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Abstract- In latest years, UAVs are widely used in many ar€hsir advantages attracts researches all around the world. When
UAVs are vanted to be used effectively, swarm systems offer better andagheaatageousolutions.Using a UAV swarm has
someadvantages over a single agent UBMt operation planning must be considered carefully. There are lots of operation
planning algorithms ititerature. If these algorithmare evaluated for their effectiveness, evolutionary algorittonses to the

fore. Operation planning algorithms and UAV swarms are generally tested in simulation environments. There are lots o
simulation environments anddis. They can handlsimulations in many areas ranging from aviatioadtomobile. However,

they do nobffer any features dedicated for UAV swarms. In this work, a simulation software is designed for UAV swarms. The
designed simulation software can planageration for an UAV swarm using evolutionary algorithms and simulate them. In this
paper, the designed software and its architectwergkinedn details
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I. INTRODUCTION e Dynamic: Bolutionary computatioralgorithms
An unmanned aerial vehicle (UAV) is a vehicle which can can be used for dynamic problems.

fly without a pilot or a crew member on it. UAVs are being » Distributed:Evolutionary computation algorithms
widely used in these days. The main reasons behind their can beoperated without being dependent on a
growing usages are the advantafsthey offer. The main centralauthority or decision maker.
advanages of UAVsare safety and their pricd$AVs are very e Autonomous: Evolutionary ~ computation
capablevehicles. However, there are some cases where they algorithmscan work without human interaction.
are wanted to be more capable. In such cases, UAV swarm#\n evolutionary computation algorithm generally consists
are used. of four stepg10] [11]. These steps are initialization, selection,

Swarm systemss a fieldin multi-agentsystemsanddeal genetic operation and terration Genetic operation is
with the coordintion of multiple agentg2]. Its purpose is that composed of two steps; crossover and mutation. The order of
instead of usig a complex agent, coordinatinglatively these steps is shown in Figure 1.
simple agents to complete a task. The behaviors of the social
insectsare takend model the coordination of the agents in the
swam and these behauis give some abilities to swarm l

Initialization Genetic Operation

systems.[3]. Theseabilities are robustnessflexibility and
scalability.Thanks to obustnesswarm systemsancomplete |~
atask despite of failures amenvironmenbr agentsSwarm o I

Mutation

systems can generate effective solnéi for a range of Selection

problems with flexibility. Scalability gives the ability of l N

increasing or decreasing number of agents in a swatimen

an UAV swarm is formed, these abilities can be beneficial and

make UAVs more operationgd]. However, in order to

complete an operation successfully, operation planningst

be considered carefully [SWhen the latest developments in Fig. 1 Order of steps in an evolutionary computation algorithm

the literature are examined,can be seen that evolutionary

Computationa| based Operation p|anning Systems are W|de|yThe algorithm starts with initialization $IE|n initialization,

used for theiefficiency and flexibility advantages. a solution set called population is created. Each solution in
Evolutionary computation solves problems by mimickingPopulation is called chromosome. Then, the algorithm passes

evolution steps in naturé][[7]. Mimicking a natural process o selection step. In seigon step, therés a function called

gives some abilitief8][9] to evolutionary computation. Thesefitness. The function evaluates the populaéod chooses the
abilities are as follows. bestchromosanes. Then, crossover step is started. In this step,

e Flexibility: Evolutionaly computationalgoritrms ~ fwo chromosomes are combined into one chromosdiiter
can be applied to different kinds of problems. ~ crossover step, the algorithm passes to mutation step. In
mutation step, some chromosome values are altered. Then, the
algorithm passes to selection state again. The cycle for

Crossover

Termination
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selection, mutation and crossover is repeated until a desimetworking and moreThese features allowlevelopes to
solution is obtainefl2] [13]. create robust applications for various areas.

