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ABSTRACT

MIDCOURSE AND FINAL PHASE PATH PLANNING FOR AIR
VEHICLES TO AVOID COUNTERMEASURES

Ataeli, Berk
Master of SciengeElectrical and Electronic Engineering
Supervisor: Prof. DIM. Kemal Lebl ebiciojl u

March 202198 pages

Path planning is a fundamental elemehtarious common fields, such as robotics,
computer animatiorand wireless sensor networkls.this study, path plannindor

air vehiclegs investigatedn two phased-or themidcoursghasethe path with the
minimum length, fuel consumptipandrisk of being detected soughtetweertwo
particularpoints in 3D complicated environmeni® achieve this aima Genetic
Algorithm is utilized witha speciafeasibleinitial population creation methoAlso,
someproblem deperght operators are defined in order to make the convergence
fasterand more accuratevhich isvery crucial when the environment involves
complex obstacle©n the other hanaincethere araypically air defense systems
located close to tgets safetybecomesnoreimportart in thefinal phaseln order

to avoid these dangeroususitions, evasive maneuvensust be carried ouwvithin
short range near the target. Thus, the mathematical modeling of air vehicles,
guidance systemandControl Actuaton Systemsare integrated and several tactical
strategiesre examinedgainstthe Closeln Weapon Systertiat is also modeled in

this dissertation

Keywords:Path PlanningGenetic Algorithm FlightMechanicsEvasive Maneuver
CIWS.
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CHAPTER 1

INTRODUCTION

Optimizing the flight trajectory of the air vehicles is essential to minimize flight time,
fuel consumption and maximize safety. The oMdrajectory can be examined in

two parts, midcourse and final phases.

In this study, the optimal paths are investigatedamplicated3D environments
using optimization algorithms for the midcourse phase. There are classic and modern
intelligent algorihmsin the literaturethat have been studied so far to solve this
problem.In classic algorithms, a generalizationtbé A* algorithm for sampling
based motion plannind], an improved sparse A* algorithi][are discussedarlier

and they enhance thegpining efficiency. Nevertheless, these algorithms do not give
acceptable results inomplicatedenvironments.Among the modern intelligent
algorithms, there are artificial neural networks,olationary algorithms 3],
intelligentswarmalgorithms ], and simulated annealing technigyig]. From the
intelligent swarmspart, path planning based on ant colony algorithm with A*
heuristic method4] has efficient seathing capabilities, which makes it effective
and fast indealing withcomplicated environents. Since the environments are
modeled in 3D space in this work, the algorithm should be fast, powarfdl
compmtible with the requirements. Among all the alternatities,GeneticAlgorithm

is selected to find the optimal paths, which meets all tloessities. Lately, it is
significantly used for solving optimization problems thanks to its capability of fast
and effective searchingA genetic algorithm is applied to path planning for
autonomous mobile robois [6], where the envonments are modeleass 2D grid
maps. A fitness function is proposed and the effect of different environments is

examined. Also, 7] presentsa geneticalgorithmwith fixed length chromosomes,



which improves computational powerthe 2D path planning problenm addition
one significant advantage dhe Genetic Algorithm is that problem depeeadat
operators can be defined specific to the problerkewise, extra evolutionary
operatorsare utilizedn [8] to find precise and effective pati#dso, it compares GA

with another commonly used optimization algorithm PSO.

For the final phase of the flight trajectory, the aim is to avoid air defense systems
and reach the targdRerformng evasive maneuvers is a solution against air defense
systems @ad it is made possible by controlling the position of the air vehicle.
Mathematical modeling of air vehicles is necessary to get the relationship between
forces/moments and positions/velocities of the air vehic®s Also, guidance
systems must be develed to guide the air vehicles towartie target. Then, the
Control Actuaiton Systems makes the aircraft follow the coameh signals produced

by the guidance systenmAll threesulsystems are integrated and the resulting system
makes sure that the air veleicdoes not miss the target whetfrigs to avoidthe air
defense systemd.ikewise, mathematical modeling @n air defense system is
required n order to simulatéhe contest between the modélkerefore, @unbased

CIWS is modeled and used for deferglagainst missilem this study.

Air deferse systems are designed to destroy incoming threats by detecting, tracking
and attackingheir targets They are categorized irl]] as antiaircraft artillery,
surfaceto-air missiles and Integrated Air Defense Syst@iDS). In brief, Surface

to-Air Missiles (SAM) have guidance systems that manage the movable control
surfaces on the missile so that they can track the targets. Integrated Air Defense
Systemis an assembly of several dake mechanismassigned to joint areas.
Antiaircraft Artillery systems(AAA) fire at air targetswhich are usually within

short ranges such as three kilometeféosein weapon systems (CIWS) are
examined in the AAA category and defend a limited arearata critical place.

They are also called pohdiefense weapon systems. Figure 1.1 shows a CIWS on a

ship that can detect the threats within 5.5 km and destroy them within 1.5 km.
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Figurel.l. Closeln WeaponSystem [LO]

[12] explains the simulation flowchart of general simulation software for CIWS. A
closedloop fire correction algorithm can boost shooting accuracy by adfiman

Filter, which is shown in13].

Evasive maneuvers are crucial tbe survivability of fighter aircraft and missiles
against advanced ardir defense systems. The maneuver types have been discussed
for over 30 years. The weaving maneuvef] [ffrovides an enhancement in the
performance of the missiles to avoid the dedesgstems. Another prevalent type,
barretroll maneuver 15], continuously changes the maneuver direction and
produces very useful trajectories for missiles. It is also a complex problem because
the missiles should reach the target besides having thetcor@eeuver. Therefore,

the evasive maneuver command diminishes as the missile gets closer to the target,

not to get far awafrom and miss the target.



1.1 Thesis Contributions

A genetic algorithm structurie used to solvéhe 3D path planning problenm this
study. Most of the researchdsasinvestigatedthe problemfor 2D environments
Whenthe environment becoraéhreedimensionalthe problem gets more complex.
Therefore, dast and solid algorithns proposed to handle the complexitythe
problem Also, there areseveralimprovements in genetic algorithm stages

follows.

1 Instead of generatintpe initial population by only using random number
generators, a novel methoddisvelopedn which feasible initial populatian
arecreated

1 Besides the standhoperators, novel problem dependent operators specific

to the path planning problem are developed for fast convergence.

