, to

complete 3D models witphysicsand intricate simulationsef sensors and actuators
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microscopic model explicitly embodies the behawabeach individual robot and is mostly
analyzed through simulation. A behhmark to study scalabilitpf such models was
proposed by164] using the Stage simulator. It showed that for this particular case, real
time cannot be achieved once the population size exceeds a hundred entitienostthe
constraining cases. While some noise models are available as plugins, Stage ignores sensor
noise. Tle simulator ARGoS presented[ik65] is a modular and efficient simulator based

on the segregation of space intdbspaces, each mimg on different physics engines. The
simulators studied ifTable2.3 can also be included in the microscopic models category

depending on the detail level used inithm@plementation.

Macroscopic models:they focus on the swarm as a whole ahigh leveland do not
consider each agent individually. A first approach to do so is to use rate and differential
equations to model proportions of robots in the swarm and their state at a given point in
time. However, radeling space and time dependency is difficult with such a method and

modeling the communication between the robots can also be problematical.

Another method of modeling the macroscopic level of a swarm is by using the
control and stability theory. Suchcteniques are used mainly in order to demonstrate
properties of the swarm such as its stability or the existence of a global behavior. For
instance, tools used to reveal such attributes are the Lyapunov stability theory, linear
discretetime dynamical systas or delay differential equations. These methods are based
on formal mathematical formulations but require many assumptions, not always satisfied

in robotic swarms.
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Additional methods are described [®b] but once agin focus on thdigh-level
behaviors of the swarm and not on its physical propef@sinstance[166] proved the
convergence of a social foraging behavior in the presence of noise thanks to Lyapunov

stability theory.

Mesoscopic models:closely linked to simulation, extensive microscopic models and
especially the 3D models, might contdaoo much detail for the purposd# conceptual

design as they model every sensor and actuator. Coupled with thedésigespace
explomation required for design optimization, this makes the use of detailed simulations
quite long. However, an advantage of microscopic models is that the level of detall
included can be varied and hence, adapted to conceptual design purposes. In particular, a
fine balance between microscopic and macroscopic level has to be used: a sort of
mesoscopic level modelingsedto fill the gap between the aggregate level approach of
macroscopic models and the intricate detailing of microscopic techniques.

Etymologically t he prevocalic Ameso means m
mesoscopic is usually defined as a scale between microscopic and macroscopic. The term
mesoscopic is also found in applications other than modetiagvith the field of
condensed matter physifte materials which length is between a quantity of atoms and
materials measuring a few micrometers. Mesoscopic is also used in meteorology where
mesoscale refers to weather systems smaller than cyclonic systems but larger than storm
scaleonegs[167]. Indeed the synoptic (macro) scale size is around 1,000 km, the cumulus
(micro) scale is below 5 km of horizontal dimensions and heéheemesoscopic scale is

left in between for systems ranging from five to several hundrethkilers. The mesoscale
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is even divided into smalleubclassedn the field of fixedwing design, the microscopic
scale would orrespond to a complete dynammmdel of the aircraft possibly including
subsystems, the macroscopic scale would corresponittprinciples energy equations

or even an agetiiased model studying the interactions between aiyceaftl the
mesoscopic scale could correspond to response surface equations as[i6@[d As a
limited microscopic rodel, mesoscopic models can be thought of as surrogates of
microscopic models.

Suchmesoscopisimulation techniques aretablyused in trasportation traffic
managemenfl68] and in Individual, Organizationadnd $cietal (I0S) researciL69]
focused on modeling human behavior as social ukiesoscopic methods balance the
required level of detail in different ways, for instance they numsider individual agents
modelng, but nottheir interactionsAdditional techniques used in trafftfanagement
include communicating cells of cars, quasver approaches, or congregation of cars into
packets travelling the network thento a speedensity functiorf168], [170]. Mesoscopic
modelsare mainly applied whea sufficient detail of microscopic simulation is desirable
but infeasible due to the size of the networkvbenthe available resources in coding and
debuging are limited. An example application to the aerospace field was proposed by

[171] to propose a convenient modeling technique for congested airports.

Realrobot analysis: due to the difficulty of simulating a system ®stems and all the
detailsinvolved an implementation on actual robois orderto validate behaviors is
critical. Real experiments with swarms of robots help assessing the robustness of the design

methods with respect to the nojesenin sensors andctuators amplified and spread
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by the number of robots. It also tests the sensibility of the design to the simplifying and
sometimes very reducing assumptions used in the models described earlier. Some real
robot implementations are just proofs of cqrtoghile other are extensive experiments. In

both cases, managing such a fleet of robots presumes some important laboratory facilities
and capabilities in buying or building a large number of platforgaeh experiments
consume a lot of resources which kxps why more than half of the research in swarm
robotics presestsimulation results without reabbot implementation. Moreover, these
experiments are carried out in controlled environments, far from the possible mission

conditions envisaged foealworld applications.

Collective robotics systems such as swarms are hard to design and the emergent
field of swarm engineering tries to tackle this challenging tasladdition to the SoS
engineering procedurespecific dsign methodsof the swarm engineenj field were
shortlypresented in this sectioklost of these methods created fioat field actually tend
to focus on the implementation of behaviors with little or no focus on the physical design
and constitution of the swarm. Moreover, these methods$lymmoncentrate on going from
the macroscopic level to the microscopic level in order to derive the individual behavior of
the agents based diigh-level requirements for the swarrRinally, the analysis methods
try to include specificities from differetgvels but are still largely separatey leveland
seem to fail in clearly solving fahe micremacro link with a possible exception for
mesoscopic methodslowever, these have never been used for swarm engineAring.

summary of thenost promisingechmiques studied in this section is proposedable2.4
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andTable2.5 to help choose an approach answeringsth@ndresearch gestion.This

comparison is based on the followiagteria

T

Individual agent: quantifieswhetherthe models able to account for single agents
individually.

Advanced individual capabilities: assessswhether the modehay includea high

level of detailednodeling for the individual agents.

Swarm behavior: measures if the method properly accounts for interactions
resulting in swarm behavior.

Scalability: quantifies the ability of the model to maintain its performance when
the number of agents in the swagiincreased.

Noise modeling:determines how easy it is to incorporate noise modeling in the
method.

Can prove stability: evaluates whether the proposed method can be used to derive
the analytical stability of the swarm behavior.

Modularity: rates how thenodel can be adapted to different types of swarming
missions.

Implementation easinessquantify how easy it is to use or implement the proposed

method. For instance, having to learn a new coding language results in a low score.
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Table 2.4: Design methods review

Advanced . Can , ,
Method individual S"Varm Scalable Noise prove Modularity Implemgntanon Phy§|cal
capabilities behavior modeling stability easiness design
Behavior-based design methods
Probabilistic finite state machine desi 00 00 000 0 0 00 o]
Virtual physicsbased design 0 0006 000 00 000 0 000 0
Protoswarm 000 00 000 00 00 o] 0
Brambilla et al. (2012) 00 000 0 000 00 00 0 0
Automatic design methods
Reinforcement learning 00 000 0 00 0 0 0 o]
Evolutionary robotics 00 000 00 00 00 0
ALLIANCE (Parker 1996) 00 00 000 o 000 0 0
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Table 2.5: Analysis methods review

Individual Adya}nced Swarm . . . Can prove . Implementation
Method individ ual . Scalability Noise modelinc - Modularity .
agent e behavior ¥ stability easiness
capabilities
Microscopic level
Point masses mode 0060 00 000 0 0060
2D models 0060 0 00 00 000 000
3D models 000 000 000 0 000 00
Vaughan(2008) 000 00 000 0 0060 00
Pinciroli et al. (2012 00 00 00 000 00 0
SwarmBot3D 000 000 000 000 0
Mesoscopic level 000 00 00 00 00 00 00
Macroscopic level
Rate and differentia -« o« NI v x x vy Cox .
equations (0} 6] 00O 00O 00 00O 0
Classical control an 5 5 588 588 5 58 5 5
stability
Liu and Passino « o~ VIV N U VI o«
(2004) (0} 6] 00O 00O 00O 00O 0
Realrobot analysis 000 0060 0060 0 00
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From Table 2.4, design methods seem to provide good capabilitiesrmstef
modelng a swarnbehavior and most of them are quite scalable with the number of agents
in the swarm. However, they do not account very well for the physical design of the agents
since, as the previous paragraphs explained, they tend to primarily focus on behavior design
[130]. On the other hand, analysis methobizle2.5) do consider the physical properties
of the agents with a sufficient level of detapecially microscopic models areilrobot
analyses

First, macroscopic models account very well for swarm behavior requirements as
they try tofollow a topdown approach. Often formulated as pure mathematical models,
they are very scalable and may be used to derive certain analytical psopEtiie swarm
such as its stability. However, such models are not the easiest to implement and they exhibi

a lack of detail for the modlag of the individual agents.

Realrobot analysis is a very precise mdidg technique since it performs
experiment@and missions with real robots to refine the design of the swarm. Although this
method accounts pretty well for sensors noise and other experiment uncertainties, it
remains impractical due to the time and cost commitment, especially in a conceptual design
phase.

Besides, microscopic models represent the agents with great detail but due to the
associated computational cost, they fail to scale efficiently with the number of agents.
Moreover, the few microscopic methods able to scale up properly are desigwvedyfo
specific types of missions and hence fail in the modularity category.

On the other hand, mesoscopic techniques are a tradeoff between modeling

simplicity and adequate detail considerations. Such techniques usually describe the agents
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at a relativelyhigh level of detail, putting less emphasis on their behavior and their
interactions which may be represented by macroscopic models. This type of detail balance
is matching quite well with one of the intentions established earlier on: putting emphasis

onthe physical design of multobot systems at a conceptual design stage.

The previous observations based on a literature review of existing design
techniques for group robotics indicate that moderate microscopic models, also known as
mesoscopic models, am the most adapted solution to solve the mimexro link issue
for conceptual design. Indeed, while macroscopic models have the ability to simulate very
large groups of agents, théack the level of detail required to account for the physical
design ofrobots. On the other hand, microscopic models are able to precisely model the
responses of individual agents but depend on many parameters, require extensive coding
and calibration[172], and are limited in scalabilitywing to their computational cost.
Originally used for transportation models and societal reseaadgsoopic modelslifithe
gap by providing moding for individual agents while constraining the interactional
behavior. They tend tbave very song capaliities for the modéng of both the agents
and the swarmand some of them also scale properly with the number of agents: key
requirements to establish a migracro link inearly design phaseslhis leads to the

formulation of the following hypothesis:
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Hypothesis 2
IF a mesoscopic approach leveraging the speed of macrosc
models and the accuracy of microscopic models is used
THEN microscopic and macroscopic levels can be efficientl

linked for conceptual design purposes

The experiment formulated witthe purpose of validating this hypothesss

described here belovQuestions to be answered by this experiment include:

1 How well does this apply tthe conceptual desigaf multi-robot systenf

1 In particular, is the approach fast enough for the exptorati a multiarchitecture
multi-level design space?

1 How does this compare to other design techniques? (microscopic and macroscopic

approaches)

Failure points for this experiment include cases when the simulasised
mesoscopic approach performs woltsgnt microscopic or macroscopic methods from the
literature.This is considered with respect to metrics relevant to conceptual design such as
rapidity and precisionWhen compared with the mesoscopic approach, it is specifically
expected that microscopic mels perform much slower and with greater accuracy, and
that macroscopic models perform muchdalstut with quite poorer accuracyhe accuracy
metric is estimated based on whether orthetsolutionfound bythe approach islose
enough to theerformare of the real systenNote that random iteration cases can be

tested on all methods to conclude on the rapidity of each one of them. However, for
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complete insights on conceptual design, the whole optimization schemdohbe

eventually considered\ setof validation criteria for experiment 2 is the following:

T

The mesoscopic approach is not slower than current-nobititics systems design
space exploration methods

The mesoscopic model of the tested mission is not slower than the microscopic
model

The acleved fidelity is sufficient for conceptual design purposes (20 to 25%
validation error)

The mesoscopic model of the tested mission is not less precise than the
macroscopic model

Ideally, the mesoscopic model speed and accuracy afavheage of those 6

the microscopic and the macroscopic level

Required implementations for this experiment are:

The testbed missiofsee sectio3.3.4

Mesoscopic model faa canonical missionthis model includes a detailed mission
analysis fo the microscopic level but simple group dynamics for the macroscopic
level

Microscopic and macroscopic models for the testbed mission for comparison
purposes

A swarm design space exploration technjgiegailed in the following section
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2.3 Exploring a large design space

As identified with the research challengesentionedin the formulation of the
research objective, the design of a group of robots quickly genaratestremely large
design spacf@rigurel.37 page70). This deggn space is muHlarchitectureas several types
of vehicles are considered, and also rHekel since not only there is a design space for
swarm design variabled the macroscopic lev@iumber of agents and cooltscheme for
instance), but also for individual ageatdhe microscopic levéhumber of rotors and type
of battery for example)A pertinent design space exploration technique must then be
consideredo account for this particularity and lead to animpim swarm desigrBefore
proceeding further on design space exploration techniques, the principal terms relevant
with suchaliterature review must be clearly defingdd 3]:

1 Features: functions or physical elements constibhg a concept (for instance the
wing)

1 Option: a technical possibility in implementing a feature (for example a delta wing)

1 Alternative: a given set of design variables which are sufficient to fully define a
concept

1 Architecture: a group of alternativehat can be described by the same design
variables (multirotors for instance)

1 Configuration: a given set of design variables that fresthe design of a given
architecture (for example, a multirotor with 4 rotors, a battery of type LiPo and

700mAhcapacity ar ms of 10 cm | ongé)
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As identified by[173], the literature distinguishes three main approaches to design
space exploration: typical design process, architecture selection, and architecture

configuration optimization.

The typical design process as mentioned [y 3] is based on the infusion of
technologies on existing baselines used as a reference for enhanced Gibsggnsethods
notably inclde topdown approaches such as Technologyduot Forecasting (TIF)174],
and botton-up techniques similar to Technology Identification Evaluatiaie&ion
(TIES)[175]. These procedures try to reduce the overall risk and uncghtginisingvery
detailed baseline models selected by expertsHowever, this practice restrains the
exploration of the design space to a limitedal window around this baselingigure
2.16). The multitude of existing designsthe robotics field calls for broader design space
explorations in terms of architectures selection without the limitations broughgibgle
baseline.Some exploration methlg such as the one proposed [iy6] require the
designers to manually input the different architectures before optimization Stes.
architectue exploration methods such[d§7], give advantage to a systematic generation
and comparison of architecturesthdut enabling architecture optimizatidnspred by
the representations dfl73], Figure 2.16 summarizes the capabilities of the three
approaches to realize that no existing techniques enaldedfemse enough exploratioh
the design spacd-ach patchrepresents an architecture and its size translates into the
coverage of the design space proposed by the exploration teclamduigs different

configurations
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Typical design Architectures Comparisor Architectures Optimization

Figure 2.16: Capabilities of current design space exploration techniques

The typical design proceséfers a very detailed design space exploration but very
limited in terms of coveragdueto limited risk-taking Architecture comparison rtfeods
study many architectures but at a poor level of detail, oftenteécthy qualitative
assessmentg173], and rarely considering more than one configurati&mally,
architectures optimization techniques offer a betteverage arouné few baseline
architectures at an intermediate detail lewad with many configurationslote that these

observations hold true for the different levels of the considered design space.

This literature review shows that there is cullgend adequate method for properly
covering a multarchitecture multlevel design space for multobotics. This deficiency

identified in existing approaches ledd athird research question:
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Research question 3

How can current conceptual design mekhbe adapted to account fol

multi-architecture multlevel design space exploration?

As suggested bji 73], a combination of architecture comparison and architecture
optimization methods would potentially provide theligpbito fully explore the whole
design space with a proper coverage. Such a technique would be able to compare as many
architectures as with the comparison approach while providing a decent coverage for each
of these architecture thanks to the optimizastep Moreover, detailed physidsased

models would enable f@anaccurate level of detajFigure2.17).