When a swarm system is established, it is hard tazee#s The architecture of the developed software foas main
algorithms in real lif§ 14]. Because, there areamy agents in infrastructures. These infrastructures are as follows.
a swarm system. Establishing a swathen testing its e Graphical usemiterface
algorithms inreal life is a challenging task. For these reasons, e Software manager
swarm system researchers most of the time work with o« Object creation infrastructure

simulators. They simulate a swarm system andlgsrithms e Operation planningnfrastructure
in asimulation environment , _ , e  Simulation infrastructure
Swarm systems are generally simulated in 1924 like Figure 2 showrelations of these infrastructures.

MATLAB [ 16] or SCADE Suit [Z]. These kind of tools are
good for simulation.They have very advanced simulation
capabilitiesBut, they are developed for mulpurposeusages
Almost arything can be simulated using these kind of tools.
However; n the case of simulating a swarm systémey do
not offer any delicated featurgor abilities Thus, it is tedious

to set up a swarm system simulation using these kind of

platforms.There are atssome toolsvhich arededicatedor v
swarm system simulation but they are not for UAV swarms. | >  Graphical UserInterface
Besides them, most of the simulation tools are dependad on iforwards commands
single operating systerfhis situation restricts the area of use
for the tools. In addition, the sition also makes it difficult to

User

uses

Software Manager

install these tools. i

In this work, a simulation tool dedicated for UAV swarms T ST prepare and
are designed.The purpose of the tool iglanning and fo create Sendé_def"e“
simulatingswarm operation The designed tool can work in e e
d|ffer¢nt oper_atlng systenT.he suppor?ed operation syste_m Obioct Craation Infrastructing
are Linux, Windows and/acOS.In this paper, we explain
how the simulation tool is designed in details. The oéshe prepare and
paper is structured as follows. In section 2, materials and gives command to plan an sends desired
method of the work is addressed. Sectiopr&entssome con%‘;irrzttiﬁ:wg:éEliﬁfﬁ?a[:ion Sl
experiments and their results and the conclusion of the work is objects

v

given in Section 4. Operation Planning

Infrastructure

Il. MATERIALS AND METHOD .
gives command to

The software is developed using C++ Programming simulate an desired
. . . . _ ) operation plan
Language and Object Oriented Programming paradigm. notify user interface to
Abilities of the software are as follows. \___show simulation steps Simulation Infrastructure
e Operation planning of a single UAV.
e Operation planning of HAV swarm Fig. 2 Relationshig among the infrastructures of designed simulation
e Adding a new UAV model. software
e Defining a UAV swarm that has homogenous

As it can be seen in the figure, a user nanage alhis
rocesses via graphical user interface. The graphical user
terface forwards all the commands to software manager.
Users can control the software using buttams the user

architecture.

e Defining a UAV swarm that has heterogeneou
architecture.

e Adding a new threat type.

interface.
o Defining an operatiothat has one type of threat. Software managetontrols theinfrastructures and provides
 Defining an operation that has multiptgpes of collabomtion among thenit handles all the functionality the
threats. software has andontains all thesoftware data including
e Adding a map to simulation. UAVs, threats and mapsAll buttons in graphical user
e Applying different kind ofevolutionary computation interface trigges a process insoftware manager These
algorithms foroperation planning processesmanage desired commandis help preparinga

The developed software has graphical user irterfar easy simulation environmerand simulate an operatiofihanks to
use. Users can set up simulation environments, swarm systeygfiware manager, modifications to the tool can be done easily
and operations using the graphical interfaQe.Framework and new features can be added without any changes to existing
[18] is used in order implement the graphical interface angbdes.Thus, sftware manager makes the tool flele and
some of theabilities mentioned above. robust.

Qt Framework is an appfation development framework  Objects creation infrastructure gets commands from
that offers developers to design crpdatform applicatios  simulation manager. It is responsible for creating UAV, threat
with graphical user interface®t has lots of librariefor C++  and map instances. When user wants to create these objects, he
programming languagesanging from 2D rendering to orders them via graphical user interface. Graphical user

interface notifies object creation infrastructure via software
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managerClassesare defined for representing UAY/ threas
and mapThese classes implements prototype design pattern. Add a map
Object creation infrastructure uses prototype design pattern
embedded irrachclasses to create objects. When the objects
are created, they are sent to software manager to Stoject
creation infrastructure can create all kind of objects. In case of
adding creating new types of objects, its implementation can
be added easily.