On the other hand, since the aim is to avoid-aintraft systems in the final phase,

an antiaircraft system, CIWS is modeled elaborely enough to measure the
performance of t he ai enablestamiony diffeent maneuver s
strategies and answer the questanagens iWhich s
to avoid air defense systanodelarid.andntn ot her wc
aircraft systemmodel are simulated simultaneously and thedmpettion is

investigated.



CHAPTER 2

MATHEMATICAL MODEL OF AIR VEHICLES

Analysis of motion of air vehicles is very complicated because they have sedeg
of freedom. Funamental knowledgefdlight dynamics is required in order to build
mathematal modes of air vehicles. Thereforeyecessarynformation such as the
notation, axes systems and transformatemegiven in the following sections.

2.1 ReferenceFrames

The frame of reference is a particular point of view tecti®e a motionThere are
several reference frames used in flight mechafoicspecifying the points and the
vectors effectively, which are defined below.

211 Inertial Frame of Reference

An inertial frame of reference is a fixed frarti@t is accepted as relative to the

remotest ar t s . Newtonds second | aw is valid |

2.1.2 Earth-Fixed Frame of Reference

The Earthfixed frame is fixed to the Eartand the zaxis is directed to the center of
the Earth. Therefore, theowp | ane is tangent to the Eal
mechanics, th&arth's rotatiorran be neglected relative to the inertial fragmeany

Earthfixed frame of reference can be accepted as an inertial frame.



Figure2.1. EarthFixed Frame [@]

2.1.3 Vehicle-Carried Vertical Frame of Reference

In this reference frame, the origin is attached to the vel(geleerally to the center
of mass) and it moves with the vehicle as its name suggestsz-Exés is in the
direction of the local gravitation vectaConveniently, xaxisp oi nt s t o t he vehi

geographicaNorth andy-axis points tats geographical East.

y;, pitch &

roll ¢ v, x, (north)

yaw i/

y, (east)

z, (down)

Figure2.2. Vehicle-Carried Vertical Framelf/]



2.1.4 Body-Fixed Frame of Reference

This frame is linked to the vehicle bodgnd the origin is generally the center of
mass.The ody-fixed frame also moves with the badind the xaxisis directed to
the front, which is callethefuselage axis. Conveniently, the@xispoints downward
of thevehicle and the-axis points to theehicle's right sid. Figure 2.3 shows the

frame fixed to the vehicle body.

Verlical axis

ZB

Figure2.3. Body-Fixed Frame 18]

2.1.5 Aerodynamic Frame of Reference

In this referencdrame, the xaxisis directed to the aerodynamic velocity of the
vehicle. Thez-axis is in the symmetrical plane of the vehjeled they-axis is chosen
conveniently (orthogonally) This frame of reference becomes crucial in the

necessity of modeling wind



2.2  Euler Angles and Aircraft Attitude

The angles defined by the righainded rotation about the three axes of a +ight
handed system are called Euler angl#s [ ). These angles describe the
orientation of any reference frame relative to anotfene Similarly, the attitude

of an aircraft is defined as the angular orientation of the airframe axis with respect
to the Earthfixed axis. Therefore, Euler angles transform a vector expressed in a
framewith respecto another frame by having consegstrotations about the axes

X, Y, 2

Figure2.4. Euler Angleq17]

2.3  Axis Transformation

It is necessary to transform the motion variables expressed in reference axes to
aircraft fixed axesThe transformatioccursin threeconsecutiveotations around

the axes, wy & respectivelywhich is given in Tabl@.1.

Table2.1. Order of the Consecutive Rotations Needed for the Transformation

15t rotation [ roll angle about axis z | 1%'intermediate axes
2"d rotation —pitch angle about axisy | 2"9intermediate axes
3 rotation %oyaw angle about axis x | aircraft fixed axes




- -

——————— > —“'\’V_’Z’ R>Z 1
Figure2.5. ConsecutiveRotations of thelransformation
First intermediate axes (QX1Z1) are obtained after rotating the reference axes

(OXRYRZR) by angleg about the zaxis of the reference axes. The transformation

matrix for this single transformation is given below.

w wEiri QEm w
@ i Q¢ el m W (21)
a Tt m p @

Rotating the first intermediate axes by angl@about the yaxis of the currently
obtained first intermediate axes gives the second intermediate axes. The

transformation matrix for this stepgsven below.

W WEl &= i Qtw
) T op Tt 1) (2.2
a i Qe wéei &



Finally, aircraft fixed axeareobtained after the rotation tfe x-axis of the second

intermediate axes by angke The transformation matrix for this step is given below.

[ p Tt T ®
w0 T W&l % Q¢ % (2.3)
a T i Q¢ %t i %

Thetransformation matrix between the reference axes and the aircraft fixed axes can

be calculated by multiplying the three matrices found above.

W p M T Qéi A | QE-®ETTI Qem W

W T WED % Q¢ %t p m i Rt wéim @

(0 Tt i Q¢ WE | %o Q¢ 7= wE i — Tt Tt P a (24)
QET —QE QT GET —i QET [ Q& —

YO0 QE %l Q& -GBE (% DEAE %ei Q& -6iE DGO & IPE Bodd £
Q& i %ol Q& —CXBEI%oi QE [T %ol Q& —4"VQEKRD EDERoD & | —

2.4 Notations

Forces, moments, displacemerdaad velocities in the body frame are shown with
their special letters in flight dynamics since the equations of motion are written in
this coordinate system whose origin is fixed to @ of the air vehicleThe flight

dynamics variables are listed belin order of x, y, z directions.

Linear velocity vector components areh) .
Force vector components abaio.

1
1
f Angular velocity vector components apih .
1

Moment vector components &) hj .

All components of the vectors are showrigure2.6.
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Figure2.6. Flight DynamicsVariables 19]

2.5 General Equation of Motion ofa Symmetric Air Vehicle

The general equations of motion are written in boggd coordinate system
depending upon some assumptions, which are given ba@w [

1 The air vehicle is accepted as a rigid bosly the elastic deformation is

ignored.
1 It has a perfect symmetry about the longitudinal symmetry plane.
The effects of spinning rotors are ignored.