Architectures Compéson Architectures Optimization

%

C. Frank proposed approac

Figure 2.17: [173] proposed approach
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In particular, this method proposes solutions to some of the challereggsned
here above and to the limitations of each of the existing approacheshEis of design
variables describinghe different alternativee f t he Aar chinéecmatrresd c
might not be the same for the different architectures. Moreover, each architecture might
require its own optimization techniquedeed, several baselines exist due to the possible
heterogeneity of thewulti-robot systenand the design space isitg scattered, from well
known quadrotors to flapping wing desigiitis prevents the use of a single optimization
algorithm which would have to both optimize architectures and compare them at the
macroscopic level. The architectures comparison meth@dnessk optimization processes
which use a set of generic variables common to all considered architectures. These
techniques are usually not able to precisely capture the different performance trends of
each architectur®©n the other hand, architectureiopzation techniques focus on a subset
of architectures which are described by the same design vari@olegaring these two
philosophies, a tradeoff appears between the number of architectures considered and the
achievable level of detailhe methodolog proposed by173] is able to systematically
generate alternativefor a singlelevel design space, and also optimize alternatives
described by different design variabléfowever, this method has to be adapted to the
desgn space of swarming systems, characterized by multiple levels in addition to multiple
architecturesMoreover, due to the extreme proportions of the design space, the accurate
modeling and simulation environmemé&commendedy [173] cannot be implemented for
this work and mesoscopic models have to be coreidesteadThis proposed modified

approach is illustrated drigure2.18.
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Figure 2.18 Proposed approach

After this brief explanation of the propasapproach philosophyhéthird research
qguestion may be broken down into two sub research questions focusing first on the
generation of alternatives and then on the optimization of the ectinés,detailed inthe
next subsections.

2.3.1 Generating alternatives in a multtarchitecture multi-level design space

This first step has to provide the ability to generate alternatives which might not
have been studied yet and cannot consist in the sole estionesf existing architectures.

In addition, one has to keep in mind that the alternatives are generated in order to be later
optimized.This optimization process might possibly be computationally expensive and as

a consequence, the numbergaineratedalternatives should ideally be minimizefls a
consequencdull factorial or other large designs of experiments (DoEs) can be excluded.

Moreover, diring the generation of alternatives, the number of possibilities may be reduced
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by considering compatibilithetween the different choices involved. For instance, a laser
range finder sensor, usually quite heavy, might not be compatible with ornithopter designs
which are typically tiny robots. This is well illustrated by teednomy of178] shown on

Figure2.19.

(O—— LARGE MILITARSPECIFIC
(eqg., IAl Heron, Northrop
Grumman Global Hawk)

(O—— MIDSIZE MILTARY & COMMERCI£
(e.g., Boeing Insitu Scan Eagle,
Ghods Ababil)

O—— HOBBYIST

(e.g., DJI Phantom)

HOBBYIST MIDSIZE MILITARY & LARGE MILITARY SPECIF
COMMERCIAL
Limited payload capagi Larger payload capacity
Moderate payload capacity
Limited range/persistence Long range/persistence
Moderate
Highdefinition range/persistence Low-probability-of-
imagery/video intercept radar
transmission Advanced radar
Enhanced
Autonomous GPS and Encrypted higfbandwidth jamming/electronic
waypoint navigation data links warfare
Limited Beyondline-of-sight
jamming/electronic communications
warfare

Releasable missiles bombs
Targé identification and
designation

Communication relay
function

Figure 2.19: A capability-based taxonomy of UAV178]
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From one category to another, the capabilities vaeatty and it is important to

account for his type of classificatiarindeed, for a homogeneous swarm imaging mission,

one could imagine large vehicles covering a wide area at a limited resolutioa frigin

altitude while smaller agents could cover mimted areas with an increased resolution at

loweraltitudes. A quantification of the performance of such categories is provideahile

2.6.
Table 2.6: UAV capabilities by category
Realtime Data
Payload Range Transmission Endurance
Range
. Few Few .
Hobbyist kilograms kilometers 2 km 15 min
m:ﬁg z€ 60 min
M Yy 100 kg 200 km 30 km to
. a few hours
Commercial
Large A few Global 24 hours
Military - Ovelr( 1,000 thousand (300 to 800 km or
Specific g kilometers  without satellites more
A few Global
Stealth Comba Ovelr< 1,000 thousand (300 to 800 km 5 to 24 hours
9 kilometers  without satellites

All the previously mationed challenges give rise to the followisgb research

guestion:
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Research question A

How can we systematically generate all feasible alternativemimtaarchitecture

and multilevel design space for further optimization?

To find response elemes, existing methodologies of alternatives generation are

reviewed and compared in the next section.

2.3.1.1 Review of existing methods

Alternative generation methods range from creative thinking and brainstorming
techniques to more exhaustive and systematicoappesfrom linear methods to intuitive
methods Being able to automate the generation of alternatives is a key requirement to
satisfy the research objective and this section will then focus on linear creative thinking
techniqueswvhich use existing inforationto generate new idead 79] segregates such
methods into three groups. A group A where methods reorganize known information in
different ways by listing, dividing, combiningr manipulating it to yield new entpoints
for solving problemsExample of such methods include false faces reversal, slice and dice
attribute listing, cherry split fractionatipar again think bubbles mind mappir@roup B
encompasses methods which far@used on categorization and aretemore systematic
and may possibly be automatedethods from group B notably include fortield
analysis, morphological analysis, idea grids, diagramming, the phoenix method, and the
future fruit methodFinally, group C favors breaking out of old aestablished patterns of
thought in order to reach uncharted creative territbgontains random stimulatiohrute
thinking, forced connection, pattern languaged the talk to a stranger methd@ince

again, the importance of automated alternativegiggion motivates a focus @ome of
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the methods ofroup B.Common techniques are described here below and later leveraged

to provide possild answers to research questioh 3

Force-field analysis:also dubbed tugf-war, this méhod was introduced ird46 by[180]

with main contributions to group dynamics and action research. It relies on the idea that a
status quo, in design configuration for example, is held in balance by a set of forces. Some
forces ae driving and tad to promote change, while some other restraining forces attempt
to maintain the status queorcefield diagramsFigure2.20) help the designer understand

t he -oiwaurgdo bet ween the forces atforcestraker by r

importance.
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Figure 2.20: Force-field analysis
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The designer then moves away from the status quo by acting on each of the forces
enforcing the equilibrium. While this method is quite girig, useful and easy to
understand, it remains rather subjective. Moreover, modifying one force in the diagram
might affect some of the other forces and this dependence is not accounted for in the

original method.

Theory of Inventive Problem Solving (TRIZ):t r ans| ated from Russi a
Inventive Problem&I| vi ngo, the TRI Z method is based ¢
patents and the identification of patterns in that study. The approach relies on 40 principles

and 76 standard solutions idiéied from the patterns and which may be applied to a status

guo in order to obtain necompromise solutiondn particular, a contradiction matrix is

created to categorize conflictual elements and solve the issues thanks to successful past
implementatios. Many variations of the TRIZ techniques exist and focus on different

stages of the proceddevertheless, the TRIZ technique requires an important amount of
knowledge and data to be able to perform theepag identification. Moreoverl81]

underlines that this method is mainly hurr@iented and challenging to implement on a

computer.

Morphological matrix : based on functional and physical decompositions of a system, the
morphological analysis lists all possible aftatives for a given function or featufd 82].

In its matrix form, the rows represent the features while the columns represent the options
for that featureThis approach is very easy to automate on a computer giveadhi@base

of features and options is availabldowever, as a full factorial approacih tends to
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generate a very high number of alternatives with a portion of incompatible feoes.
instance when designing a multirotor, an autopilot motherboard migatoommodate a
given number of rotorslTo takle this issue, thenorphologicalmatrix is often coupled
with compatibility matrices for each pair of featur@sdicating whether an option is
compatible with anothelf option “®f one featurés compatiblawvith option’Cor the other
featurethen element@Q of the compatibility matrix is 1 and 0 otherwigonsidering a
system of functions, a total of compatibility matrices is requiretivhile this require
additional work, the compatibilitgpproach greatly reduces the number of totairateres

and it has been implemented in many software suites.

Decision tree this approach uses tree graphs to map all possible paths to reach an
alternative. Each node of the tree is a decision step betweveral options and
compatibility issues are already addressed at this [#88]. Decision tres are simple to
interpret and very flexible when adding new design optistils, they require the designers

to conside all branching possibilities manually. Moreoy#reir implementation in terms

of data structures and memory management remains slightly harderfdhaa

morphological matrix.

Exploration for emergence: at the frontier between architectures generatiod a
optimization,[140] proposes a method to explore the design spgdecusng on the
emergent behavior of swarming systems. Divergence measures are used with adaptive
sampling methods in order to yield the greatest amoukhowledge about emergence.

However, this approach is limited to pure swarming systems as defif{88]@nd may
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not be suitable for the more generic intentional cooperative robotics problems introduced

earlier.

Int eractive Reconfigurable Matrix of Alternatives (RMA ): proposed as a collaborative
design tool, IRMA enables tmcorporatetacit information into the conceelection
procesg184]. Compatibility matrices and filteringpdions are used to downselect subsets

of architecturesThe main advantage of the IRMA approach is to provide a traceable
reduction of an astronomically large design space to a manageable set of alternatives.
However,this method requires a thorough undgnsling of the technologies at stake in
order to populate the different filtefdoreover, IRMA is not very suitable for multvel

design spaces without additional modifications.IRMA tries to tackle this issue by
handling different mapping levels basen a functional decompositiphd5]. A qualitative

or guantitative measure of performance is performetheralternatives based on low
fidelity models, higkfidelity models or physical experiment§Vhile this enables ardstic
downselection of the configurations not meeting requirements, it also critically slows
down the process. This is a problem for extremely large design spaces such as the one
considered in the scope of this reseafdoreover, the filtering step isased on an
estimated performance of the syst, which might not be accurate so early in the design

process. This might possibly eliminatesigns which @uld actually be promising.

A summary of the different methods studied in this section is propo3edbie2.7

with their different advantages and limitations.
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Table 2.7: Review of alternatives generation methods

Method ;\llutmé)re‘ CeaansiI Obj ec ?g;g;tn Dyna ?nlcjeistoi
aut am

F o rfcieel d [aln8a0 00 0 0

TRI[ZL 8 1] 00 0 00 00

Mor phol ogl & & 0 000 0060 0060

Deci si[oIn8 3t]r e 0 0 o] 000 0

| RM[AL1 8 4] 000 000 00 0060

M-l RM[AL1 8 5] 000 00 00 0060 00
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After reviewing the existing methods for generating design alternatthes,
decision tree seems quite interesting as it enables to easily add new alternatives and could
hence be a good candidate to implement a dyngemeration oéltematives which would
depend on the composition of the swarm. In additioe,morphological approagdeems
appropriate and rigorous to consider a sufficient number of alternatives by decomposing
the system into feature®\s a matter of fact, e of its mostcommon form is the
morphological matrixused in numerouaerospace design methodologj@é86], [187].
Moreover,[188] introduced the notion that the mphological analysis approach can be
used beyond the physical representation of individual systems and would hence be able to
represent the whole system even if this method has to be adapted to account for a dynamic
design space. This concept is introduasdheAugmented Morphological Btrix (AMM)

[188]. The morphologicabpproach is extensive and may generate an eglyelmgh
number of alternatives, a factor amplified by the need for iterations for the further
optimizaion algorithms. Hence, this number of alternatives needs to be reduced. Moreover,
the morphologicahpproachdoes not account for the fact that the architectures should be
described by the same sets of design variables in order to be later optimized, &fthr

the alternatives generation process, several architectures with different design variables
might be given to the optimization algorithm but the set of variables to optimize for a
quadrotor is different than from an ornithopter desi@isabling ®me design variables
based on the architecture is not a viable option: these design variables might be considered
as good values by the optimization scheme and hence bias the optimum result for other
architectures where these silent design variables wunilde needed. The morphological

approach has to be modified to account for this couple of challenges.
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The method proposed p%73] is a first part of a solution to this research question
as it considers a muéirchitectue morphological approach to design space exploration. It
first highlights that although a sequential use of conventional morphological and
compatibility matrices would enable a systematic generation of alternatives, it is
incompatible with further compans andoptimization of architecturgd 73]. A two-step
process is then proposed to address this issue. The first step consists in grouping options
which can be described by the same set of design variables. The mainsaffesduce
the number of options available for each of the features, thus reducing the total number of
architectures. The design variables which are used to describe the options of a given group
are thendirectly included in the optimization process. Axonsequence, the number of
architectures is artificially reduced while the number of fsslternatives is increased
[173]. The second step of the process removes the features that are described by only one
group of opions. As a result, the feature can be accounted for directly in the optimization
algorithm via the related design variables. A last step consists in computing the
conventional compatibility matrix out of this enhanced morphological matrix. An example
of this methodology is applied to a notional fixethg UAV morphological matrix in

Table2.8 in order to obtaiMable2.9.

139



Table 2.8: Notional UAV morphological matrix

Features Options
Launch Self-propelled Catapulted Handlaunched
Landing Conventional Gliding Parachute
Wing Delta Sweptwing  Straight wing None
Vertical surface Vertical stabilize Wing tip None
Jet engine Typicalturbofan A;Ju%noi;;ed Typicaktarbojet Attji?rrgce)jr;ed

432 alternatives

Looking atTable2.8, all consideredvings may be described by the same design
variables such as a sweep angle, a surface area and an aspect ratio. Hence, theghree ty
of wing are grouped and these corresponding design variables are intagralbed
optimization algorithm. As for the jet engine options, they alanall be described by a
unique set of design variables, triggering the removal of this feature frem th
morphological matrix. The design variables will be directly considered in the optimization

process. These modifications beaqgplied Table2.9 is obtained.

Table 2.9: Enhanced maphological matrix

Features Options

Launch Seltpropelled  Catapulted Handlaunchec
Landing Conventional Gliding Parachute
Wing Yes No

Vertical surface Vertical stabilizer  Wing tip None

54 alternatives
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Note that on this particular example, the nundfaliscrete architectures is divided
by 8 and this number grows exponentially with the size of the morphological matrix. This
approach helps in capturing all alternatives while decreasing the number of executions of
the optimization algorithm when comparto the approach of the sequential morphological
matrix. However, while this particular approach enables to accommodate multiple
architectures for design space exploration, it cannot directly be used for dynamic multi
level design spaces where architeesucombinations depend on the alternative chosen for
the upper level (swarm levellhe next section constructs a hypothesis by leveraging these
design space exploratidachniquesnto a novel approach.
2.3.1.2 Hypothesis

The proposed approach takes into accthmtact that thelesign space is dynamic
and its size depesan the macroscopic level alternatives. Indeed, if at the macroscopic
level a set of four drones of architecture quadrirotor is chosen, the design space has to
expand to accommodate the possibdesign choices for the four agents. If a set of three
ornithopters and two trirotors is then chosen at the macroscopic level, the size of the design

space will be differeniThe steps of the proposedpapach are described here below.

Step 1 perform th e morphological matrix reduction

Using the steps introduced p¥73] and described earlier, the total number of
alternativedor each architecturis reduced to prepare for the later optimization procedure.
This step is basl on the set of morphological matrices available for each type of
architectureFor example, due to the different control schemes involved in their conception

and other particular features of each of these {ypestors, quadrirotors, hexarotors, and
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other octorotors might be better represented with different morphological matrices.
However, at a conceptual design point of view and with design space exploration purposes
in mind, these architectures can all be regrouped under one multirotor archite¢hee

same fashion as the exampleTaible 2.8 andTable2.9. As per the arguments §173],

they can be regrouped under the same design variables such as the nuotoes,ahe

length of the armspr the size of the central pla{€igure 2.21). Note that in addition,

groups of options represented by the same design variables are also regrouped.

G\g@ A
A=
Trirotor Quadrotor Hexarotor Octorotor G

Figure 2.21: Morphological matrix reduction

While this concept is applidtereto the simpleandpredictablecase of multirotors,
it is essentiafor the design space reduction step andek@oration of architectures in

general.
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Step2: build the tree ofmorphological matrices

In order to be able to account for the evolving size of the design space baised on
design choices made at tmacroscopic level, a tree structure is implemented to keep track
of the different architecture compositioanfigurationsof the swarmThe root of the tree
is the macroscopic level morphological matrix while thavesare the morphological
matrices for each of the constituting agents of the swarm. At the intermediary level are
conceptualor abstracimorphological maices used as templates for the leaffiéigure
2.22). Inspired by the decision tree approach described in the previous subsection, this

proposed method enables to have a dynamic morphological analysiwafraing system

for gererating alternatives.

Swarm
o
Macroscopic level .
[ ]
Plane Multirotor Dirigible Ornithopter
Agent 1 Agent 2 Agent 3 Agent4 Agent 5 Agent 6
. . [
Microscopic level e hd hd
[ ] [ ] [ ] [ ]
[ ] [ ] [ ] [ ] [ ]

Figure 2.22: Example of morphological matrix tree

For instanceby consideringFigure 2.22, the swarm level dictates how many

instances of plane or multiratarchitectures are to be included in the design space. The
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associated morphological matrices are generated as leaves under the corresponding
architectureThe tree also handles the case when there is only one instance as in the case

of the dirigible, andvhen there is no instance as for the ornithopter.

The whole proposed approach may be summarizéddwe2.23 where bottthe

morphologicakeduction and tree representatgiaps are represented.