When an operation wanted to be planned, operation
planning infrastructure is executed. Its purpose is planning i o

Add a UAV model

Add a threat type

NN

desired operations using desired algorithms. It takes an
operation definition as inpfitom software managend create
an operation plan as outpo software manageAn operation User
definition includes properties of UAV swarm, properties of
threats, properties of operation and the mRmperties of
UAV swarm defineghere arenhow manyagents in the swarm Plan operation
andmodds of each agents. Operation plarminfrastructure
is designed to plan operation for any size of swarm. So,
number of agets in the swarm can be 1 or N. Properties of Start simulation
threats addresses how many threats are there in the operation
and what is the type of each threaOperation planning
infrastructure can handle any number and any types of threats.
There can be 0 or N number of threats in the operation.
Properties of an operation describes operation location and Fig. 3 Functionalities of the software
kind of operation. Operatigtanbe located anywhere in the
map.Operation kindgan besurveillance and reconnaissance When a user wants to add a méereis a class whose name
The map is set using graphical user interface stocedin  is Map A map is epresented with Map clas&n instance of
softwaremanager. In case of planning an operatiomapis Map class is createdia object creation infrastructur@he
also needed. Operation planning infrastructure is designedinstance is used for representitige selectedmap in the
handle any map$peration defiition is processed to create software.
an operation plan. The process is managed by the algorithmA new UAV model is added to software witnteing a
applied. Thanks to modular design of operation planningodelnameand a colorColor is used to represeatUAV in
infrastructure, any kind of operation planning algorithm can e map. There is@ass in the software whose name is UAV.
implemented or any kind ofBparty libraries an be added. The class inherits Simltem anejpresents an UAWVhen the
Operation planning infrastructure can also be moved teser enters a UAV model and a color, an Uélgssinstance
another softwareln this work, an evolutionary computationis createdvia object creation infrastructurand stored in
algorithmis implemented in the tool'he algorithm outputa  software manager.
planned operation. The planned operation is taken by Type, color, width and height must be enterdtewanew
operation phnning infrastructure and sent to softwardhreattypeis wanted to be added.ype field stores type dd
manager. threat. Color field is for representiaghreat in the map. Width
Simulation infrastructure manages simulatioithen user and height fields define size afthreat.A threat is represented
starts or stop simulation via graphical user interface, thethe software with a class whose name is Threat. Threat class
commands are forwarded to simulation manager. Simulati@tso inheritswith Simltem class. When the usentersthe
manger executes simulation rastructure. There is an fields, a Theat class instance is creatéd object creation
interface named Simitem in the software. All the objects whidhfrastructureand stored in software manager.
can be simulated must i mpl Maagetswasm fdrictiosality is providewfdetermine T h e
interface provides simulation capabilitiesSimulation number of UAVsfor each UAV modeandnumber ofthreats
infrastructur e u singlatedbject$Thee for dach theeat type§Vben theyuser enters desired number of
behaviours of objects are defined in functions provided by titereats and UAVs, object creation infragtture creates the
interface. The objects are changed during simulation withstances and sends them to software manager to store.
respect to these functiorimulation is executed step by step. In the software, operation properties are managea cfi@ss
In each step, simulated objects are changed and changesvdrese name is Operation. Operation class represents an
reflected to screen by notifying graphical user interfaceaperation. There is a Operation class instance which is
Thanks to simulation infrastructuse modular design,ew createddefault.Propertiesof an operation are type, width and
simulation capabilities can be addedexisting ones can be height. Typepropertyindicates type of th@peration There
modified easily. are two types of operation in the software. These are
The infrastructure of the software provides all the surveillance and reconnaissan One of them can be selected.
functionaliies for the software Their designs adw new Width and heighpropeties define tie size of the operation.
functionalities to be added with eag@llowing figure has a When user wants to manage an operation, he modifies the
use case diagram which shows the functionalities of thiestance.
software. Plan operation functionality is triggeretb plan an
operation.Software manager creates an operation definition
and sends it to operation planniirgrastructure. Operation