The ef f ect of the Earthédés rotation on

which can be categorized as translational and rotational dynamics.

2.5.1 General Force Equations

Translational equations of motion are derieded olNe wt ondés second | ¢
net force actingn the rigid body is the sum of the aerodynamic, propulsive (thrust)
and gravitational forces. Aerodynamic forces are exerted on the body by the air,

which balancethe weight so that the vehicle can fly smoothly. Propulsive force is

11



the force applied byhe engine of air vehicles and this force is in the directian of
Namely, these vectors are not in the same reference frame as illustrated in Figure
2.7, so the weight vector is transformed to the body frame by multiplying with the
transformation matxi“Y in order to bring them into the same reference frame. After

transforming the weight vector, the net force is calculated by adding the vectors as

Equation2 5.

O aw

& T YR 6 0 (2.5)
O & Y ™m 11
) a’Q Tt
X
pitch angle
\ 2

mg ¥

Figure2.7. ForcesApplied on theRigid Body

The acceleration of the body is not directly equal to the derivatives of the linear
velocities because the vehicle has a rotary motion besides. In this case, Coriolis

Theorem suggests Equatidi® for the calculation of the acceleration.

@ 0 n o
w b N ool (2.6)
® 0 i 0
Hence, Newt onds s e cdmobguitiolaw can be stated as
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Therefore, the translational dynamic equations are givEqumation 2.8.
O AGMEF a6 100
O G AT-DBEb a0 i 6/ (2.8)
O AAT-AT% a0 /Lo

2.5.2 General Moment Equations

The rotational equations of motion are derideabed orthe rotational form of
Newt onds s ec on2b, wharevG istiiegqnonaent; H isthe angular

momentum of the mass. Similarly, the Coriolis theorem suggests Eqdalibfor
the calculation of momeip2Q].

o 2 (2.9)
T o
0 n n n
0 on N O (2.10)
0 i i i
(6] O (6]
o O O O (2.11)
O O O

The moment equations depend highly on the inertia madxix (Equation2.11)
which is a feature of the air vehicle. If EquatiariO is extracted, the moment
equations are obtained before simplification.

13



., 0f 01 AQ 0 Ol oR 1 0O g
- op 01 a0 oinon Al ot oan (212
Ci 0 Al @y OARON A OR PN

For a symmetric airplan&® 'O mandO L "O[16]. Thus, if the related terms

areassumed to be 0 amdnceled, the simplified moment vector components can be

calculated usingquation2.13.
, On O 0Oni
. 0o 0 01N (213)
Oi © 0 nn

2.6 Aerodynamic Model

The aerodynamic forces and moments in the equations of motion of a symmetric air
vehicle given byEquations2.8 and 2.13depend on the translational, rotational
velocities and their derivatives. Thergeral equatioaregiven below23].

081 O W6

(2.14)

D€ aQe "Y006

Nnoo N

w o6 U 0

" is the air densitywhich changes according to the altitutds the reference surface
(generallythe surface of the wing)pis thespan of the wingthe vehiclediameter).

0 and 0 are nondimensional aerodynamic coefficient vectasd their
components are calleefficients oflift force, drag force rolling moment pitching
moment angzawing moment. Note th@ and0 are negative because drag and lift

components of the aerodynamic forces are in the reverse directiomasiesx and
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z of thebody frame, espectivelyDrag reduces the speed by opposing the velocity

vector, and lift tries to balance the weight in the physical meaning

0 AifAitO OBET OEIAITO ©
o) 0 AiIl@ET AITO OEIOET O
4} OET Tt Al1lO o) 215
0
0 0
5

These aerodynamic coefficients are affected remarkably by the aerodynamic angles
| (angles of attack) ant (sideslip angle)defined as the orientation of the
aerodynamic velaty with respect to the air vehicle. They are formulatdéiqoation

2.16.

(2.16)

The geometry of the air vehicle has massie impact on the aerodynamic
coefficients. Therefore, the air vehicles are desidnydeking these coefficients into
account. The aerodynamic coefficients are functions of angular velogjtigs
aerodymmic angles |(fi ) and control surface deflections § A ). The
coeficients depending omngular velocities and aerodynamic angles are called
stability derivatives. On the other hand, air vehicles have control surfacasyo

out turnings, and these surfaces are controlled by deflection angles. In flight
dynamics, R R are aileron, elevator and rudder deflections and their coefficients
are called control derivates. Once for all, the aerodynamic coefficients are given in
terms ofstability and control derivatives iBquation2.17. In this work, they are
accepted as linear functigrend the coefficient values used in the simulations are

given in AppendixC.
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2.7 3D Projection of Proportional Navigation Guidance

In this study, 3DProportional Na&igation Guidance (PNG) law is used to guide the

air vehicle. PNG is drendy and effective guidance method in homing missiles.
Theoretically, PNG generates acceleration commands which are perpendicular to the
line-of-sight (LOS), proportioal to the lineof-sight rate and closing velocit2]].

The formula for acceleration commands is giverEguation 2.18 where¢ is
acceleration command, is effective navigation ratiay is closing velocity and is

LOS rate.

¢ 0w (218)
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Figure2.8. 2D Proportional Navigatior2p]

3D Proportional Navigation is obtained by projecting the 2D proportional navigation
onto three segrate plane("Y ,Y , Y ). In other words, the furahental idea ishe
same asn 2D PNG[21]. For instancethe LOS rate is calculated for three planes
seprately for 3D PNG22]. Note that positions, velocities and the other vectors have
threecomponents from now on. In short, the closing velogitgnd the LOS rate

is calculated to be able to complete the itensgoation 218.

M

Figure2.9. Proportional Navigation Projectionsto the Planesy RY RY [22]
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Firstly, the distance betwedimeair vehicle andhetarget is calculated.

Y 0 0

f, (2.19)

The LOS angles are calculated for each plartegmation 220.

.0
_ OAl+——
= 0
W .0
_ OAl~—— (2.20)
0
" -0
_ OAl~——
= 0
The LOS rates are derived frdaguation2.21.
0 ® 0
= 0 0
0 0
_ > > (2.21)
= 0 0
0 0
= 0 0
The closing velocities are calculated for the plaives™y ,"Y .
, 0 0
W
0 0
, 0 0
® . (2.22)
0 0
, 0o 0
W
0 0
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Thereby, the acceleration commands perpendicular to the corresponding LOS for the

three planes are expresdsdow.