Swarm

Macroscopic level °

Plane Multirotor Dirigible Ornithopter
Agent 1 Agent 2 Agent 3 Agent 4 Agent 5 Agent 6
Microscopic level . ° . . . °
[ ] [ ] [ ] [ ] [ ] [ ]
[ ] [ ] [ ] [ ] [ ] [

Figure 2.23: Proposed alternatives generation method

The elaboration of this technique then enables the formulation of the following

hypothesis
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Hypothesis 31
IF a tree of reduced morphological matrices is use(

THEN all feasible alteratives can be generated in a
multi-architectureand multilevel design space for furthe

comparison and optimization

The experiment implemented to validate this hypothesis first has to carry out a
literature search in order to establish a representigivef possible features and options
for existing architectures of UAVs. A set of morphological matrices is then created and
reduced using step The conforming compatibility matrices also have to be forriiéad.
resulting new set of morphological magtcis then used to implement the tree structure
required by step 2Once these requirements are ready, alternatives are generated through
the proposed methodology ati@ resulting coverage of the design space is evaluated with
respect to relevant criterisuch as: consistencjeasibility, exhaustivenessas well as
integration with respect to the whole methodolddgnce validation criteria anduestions
to be answered by this experiment include:
1 Are all alternatives feasible?
1 Is each architecture defiddoy a unique set of variables?
1 Are there still redundant variables or options groups in the resulting alternatives?
1 Is the number of alternatives reduced when compared with ldssical
morphological approach?

1 Are all existing concepts covered by the gieted alternatives?

145



1 Can the generated alternatives be easily fed to the optimization and analysis

algorithm®

The next section details the second step required to generate alternatives: the

optimization of the architectures.

2.3.2 Optimizing in a multi -architecture multi-level design space
A multi-architecture and multevel design space present challenges for the

optimization of generated altethees against multiple criteria:

1 The architectures considered to constitute the swarm are not always defined by the
same design variables so that a single conventional optimization algorithm may not
be useds it was established earlier

1 There arehighly nonlinear relationships present between the design variables of
single agents and the group behaviar multitude & design variablesand
architectures. This prevents the a$surrogate modelwhich could have sped up
the design spaocexploration.

1 The variables describing the alternatives maybe either discrete (number of motors)
or continuous (geomet features)This prevents the use of the very fast gradient
based optimization algorithms.

1 Itis expected that many local optima exist since a multitude of robot combsation
could leado pseudeoptimal performance.

1 Multiple objectives have to be optimized so that timobjective optimization

techniques have to be used.
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1 One slight modification at the vehicle level may completely disrupt the system

level.

These challenges call for the development of an appropriate optimization process

and the following research questio

Research question 2

How can swarm architectures b#iciently optimized

in a multrarchitecture multlevel design space?

The next section preserd variety of methods found in the literature which could
possibly be leveraged for the optimizat@inswarm architectures.
2.3.2.1 Review of existing methods

Despite a few attempts such[a89] or [190] to adapt gradieAbased optimization
methods to the issue of mixed variable typeshdiechniques remain better suited for
problems involving only continuous variables and few local optima. Metaheuristic
optimization approaches are thus preferred as they present several advahtaego

the particularity of this work on robotic swarms

9 Stochastic algorithms are used, a key asset to find a global optimum.

1 No gradient oHessiannformation is required. This is appropriate here since given
the lack of microscopimacroscopic link, there is very little chance that
expressions maybe obtauh for analytical gradients. Moreover, finite differences
methods would greatly handicap the execution time and lengthen the design space
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exploration by several orders of magnitude which is not an option for conceptual
design phases.
1 Metaheuristic methodare often inspired by analogies with nature, physics or

biology which reminds of the natunespired character of swarming systems.

In addition, t is important to notice that the problem of optimizing a swarm design
has two main characteristics: multiglejectives are used in the optimization, and multiple
levels (at least microscopic and macroscopic) are present in the optimization protsess.
motivates a review of the different methods which exist in both fields and could be used as
responselementdor research question2
2.3.2.1.1 Multi-objective optimization

Multi-objective optimization problems are usually formulated as shown on
Equation2.9 with wthe vector of design variablesthe vector of cost objectives to be

minimized with respect tay and’Qand Qrespectively inequality and equality constraints.

Equation 2.9: Optimization problem for mulation

I Ed Qn
Qw T
Mo 1

Approaches to solve this problem are usually split into two categ@rigsori
optimizationanda posteriorioptimization. These two philosophies are reviewed in detail

in the next subsections to help theeelepment of the new process.
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2.3.2.1.1.1 A priori multi -objective optimization

As their name indicates, these techniques requiecesionmakerto establish the
relative preference of the different objectives prior to the search of an optihem.

extensive revievproposed irj191] describs the following major approaches.

Lexicographic ordering: the decisionmakerranks the objectives in order of importance
and the optimum solution is then obtained by optimizing the objectivetidascin
sequence by starting from the most important dimés method tends to favor objectives

one by one when in reality groups of objectives are usually considénedoptimal
solution is hence performing well with respect to one objective overeaditttersmaking

it embarrassingly similar to a singtdjective optimization techniqués a consequence,

this method favors certain regions of the design space while neglecting some others.
Lexicographic ordering is generally not privileged in specidliterature.One may also
notice that this method is reminiscent of the sequential optimization gap identified in the

currentswarm desig@pproaches

Linear aggregating functions:theobjectives are gathered in a laneombination &shion
as in Equation2.10. The weightsy represent the relative importance of objectie
estimated by thelecisionmaker It is generally assumed for normalization purposes that

Bo p

Equation 2.10: Linear aggregate function

"Qw LW W
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Since only one optimization round is required, this method is generally faster than the

lexicographic ordering approach.

Nonlinear aggregating functions:not commonplace in the literature, nonlineggregate
functionsuse abarycentric approach of nonlinear functions of the objectives as shown in

the exampldequation2.11.

Equation 2.11: Nonlinear aggregate function

0

Mo U tw 0 @

Such approaches may be used when the importance of an objective is not static and
may evolve based on its valuétowever, such methods usually require some additional
preliminary work for thedecisioamakerto determine a setf conditions that these
objectives functions must satisfy such as asymptotic behaviors or divergence issues.
Moreover, the consistency of the aggregated objective functions is even harder to enforce
in terms of units or physical meaningery often, defining a proper nonlinear aggregate

objective function proves more difficult than the definition of a linear one.

Achievement scaling functionsalso known as mukgriteria target vector optimization,
this method is rarely used in the literatureeaggrgate function accounts for the distance

of the considered point to a desired solutj@@2]. A first simplistic implementation

consists in usinghe Euclidean distand@ oo B ww 0 withoutaccounting
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for the difference in variance between the objectifreshat equationQ ohw refers to
the Euclidean distance between a tatgahd the current vectab of objectives A more
elaborated approach is based on a MahaladideisdistanceQ oho ww o t
"YW t w® 0 where S is a matrix ofeights, equivalent testimated variancefor the
different objectivesWhile this approach is generally used with a diagonal weight matrix,
it possible to account for amquivalent covariance between the different objectives by
considering a nowiagonal matrix"Y This approach is another way to represent the

weighting scenarios of aggregate functions

One of the difficulties in dealing with aggregate functions is tmelznation of the
different objectives which might not be expressed with the same units. As a consequence,
these quantities do not have the same orders of magnitude and this could lead to an
objective involuntarily dominating the aggregate functions. Thée reason why the
weights have to be carefully established and normalia@d.methods in particular enable
to account for this issue independently of the weighting factors. The first @naas

linear approacintroduced by193] and formulated as shown Hguation2.12.

Equation 2.12

"Qw —_—
W W w

Wherew and &) respectively represents the target and the worst known value for

objectiveQThe second one is especially applied to thespawe domain and is called the
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Overall Evaluation @Gterion (OEC)[141], as seen ifEquation2.13. This methodusesa

linear aggregate function.

Equation 2.13: Overall evaluation criterion

v Oo0 Lt —
W

In this formula, theeference used for achievement scaling is the value of the objective for

a baselingBL) concept.

Despite the limiting fact that these methods assume a prior knowledge of objective
prioritization and might be highly subjective as suthey are easy to inbgment and
require very little computation overheakhis isanonnegligibleasset for the exploration
of an exceedingly large design spaemreover, they have the advantage of providing a
unique optimum solution to thaecisioamaker The subjectivitymduced by the choice of
the weights may be attenuatadingreplicatiors of the process for different weighting
scenariosFinally, the aggregate function obtained from this process can be used as the
objective function in classical singtbjective optimzation techniques which are more
mature.

2.3.2.1.1.2 A posteriori multiobjective optimization

In a posteriorbptimization, the multiple attributes of thevector are not combined
into an aggregate objective function. Instead, a set of solutions is generated, each of which

represents a relative optimality between the competing attriflfd$ The designer then
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hastheboi ce of deciding of a Abesto solution
decisionmaking. The concept of a posteriori optimization is hence based on partial

ordering and its goas to find a set of designs which are better than all designs thdyeca

compared to, but are incomparable to each other.

A B

® ® _
- Feasible
I design
k= space
£
E

C

3 °

A 4

@ (minimize)

Figure 2.24: Partial ordering and Pareto frontier sampling

This set is referretb as the Pareto fronti¢Figure2.24) andhas the following rules:

1 A weakly dominates B if A ibetterin some attributes and equal in others

1 Cstrongly dominges B if Cis better in all attributes

1 A and Care incomparable if A is betterah Cin some attributes but worse in others

While Paretooptimization does not provide a single optimized point, designers
have the ability to represent the Pareto frontier and directly visualize and understand
tradeoffs This is particuldy important when uncertainty is considered in the design

approach. Howeer, samplingthe points of the Pareto frontier is a complex probhemrd
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to implemen{173], [194]. This is amplified when the number of criteria, constraetsl

variables considered \@ry large just as it is the case for swarming systems.

A first idea to sample the Pareto frontier is to solve a series of gbggetive
optimization problems, each one of them yielding a point of the Pareto frontier. Although
it is possible to vary dith the constraints and the objective function considered, common

approaches uslig define a weighted gorm of the objectivesHquation2.14):

Equation 2.14: Weighted p-norm of the objectives

Qw LW W

Wherew represertgthe objectives with their associated weightsin the overall
objective functionQ This basic principle is revisited with more elaborated methods such
as theEpsilon constraintnethod, the Normal Boundarptersection (NBI) method, and
the Normalized Normal @nstraint (NNC) method//hile being fast and straightforward
to implement, this set of methods exhibits deficiencies in their application toamwex,

highly nonlinear am constrained design spa¢é94].

An alternative approach to the sampling of the Pareto frontier is represented by
evolutionary algorithms which optimize a population of poiAsthe algorithmiterates,
the populatiorof points converges to the true Pareto fron#tefew of these approaches

arepresented here below from the exhaustiweese offered by[191].
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Independent sampling techniques efficient and simplethey are based on thmear
aggregating function methods but the variation of the weights is not independent anymore
and is directly included in the evolutionary procedswever, these methods fail to

produce an even sampling of the frontier.

Aggregation selectiontechniques (linear, nonlinear). slightly similar to the independent
sampling techniques, these do not use a static weight combination throughout one run of
the evolutionary algorithm but the weights are varied between generations and function
evaluations. Differenassignmenschemes are usually used such as random assignment,

genebased assignment or fitnelsased assignment

Criterion selection techniques well represented by the Vector Evaluated Genetic
Algorithm (VEGA) method, such methods base the selecfi@ensoicceeding population

on separate objective performance. This reguir@ly a few changes from a classical
genetic algorithm. However, the fitness evaluation of the individuals corresponds to a
combination of the objectives meaning that VEGA is sulijetihe same limitations than

the aggregating approaches previously discussed. Extensions of the VEGA method

propose different schemes of weight assignment.

Uconstraint technique a primary objective function is varied while others are bounded
within allowable Oconstraints These constraints are then adjusted to keep generating

points on the Pareto frontieWhile it remains fairly easy to implementigs mehod

155



requires anassive computational effois prone to nowniformity of the sampled points,

and the boundsf the constraintswust be known a priori.

Pareto sampling techniquesthese approaches are based on the fact that evolutionary
algorithms are lale to generate several points of the Pareto frontier in a single stochastic

computational run. These methods are generally quite hard to implement.

Table 2.10 summarizes the advantages and limitations of these different multi

objective optimization techniques.

Table 2.10: Review of multi-objective optimization techniques

Design space Scalability Implementation

Technique Subjectivit .
q ) y coverage Speed easiness
A priori
Lexicograplic ordering 000 00 o]
Linear aggregating v o« vy v x
functions 00 0 000 000
Nortlinear aggregating v o« vy v
functions 00 0 000 00
Achievement scaling v x v oy v x
functions 000 000 000
A posteriori
Independent sampling o) 00 00 0
Aggregation selection o) 00 0 0
Criterion selection 0 00 0 00
Uconstraint 0 00 00
Pareto sampling 0 000 0
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Although theygenerallyprovide a better coverage of the Pareto frontier in a variety
of cases not handled by a priori techniques, a posteriori tagsage limited in scalability
[191] as they tend to be complex in implementation and require the solving of many
optimization problemdndeed, the goal of such methods is to perform a search which is as
widespread as possible so as to generataany elements of the Paresptimal set as
possible. Finally, progressive techniques are another possibility for robjgctive
optimization but rely on an interactive process withdbeisionmaker Such an approach
may pove difficult and inefficienf191] and is not appropriate in the scope of thisearch
since only methods which can be fully automatedarered In the light of this review of
multi-objective optimization techniques, a priori approaches are prefétosever, since
swarm rolotics is an emerging field, no baselimebenchmark performance exsb use
achievement scaling functions. Hence, the sinfipksar aggregate functioils chosenn
order to facilitate a fast exploration of an extremely large design dpaureler to inprove
the robustness of such an approach with respect to the subjective choice of the weights,
different weighting scenarios can be attempted and compared. This still requires less
function calls than a posteriori optimization techniques.
2.3.2.1.2 Multidisciplinary optimization

The techniques of multidisciplinary optimization are generally categorized based
on ther number ofoptimizationlevels: singlelevel, bilevel, and multievel[195]. Hence,
considering multidisciplinary dpmization approaches is particularly appropriated for
optimization in a multlevel and multarchitecture design spaceMature and
commonplace methods are reviewed in this section to understand how they can be

leveraged tdnelp reach the research objgeti
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2.3.2.1.2.1 Singelevel techniques

Singlelevel multidisciplinary optimization approaches use only one opéinmat
the system levelThe analysis may be distributed to the different partitioned subsystems
but the optimization is kept centralized at the systeval. The most common singlevel

approaches are described here below.

All-At-Once (AAO): all the variables of all disciplines are considered as optimization
variables and the equations of each discipline are used as constraints. Thus, the designs are
only consistent at convergence tbie algorithm and there is no guarantee that at any
iteration, the design will be feasible for all disciplindls.the algorithm experiences
convergence issues and fails to reach a relative or absolute extremum, it wal gesn

which is not only sumptimal, but also not valid across the disciplindswever, this

method has the advantage of not necessitating a complex analysis process.

Multi -Disciplinary Feasible (MDF): this approach includes an analyrérich, at evey
optimization iteration, solves the disciplinary equations using the design variables until
additionalcoupling variables converg&his ensures that the solution is consistent across

all disciplines at each step of the optimization prockEssvever,this solution might be
infeasible with respedb the constraintsA limitation of this method is that it requires a
complex system solver which coordinates all the subsystems in order to return a consistent
solution to the optimization algorithnthis is notonly hard to implement but implies a

significant computation time at execution.
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Individual Disciplinary Feasible (IDF): the IDF method focuses on the discipline
feasibility at each iteration rather than on the multidisciplinary feasibilitys latter is

only achieved at convergence thanks to constraints added for each of the coupling
variablesThe IDF method has improved convergence properties when compared to MDF
but moves the complexity of the analysis to the optimization step which still requires
comsequent computational resources. Moreover, if the optimizer fails to converge, the
produced solution might be inconsistdntgeneral IDF performs better than MDF when

the coupling between the subsystemsiggificant

2.3.2.1.2.2 Multi-level technigues

As opposedo singlelevel techniques, the muligvel optimization methods use
multiple optimizers at the subsystem level in addition to the traditional optimizer at the
system levelThis type of approach is preferred when the scale of the problem is too large
for a single optimizer to hand[@95]. In these techniques, the analysis and the design are

distributed amongst the different subsystems.

Concurrent Sub-Space Optimization (CSSO: the CSSO approach decouples the
disciplinesby letting each subspace carry out a separate optimization based uniquely on
the design variables of that discipline. The coordination of all disciplines is handled by
global sensitivity quationsanda sensitivity analysidetermining the notocal varidles.

This analysiscan be carried out by equations or by response surface approximations
order to reduce the computatamurden[196]. This method is useful for the industry as

it is compatible with organizational feaés and the decoupling generally observed.