Manage operation

e

Stop simulation
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planning infrastructure plans the operation and sends it toFirst, MOEA/D algorithm is tested. The téscompleted in
again software manager to store. The stored operation can7d@ns. Figure 6shows besand averagefithess/generation

simulated any time. graphfor first and seconégens.
In order to manage simulation functionalities, commanc Best and Average fitness/Generation Plot
are forwarded to software manageBoftware manager Agent 1 o netpenaity
controls simulation manager to start or stop the simulation. 1000 dy e |
Figure4 shows a planned operation. oo L
o o e\ ? g 10000 q\
; : ~ s i&
-i 7500 ‘
5000 H—x
h.
2500 -
o ‘.
0 20 40 60 80 100 120 140
Generation
Best and Average Fitness/Generation Plot
Agent 2 —e— Best Dis(aln(e
Best Penalty
SelectMap | Manage Swarm  Manage Operation  Add New UAV | Add New Thread 15000 4 ::t Average Dlztancef
Start Simdation  Plan Operation Stop Simulation ! ===~ Average Penalty
Fig. 4 A planned operation 1200 \
] 10000
IIl. RESULTS 5 K&
Two experiments are done to prove that our software desi £ ™ -
can work effectively with differerdlgorithms The algorithms w000 .
used aréNSGA-2 [19] and MOEA/D [2Q. \._._L
Experiments arexecuted fotwo agents antivo objectives. 2200
The objectives are shortest path and safsath. Thus, the oL N
operations are planned for thath which is saftand shortest. ; P P o o w1 o
Fitness functions of algorithms are saraedas follows. genereren

. o . Fig. 6 Fitness plots for agents usiMOEA/D
Let D bedistance between source and destination points.

Then, NSGA2 algorithm is tested. The testkes13955ns

D=./(x1—x2)2 + (y1 — y2)? (1) Figure7 showsbest and average fitness/generation graph for
first and second agents.
Let P be penalty Value_ Best and Average Fitness/Generation Plot
Agent 1 e~ Best Distance
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= 12000 a
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Let F be fitness functian R {
N
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Both of the algorithms are run with following 4000 !-h
configurations. B#flip mutation is selected as mutation
method. Binary random sampling is used as sampling metht | ——
. . . . . fom—
Two-point crossover is chosen for crossover metkiglre 5 °
shows test case for tlexperiments. ¢ * * * oneranon
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Fig. 5 Test castort he experiments Fig. 7 Fitness plots for agents using NS&A
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As it can be seen in plots, when both of the algoritwere  [14]
executedtheir solutiondnitially werenot effective.The path
distancesveretoo longand their penalty valuegeretoo high. 15
However, as the algorithms proceeds, distances are getting
shorter and @nalty values are getting l@wv Both of the
algorithms gve optimd solutions at the endf the execution
Whereas NSGA-2 gives the optimum result after 100 [17]
generations, MOED gas the optimum result after 130
generations Although MOEA/D completes the task earlier
thanNSGA-2, NSGA-2 reacles the optimal solutions quicker. Hg}
IV. CONCLUSION

UAVs are used in many areas. Increasing popularities Bf]
UAVs result for new researchesAccording to latest
development in literature, UAV swarms can be advetiay to
use UAVs effectively. Using a swarm rcedbe effective if
operation planning algorithm is well designed. According to
latest developments, evolutionary algorithms can be a good
choice for UAV swarms.

Swarm researches testheir algorithms mostly in
simulators. There are lots of simulation ®lolit most of them
offers multipurpose solutionsln this work, a simulation tool
is designed which can work with evolutionary algorithms.
Architecture of the tool is presented am experiments are
made Each of the experiments is magigh same paranters.
MOEA/D andNSGA:-2 algorithns are selected for operation
planning algorithmResults of the x@eriments show that the
developed tool can work with differealgorithmseffectively.
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