€ 0w _
3 b _ (223
€ 0w _

The acceleration commandsdncg & axes can be computed from the combinations
of the accelerations perpendicular to the corresponding LOS. The geometr

relationship can be seamFigure2.9.

&) ¢ OEIl ¢ OE]
¢ OEIlI ¢ OEI (2.24)
w ¢ OEI ¢ OEl

2.8  Control Actuation System

Control Actuaton Systems (CAS) are used in flight mechanicdirect the air
vehicles by controlling the fin (control surfaces) positions. The guidance system
takesthe position and velocity of the target and the interceptor and generates the
command acceleration. The reference signal to the control unit is the difference
between the command and the actual acceleratkinthis moment the system
controls the control surface deflectionsff A ) and thethrustforce { ) which is
coming from the enginm order to make the air vehicle go towards the target. The

fin anglessignificantly impactagodynamic forcesand the effects are included in

Equation 2.17The whole gstem is illustrated in Figur2.10.
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Figure2.10. Guidance and Control Loops in CA3Y]

R R U S R g v

The states®  ahudahohoh) ek MK and the control variable$
1 h A A define the system dynamjoshich can be formulated d@quation

2.25. There are four sgpate control loops for each control variable.

@ "Qoh (229

Whereas theguidance system generates the desired acceleratibesactual
accelerations are calculated by dividing the net force by the weight Egunagion
25. Thedifference between them creates the error signal to the contrchnhithe

control variables are manipulated accordingly.

2.9 Demonstration of the Model

The mathematical model of an air vehicle, guidance and control iactsgstems

are integrated and btuilon MATLAB Simulink. The overall model and the
subsystems are examined in this sectaomd some experiments are conducted in
order to show the interactions between the subsystems openatety. The overall
Simulink model can be seen in Figukel. Themodel's upper sideepresents the
mathematical model of an air vehicle, which interacts with the guidance system and

the control actuadn system blocks.
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The guidance system generates the command accelerations and gives them to the
control unit. The, the control actuain system produces necessary control variables

to follow the command signadsd gives them to the air vehicésshown in Figure

2.11.

+
aular + '_ command x

euler angles

+

-‘ F_ma_y + ay PID(s) @
fen @—; + w -

forces
gz s> = >
. -

command z

command y

weight fransformation

inertial velocity  Thruttle command

inertial velocity Thruttle

Control Thruttle

Figure2.11. Control Actuaion System Block

A basic scenario is simulated atite outputs are examined in order to see if the
trajectory is compatible with the outpuiBhe air vehicle parameters used in this
simulation are shown in Appendix C. tArget is located intirtt hand the air
vehicle starts moving from v 1t T T T T With an initial velocity inG
direction. The air vehicle is supposed to reach the target making the correct
manauver. As a result of the simulation, the fligrgjectory shown in Figur2.12 is
obtained. The figure shows candw views of the trajectory besides the 3D view,

and it can be seen that the air vehicle reaches the target successfully.
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Figure2.12. The flight trajectory of the air vehicle

TheEuler angles of the air vehickregiven in Figure2.13. According to the figure,

the roll angle is almost zero throughout the flight, which is the desired condition for
this simulation. In other words, the aileron is controlled in a way that the roll angle
remains zero. The pitch angle has negative values throughout thedifight makes

sense because the air vehicle is going down towards the target, which can be seen in
ax view of the trajectoryThe air vehicle is alsturning slightly right side towards

the targetand the yaw angle seems catilple with this movement.
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Figure2.13. EulerAngles of théAir Vehicle

As stated above, the guidance system produces the awinaecelerationsand the
CAS makes the actual accelerations follow these signals. Biddeand2.15 show
actual and deed accelerations fakandd axes. The figures show that the actual
accelerations are pretty following the comnd accelerations so that the air vehicle

reaches the target successfully.
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Figure2.14. The Actual andDesiredAcceleratios inthey-axis
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Figure2.15. The Actual andDesiredAccelerations irthe z-axis
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CHAPTER 3

MIDCOURSE PATH PLANNING

3.1 Problem Definition

The midcourse path planning problem is to finddp&mum path from the stang

point to the target point in a 3D environment under some constraints. Finding a
continuous path is an infintgimensional problem in which it is aimed to get a space
curve that is definefly three functions in 3D space. Tlelinctions are x(t), y(t),

z(t) and the main task is to find these functionedihg the best path according to
some objectives is substantiallynaulti-objective optimization problem which is

formulated agollows:
minimize
0O z0 (bc‘)Frbc‘)Fti(c‘) 0 2V cbbﬁbbﬁixb 0 2V (bc‘)Frbc‘)Fﬁc‘)

such that

, Qw Qw Q¢
v Qo Qo Qo -°
Qm Q Q4
v ®» o Y “°
s o e s m a Q
U Qa QB Qa afF & 0
- Td’j a T
ch &
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where
0 is the length of the path

0 is the fuel consumption

0 is therisk of being detected

The objective functions, 0 and0 are length, fuel consumption andk of being
detected and they are mathematically defined abavesimply calculates the arc
length of a continuous path. estimates the fuel consumption of an air vehiclenfro

the accelerations. Thissk of being detectedf an air vehicle is estimated @aswvhich
increases with the probability of being caught by radars. Piecewise integral brings
the condition that there is nmisk of being detectedost until the height get® a
certain valuéQ In the meantime, angle and distance constraints are in the nature of
the path planning problem, stated in the formulation. Air vehicles should not make
very sharp turns that their dynamics cannot handle, which brings an angleintbnstra
Also, they should not have any maneuver until it goes a predefined straight distance.
All the air vehiclesubsystems start to work properly after the turning, climbing, and
diving maneuvers. Also, since the problem is 3D path planning so that dotdrg|

might pass over obstacles, the climbing and diving parts bring some extra constraints.