However, the consistency of the final solution is generally mediocre due to difficulties in
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coordinating the subspaces optimization processes. This also makes it hard to guarantee a

robust convergence of the whaptimization procesgL97], [198].

Bi-Level Integrated System $nthesis (BLISS): the BLISS approach divides the
optimization problem into an upper level and a lower level. The subsysteims|afver

level optimize on their design variables while the common variables are considered as
constants. On the other hand, the upper level uses the common variables for optimization
while the local variables of the lowesVel are regarded as constafif89]. A gradient

based approach is then used to remcbptimum.Hence, the computational cost of the
BLISS method is quite important and limits its scalabildye approachy[200]to tackle

this issue is to use response surface methodology. However, this is not applicable to multi
robot systems due to the high Hamearity between microscopic variables and

macroscopic responses.

Collaborative Optimization (CO): this method isespeally focused on early design
phasesvhere all disciplines are usually considered on the same Thebptimizer at the
system level establishes targets to be met by the partitioned subsystdntises to
minimize the systerevel objective function. Aet of equality constraints ensures that the
design is driven towards consistendy.the subsystem level, the goal of the optimizers is
to meet the targets and satifie constraintof the respective subsysteriVith CO, eab
subsystenbenefits from hawvig its own optimizer, allowing for greater autonomy of the
disciplines However, the ability to handle coupling is limited since the interactions

between the disciplines are handled by the main optimizer.
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Analytical Target Cascading (ATC): this approach s a cascade of optimizers to
propagate the design targets from the top level to the lower levels of the hierarchy. These
lower levels are optimized to meet the targets and the resulting responses are rebalanced to
the higher levels in order to achieve smtency for the whole systerithis iterative
process is repeated until consistency is ackiglaballyfor the targets and the responses.
This approach is truly multilevel and considers analyzers and optimizers almost at the same
level. On the other hand requires many executioasd is computationally expensive.
2.3.2.1.2.3 Summary

A recapitulation of these MDO methods is presentethinie2.11in order to help
decide on a suitable framework for the research objeciiVey are evaluatl based on
their convergence performance, the easiness of implementation, their scalability with
respect to the size of the design spacel the incurredcomputatiomal cost. Moreover,
given the structure of the problem with a macroscopic level and asoapic level, it is
important to distinguish methods able to account for several Jelyelamic design spase
and congregate the microscopic and the macroscopic lé\ase last criteria help ensure
that a method can handle several levels without ssecily separating them in the
optimization process. This is essential in order to distance the proposed approach from the

sequential optimization paradigm currently ubgdhe research community
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Table 2.11: Comparison of MDO frameworks [149], [195], [199]

Handles Congregates
Good Easy to ... Computational i- i )
Method : y Scalability P Bi dyna}mlc micro/macro
convergence implement cost level  desgn levels

space

AAO 0 000 0060 0

MDF 00 0 0 0060

IDF 0 000 0 o]

CSSQ[197], [198] 0 00 00 00 0

BLISS[199] 0 000 0 0 ® 0060

CO 00 000 0 0060 00

ATC 00 0 0 0060 0
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From Table2.11, no method is able to directly handle the dynamic nature of the
multi-architecture and multevel design space. Moreover, no method considers a possible
congregation of the different levels witltomodification. From this apparent gap, an

adapted optimization method hasedesigned, focus of the next subsection.

2.3.2.2 Hypothesis

As previously stated in this section, metaheuristic approaches are first preferred to
establish an optimization methobh particular genetic algorithms enablgealingwith
discrete continuous, and categorioadriablesat the same timédiowever,they have to be
adapted since several levels are to be handled at once and the architectures might have

different design variables

A first consideration in designing the optimization technique is that this latter has
to contain at least two layers. Indeed, a single layer would not be able to handle the dynamic
aspect of the design space provided by the macroscopic level desigeschtowever, it
is important to notice that the segregation of the layers need not be done between
macroscopic and microscopic levefstst of all, this would limit the congregation of the
two levels and most probably yield optimization results simdathbse obtained by the
sequential optimization techniques. Secondly, the outer loop of the algorithm oésgds t
care only of the dynamiaspects of the design space whachto belaterinstantiated at
the microscopic level. As such, only the typearchitectures considered and their number
in the swarm are susceptible to affect the size of the design space and the microscopic level
implementationsOther design variables, even macroscopic, may be included in the inner

loop optimize.
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In order to acelerate the procest is possible to retain the good architectures, and

possibly designs, from the inner loop so that they are used as annniidbop population

for the next iteratios of the outer loop. Indeed, since the misside fixed during he
iterations, it is probable that an architecture performing well on the mission in a given
swarm might show good performance in another swarm configuration. Due to
heterogeneity and highly unpredictable macroscopic level effects, it is not guaranteed tha
a good architecture for a given swarm configuration would also perform well in another.
However,this assumption is susceptible to speed up the whole optimization process if the

initial swarm populations are initialized with good designs.

To summarizethe optimization scheme, an outer loop optimizes the types of
architectures to include in the swarm as well as their number. This configuration is then
fed to an inner loop which optimizes the mutibot system based on the remaining design
variables A key particularity lies in the fact that the outer loop handles only macroscopic
variables but the inner loop deals with both microscopic and macrostaspigvariables.

The advantages of this methaa multifold:

1 Microscopic and macroscopic levels optiatibrs are now combined, an

approach different than the usual sequential optimization scheme.

1 It provides augmented capabilities since it enables rarghitecture and mutti

level optimization

1 The retention of optimal microscopic configurations accedsrathe

convergence process and the design space exploration.
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1 There is no need to implement a new optimizatiggo@hm for each robot

architectureonly two generic optimization algorithms are to be implemented.

Figure2.25illustrates both optimization loops with an implementation based on a

genetic algorithm.
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Figure 2.25: Proposed optimization scheme
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The elaboration of this optimization scheme yields the following hypothesis:

Hypothesis 3.2
IF an optimization method based on déyel genetic algorithm is use

THEN a fast and efficient mukarchitecture multievel global

optimization of group configurations is enabled

The experiment designed to test this hypothesis te gumilar to experiment 1 and
aims at assessing the quality of the optimization scheme. It first requires the
implementation of both inner and outer lopg@sd a modular genetic algorithm. Then, the
optimization algorithm is evaluated on the number ofatiens, number of objective
function calls, and precision in terms of optimal swarm performahgain, additional
metrics used to assess optimization algorithms can be used, such astieviemed in
[155]. To assss this precision, it is possible to compare the obtained optimum against a
Aground trutho optimum obt ai neabyhtakingtha nd o mi
best known solutiofiL56]. The parameters to be variedidg this experiment 3.2 include
the initial swarm population constitution, the typical genetic algorithm paramaterthe
retention scheme for the optimized microscopic architectures.

Once again, the validation criteria of hypothesis 3.2 are basestatistical
hypothesis evaluation:

A On average, the global optimization scheme is able to find a better solution than the

sequential optimized solution, with respect to the main mission performance metric.
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A The optimization scheme is fast enough for thegiespace expration of multt

robot systems.

A The time increase between the proposed scheme and sequential optimization is less

than an order of magnitude

2.4 Summary

After identifying the main steps involved in the realization of the research objective,
this dhapter concentrated on the stages requiring research advancements to fill existing
gaps. A literature search was carried out on each of the necessary steps and deficiencies
were identified between existing techniques and the goals of the research obfative
inadequacies led to formal research questions. Additional reviews of the existing literature
in relevant fields thenceforward facilitated putting together conceivable answers to the
research questions. With the aim of testing and validating the@sgh®ges, a rigorous set
of experiments was designed, hence closing the elaboration of the research prgaess (

2.26).
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Research Question 1 Research Question 2 Research Question 3

c ltirobot syst desi b How to link the microscopic and How can current ameptual design
Z1 it :jrob °|. s'z/_s S CES 1 the macroscopic levels of a multi methods be adapted to account for
lmprovg ylin Ing'mIICI’OTC’l))pIC robot system for conceptual design multi-architecture multievel

QDCIACIOSCODICREVESE purposes? design space exploration?
Hypothesis 1 Hypothesis 2 Hypothesis 3
IF an approach leveraging the IF a mesoscopic approach leveragin  IF a tree of reduced morphological

interdependence between microscopic the speed of macroscopic models and matrices is used in conjunction with an
and macroscopic levels is used the accuracy of microscopic models is  optimization method based on a bi
used level genetic algorithm

THEN significant improvements in
average performae can be achieved THEN microscopic and macrospic
in the design of mukiobot systems levels can be efficiently linked for
compared to traditional sequential conceptual design purposes
optimization schemes

THEN a multiarchitecture multievel
design spacexploration can be
carried out efficiently to obtain

optimal group configurations

Figure 2.26: Summary of the problem definition process

The implementation details of the conceived experiments are discussed in the next chapter.
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CHAPTER 3

PROPOSED APPROACH

Focusing on design consideratiorise present work proposes to base its approach

on a classical topown design decision support process sashthe one presented on

Figure3.1.

Establish the value

Generate alternatives

Make decisions

Figure 3.1: Generic top-down design decision support process

The first chapter presented different existing needs in the dfetdulti-robotics:
take advantage of a rising diversity in the robotics fleet, evaluate the real advaintage
multi-robot solutions, ancelaborate asimultaneousphysical design optimization of
microscopic and macroscopic swarm levsised on these obsations a research

problem wadormulatedto establish a methodology that enables the evaluation of dynamic
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tradeofs between individual architecture development and numerality tovachreup
performance in mukrobot systemsThe second chapter thetudied existing techniques
to address the research objective but such procedures came up either inadequate or
unsatisfactory after a thorough literature revielie chapterhenceidentified clear
deficiencies in current practices which need to be overcmmas to meet the research
objectives.These gaps originated thalowing main research questions:
1. Can multirobot systems designs be improved by linking microscopic and
macroscopic levels?
2. How to link the microscopic and the macroscopic levels of airalibt system
for conceptual design purposes?
3. How can current conceptual design methods be adapted to account fer multi

architecture multlevel design space exploration?

A second literature review supported the progressive formulation of hypotheses as
possible answer elements to the research questions. These hypotheses are to be validated
through experiments following the approach suggested in this chiapiegh a topdown
design decision support proceSince thefirst two stages of this procesgrestudied in
the first two chapters, this section consists in detailing the remaining four steps:
establishing evaluation criteria, defining the design space, evaluating design alternatives

andfinally making decisions.

3.1 Establishment ofperformance metrics

A first step when studying different design alternatives is to institute performance

metrics, evaluation criteria which are used to compare the different designs and optimize
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them.Note thatin this work,the sentences mentionifigood® p e r f o fefficentd e or
result are a direct reference to these penfance metricsSuch measures which may
account for mission completion, swarm cost, or also parallelizaftactivenessare

presented in this section.

3.1.1 Parallelism efficiencymetrics

While microscopic ariablesinfluencethe performancef each individual agent,
macroscopic variables impact the parallelization of the different tasks. In order to quantify
the effect of such variables on a given design, parallelism efficiency metrics are required
such asheparallelism efficiency and the Limit of Parallefféctivenes§LOPE).
3.1.1.1 Parallelism efficiency

A common phenomenon experienced in parallel computipgrallel slowdown:
parallelizing an algorithm past a certain limit results in the program to runrsloleally
when running a computation @nprocessors, one should hope fdinaar speedup of)
times.However, the parallel implementation itself introdueagousdelaysduein partto
communication of intermediate resyktsichamissesor resourceontentionf201]. Indeed,
with an increasing number of processors, each parallel node of the algorithm spends more
time in communication than in processigich delaysccasiora slowdown compared to
the ideal caseand veralrelatedquantitiesintroduced by the community are presented

here below

An intuitive way to quantify paralleslowdown is to simply computiae ratio of
the time it takes a task to be executed in serial, to the time taken in p&pdetup is

hence defined as:
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Equation 3.1: Speedup formula

Yo
"YO

Where"Y Qrepresents the time for the task to be carried out (QiraressorsThe
actual parallel computation tini& 0 can then be&eompared to the ideal linear— case

mentioned earlier, yielding the formula for parallelism efficiency:

Equation 3.2: Parallelism efficiency

Yo
U —
Y0 0

A md a h | dssanoheaattempt to study this slowdown behavanrd quantifies
how parallelization can speed up a computatiosediregatethe tasks of parallelizable
program under two categories part which can be parallelized and a part which cannot.
Let” the propotion of execution time which can be improved by parallelization, the total

execution time can then be written as:

Equation 3.3: Parallelized execution time

Yo Y p Y ny

With parallelization of the tasks hy processorsand assuming a fixed workload
for the processorshe proportion of tasks benefiting from it becomeswhile the other
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part remains unchangedewriting the speedujermula(Equation3.1), the common form

ofAmdahl 6 s | aw:i s obtained

Equation 3.4: Amdahl's law derivation

o
N P
~
oy Y
1 o
e ” Y
p Y o
Pty P oty n
p ” _l'j_

This equation can be refined further by using more detailed knowledge about the
process to be parallelized and the decompositiofiYdf into different tasks.The

efficiencyformula Equation3.2) can also be expressed byiding the speedup hy:

Equation 3.5: Parall el efficiency with Amdahl 6 s

As more and more processors are added, the computation time becomes dominated
by the norparallelizable task This places a limit on the speedup achievable by the system

causing the efficiency to tend towards z@fgure3.2).
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Figure 3.2: Amdahlé law

For example, if 95% of the process can be parallelized, the maximum speedup
theoretically achievable by parallelization is 20 timlesan be noticed that the lower the
proportion of parallelizable tasks, the lesser processors are required to reacethgsp
limit.

Amdahl 6s | aw wa sGub &t Hasvd202k byickaagihg they
assumption of a constant workload, equivalent to a fixed problem size, to the assumption
of a fixed run time for each taskdeed, esearchers tend to adapt the size of the problem
in order to solve it in a fixed amount of time, taking full advantage of the available

resourcesHence, speedup is computed in terms of workload instead of execution time

Equation 3.6: Workload -based speedup formula

oy
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A

Using the same appr oach avsisdecomposaditdoa h|l 6 s

parallelizable and neparallelizable parts:

Equation 3.7: Parallelized workload

Wp P "w "W

With parallelization by) processors, the parallelizable part can handle a workload
of” 0 wfor the same runtiméience thevorkloadewolves linearly with parallelization to

yi el d Guasvfoanula:on o s

Equation 3.8: Gustafsonbés | aw derivation
.. WL
Y =
wp
. p nd) ulj(b
b Y ,
w
+“Y p ” 116

A comparison of Gustafsonb6s FgaeB3with Amdah
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Figure3.3: Gust acsompasred to Amdahl 6s | aw
As expected, the speedup follows a linear trend with the number of processors while
Amdahl 6s | awmintead®dlsed oa lefficiency, Gustafs

will be limited aty 1t Pcorresponding to the proportion of parallelizable tasks. On the other

hand, the efficiency given by Amdahl és | aw

When theserial process is divided to several heterogeneous parts, each with
different capabilities, the previous quantities are adapted to account for this increased level
of detail. Reasoning on execution time, each t&¥krepresented with a proportién of
the execution time ahis allocated a number of processorsfrom the parallelization
processA nonpaallelizable part is then modsd withO  p. The total execution time

can now be decomposeda% B 7 "YwithB ” p and thanks to parallization,

each task takes- time. From these considerationbgtspeedup can then be derived:
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Equation 3.9: HeterogeneousA md a h | &peedupa w

w Yp Y )
Y IIY!I ” "Y S
0 B __ 0
i)
A similar analysis leads to a reciprocal formulausthgs t af sondés | aw f o

parallelizedprocesses:

Equation 3.10: HeterogeneousG u s t a flasv epeedup

"Y ” l’j

A toy example can be studied to get a grasp of the behaviespaeddupfor

heterogeneous systenide following problem is considered:

A serial task is rhgmented into four consecutiyerocesses with
execution time propadns beinggx B¢ o B ¢ Rndu Y PAssume that
each process can be individually accelerated up toirB@d thanks to

parallelization.

1. Use Amdahl 6s | aw to derive the speed:!
each single process is being parallelized while the othex$aing

kept serial.

2. Assuming that the processes are respectively sped up 1, 5, 20 and 2

times, derive the speedup for the whole system.
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Solution: referring directly taEquation3.9, thespeedumf the system can be written as:

Equation 3.11: Solution of the parallelization toy example

p
TBIX T O T C T Y
i v i i

oy

Letting0 changing from 1 up to 20 and letting the others constant at éffdu

of the parallelization oprocessan be isolated<igure3.4).
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Figure 3.4: Heterogeneous parallelization

Due to its important weight in the execution time of the systiee fourth process
seems to be dominaasits parallelization yields speedups which are well above the ones

of the other processedsingt  p,0 v, 0 ¢ mand0 ¢, the speedup of the
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complete task is expectdd be Y ¢& o This confrms the dominance of the fourth
process as the overajpeedups very close to the individuapeedumf process 4, despite

the tremendous parallelization of processes 2 and 3. This type of insight is similar to
conclusions drawn for systems in which @tk performance is dictated bie least

performant system (setroductory examplef section2.1).

While the previously described quantities are introduced for the field of parallel
processing,imilar concepts are applied various fields includingnanpowemanagement
in software developmenadding more persons tolate project end up slowing it down
instead of speeding it UR03]. Likewise, parallel slowdown can be extendedrtolti-
robot systemsit seems right that for a very high number of agents, adding one entity will
result ina similar, if not worse for some cases, performafarethe swarm.This is in
contrast with a very low number of agemt$enadding twoadditionalagentdo a swarm
of two entities may potentially occasiartremendous improvement in performantas
notiontendsto bequite the reverse @ commonplace intuition that adding more agents to
a group of robots will necessarily result in a better performance.

Continuing on the introductory example, a parallel slowdown is experienced due to
the small intermediate stiances travelled by each agemt ifhore rigorously by agerit)
between the sulmapping missionsindeed eachunit has to reach its initial mapping
position and then return to it once the snbpping is doneA parallel can be drawn
between these mission segments andctitamunication delaysxperienced in paralle

computing:they represent the bottlenecks deterioratingphellelization processhis
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slowdown can be observed on the speedup and efficcamaputed for the optimal design

velocity of example (Figure3.5).
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(a) Speedip in mapping rate (b) Parallel efficiency

Figure 3.5: Limits of parallelization for the introductory example

The benefits of numerality are less pronounced as the number of agents increases
from one to a tindred.As expected, the speedup curve is below the linear ideal case:
having twenty agents does not make the swarmtheapredawenty times fasteiThis fact
appears also on the parallel efficiency curve where the optimal solution in terms of cost
lies & 86.61 %parallel efficiency Note that for the problem setup presented earlier, the
analytical solution makes sense only when the number of agatitédes the widthx of
the map (blue circkeon Figure3.5 (b)). If we assume that the even pattern is always used
for any( , which translates into having some overlap between the allocated mapping areas,
a general tren(dashed grey line) can be obtained.

Although the curves exhibit an almost asymptotic behawior clear limit in
efficiency or inspeedups observed ofigure3.5 as for the theoretical examples given on
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Figure3.2.1 ndeed, as opposed to the derivation

process which is parallelizable is not constant for this mapping example. The distance the
furthest agent has to travel is directly linked-tandthusdepends on the number of agents.

Furthermore, this simplistic example does not model the limits encounterealworld
applications for the parallelization of such a process: mapfpimg stochasticity
communication delaysor the taffic and clustering of agentdue to saturation othe

available space.

Anotherimportantobservations that he parallelism efficiency does not depend on
microscopic variables for perfégthomogeneous swarm and missiolsleed, if each
agent is asgned a similar task, the time to complete the mission mainly depends on the
annex tasks each one of them has to perform. Hence, parallel efficiency is a way of
assessing the quality of the parallelization process quite independently of the performance
of each agent of the swarm.
3.1.1.2 The limit of parallel effectiveness

While the preceding performance metrics quantify the variability of a given optimal
swarm design, an additional measure is required to try to measure how close a design is
a possibldimit in parallel performance. This absolute limit may correspond most of the
time to an unconstrained optimum with respect to the other metrics and may possibly

represent a physical barrier to further improvements.

Such a concept can be found in the field of aiatand automation theory in which

response timearedefined with respect to margifig]. For the study of firsbrder, linear
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and timeinvariant systems, the time constdnt used to characterize the response to a
step input Figure3.6 (a)). This constant is rigorously defined from thé&erential equation

satisfied by the system

Equation 3.12: First order system equation

With wthe response ariha forcing function on the systeiiror such a definition
it happens that after a tinfethe response to a step input has reached 63% of its final value
and 95% after a time of around. This relates to exponentidecay for which the half
life, time to reach 50% of the final valis,t1 I¢ . For second order systems, there is no
similar analytical relation of such response times with the design parameters and such
relations are documented in abacusksyvever the time for the response to reach and stay
within the 5% band of its final value is defined@s ,, (Figure 3.6 (b)). An alternative

response time is the rise time time to first cross the final valy&igure3.6 (b)).
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Figure 3.6: Controlled systems characteristic times
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Henceforth inspired by the definition of time constants in the fielwbaotrols and
automation, the concept &fOPE is introduced hereHowever, as opposed to stable
automated systems used to definé p, ando, there is no guaranty that the responses
of swarm systemare stable with respect tioe considerediesign variabletseeFigure3.5
(a)). Hence, incremental relative changes are used thedollowing quantities are
introduced:

0 00 o Thevalue of the design variable (while all other variables are fif@d)
which the incremental response falls and stays within \B4tile based on the
insights of controls theory and the introdugtexample, this value of 5% is quite
arbitrary and may depend on the design variable being considered.

0 0'0: Thevalue of the design variable (while all other variables are fixed) for

which the response is two thirds of its valuedab © . This limit of parallel
effectiveness is inspired by of first order systems to give an insight to the
designer of when two thirds of the parallel effectiveness have been consumed in the
design variable.

0 0'0: Thevalue of the desigmariable (while all other variables are fixed) for

which the response Fslf of its value ad) 'O ..

Although these quantities make more sense when computed with respect to the
number of agents so as to remain directly linked with parallelizatey can be adjusted
to fit a particular problemrhey are better visualized as shownFegure 3.7 andFigure

3.8 which are based on the introductory example
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Figure 3.7: Visualization of LOPE for the introductory example

Thed 0’0 is p aagents for a value of the mapping ratexof wt T (Figure
3.7 (a)). It is the number of agents for which the incremental mapping rate falls and stays
within v P(Figure3.7 (b)). The computation of the incremental mapping rate is explained
onFigure3.8 where the incremental mapping rate i9&f x Rtp Guttdo ¢ Horp ¢gthe
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Figure 3.8: Detail of LOPE at 5% for the introductory example
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All limits of parallel effectiveness for the introductory example are then displayed

on Figure3.9.
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Figure 3.9: All LOPE quantities for the introductory example

The 0 60® @and0d 0’0 y tell the designer how far a design is from

000 , poltcanalsobe seen that §'0 , is far more demanding to attain in
resources as its value sits at 39 agen the group compared to 13 for( '® . This
guantity lesthe designer know that after 39 agents in the system, the performid oz

improveby more tharp Pper aditional agent.
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3.1.2 Introduction of marginal quantities

Building up on the introductory example of the 2D mapping swarsensitivity
analysis can be carried out in the vicinity of the optimal design posensitivity analysis
helps in the design processmaking sure that the obtained optimal design is somehow
robust to slight variations in the design paramet@fese latter may change due to
evolving requirements @s a result afhe manufacturing process for instan€gure3.10

presents such sensitivity plots around the optimal design point derived in the introductory

example.
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Figure 3.10: Sensitivity analysis around optimum design

The sensitivity plat confirmthe general trend observed on the whole design space:
an increase in the individual performance of the agents or in the number of agents results
in an improved group performancEhese predictiomprofilers enablehe exploration of
cross sections of the response across the different design fadtess.represent the

variation in the response when one variable is changed while the others are held constant
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at the optimal value3.he steepness ofd@lcurvehenceenables to assess the importance of

each factor.

In particular, it is importanfor the designeto try to quantify these variations
around the optimum so as to measure the robustness adigaal predict which design
variable will havethe most impact on the response with the least cost vari&iamh a
variation can be quantified owing to the partial derivative of the response with respect to
the considered design variable. Using the notations from the introductory example, the

variaion of the mapping timéYwith respect to the number of agefitsn the swarm can

be quantifiedaround the optimunas ﬁz: the partial derivative evaluated at the

optimum design point 0’5 ° . The use of such quantities spreads to tted fiof
optimization as a way to evaluate thesponsecost of violating the optimization
constraints They are also utilized in economics under terms such as marginal cost or
shadow price. The first one refers to the cost incurred by producing one ntareaugood

while the latter, although equal, is rather used to talk about the maximum geacesian

makerwould be ready to pay to produce one more unit of good.

Based on this theond the previous consideratigmsarginal quantities which are
adaped to the design of swarming systems are proposedalgrerformance metrick
order to quantify the commonplace statement ensuring that more agents result in enhanced
performance of the swarm, theses marginal measures are computed with respect to the
number of agents in the groupthe first placeTheir formulation is then extended to other

design variables, microscopic or macroscopie following quantities are thus introduced
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and described hereafteMarginal Group Performance (MGP), Marginal GuoCost

(MGC) and Marginal Group Efficiency (MGE).

Marginal Group Performance: principal performance metric introduced here, the MGP
originally aims at putting numbers on the ordinary thought that by increasing the number
of agents in thewarm, the perfonance will improveFundamentally, the MGP represents
the variation in group performance if the number of agentincreased by oneBy
extension, similar quantities can be derived with respect to other design varidides
MGP would then represent thewdation of group performance when a unit change occurs

on design variable:

Equation 3.13: Marginal Group Performance

Going back to the initial motivation for the introductiohthe MGP, the effect of

numerality on the performance of the optimal design is quantified by:

Equation 3.14: Numerality Marginal Group Performance

0Or oG

Marginal Group Cost: While theMGP focuses owariationsin the performance of the

system byunit changes in the design variablése MGC quanties at what cossuch
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changes aremade. Hence, the MGC is directly complementary to the MGP to the eyes of

the designer. In the same wayttliee MGPis defined, the MG&@an be written as:

Equation 3.15: Marginal Group Cost

b "G ;—0

Marginal Group Efficiency : finally, in a similar fashion to whittheMGP is originally
conceivedthe concept is to capture thariationsin parallelism efficiencyesulting from

a change in the number of agents in the swaims idea mainly stems from the fact that
parallelism efficiencyof a systemis often most affected by the number of agents
composing it.However,this definition can be extended to design variables other than

numerality:

Equation 3.16: Marginal Group Efficiency

)
0@

As it was previously mentioned, the parallelism efficiency does not depend on
microscopic variables for specific homogeneous swarms and missions. Hence, the
marginal group efficiency will likely be zero when computed with respecsuch

variables.
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These performance metrics aaluated around design points to be studsethg
derivatives of the system responses, they provide the designer with clear insight on how
the system performance is changing around the chopemum degin, and more
generally in the design spadcgoing back to thdrst introductory example, thearginal
quantitiesaround the optimal point are presented able3.1 with performance being

the mapping time and performangebeingthe mapping rate

Table 3.1: Marginal quantities for the introductory example

Design variables

Performance Metrics

Macrosciopic Microscpp'c
0 .. 0
0@ T @ X ot ¥ arfi
0O g W i M ¢a T Fan
0 "@ 11.90 T 1d A
0 @ ob 0 aTi

By displaying thedesign variables colurawise, the dsigner camuickly identify
which variableis having the most impact on any respor@ensidering the introductory
example, adding one agent to the mapping swarm would decrease the mission time by
T @v ), however it would also increase the cost oy Tunits and deteriorate the
parallelism efficiency byo b On the other hand, it can be seen that the individual
performance of thagentsas a lesser effect on the mapping timéalso for a smaller cost
impact. Indeedincreasing the velocitpf the agerdby p & Fi results in a mapping time

decrease bgi and a cost increased I only. Note that as explained earlier on arsd a
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expectedor this particular missignd "@; 1 a7 : the individual performance of

the agents desnot have an impaon theparallelefficiency.

The marginal quantities can also be plotted over the design space to undesatand
the derivatives of the performance metrics vary with the design varidkdede 3.2
exhibits these variations witthe rows repesenting the marginal quantitiahile each
columndenotsthe design variable considered for the computaticneérginal quantity.
As for the previous contour plots of the introductory example, the red line represents the
cost constraintrad the red star is the previously derivgdimaldesign pointThese graphs
should be understood in such a way that, by fixing a veloaiyd reading different values
ofbon a horizont al line, the designér is
swarm agents having this velocity what increments in my performance metrics are
possible byadding one more agétit By looking up these marginal values for different
values of0, the designer gains insight to figure out at what size of the swasmot
beneficial anymore t@dd more agentsSame goes for the second column and adding

velocity to the individual agents.
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Table 3.2: Marginal quantities over complete design space

(s/w) A (s/w) A (s/w) A (s/w) A

(s/w) A

Y. Q Y. Q Yo, 0 . 0
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Firstly, the marginal group performance deteriorates with bahdv, confirming
the limits of parallelizationln fact, with more and more agents in theasw, the benefits
of adding one agent to the swail '@ ; or pa i to the velocity of each agent
(0 "® ; are not as flagrant as for a swarm with fewer individuBiss is deduced by
looking at the horizontal axes of the MGP contour gldhe same conclusion is drawn
with the vertical axedor swarms with very performant individuatbe benefits cadding
one agent to the swarar p & 7i to the velocity of each agent are lesser compared to the
potential begfits obtained on a swarmthislow agentsThe contouplots of0 "@ ; and
0 "®@ ; show the same trend on the mapping rat&, provides a good insight on the
variations of incremental parallelism efficiency: with a swarm of 5 agents, adding an agent
deterioragés the parallelism efficiency by 2.9% while this latter is affected by only 1% in a
swarm of 25 agents.

A secondbbservation is that due tbe linearity of the swarm performance metrics,

some ofthe marginal quantities do not depeod certaindesign vambles.Indeed, noting
that fromEquation2.7 "YOR) © - thenY OR) © 0 and consequently '@ ; —© p

is independent of variable Using a similar approaglit can be verified thab "@j and
0 "@; do not depend on, andd "@;, does not depend an: observations in correlation
with what is observed ifiable3.2.
Finally, for all contour plotsthe amplitudas a lot less for the marginal quantities
computed with respect t@. Hence, between the two design varialieandv, it seems
that for this casehe number of agents has much more impact on the metrics than the

velocity of the agent®doreover 0 "@;  mover the whole design spaagexpectesince
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in this particular mission of a homogeneous swarm, the parallelkeity does not depend

on the individual capabilitiesf the agents.

This type of graph clearly shows the limits of parallelization for the introductory
example and motivates the designer to know up to what point the parallelization should be
preferred oer individual performance improvements, and weesaWhile parallelization
efficiency and marginal quantities have besstablishednd quantified in the preceding
sections, no marginmeasure was defined to systematically obtain an optimum
configuration The optimal solution for the introductory example was based on the
maximization of the performance with respect to a constraint of cost but one could wonder
if the optimization could bearried outin terms of parallelization efficiency for instance.

The next section establishepossible metrics towards a benchmark evaluation

methodology for multrobot systems

3.1.3 Benchmarking

The lack of an established design framework for nrolbotics stems to a great
extent from the lack of eeferencédbenchmarking m&on. Such atandardvould have to
cover a vast spectrum @bssible applications1 multi-robotics: collective exploration,
coordinated motion, collective transport, satsembly, chain formation, consensus
achievementand many morf95]. A fundamental error resides in the fact that a universal
benchmarking missioar design framewortkailored to various types of applicatiorssan

evidentoxymoron A customizable universal design framewo&n howevebe conceived
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Using thegeneric topdown design decision support procgsssented ofrigure
3.1, the generated alternatives have to be evaluated for further comparison. For the
framework to be customizable, it needs to be applicable todifeyent mission types
without privileging the canonical mission used in this wdrlble 3.3 presents several
types of missions typically utilized with robotic swarms and the pertinent metrics used to

evaluate these missions.

Table 3.3: A disparity of metrics

Mission Metrics

Victim tracking effectiveness

Time to complete objective
Maintenance of communication links
Energyconsumption

Search and Rescu§ll17]

Percentage of polluting vessels found
Oil Spills Detection[117]  Average time to identify a polluting vess
Communication links maintenance

Time to complete the map

Quality of the final map

Numberof maps reconnection issues
Mapping Cost of the swarm system

Distance traveled by robof204]

Total explored area

Loop closure capabilities

As observed imable3.3, there is no normalized metric efiag the evaluation of
the different types of mission which could be used in the proposed methodology. Some
missions do not even have the same number of metrics to characterizentbeter to be
able to use the methodology for various swarm missisagral utility functions are

proposedvhich aggregatehe multiple performance attributes of the system depending on
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their pertainingto a givencategory execution quality, and cosfThis division is based on
widespread paradoxes observed in many dessgiptines andinnaturéc qu ant i ty ver
gual i tyor sufsf ast riawvegpd di ty v er precsiom,sand bi | it
Aper f or man cteadeoffs Byshis phrasimgisis ngeant thain many occurrences

these objectives tend be in conflictand are hence considered separaf&y.instance, in

the response of automated systems, rapidity is often achieved at the cost of stability or

precision of the respon$2]. Theoverall evaluation criteria are definesl the following.