The constraints that might make a path infeasible in this work are listed below:
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1) Distance constraint on the first waypoifthe minimum distance that it has
to gostraight after the starting point until the first movemerfis

2) Distance constraint between turningéhe minimum distance between two
turnings isQ

3) Distance constraint on the final waypoifithe minimum distance thathias

to go straight before the target pointis

4) Angle constraint on turningd:he maximum turning angle is- . This
constraint is not checked in the Initial Population Creation part because the
turning angles are generategtlween the angle limits calculated according to
this constraint when generating a path. However, this constraint might be
violated during crossover and mutation operations.

5) Distance constraint before climbinghe minimum distance that it has to go
straiglt before the climbing starts @@

6) Distance constraint over an obstaclehe minimum distance that it has to go
straight over the obstacle after finishing climbing and before starting diving
isQ

7) Distance constraint afteridng: The minimum distance that it has to go

straight after the diving ends'é®

3.2 Discretization of the Problem

The midcourse path planning problem is infirdienensional.Computers cannot
solve it in finite time without discretizing the problem, so a fhiilmensional
approximation is needeth order to make it a finiteimensional problem, a path is
considered as a sequence of a number of points that defines the ydjeticeen

the starting point and target point. These points are called waypoints, and each of

them has xy, z coordinates to state a position in 3D space. Figure 3.1 shows a
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continuous path anghanywaypoints on it, in which the sequence of the waypoints

expresssthe same trajectory as the continuous path.

\ / target

waypoints

start

Figure3.1. A Path that isExpressed with &equence ofVaypoints

It is important to express a path with the minimum number of waypoints. Notice that
more waypoints are located on the curved parts of the path, and fewer waypoints are
enough to describe straight parts of the path in Fi§ure Also, the number of
waypoints is not constant. Therefore, coordinate positions of each of the varying

number ofwaypoints are the variables to be optimized in this problem.

3.3 Finite-Dimensional Problem

In the mathematical representation of the infuit@ensional problem, integrals are
approximated using trapezoidethod of numerical integratipmnd derivates are
replaced with finitedifference operators for discretization. Note that the intervals in
trapezoid integral approximation are not uniform, so all the items in equations are
multiplied withthe lengths o$pecific intervals. After that, the aim becomes to find
the positions of the waypoints which minimize the weighted sum of the objective

functions, wher@® is still an unknown. The formulation of the optimization problem

is given below.
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minimize
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Paths might have tummgs, climbings and divings, and many waypoints are needed
to describe sucHetailed maneuvers. In this work, points on the maneuvers are not
counted as waypoints to have less variables in the optimization process, enhancing
the convergence timgrasticdly. The transitions between waypoints are filled with
realistic maneuvers anstored in the waypoint structures programmatically. For
example, climbing and diving maneuvers are required if there is an obstacle between
two waypoints. Therefore, the turning, climbing and diving maneuvers are calculated
according to the locations dfie¢ adjacent waypoints and all the constraints of these
maneuvers given in the formula are checked at every stage of the algorithm.

Calculations of the maneuvers are elaborated in the next sections.

34 Calculation of the Maneuvers of 3D Paths

34.1 Calculation of the Turning Maneuvers

Since the shortest transition between two points is looked for, a variant of the Dubins
[25] path approach is used in this work. In geometry, Dubins path typically refers to
the shortest curve that connects two poi28].[It is a very fast geometric and
analytical method, which simplifies the problem. It is quite good that it makes the
calculatiors fast since so many calculations are required in the optimization process.

All the calculation steps are given in detaithins section.

Suppose three waypoints are united with two straight lines. In that case, the resulting
path is not enough to indicate a complex trajectory, and the turning in the middle is
not realistic to any existing air vehicle, which is shown in Fighie Therefore,

smooth transitions are crucial in such maneuvers. Turning maneuvers are calculated

by placing circles between two waypoints.
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that it changes up to the distances between waypoints, but it is taistardan this

work. The air vehicle dynamics are taken into account when selecting the radius of
the circle because-tdrce that the air vehicles are exposed on turning maneuvers
will be affected when the radius changes. In other words, the radius barsmaller

than a threshold value that the dynamics cannot handle, so it should be selected

carefully.

P3

P1

Figure3.2. Placing aCircle with aConstantRadiusBetweenwaypoints

Besidesmost air vehicles have GPS to understand their exact positions, and it is
crucial to followadesired path. However, there is always an error in the position that
GPS gives. The effect of the GPS error should be modeled to generate paths that can
be followed safely in any case. Therefore, the path has widened the length of
maximum GPS error in the lateral direction, and the error polygon of the path is
created. For instance, if the actual path does not collide with an obstacle but the

polygon does, that mccepted as a collision because of the GPS error.
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In Figure 3.2, the points on the arc are calculated, and they indicate the smooth
turning between two waypoints instead of the single waypoint. The calculation steps
are explained below.

@ 0
0

5
0 (3.1)

o ,
— AOAI  AOAI

The angle— which is, 0 0 0, is used to calculate the distargeince® & is

perpendicular t@ in Equation 3.2

pYym—
C (3.2)
0

PositionAis calculated by subtracting the unit vectouofwith magnituded from

the positiorD .

SO (33
6 0 Qzo

In order to get the position of the cen@rthevectord s rotated by 90 degrees
and mutiplied by the radiusand subtracted from positigha

pz(')
TU

T
P (34)

0 0 12¢

The points on the arc can be calculated by rotating the vetipthe step angle

and adding these vectors with magnitude r to the center of the cirtle niimber
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of divisions is constant, the step angle is calculated by dividing the arc angle by the

division number N. As the number N increases, the resolution of tlwecasases.
| ———27QQ plghofB, N

ATIO OHI,,
OET AIO

(3.5)
G Gn € QR ol

In order to create the error polygamly a minor part of the last step is altered. The
distancei multiplied by the rotation matrix ifcquation 3.5s modified and the
points of two counter sides are obtaisdkexpressed Bquation3.6. Inner and outer
arcpoints of the erropolygon are depicted in Figure33

| ——2QQ plgiolB, N
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Figure3.3. CalculatingArc Points of theError Polygon
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Also, initial and final pairs of the error polygon are calculatsthgi a similar

procedure. Figur8.4 shows theesulting error polygon.