Executionindex: indicative of the pure performance of the systthis indexregroups all
mission metrics relatingppthei quant i t yo achieved duFarng t he
example for the introductory mapping examplihe executin index would bea

combination of the mapping time and the mapped @ralle3.4).

Equation 3.17: Execution index

- | 0

Completion or quality index: sometimesambiguously linked to the execution ingédxe

compl etion index represents the figualityo
mission of the systenit regroups all metrics assessing the degreeoaipletion of the
mission.Reminiscing the introductory examp&gcompletion index foa mapping mission

may be a combination of the distance errors on the map landmarks, the density of the final

map, and the number of sataps reconnection erroffable3.4).
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Equation 3.18: Completion index

0 | O

Cost index complementary to the two previous performance metrics, the cost index
regroups all metrics linked to the cost of the system, be it in money, etiergyor raw
materials.Continuing on the canonical example, the cost funatemsimply be the cost

of the swarm(Table3.4).

Equation 3.19: Cost index

0 )

Such aggregate functions &ey enablesfor the modularity of the proposed design
methodology as they can potentially accommodate any swarming missioiNogpehat
it is possible to use th®EC approach described ifil41] in order to quantify the
performance with respect to established requirements or baseline vBltesnto
perspectivethese metrics enabtbe assessment tife absolute performance of a system,
how well this performance was acheésly and for which coshNote that these metrics are
not always completely uncorrelated and it is the choice of the designer to segregate the
metrics according to design preferencHse versatility of this approach is demonstrated
in Table3.4 where the metrics used for each index are separated. Tdeefficientsare

left to be defined.
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Table 3.4: A set of unified metrics

Execution Index Completion Index Cost Index

1 Cost of swarm
1 Energy consumption
1 Number of unused age!

Chain  Time to complet { Proportion of missed
formation chain links

1 Density of map feature

{ Time to complet { Cost of the swarm

Mapping 1 Percentage of
map reconnection errors system
Search { Perentage of 1 Victim t_racking
& .V|ct|ms saved effectlveness f Energy consumption
R { Time to complet 1 Maintenance of
escue objective communication links

After the different metrics fronirable 3.3 are combined into the aggregate
functions the dverse missions camow be evaluated in the design methodology with the

samemeasureshence facilitating the use of the framework for different missions.

This approach, also known as a priori mroljective optimization assumes that the
designer is abléo rationally decide on the value of the weighting coefficients for each
original metric. Aggregate functions also have the advantage of facilitating the
optimization process with the use of single objective optimization metiurdpared to a
posteriori chniquesThis feature is essentisince,due to the extremely high number of
alternatives to evaluate, rapidity of the code is esseBfakeducing the dimensionality of
the problem, these indices also simplify thexisionmakingprocess which can geguite
delicate with multiple objectivesihese characteristics further motivate the choice of a

priori multi-objective optimization as established in secidh2.1.1.2
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In this section, performance metrics pertinent with pnoblematics at stake have
been introduced\otions of parallelism efficiencgrefirst presented to quantify the effects
of parallelization on the systerim addition, by analogy to controls theory, a few metrics
are formed to provide the designer wah absolute measure of when the effects of
parallelization are starting to vanish in the performance of the systesacond set of
metrics introduced as marginal quantities offer a systematic approach to quantify the
sensibiity around a given design paim terms of performance, parallelization, and cost.
Finally, to promote modularitgnd reusability of the proposed method with various swarm
mission typesaggregate functions are proposé&tiese metrics are created based on three
complementary aspectftbhe mission of a swarm: itpiantity its quality, and its costhe
conjunction of these performance metrics provides the means to compare different swarm

alternatives and take decisions.
3.2 Design spacealefinition

The definition of the design space cotsis establishing the boundary of the set of
feasible alternatives which are to be compared and optimized.
3.2.1 The design variables

The choice of design variables is a key step in the methodology as their number and

their range greatly affect the size of thesign space which is already amptifidue tats
multi-level andmulti-architecturenature For multirobotics, design variables intervene in
microscopic and in macroscopic lesehence both need to be detailed in the present

subsection.

200



3.2.1.1 Microscopic leel: the agents

Given that the study dieterogeneouswarms must be incorporated in this work,
agents must have the opportunity to be quite different in architectures and capabilities. To
differentiate the different architectures to be considered tdgiksnomy of UAVS inspired
by [205] is proposed irFigure 3.11. It first segregates HeavidihanAir (HTA) aircraft
and LighterThanAir aircraft (LTA). Note that unpowered aircrailuch as gliders,
sailplanes, balloonsand aerostats, are not considewsl their performance on the
benchmarking mission would prove dependent on variables such as wind or thermals which
require a detail of modeling beyond the scope of this rese&uwth unconsidered
architectures are greyed out kigure 3.11. Moreover, the microlight category is not

included since UAVSs, already light by nature, do not have such a category.

Heterogeneity in architectures is attained if there at least two different
architectures to be considered in the design space. However to ensure generality, at least
four architectures will be considered in this research: fixed), helicopter (and more
particularly multicopter configurations), dirigdgd, and ornithoptersThe considered

architectures aréetailed irhereaftemith their definitiond206] and their design variables.
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Fixed-wing: afixed-wing airplane is a hevierthanair aircraft with wings which remained
in a fixed position under given conditions of flight. This category may include variable
geometry aircraff206]. Possible dsign variablesnclude: wing type, wing span, wing

aspect ratio, fuselage length, propellers diameter, type of energy storage system (battery or

Hybrid

Glider

Ornithopter

Other

Gyroplane

Helicopter

Tilting Rotor

Other

Parachute

Paraglider
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Rocket

Untethered
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Figure 3.11: A taxonomy of existingUAVs

fuel), andembarked sensors and electronics
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Helicopter: A helicopter is a heavighanair aircraft suppori in flight chiefly by the
reactions of the air on one or more power driven rotors on substantially vertici2@&es
Design variables which can be considered for helicopters include propeller diameter and
type, lengthof the arms energy storage systenas well as embarked sensors and

electronics.

Dirigible : a dirigible is apowerdriven lighterthanair aircraft [206]. Possible design
variables to be included for dirigibles inclueiegine type, propeller type and diameterd

embarked sensors and electronics.

Ornithopter: an aircraft which flies by flapping its wings. Possible design variables

include wing area, type of stabilizers, battery capacity, and embarked electronics.

3.2.1.2 Macroscopic level: the swarm

The group of robots is mainly represented with three pieces of information: the
architectures involved, the number of agents for each architecture, aggdehad control
architecture used\ote that as a first approachcan beassumed that is not possible to
combine the same architecture under different configurations in the same swarm. That is,
each architecture is represented by only one configuration in the swarm. For instance, if
the swarm contains quadrotors, then allethquadrotorsn the grouphave the same
characteristicsA notional summary of thelesign variablest themacroscopic leveis
proposedn the morphological matriXable 3.5. The selected options are in green and

incompatible opbns with the selected choice are highlighted in red.
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Table 3.5: Notional morphological matrix at the macroscopic level

Features Option 1 Option 2 Option 3 Option 4

Architecture Quadrotor Twin-boomer  Dirigible  Ornithopter

Architecture

) 6 2
numerality
Control
architecture Centralized Decentralized
category

Control scheme Leader/Follower Hierarchical Consensus Distributed

The available options for each of the macroscopic design variables are detailed in

the modeling sectioB.3,

3.2.2 Alternatives generation

The generation of alternatives is to be conducted with respect to the-dpamm
exploration methodology described time secondcchapterand a quick overview of this
processs proposed here as a remin@éigure3.12). A first step consists in the reduction
of the dimensionality of the design space by applying the morphological reduction
proposed by173] (see pagéd4?). Then, the whole morphological analysis is represented
with the help of a tree, enabling to dynamically allocate alternatives depending on the
choices made at the macroscopic level. The architecture level is an internhedghte

containing the abstract morphological matrices of the considered architectures.
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Figure 3.12 Review of hypothesis

3.3 Alternatives evaluation

Once an architecture to be studied has been givenebgeign space exploration
process, its performance needs to be measured in terms edtdimishednetrics with
respect to the canonical missioBased on the physidsased snulation approach
motivated bythe seconahaptey the whole mission has to barried out by the agents
order for the performance evaluation environment to properly fit the complete

methodologyjmportant features to consider are the following:

1 Automation & Integration : due to the very high number of cases to be tm,
enviroorment must be able to take as input designs which are automatically
generated by the design space exploration method. Performance results must also

be generated automatically.
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1 Conceptual design levelowing to the concentration of this work on conceptual
design phases, a corresponding level of modeling should be used. In particular,
advanced and detailed information about the agents of the swarm are not available
at this design stagBor example, Computational Flow Dynam{€&~D)techniques
requiringexhausive shapes informatioare typically not utilizedor this stepThis
would also entail a higher number of design variables and longer execution times.

1 Cost modeling:in order to be able to place conflicting constraints on the system
such as the prominenperformance versus cost tradeoff presented in the
introductory example, a minimum level of cost modeling should be implemented.

1 Physicsbased: due to the lack of historical data available in the design of
swarming systems, a physibased approach shoule preferredMoreover,a
direct link between the configuration, especially geometry, of an agent and its
performance must be established.

1 Rapidity: owing to the very high number of cases to evaluate in the design space
exploration step, a simulation ermirment with very small runtime shall be

preferred.

As the research challenges underlifiggrel.37 pager0), even a canonical problem
with a limited number of design variables quickly generatedassal design spaseitable
for this current workMoreover a restrained level of simulatiaretail would provefast
enough and emergent behaviorgan be observed without arfyrther complexity
Thereforethis section describesproposed example of ptementation fomodelswhich

have to be established for the agents and for the swarm as well.
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3.3.1 Microscopic level: the agents
The modelingf the different type of agents, and especitilyrequired level of

detail,is based on a tedown decomposition intsubsystem@-igure3.13).

Agent

Aerodynamic Controls Propulsion Sensors Structure

L

— Batteries

] Fuel

Figure 3.13 Agent modeling breakdown

The models to be implemented have to be moderately detailed and fast to evaluate
in orderto fit in the mesoscap representation of the whole systdbetails of modeling
for a quadcopter are given [A07], and for afixed-wing UAV in [208]. A conceptual
designprocesdor UAVs such as the one proged in[209] is used: hsed orthe physical
breakdown of the agenthe differentmodels are detailed here below.

1 Aerodynamics this part considers simplistic models of lift and drag and no-high
speed aerodynamics effe@re to be included for reasons detailed here bdlbev.
aerodynamics coefficiegire obtained from current concepts in the literature or by
extended vortedattice models such as AVas recommended 1§210].

1 Cost cost iformation for offthe-shelf components are included for the model.
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1 Controls: simple Proportionail Integral Derivative (PID) controllers are to be
implemented as they are widely utilized and understood. They facilitate the
implementation as well as the tugiof the gains for each architecture.

1 Propulsion: the propulsion systems are composed of motors and propellers for
most of the architectures. For the modelipgrt an extensive database of
compatible motors and propellers is used with performeate

o Batteries: genericcharge and dischargeodels are used.

o0 Fuel: fuel consumption data is utilized for the rate of change of fuel mass.

1 Sensors sensors are precisely modeled in their behavior since they most probably
arethe main drivers of the performancetioé agents.

o Lidar: the lidar model uses a ray casting algorithm that returns the distance
of thescanned environment poinf&he design variables are the resolution
the rangeand thescan ratg211].

o Camera: basicray-casting is used to obtain the projected colors for every
pixel of the imagebut no distance information is providellain design
variables are the resolution, the framerate, and the color type (RGB or
grayscale).

o RGBD-camera: mix between théidar and tle cameratay-casting is used
in the same fashion as for the image returning both the color and the distance
of thescannednvironment point.

Note that measurement noise may be addeddohn of the sensors if required.
1 Structures: structural effects areeglected in this work given the focus on micro

sized aerial vehicles where structures are most of the time sturdy enough for the
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dynamics and the weights of the subsystems. Moreover, aeroelastic effects are
neglected.

1 Weight estimation: the computation afhe weight of an agent is based on the off
theshelf components database information as well as material properties and

empiric relations for geometric features.

Finally, the dynamics of the agents are analyzed through a 6DOF model based on
a flat Earthassumptionindeed, the size of the mission area is assumed to be moderate
enough so that neimertial frame effects can meglecteda couple hundreds of kilometers

wide at maximum)A North-EastDown (NED) frame is used for reference.

For the given camnical mission, a good estimate of the key variables is obtained
by considering possible elements that would limit the mapping perform@neen that
the performance metrics on this mapping are mostly the time to map and the map quality,
it is probable that significant drivers of the performance are going to depend on the speed
at which the robot can travel, the update rate of the semsongell as their resolution.

It is expected that for agents of a modersize (i.e. from narvones to micro
drones)the sensors are going to be one of the most limiting factors in the performance of
the system. For instance, a quadrirotor with a span of fifty centimeters is easily able to
reach high speeds above fifty kilometers an hour. However, due to its limitecitgap
embark computing power and high quality sensors, its mapping rate might be relatively
low and might onstrain it to fly at low speed%his justifies the fact that there is no need

for a detailed modeling of high speed aerodynamics effébseover, sensors often
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represent quite an amount of weight and atsply an importantcurrent consumption,
incurring the need of a bigger batteGonsequentlysensors armostprobably the main

drivers of theperformancef an agent

3.3.2 Macroscopic level: the svarm
Swarm modeling is a key element for this work due to its link with emergence of
behaviorandhas to be carefully integrated into the mesoscopic model. This latter is based

on a rather detailed modeling of the agdmisa simple modelingf the rulesof theswarm.

One of he main design variatdefor the macroscopic level ishé type of control
architecture. Ahandful of schemebBasbeen developed aral comparison is proposed in
Table 3.6. Such control schemes are first idied between centralized and decentralized
methods. In the first category, a central unit which may be a ground station or a swarm
agent itself, is in charge of the cohesion and the decision within the sWaisvaccess to

global information leads to infrsic coordination ofhe group and optimal resu(312].

In the latter categoryno such central leade¥xists and the swarm control is
achieved by the artificial intelligence of each individual agkente consensugschnique,
each agent takes into account the information communicated by the others in a voting
system. If the voting score exceeds a given threshold function, an action has to be taken by
the agent. The partitioned method is particularly adapted for mgypprirposes or other
areabased missions since the space is separated in different areas. Each agent is then
assigned a particular space and tbmmunicationbetween the agents insures that they
remain in their aredn the distributed scheme, no commuation is necessary since every

agent is only capable of detecting the other agents and acts based on their behavior.
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Finally, there exist a hybrid category representing a mix between centralized and
decentralized approaches so that the control does nehdiem one unique leader but on

several subbeadersscatteredvithin the group.

The decentralized control schenugide the complex behavior and decision tasks
into individual parallel processes performed on each robot, this generally guarantees better
flexibility and scalability of the swarm. Howeverhike theylower the use of bandwidth
by the system, they tend to be much more complicated to implement than a centralized
architecture. Moreover, they are also inclined to more instability and arer@sctable
[115], making it difficult to obtain a coherent global behavi@12]. In addition,
decentralized techniques imply that a mutual detection algorithm be implemented between
individual agents. Finally, decentralized architectures present risks of losing units when
they go out of the communication range of all other neighbors. In terms of implementation,
the leader/follower, the hierarchical, and the partitioned approaches aimghess and
could fit the assumptions of the mesoscopic scale. In sum, the centralized control
architecture seems to be the most widely used, the simplest to implement and corresponds
to the mesoscopic description. In terms of implementation, the comttutegture can

follow guidelines from213].
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Table 3.6: Swarm control architectures

Architecture Representation Advantages Limitations

Centralized

9 Vulnerable to loss of lead
1 Reliable and 1 Communication required
Leader predictable between leader and eve
Follower 1 Quick swarm respons ~ agent
possible 1 Leader requires high

bandwidth capability
Decentralized

Consensus i _ ,
9 Lower bandwidth 9 Communication required
requirements between all agents
9 Robustdecision- 1 Not as predictable
making 1 Requires voting
" 1 No critical nodes 1 Slower overall
Partitioned
9 No communication 9 Difficult to reliably and
required quickly control
Distributed 1 Absolute position notY Requires all agents to be
required detected asear
1 No critical nodes neighbors
Hybrid

1 Fairly reliable and
predictable 1 Leadetfollower
Hierarchical  Loss of one leaderis ~ communication requirec
not catastrophic  § Coordinaion required
1 Quick partialswarm betweersubgroups

response possible
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An additionalset of assumptions is henceaddished here below:

1 Perfect communication between the agents, equivalent to an infinite
communication range.

1 No collisions are modeledHowever, saturation of the mission space magpen
if too many agents are deployed. This is represented by the area occupied by the
agents when they fly at the same altitude.

1 Limits of numerality are also represented by the computatmoinetwork

bandwidthlimits of the centralized entity.

This setof assumptions makethe swarm performance on a given mission
deterministic. This liberates from the use of replicatifms each mission executipn
consequently accelerating the model evaluation: a key requirement for mesoscopic
representations. Moreovethis has the advantage of speeding up the design space
explorationFor the same reasons, uncertalyond the marginal performance quantities

is not considered in the scope of this work.

3.3.3 Agent-based simulation

An agentbased model is a computational aeb that enables the simulation of
autonomous agents and their interactions, resulting in modifications of a system and its
environment.Such modelsare particularly adapted for complex systems with nonlinear
dynamics, heterogenejtyand emergenceAs a mdter of fact, fliagentbased modeling
postulates that the global behavior of a complex system derives from the lower level

interactions of its constituent elemem{d60]. This category of modslhence seems
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perfectly adequa for the scope of this researdhe main modules of an agdmsed

model are the environment, the agents, and their intera¢teakigure3.14).

World

.
P World dyramics
\—‘ Environment }J

Agent Agent

Sensors l%I Controller H Actuators | | Sensors |%| Controller l%I Actuators

Figure 3.14: Proposed agentbased model architecture

Mostly based oii214], a list ofstateof-the-art platforms for sentific agentbased
simulationis detailed here below and compared witlstom implementation3.hese can
also be compared wvhtthe multirobot simulators described ihable 2.3. Criteria of
comparison include scalability and speed, ability to model complex systems, memory

management, and the learning curve required to use such frameworks.

Swarm: implementing both a model for swarm hierarchies and a virtual laboratory, Swarm
is based on schedules of actions that the objects exdaiges its own data structures and
memory management modulaitially implemented in ObjectiwE, it is amature library
platform, stable and well organizedt lacks however some capabilitisserrorhandling

and developer tooldava Swarm ignattempt toaccess the Swarm Objecti@libraries

from Java interfacesfter a strong demand among users. Sddl,a quick suliptimal
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implementationit seems to fail in combining the strengths of Java with the capabilities of

the Swarm platform.

Repast:aimed at making the functionalitie$ Swarmavailable in Java, Repast is mainly
focused on social science, hence lacking soatlapted for other domains. Despite

improvements in interface and btiitt examples, Repast has a steep learning curve.

MASON: designed with execution speed as a priority for complex models, it is less mature

than the other alternatives but includes gpadhllelization capabilities.

NetLogo: originally an educational tool, it is focused on ease of lisecludes its own
programming language but focuses mostly on one type of application: mobilts age

interacting on a grid space with short local intéens.

ROS/Gazebo:the Robot Operating System (ROS) is an abstraction layer (middleware)
used between simulated robots and real robots and it includes a simulator called Gazebo.
This latter incorporates a powerful and fast physics engine able to simwlatie range

of sensors and apply textures to the environment. Based on a C++ implementation, this
simulator is quite fast but would struggle with kangumber of robots in the group due to

the high level of detail of the physics engine.

Additional toolsavailable as resources at the Georgia Institute of Technology or at

the Aerospace Systems Design Labora{&$§DL) are also considered.
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GUST: the Georgia Tech UAV Simulation Tool (GUST) includes tools developed for the
aircraft of the Georgia Tech UAV Resrch Facility: onboard software, ground stataond
simulation environmenf215]. It also includes softwarein-the-loop, a ground control
station, sensor hardware, guidance computer, and primary flight computer testing
cambilities. GUST is mainly designed to focus on the development and integration process
before an aircraft leaves the laboratory. However, it remains mainly adapted to the type of

platforms used by the Georgia Tech UAV Research Facility.

Robotarium: the pioject includes a remotely accessible swarm of robots as well as a
simulator used to develop and tapplications before trying theon the swarm. The aim

of the projectis to have a remotaccess robotics lab where anyone is able to test their
algorithms.The simulator is implemented in Matlab and is simple and fast enough for 2D

simulations up to 100 robots.

NASA World Wind (modified by ASDL): developed by th&lational Aeronautics and
Space AdministratiofNASA), this tool is adapted for displaying amtaracting with
geographic information. Iparticular,it can be used to implement a flight simulator and

the ASDLhas extended its capabilities in order to handle grotipobots.

As underlined by214], these existig platforms should be improved in terms of
statistical outputs and more importantly automating simulation experintéatse, n
addition to these prexisting platforms for agefiiased modeling, the implementation of a

custom model tailored to the neaxfghis research, is considered with three programming
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languages. The first language being considered is MATBAB is widely used in the
research community and includes many biiltlibraries and functionalities. While
MATLAB is easy to use angrovides very good debugging and data visualization
capabilities, it is significantly slow when compared to other programming lang@ges.

is then considered as an alternative as its clojeehted language features would enable
an easy implementation of anesfbased modelThis language is quite fabtut requires

to precisethe type of objects before using the@++ also lacks budin memory
management toalsvhichrequires the coder to manage memory carefully,iatimidating
task b consider for ageritaeed modéng where many objects are involveldva is a good
alternative to C++ as it has proven similarly fast in recent years. Its error checking and
garbage collection capabilities clearly facilitate the implementation of an-bgsetl
model. Based on tie previous descriptionshd capabilities of these platformsare
summarized and comparedTliable3.7. The number of dots represent the degree to which

a feature is present in the considered platform.
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Table 3.7: Agent-based simulation platforms comparison

Simulator Scalapility & I\C/I:(c)Jrc;]epllii)é Memory Learning
Rapidity Capabilities Management Curve
C++ based 000 000 0 0
Javabased 000 000 000 o]
MASON 00 000 00 0®
MATLAB (ASDL) o 6060 00 0
NASA World Wind (ASDL) 000 000 000 0060
GUST (GT) 0 00 00 0060
Robotarium (GT) 00 000 000 0
ROS/Gazebo 0 000 000 0
NetLogo 00 0 00 00
Repast 000 00 00 000
Swarm (ObjectiveC) 00 000 0 0060
Swarm(Java) 00 000 00 00

Basedon the previous observatiorise modified NASA ASDL model seemsiite
suitablefor the considered problematiasd isavailable as a resourddowever, this model
was added on the consequent NASA World Wind developmeah#iencompasses many
dozens of lasses and hundred$ methodsaddinga steep learning curve andite some
complexitycomparedo the required capabilitieMoreover, the architecture is limited in
flexibility, making it hard to add new functionalities to the platfoNetLogo is also a&ery

good option but the whole model code has to be written in one file, a choice which might
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not be adapted to the complexity of this reseafchavabased implementation seems to
regroup the benefits of both these options while enabling to keep ascocople organized
Nevertheless, the development would have to start a completely new implementation,
adding a considerable lead time before starting any experintdéetse,a reasonable
learning curve is chosen asmain decision criterioso thatthe ROSGazebo and the
Robotarium simulators can be adapted for respectively 3D microscopic and 2D mesoscopic

models

3.3.4 Testbed mission

Owing to the lack of standarag swarm engineering, no established canonical
mission existgo testmulti-robot systems. Henceyhile this thesis proposes a generic
framework for the design of multobot systems, a specific testbed mission has to be
chosen to demonstrate its capabilities. In theory, any type of mission can be plugged in the
framework and adapted to the requirersemiposed on the designers. For this specific
implementation, a largscale topographical survey is chodassed on aerial imagery

(Figure3.15).

Figure 3.15: Representation of the testbed mission
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[216] predicts that the agricultuidronesector willgenerate 100,000 jobs in the
U.S. and $82 billion in economic activity, clearly establishing the potential growth of such
applicationd217]. Leader in the field, SkyPlan advertises a coverage of 60 to 600 ha per
flight using SenseFly dron¢218]. As a reference, a soccer field has an area of 0.714 ha.
Without cooperation[219] shows that it requires 40 flights accounting for 22 total hours,
in order to survey an area of 39 krithis requires 1&orkersand 6 weeks are necessary
to deliver the data to the custom®8uch performance could grgabenefit from the use of
multi-robot systems.

In addition, this type of mission proposes salVadvantages:saan area grithased
mission, it can be easily extended to other similar missions (mapping, surveillance, search
andrescue etc). Such missios constitute a large component of the application spectrum
for multi-robot systems. As such, it is a direct extension of the imaging/mapping canonical
example given in sectiah L

The implementation of such asgion relies mostly oaproper navigatioscheme
for the fleetdepending on the terrain conditioasdthe analysis used to stitch the captured
data togetheiStrategies of exploration and mapping can be inspired [2éd] and[220].

The following paragraphs detail the different steps required imibsion

Aerial imagery. geotagged RGB images are captured from the d{eigeire 3.16) with
typical high esolution cameras (around -Megapixel). The altitude of the drone

determines th&round Sampling Distance (GSD).
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Figure 3.16: Aerial imagery [218]

A given GSD requiremd hence limits the area covered in one flight. The quality
required for such images implies some limitations on the flight conditions or on the
performance of the system:

A No more than 5@egree flying angles
Wind can affect data capture
Low-hanging cloud can affect image quality

Large water bodies or snow fields are unfavorable

Do Do Do Do

GPS signal can be erroneous between buildings

Orthomosaics ortho-Mosaicking consists in the combination of two processesp-orth

rectification and mosaicking@21] (Figure3.17).

Figure 3.17: Orthomosaics[218]
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The first one corrects the distorti@and perspectiveffectsdue tothe amera
intrinsic parametergfocal length, optic centegnd its anglevith the vertical so that the
map projection scale remains constant throughout the irttagay also account for relief
effects to create an image which is plane and metrically coAectualization of common
deformation effectss presented ofrigure 3.18 andthe process of orthrectification can

be visualized offrigure3.19.

N\

T =1
I i p
1 1
1 1
1 1

Translation Scaled iigid Shear Perspective Terrain relief

Figure 3.18 Common geometric transformations

(a) Original image (b) Ortho-rectified image

Figure 3.19: Ortho -rectification process
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Finally, mosaicking is the process of stitching different images of the same scene

together in ordeto obtain a single imagé&igure3.20).

Figure 3.20: Mosaicking [222]

The finalorthomosaimbtained from this process enables the direct superposition
of images with GPS data without any shithe accuacy obtained on the final modsl 1
to 2 times the GSD for horizontal coordiestand 2 to 3 times the GSD for vertical
coordinates. Hence, a project with a GSD e will most likely generate data with 3 to

6 cm of horizontal accuracy and 6 to 9 cm of vertical accyisj.

Surface models thanks to the geotags available with each picture taken, it is possible to
identify a very large number of matching features between the images and later generate

3D point clouds and surface models.

Figure 3.21: Surface modelg218]
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The sampling distance generally obtained for the surface models ranges from 2 to

4 times that of the captured images.

3.4 Decisionmaking process

Last step in the traditional tegown design procedurtihe decisiormaking process
aims atallowing designers to prioritize olggves andvisualize tradeoffs between
constraints and objectiveBy using a priori optimization techniques, the optimization
algorithm proposed in sectidh3.2provides only one optimal solution. While this tends
to suggest that there is no real decisiaking step once optimization has been carried
out, it relies on the assumption that the designer is able to correctly prioritize the objectives
into the aggregate objective function. Hence, choosing the weafhtee aggregate
function is an indirect decisiemaking exerciseas it affects the way each objective is
considered to evaluate the performance of the rmlitbt system. However, since the a
priori knowledge of the effects of such weights on the optimal solutiontimtuitive, it

is difficult to qualify this as a true decisianaking process.

A possible solution is to vary these weights in order to obtain several selamion
then compare #m and make the decision process based on this set of solutions. By first
varying the weights around the values chosen by the designer, it is possible to assess the
robustness of the solution with respect to the requirements. It helps in making sure that a
completely different solution is not obtained if the weights are slightly modified.will
ensure that the performance is the expected one once the system is implemented in reality
with noisy sensors and manufacturing imperfectidingn, by giving corpletely different

values to the weights, the designer is able to consider several weighting scenarios and chose
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the bestamongthem. Such a decision can be done using Tteehnique for Order

Preference by Similarity to Ideal SolutighOPSIS method for istancg173].

3.5 Verification and validation

The step of verification and validatioa essential to check on one hand that the
proposed methodology is able to meet the requiresr&fithe different experiments, and
on the otler hand that it correctly modefsulti-robot systems such as those ussahe
research community. The combination of both elements will ensure the consistency of the
proposed approachlote that thirdparty pieces of code which have already been verified

and validated do not need to be included in this step.

First, the ‘erification step is designed to ensure thia modeling part is done in
line with the requirements established in the proposed approach. Its main purpose is to
make sure that models amplemented correctly without any bugs or errors. For this
matter, systematic unit tests are created and executed for the diffigaithmsat stake.
Since most of the implementation is deterministic as per the proposed methodology, such
unit tests are wjte simple to implement and verityith synthetized datd&replications are

used for stochastic processes in order to be able to draw consistent conclusions.

Then, the validation procegertifies that the methodology is able to predict the
performance ofealworld systems. Given that swarm physical design optimization is a
missing topic(seesecondchapterpage74), the validation of this part of the work is
impossible by comparing results with existing systems. Howevemtaoycing the number

of robots in the swarm to oni is pcssible to compare the obtained swatesign with
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existing single systems performing a given mission. This enaidegalidation ofthe

design optimization schemigloreover, the modeling and sinatiion community is having

a hard timdinding an appropriate method to validate ageased modelgL40]. Indeed,

these are large complex systems which cannot easily be replicated in reality in the same
way thatsimplerphysical experiments cai\ validation technique which can possibly be

used in this particular case is to make sure that the comparison between different designs
still holdswhen the detail and fidelity level of the models is varlagarticular, this helps

in ensuring that a design remains optimal as the detail level is increased from conceptual

level to actual implementation.

The implementation of the approggfesentedn this chapter, complemented with
the solutions proposed in the previous one, prevade/ay to carry out the experiments
designed earlier on to investigate the research objediivese experiments will then

provide results possibly validating thggotheses formulated in chapte2l2APTER 2

3.6 Summary

The probleratic to be addressedhas now been rigorously formulated and
complemented with a proposed approae€igfre 3.22), this subsection summarizes the
formal research proceasid the contributions anticipated from the research effort.

Thedesign framework developed in this research is expected to bring advances in
the exploration of extremely large design spaces with group architectures. Furthermore, the
conceived methodology is also presumed to provide designers with a better undeystandin

of the intrications and inner workings of meidtibotics. For want of a testbed application,
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this research will also provide the field of mulbotics with a testbed framework virtually

extendible to any mukiobot application.

Robots Swar ms Swarm Engi
Observations 1 Observations 2 Observations 3
A Many drone tyj A Des i g n-foboysystemm A Groups might
available requires much nre commitment A o o f 5 th g n sifdgle agent
A ThIS diversity t@nf‘i‘@%ngl?@?mn th'y rou designs
A single robot t8iYo A €c £ Nfd N pOSS|b|I|t|esaiareconS|§erec5 Rostly "

overcome by collaboration experimental and avawgardist

military applications homogeneous and subptimal

Assertion 1 Assertion 2 Assertion 3
There is a need to evaluate and
There is a potential to take A standard physical design proces compare thegal advantage of
advantage of the diversity for multi-robot systems is needed different optimized multrobot
of the existing drone fleet to foster their democratization systems versus optimized single

robot solutions on a given mission

Research Objective
Establish a methodology that enables the optimum design ofmolidit systems and the evaluation of
tradeoffs between individual architecture development and numerality to achieve group performe

- --r

n I
pi nd an
is

e [

Figure 3.22. Summary of the research process
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Figure 3.23: Proposed design space exploration technique summary
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Design space explorationithe design domain for a swarm of robatften end up
involving extremely large numbers of designs to be studied, significantly due to numerality
(Figurel.37). Current approaches fail to properly study such design spaces in terms of both
guantity of cosidered alternativesdut alsoquality of coverageThe presented design
space exploration metho@igure 3.23) proposes a solution to explore extremely large
design spacewhich aregenerated when having to choose several desigirsed among

multiple architectures.

Insights on robotics swarm design the present research originated from justified

guestions such as:

91 Does using a swarm always provide increased performance for a given mission?

1 After a change in mission requiremgns it better to increase the swarm size or
increase the capabilities of each agent in ordestitbbe able tocomplete the
mission?

1 Should a designer spend more time on developingytbep architecture or on
improving the R&D and individual performamof each ageft

1 For a given mission, what is the optimal swarm architecture?

Answering this type of doubter rather providinglesigners with a framework to
answer these questions,part of the expected contributions of this worke ability to
elaboate and evaluate the performance of sevetabdtic swarmarchitectures is expected
to provide a new level of insight on their possible bendfits.only will the performance

be quantifiedvith respect to standardized metribsit it will also be compacdewith other
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existing solutions on given requirementsis will provide answers to the need established

in the third assertion of the motivation sectionet@luate the real advantage of swarms
versus singleobot solutions on a given mission. For ins@nthe benefits of using a
robotic swarm for imaging solutionssigure 1.5) will be evaluated in terms of cost.
Moreover, the performance losses incurred by sequential optimization of a swarm as
opposed to the ppmsed methodology, linking microscopic and macroscopic level, will be
measured and analyzed. This will provide indications on the type of performance
improvements which could be achieved if an approach bridging the microscopic
macroscopic link was utilizeloy the community.