P2

*

A —
B

P3

P1

Figure3.4. Error Polygon withSmoothTurning BetweenTwo Waypoints

3.4.2 Calculation of the Climbing and Diving Points

If there are some places that the polygon intersects with an obstacle, the part
including the obstacle is found by calculating the edges of the intersection in the

direction ofw  and the area between these edges is accepted as an obstacle.

(3.7)

All points that define the intersection area are projected into the wectorand the

nearest and the outmost pointsitaare found by comparing all the distances. If the
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end of the error polygon is already inside the obstacle, the error polygon is extended

in the same direction until getting out of the obstacle.

Qi 0 OEBAT &

NEOQI I Qoo WE &N E Qe
A O Ad

(3.8)

After the minimum and the maximum distances are selected, the nearest and the

outmostpositions are calculated using gedmeén Equation 3.9

0
w s

EQOI Q0 04 "QEQQI D6DE OQ

E00AEDO AOOQQI daE OQ

P3

C_ 1]

nearest point
outmost point
intersection points

area accepted as obstacle

P1

* P2

Figure3.5. Calculation ofClimbing andDiving Points
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Climbing and diving angles are assumed to be constant in this work. If the altitude
of the obstacle that the trajectory passes over is known, the digtaaloes when
climbing and diving in 2D can be calculated using the followimgnula. If the
obstack shapes are detailed, the maximum altitude in the accepted atea as

obstacle is taken into account.
oy Q8L (3.10)
ALt

Simply, the nearest and the outmost points are eéintb anddive-start points,
respectively. The point that climbing starts and the point that diving ends can be
calculatecby addingi & &€ t@'the nearest and the outmost pointhadirection of
@ , asshownin Equation 3.10All these pointsare depited in Figure3.5. The

resulting climbing and diving points are illustrated in Fig8iGe

*  climb start
%  climb end
dive start

dive end

Figure3.6. Climbing andDiving over anObstacle
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3.5 Optimization Method

Choosingan optimization method is not an easy task because there are plenty of
them in the literaturelThe recessities of the problem should be examined carefully

in order to choose the correct methdtlere are many variables to be optimized in

the path planning pldem, so global optimality is cruciadince therisk of getting

stuck in local minima is pretty higllso, it requires flexibility since the number of
optimization variables is not constant in this probl@merefore, one of the most
famous algorithrs, the Real Coded Genetic Algorithns, used in this work. It is

very robust with respect to local minima and maxiRr@blem deperaht operators

can be defined in GA. It is one of the most significant advantages because it means
the optimization can be programed specifically to the problerA | s o , t hat 0s
stochastic algorithrthatworks well on complicated problems such as path planning
which highly depends aineshape and location of the obstacles in the environment.
Apart from these, it supports mutibjective optimizationwhich is also used in this

work.

3.6  Genetic Algorithm on Path Planning Problems

In a genetic algorithm population, chromosome and gene should be made
compatible with the problem. Simply, each chromosome represents one path so that
the population lmmanypaths in path planning problems. Every single coordinate
variable is a gene in the algorithm. Since heagaypoint has three coordinate
variablesthe number of genes is equal to three tirttesnumber of waypoints. By
optimizing all of the coordinate variables of waypoints, the best path is obtained.

Feasible initial population creation and crossover, trartareduction, link, repair
operators are the genetic algoritioperators They all will be explained in detail in

the followingsections.
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3.6.1 Feasible Initial Population Creation

There has to be an initial population in a genetic algoritbncreate better
populations by evolving it. Generallheinitial population is created arbitrarjligut
most of the paths would have unrealistic movements suekt@sneturning angle,
maneuverability etc. It is wise to create feasible paths at the beginning of the
algorithm because it decreagée overall GA convergence time. It does not spend
time making the paths feasible bgrossover, mutatignand otheroperaors.
Therefore, feasible initial population creation is ainadhis work since it is

reasonable in saing path planning problesby genetic algoriths

A predefined number of feasible paths are generated to create the initial population
of thegenetic algorithm. Starting witheinitial point, thefollowing nodes are added

to the trajectory until it reaches the target node without colliftossiblefollowing

nodes are generated as candidbiesonsideringhe angle limits and one of them

is pickedamongthem. The angle limits are determined as follows:

1 It shouldgo towardghetarget node so that it does not deviate the direction
to the target more thahe maximum deviation angle-

1 It shouldnot makethe turn very sharply that dynamics of the air vehicle
cannot provide. Therefer the turning angle should be smaller thhe

maximum turning angle—

The limits—  and— are calculateéh Equation 3.11
— AOATOI QOB | Q& o

— AOAGO T | DEIOQU QE 0 i
oF (3.11)
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Candidate path angles are generated by dividing the interval between lower and
upper limits equally by the step angle . The position of the candidate point is
calculated byshifting the current position ithe direction of the randomly selected
candidate angle. The shifting length might be randomly changing or addytive

is taken constant in this workll these processes are shown in Figiie

v - s e A T-O
00 NoX 0 & D, 3.12
G dE QQQML NQEDHQENN, e ¢ (312
|:|obstacles target
|:|candidates
[ Ichosen path

Figure3.7. Proceeding oveRandomlyChosenCandidatePaths

If a candidate polygon coincides with an obstacle, the climbing and diving points are
calculated, which is explained in Secti®d.2 since it needs to go over the obstacle
in the3D path planning problenThe climbing, diving pointsand the resulting pa

is an example scenario that can be seen in F)8re
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*  climb start
¥  climb end
dive start
¥ diveend
[ Ichosen path

Figure3.8. Going over &andidatePath thatCoincides with arDbstacle

Pseudocod8.1. Feasible Initial Population Creation

add initial waypoint to path
while true
if thelast waypoint of the path directly connects to target without collisi
check constraint 3, start overgase of any violations
add target to path
break
else
select a candidate angle randomly and calculate the candidate po
check constraint 2, start over in case of any violation
if the error polygon of candidate intersects with an obstacle
if end of the error polygon is already inside the obstacle
extend the polygon until it gets outside of tiestacle
check constraints 5 and 6, start over in case of any violations
place candidate according to constraint 7 after obstacle
add currently located candidate to path
else
add candidate to path
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Note that here is no need to check angle constraints during crettenmitial
population because the candidate angle limits are calculated according to these

constraints.

3.6.2 Main Operators of Genetic Algorithm

3.6.2.1 Crossover

In agenetic algorithm, crossover is a genetic operator used to combine the genetic
information of two parents to generate a new individual, which is called offspring.

Operator stages are given below.

3.6.2.1.1 Selection

Two individuals from the population are selected as parents in orderssover the
parent genes. Theelection process isignificant for converging to the global
optimum point It should be done dbat the better paths haadigher chance to be
picked by calculating the cumulative probability vector of the population. In order
to calculate the cumulative probability vectafitness vector is obtained by figuring

the cost of each individual.

p
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50 6 6 & 0 T 6 o b | L QQoei i (313
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The ®lection algorithm starts with generating a random number between 0 and 1.
The individual with the maximum cumulative probability smaller than this random
number is found using binary search and selectededgst parent. Similarlythe
second parent iselected by following the same procedubet if the first and the
second parents are identical, the second parent should be reséesidds if a
parent consists of only three waypointsalteady haghe minimum number of
waypoints so the parentannot be crossed. In this case, the parent is added to the
population and the probaltyl of havinga similar solution to the parent increases.

This parent will also have promising potial in the mutation stage.

3.6.2.1.2 Crossover Methods

After selecting the pants, chromosomes are disintegrated, and the pieces are

swapped between the parents, which is illustrated in FigQreThere is only one

crossover point on the left side so that chromosomes are divided from one point. On

the right side, there are two ssover points so that chromosomes are divided from

multiple points. The number of fragmentations determines the method.
Parents_ F‘arents_

; Crossover points :

y Crossover point . .

. i . ’ .
Ch|ldren_u Ch|ldrer_. 0
] I

Figure3.9. SinglePoint Crossover and/ulti-Point Crossover 27]
Notice that the lengths of the chromosomes in Figure 3.9 are equal to each other.
Whereas the lengths of the chromosomes are generally constangenetic

algorithm, it is varying in path planning problssince the number of waypoints is

not constant. fierefore, different crossover points must be chosen for each path.
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3.6.2.1.2.1Single-point crossover

In the singlepoint crossoverpne point fragmentation of the parents is used. In other
words,two incomplete path pieces are connegcéed a new path ireatedThefirst

path piece is the piece tifefirst parentwhich is betweethe nitial waypoint and

the crossover poirtf thefirst parent. Similarly, the second path piece is the piece of
thesecond parenwhich is betweethe crossover poirtdf thesecondparent and the
target pointBoth crossover points are randomly selecaed|, every waypoint cannot
be chosen aa crossover pointLogically, initial and target waypoints cannot be
crossover pointdNext to the last waypoint dhe first parent cannot ksecrossover
point because it would not connect to the second path piece wisan éonnect
directly to the target. Similarlfthe second waypoint of the second parent cannot be
a crossover poinfter crossover pointsf the parents are randomly selected among
their appropriate waypoint candidates, the second piece is simply attatheeal

of the first piece. e new connection of the resulting individual is checked
according to the related angle and distance tcainss. If thereare no violations,
currently obtained feasible offspring is put into the population. Sihgle point

crossover algorithm is given below.

Pseudocod8.2. Crossover

calculatefitness and cumulative probability vectors of the population
for i = 1 to population size
select parents in regard to cumulative probability vector of the populati
if any parent consists of only three waypoints
add theparent with three waypoints into the population
continue
select crossover points of the parents
offspring = parentl(1:first crssver point)&parent2(second crssver point
check necessary ones of constraints 3; repair in case of any violations
if there is an obstacle between crossover points
check constraints 5,6 and 7; repair in case of any violations
calculate the climbing and diving pnts, store indfspring structure
add offspring to crossed population
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[ Jparent1
[ lparent2
[ TJoffspring

Figure3.10. SinglePoint Crossover

Figure3.10illustrates thesingle pointcrossover operation. Whéme crossover point
candidates of pant 1 are waypoints 2,3 and 4, the first crossover oistlected
asthesecond waypoint. Similarly, sinteeonly crossover pointandidate of parent
2 is waypoint 3, the second crossover poirgakected aghe third waypoint. The
offspring is obtained by connecting two pieces and shownthdthlue shaded path
in the figure. This imvery good example dheeffectiveness of crossover in genetic

algorithm. It discovera new pattihatis better than its parents.
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3.6.2.1.2.2Multi -point crossover

Multi-point crossover is a generalization of the sifgdet crossover, which uses
multiple fragmentations. Similarly, two crossover points for each individual are

selected randomly, and the pieces are swapped between each other.

|:| parent 1 taret
[ Iparent2 \
[ Joffspring
%  crossover pnts 1
%  crossover pnts 2

Figure3.11. Two-Point Crossover

In Figure3.11, the crossover points of the parents are indicated by stars. The inner
part of crossover pots 1 and the outer parts of crossover points 2 are connected.
Whereas the parents have some climbinget of f spring has no cl

better than its parentgith respecto all objectives.

3.6.2.2 Mutation

In a realcoded genetic algorithm, simple staBaussian mutation is used generally.
The ith parameter;of an individual is mutated by & O mh, with mutation

rater), whered 1, is an independent random Gaussian number with a mean of
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zero and the standard deviatipr{28]. The probabity density function of Gaussian
distribution has a graph whose value is decreasing as it gets away from zero. It means
mutated individuals will be close to the original ones. A similar approach is used in
this work. Instead of updating position coordesmseparately, the point is relocated
randomly in a mutation area around the point. Matabperator stages are given

below.

3.6.2.2.1 Deciding if the mutation takes place

A random number is generated &ach individualn thepopulation to decide if they
mutate. If the random number is smaller than the mutation rate, the individual

mutates

3.6.2.2.2 Waypoint selection

In mutation one of thewvaypoins of a path is randomlgelectedn order to change
its location. Simply, nitial and final waypoints cannot be seléed for mutation

because their locations are unalterable

3.6.2.2.3 Mutation takes place

The selectedvaypoint isrelocated randomly inside a circle centered at the selected
waypoint, illustrated in Figur8.12. The point is simply shifted by the distariCe

in the direction ofthe angle—.
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target
%*  selected node 9

%  mutated node
—=mutation radius
[ Jpath
[ Imutated path

start

Figure3.12. Mutation

In order to calculatehe new location of the selected wayppint

1 thedistancéQ is randomizedbetween 0 and mutatioadius, which defines
thedistance between the original waypoint and the mutated waypoint.
1 the angle— is randomized between 0 aqd, which defines the direction

that the point is shifted.