Finally, the introduction of performance metrics such as the marginal group
performance is expected to provide precious additional insight on the benefits of adding
entities to a group of robots. Used with different design variablese tharginal quantities
predict the profile of the response and constitute a tool for design tradeoffs. On the other
hand, the limit of parallelism effectiveness is an attempt to provide conceptual designers

with an absolute reference of when the advantafjparallelization start to vanish.

Testbed framework as mentioned in chaptet, the design of muliobot systems is
particularly hard due to a lack of established simulators and standard testis@bscéf

it seems impossible to firmuniversal benchmark application encompassing all the diverse
aspects of mukrobotics such as collective exploration, chain format@mncoordinated
motion; elaborating a standardized design methodology ablendidvany application, is
however achievable. Thanks to the proposed methodology and implementation, the testbed

mission is completely modular depending on the actions encoded in each of thaadents
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in the group logic The individual behaviors have to beodified as well as the generic
benchmarking metrics introduced section3.1.3 For example, the imagintestbed
mission can easily be changed tocrdinated motion ond-irst, the individual tasks of
mapping given areas have to be changed to tasksrofing and following the motion of
neighboring agentsrhen,the overall groupstrategymight also have to be changed at the
swarm level. Once the mission is correctly implemented, appropriate metrics Haae to
used in th@rocessn order to compare different swarm architectures for this given mission.
For examplethe mission performance metric can now be the time required to complete the
desired motion anthe mission completion metric can evaluate dbelty of the swarm

motion.

The next chapters detail the implementation of the experinf@mesch one of the
main research axe§ifure 2.1 page74), as well as the conclusions obtained from the

resuts.

231



CHAPTER 4

LINKING MICROSCOPIC AND MACROSCOPIC LEVE LS

Established as a main research axis in the previous sections, the lack of a link
between the microscopic and macroscopic levels of a swarming system was decomposed
into two sets ofmain research questigris/potheses, and corresponding experimértite
first setfocuses on evaluating whether a possible linkage between the two levels would
incur improvements in the optimal design of mudtbot systems.Assuming that
enhancements are indeed possilble Seondsetexpands on how specifically this existing
gap between the two levatsuld be bridgedThis section details the experiments carried
out and the results obtained in response to the first two research questions of this thesis

work.
4.1 Animprovement for the design of multirobot systems

This first subsection details the study of the first research question and the first

hypothesis, both of which are recalled here for reference.

Research question 1

Can multirobot systems designs be improved by linking

microscopic and macroscopic levels?
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Hypothess 1
IF an approach leveraging the interdependence betwe
microscopic and macroscopic levels is used
THEN significant improvements in average performanc
can be achieved in the design of muttbot systems

compared to traditional sequential optimization scheme

In addition to the explanation provided in secti®ri, one may considethe
macroscopic level and the microscopic level with one variable each onlghdnigossibé
to easily visualize the problem posed by sequential optimization as opposed to global
optimization. Indeed, looking &igure4.1, performing sequential optimization consists in
optimizing based omv first and then®w  (micro-macro optimizatiojy or viceversa
(macremicro optimization. This translates into constraining the optimum search along a
specific direction to reach a temporary optimum (circle), and then updating the search
direction to reach a final optium (star) from this previous temporary one. While this may
work when the design variables are defined along the Eigen vectors of the fitness function

(Figure4.1), it fails when there is a correlation between the design vari@fipse4.2).

233



& Swarm fitness
' Micro-macro optimum
Macro-micro optimum
® (Global optimum

Temporary sequential optima
Final optima

Figure 4.1: Sequential optimization without correlation

In this first figure, the fitness function for the swarm is modeled as:

Equation 4.1: Uncorrelated example function

QD A v () v

The optimum search is started fram arbitrary valué o for the macremicro
caseand from® T for the micremacro case. Since therg no correlation term
betweend and® , sequential optimization is able to find the true optimum of the fitness

function in both cases, independently of the starting values.
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& Swarm fitness
. Micro-macro optimum
Macro-micro optimum
® (Global optimum

B Temporary sequential optima
® Final optima

out

Figure 4.2: Sequential optimization with correlation

For the second figure, a correlation term is introduced:

Equation 4.2: Correlated example function

Q0 D) ) D) 0] () U ® )

Note that the location of the global minimum is not affectdus time, starting
from the same initial pointss beforesequential optimization is not only unable to find the
true optimum swarm configuration, but it also ends up in two diftevptima depending

on thetype of algorithm usedrhese local optimalso depend on the initial post
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The goal of this section is then to answer the research question by concluding
whether this type of observations can be made for bt systemsgrformanceThe
following subsections provide the key elements necessary for carrying out experiment 1
which compares sequential and global optimization in the context ofrobdt systems

optimal design.

4.1.1 Global optimization algorithm

Key requirement ofthis first experiment, the role of the global optimization
algorithm is to optimize simultaneously the macroscopic level as well as the microscopic
level without separating them ahdving to optimizehem sequentially. As explained in
the hypothesis of séion 2.3.2.2 a btlevel genetic algorithm is considered for this
particular taskThe reader should refer to secti2 for a complete analysis of this global

optimization algorithm.

4.1.2 Sequential gtimization algorithm

This first experiment also requires a sequential optimization algorithm to be
compared to the global optimization one. In particular, both algorithms should reflect the
same complexity so that they are somehow comparable in thagipneand convergence
time. Given that a genetic algorithm is chosen for the implementation of the global
optimization algorithm (see sectidn2 page 345, the same choice is made for the
macrosceic optimizer and the microscopic optimizEence, theralidatedMatlab genetic
algorithm solver is chosen to be the optimizer for the sequential optimization algorithm.

As for the implementatiortyvo cases have to be considered and are explained hereafte
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Micro -macro optimization: the agents are first optimized individually with respect to the
mission requirements before the optimization of the group constitaitionwith respect

to the same mission requireme(gseFigure4.3).

Mission Mission Mission
requirements requirements requirements
0 oo PTIB T 0 6o TUPMB T W o TUTHB Ip
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acrosco w ‘ requirements

nz

w

Figure 4.3: Micro -macro optimizer

Hence, for each architecture, one vehicle is set to perform the miakiae
accordng to the mission requirementis step yields individual vehicles which are each
optimized to carry out the given mission alone. Then, the macroscopic optimizer handles
the composition of the group as well as other macroscopic variabteEeide how many
optimal vehicles of each architecture will constitute the cooperative swarm. Each iteration

sees the group perform the mission with the optimal vehicles obtained from the
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microscopic optimization. This mostly corresponds to what is dofieei current state of
multi-robotics research: individual platforms are independently optimizedifferent
missions and by different organizations, and put together to collaborate and carry out
another mission. Note that here the vehicles are alrgagyined with respect to theame

mission they will have to caryutin agroup, which is generally not the case in reality.

Macro-micro optimization: the group composition is first optimized with respect to the
mission requirements before optimizing therameters of each constituent of the group

with respect to the same mission requiremésdsFigure4.4).

Mission requirements
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Figure 4.4: Macro-micro optimizer

238



This type of optimization is more dehte to carry out since a pexistent
baseline has to be available for each architec@wasidering these remarks, macro
micro optimization is almost equivalent to having an additional microscopic optimization

after a micremacro optimization.

It is important to note here that the notation used and® is slightly different
than the one used in the remainder of this thesis. In particular, when considering the
sequential optimization schemi®, refers more precisely while & represents
in reality & given the separation of microscopic and macroscopicdevieén using

sequential optimization.

In addition,in the case of the micnmacro optimization, the individual constituents
of the swam are optimized with respect to the same mission requirements that the group
will face. This is generally note the case for what is currently observed in the research
community: scientists tend to gather platforms which designs were optimizeds&ons
which are differenfrom what the swarm is required to carry.obbr instance, research
groups might purchase DJI Phantom drones which are optimized for aerial photography,
and make several of them work collaboratively on a formation flight agiic with
different requirementsSubsequently, it is expected that the results obtaimedighout
this experiment will be pessimistic with respect to the actual improvements that could be

obtained in the optimal design of multibot systems.
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4.1.3 Verification and validation

The macroscopic optimizer and the microscopic optimizer are both based on the
Matlab genetic algorithm which is a validated piece of software. Hence, there is no need to
further validate these two loopslowever, he validation of the global optiization
algorithm isrequired andletailed in sectiob.2.2page364. Moreover, the fithess functions
(simulation models) used in conjunction with these algorithms are validatdtkein

respectivechapter

4.1.4 Experimentation

The experiment used to study research question 1 and demonstrate the interest of
simultaneous optimization for multobot systems is the same used for theothictory
example of sectio.1 The reader can hence refer to p@gdor a complete description
of the canonical mission and the derivation of the corresponding macroscopic Timislel.
simple moe! is sufficient and adequate to answer the first research quastiboontains
all the elements required to establish a surrogate of-nabltit missions. Indeed, it contains
mobile robots with individual capabilities in terms of sensors and motioredver, group
dynamics are emulated through a particular deployment scheme that involves different
traveling distances for each of the agents of the grblis. canonical missiors used in
the micremacro, macremicro, and simultaneous optimizers in tlldwing subsections

for conclusions to be drawn.

Note thatin the case of micronacro optimization the architectures are optimized
as if they had only one vehicle performing the missince these will be integrated into

a swarming system, all the vel@is for a given architecture will hence have the same
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configurationthis is the same as considering only a partial heterogdserysectiob.2.1
andFigure5.35 for details).As a consequence, ndditional experimentation is done in
this section to study the effects of flikéterogeneityersus partial heterogeneity in the

group since partial heterogeneity is intrinsically enforced.
4.1.4.1 Homogeneous swarms
4.1.4.1.1 First grategy: optimizing a single vehicle

The microomacroand globaloptimization on the canonical missiarere already
performed a first time in sectiahl using a full factorial design of experiments on the
considered design spade™ Oplp randO M Tiprt m/swith steps of m/s. This time,
thedifferentoptimizess presented in the previous subsatareused to draw conclusions
andthe macremicro optimizer is also introduced. For each of the cases presented hereatfter,
the three optimizers are rundacompared with respect to the criteria established for

experiment 1.

Experiment 1.1: First, the mission and cost parameters are fixed as follow: p 11 dr,

map size ofx p mdrbyd p mdr, agent fixed cosd o, swarm fixed cosb

p mand unitcostof individual performance (velocitgp p G . The cost constraint

is fixed atd X TThe baseline veloti used for the macrmicro optimization is fixed

at 5 m/s which corresponds to the average of the bounds of the designFgpaest.5,

shows the results of this first experiment. The three optimum solutions are represdnted wit
the costconstrained region. In addition, the second search directions used by the sequential
algorithms are represented. Fomstance, forthe micremacro optimized the search

direction is along the optimal velocity found by the micro optimization.
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Figure 4.5: Plot of experiment1.1

Similar to the results found in the canonical example,ntie¥o-macro optimal
swarm composition is found to be 4 vehicles at 10 m/s each for a total cost of 62 units and
amission mapping time of 285 secondibe whole set of results is presented @ble4.1,
with the relative difference with respect to the solution found by the simultaneous

optimizer.
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Table 4.1: Results of experimentl.1

Variable/Metric Macro-micro Micro -macro Simultaneous
N 7 (+40%) 4 (-20%) 5
v (m/s) 5.57(-38%) 10 (11%) 9
Mapping time (s) 323(+23%) 285 (+9%) 262
Cost 70(0%) 62 (-11%) 70

A first observation ishat the solution derived by the maenicro optimizer seems
less performant than the other two although it reaches the maximum cost constraint. This
can be explained in the following way: the maoriwro optimizer first decides on a
number of vehicles timtegrate in the swarmvhich still fits inside the cost constraint. Since
the number of vehicles can be increased only one by one, the cost increases a lot for each
additional vehicle. Once the number N of vehicles is decided, the micro optimization takes
place and tries to maximize the velocity of the N agents so that the mapping time decreases.
However, the velocity increments are much finer than the numerality increments and the
optimizer is able to get much closer to the cost constraint. On the gotliamicremacro
optimization finishes with the macro optimization, taking much larger increments in cost
(by changing only the number of vehicles) and does not have such a refinement. Hence,
the cost of thenicro-macro optimization is far from tHeudge constraint of 7@ost units
despite proving a better performance in mapping time.

Indeed, n this first micremacro optimization, the micro optimization is
constrained by the same cost constraint as for the macro optimization. This means that a
single véicle could cost up to 70 units. While this clearly illustsaige of the points of

micro-macro optimization where more resources can be allocated to the microscopic level,
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it does not correspond to reabrld situations. Instead, the cost of a singlendagbould be
decently constrained for the micro optimization, this is illustrated in the next-m@&coo
optimization.

Another observation is that the magnicro optimizer favors numerality (point on
the left of the global optimum) whereas the mioraco focuses on the individual

performance of the agents (point at the right of the graph).

Experiment 1.2: For this secondxperiment, the cost constraon a single vehicle is fixed

at 10 units of cost, a limit slightly lower than the maximum cost achievd 3 units.
Hence, the micranacro optimizer can no longer opt to simply assign the maximum
velocity for each agent and then assen@lgroup of theselite agents. This time, the
micro-macro optimum has a much lower velocity than befthhe cyan sealcdirection

has shifted to the left oRigure 4.6. With this newtechnique the results are listed and

compared infable4.2.
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Figure 4.6: Plot of experiment 1.2

Table 4.2: Results of experimentl.2

10*

Swarm performance (mapping time (s))

Variable/Metric Macro-micro Micro-macro  Simultaneous
N 7 (+40%) 5 (0%) 5
v (m/s) 5.57(-38%) 7 (-22%) 9
Mapping time (s) 323(+23%) 337 (+2%%) 262
Cost 70 (0%) 60 (-14%) 70
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As expected, the maciicro optimization results are unchanged. Being more
constrained for the micro optimization, the mienacro optimizer now exhibits a worse
performance than in the first experiment. In fact, it obtdiessame number of vehicles as
the simultaneous optimization but since it is sequeritial not able to dynamically derive
a constraint on the vehicle cost to obtain a cost closer to the constraint and hence maximize
the performance of the swarm. Thiség, the performance difference in mapping time is

worse by 23 to 29 % for the sequential optimizers.

Experiment 1.3: As a third experiment, the cost of individual technology is increased
thanks to a quadratic tertm  T® m/s and the total cost mstraint is increased to 100
units. The goal is hence wightly favor numerality andgive more freedom to the
algorithms to compose a swarm and see in this casesétjwential algorithms are able to
match better with the performance dfet simultaneas optimizer As in the first
experiment, the micro step of the migr@acro optimizer is first constrainedth the same

cost constraint as the whole gro&gure4.7 is obtained.
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Figure 4.7: Plot of experiment1.3

Table 4.3: Results of experimentl1.3

I — | — 0
0
5 5

10*

Swarm performance (mapping time (s))

10

Variable/Metric Macro-micro Micro-macro  Simultaneous
N 5 (-29%) 2 (-71%) 7
v (m/s) 5.60(+30%) 10 (+133%) 4.30
Mapping time(s) 422 (+1%) 530(+27%) 418
Cost 100(0%) 96 (-4%) 100
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A first observation is that the micimoacro optimizer is able to get much closer to
the cost constraint than it did in the first two experiments, hence efficiently utilizing the
assigned budg. However, once again, it favors very expensive individual vehicles with
high performance and finds itself very limited for the macro step once it is time to assemble
a swarm made out of these vehicles. As a consequence, only two vehicles constitute the
optimal group derived by micrmacro optimizer. Despite being within 4% of the cost
constraint, the performance is 27% slower than the optimum swarm derived by the global
algorithm. On the other hand, the maanaro optimum is quite close (within 1% of

performance) to that best optimum while utilizing the total budget.

Experiment 1.4: Finally, the cost of a single vehicle is then limited to 10 units as for the
second experiment in order to get closer to-veald situations antbrce the micremacro

optimizer to favor numerality (sdeigure4.8 andTable4.4).
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Figure 4.8: Plot of experiment1.4

Table 4.4: Results of experimentl.4

Variable/Metric Macro-micro Micro -macro Simultaneous
N 5 (-17%) 8 (+33%) 6
v (m/s) 5.60(15%) 3.44(-29%) 4.87
Mapping time (s) 422 (+1%) 472 (+13%) 417
Cost 100(0%) 90 (-10%) 100
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