The calculation of the new position is given in EquaBdiv

o @7 ol

w 05, A0 (3.14)
W
The new waypoint is located somewhere in the cieald the new path is created. If
the shifted point lies within an obstacle or the related angle and distance constraints

fail, the resulihg path must be repaireélse, the mutated path is added to the

population. The mutation algorithm is givenPseudoode 3
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Pseudocod8.3. Mutation

for i = 1 to population size
generate a random number between 0 and 1
if random number > mutation rate
continue
path =population(i)
select a random waypoint from the path except initial and target points
generate a random distance between 0 and a predefined constant
generate a random angle between 0 &nd 2
update the position of theleeted waypoint
get the new path and update the turning and climbing informations
check necessary ones of constraints 3; repairin case of any violations
add mutated path to mutated population

The nutation is verybeneficial to find the gloal optimum solution. Mtated
chromosomeare added to the population even if they are worse than their original
states because it increases the diversity of the population. Diversity is a necessity in
anygenetic algorithm in ome to avoid getting stuck in local minima. Also, mutation

enhances the possibility of convergence to the global optimum solution significantly.

3.6.3 Problem Dependnt Operators

Geneic algorithm is a flexible algorithm that allows defining problem depend
operators. They can be seen as special mutations, and they make the algorithm
capable of converging faster. Three operators specific to the problem are defined in
this work.

3.6.3.1 Reduction Operator

A path is defined using a set of waypoints in order to havstafal neat algorithm

in this work. However,suppose there is a redundant waypoint between two
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waypoints that can be directly connected to each other without colliding with any
obstacles. In that casthe redundant waypoint should be removed fromptité
Because it increases the length of the path needlesslyit brings unnecessary
turnings to the path, which increases the energy consumption. Alsondbke
significart advantage of this operator is that it speeds up the convergence arocess
lot. For example, mutation of a redundant waypoint does not contribute to
optimization so reduction operator avoids wasting time with the redundant
waypoints.

In reduction operator, all of the two waypoint combinatievih one or more
waypoints between themeachecked if they can be connected directly to each other
without colliding with an obstacle and all the related angle and distance constraints
are satisfied. If reduction is possible, two waypoints are conneBidliction
operator is needed after creafthe feasible path, crossover operator and mutation
operator because redundant points might show up in all these stages. All the
combinations should be checked after creatwedeasible pathand the algorithm is

givenin Pseudoode4.

Pseudocod8.4. Reduction Operator

len = length of the path
fori=len-1:3
forj=1to+2
if waypoint j directly connects to waypoint i
check related constraintsontinue in case of any violations
return the shortened path

Create feasible path algorithm creates new paths by proceeding towards random
directions until arrivingatthe target point. Therefore, thesulting paths always have
zigzag shapesnd such paths generally contain unnecessary movements, which is
illustrated in Figure3.13. Redwction operator removes redundant waypoiatg] a

better path is obtained.
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target

[ lgenerated path
[ Ishortened path
£
start

Figure3.13. ReductionOperatorAfter CreatingFeasiblePath

[ Jparent1
[ lparent2

L. _offspring

[ lshortened path

Figure3.14. ReductionOperatorAfter Crossover
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In reduction operator after crossover, only the waypointeefirst parent are tried
to connect to the waypoints dfie second parent since the parents are already
shortened separatein Figure 3.14o0ffspring is obtained after crossing parent 1 and
parent 2. Reduction operator gets involved after cross@etthe unnecessary

waypoint is removed from the path.

In reduction operator after mutation, only the mutated waypoint is tried to connect
to the other waypoints becauseonly change in the path is the mutated waypoint.
Figure 3.15shows that a path mutatesd the mutated path becomes suitable to be
shortened. The mutated waypoint directly connects to thénstadint by skipping

the middle waypointand a much bettehsrtened path is obtained.

target

*  selected node
¥  mutated node
[ Jpath
[ Imutated path
[ Ishortened path

start

Figure3.15. ReductionOperatorAfter Mutation
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3.6.3.2 Link Operator

A randomly selected waypoint is directly linked to another randomly selected
waypoint that is not adjacent to thesfione in link operator. By this way, better
paths might be obtained according to the problem's objectives by exploring new
paths in the environment. This operator boosts local optimization and fastens the
convergence process. Also, link operator ratailshbe chosen carefully because it

might reduce the diversity of the population.

[ Jpath
[ Tlinked path

Figure3.16. Link Operator

In Figure 3.16, the target waypoint of the path is linked to the third waypoint, so the
resulting path is much shorter than the original path. The operator discovers a new
route that goes over another region of the same obstacle. Also, the linked path seems

the local optimum solution for this path, as promised above.
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3.6.3.3  Repair Operator

The aimis to find the best solutions by exploring the new ones in genetic algorithm.
The new individuals might not satisfy the constraints of the problem, and throwing
such individuals out of the population is the general attitude. However, if the
violation is renoved by fixing the problem, the individual is added to the population
instead of killing it, so it simply helps diversity and convergence time. Repair
operator is defined for such cases in order not to waste diverse solutions, which is

applied after creatg feasible path, crossover, mutation and link operators.

In Figure3.17a, link operator is applied to the slightly different path from the path
in Figure 3.16, and the resulting path does not satisfy the minimum distance
constraint before climbing. In physical meaning, the faulty waypoint, which is
marked in Figur&.17b, is very close to the obstacle to start climbing, so locating it
far away from the obst&might be a wise strategy. Therefore, repair operator shifts

the faulty waypoint in the climbing direction and obtains a new waypoint.

[ Ipath
[ lfaulty linked path

— —

final
|
*
|
|
|
|
] &
]
*  faulty waypoint
start

*  shifted waypoint
— — — shifting direction

Figure3.17. RepairingFaulty Linked Path byRepairOperator
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The repaired path with the new waypoint is shown in Figur8.

*  faulty waypoint
*  shifted waypoint

[ Jpath
1] repaired path

final

Figure3.18. RepairOperator

54



3.6.4 Overall Genetic Algorithm for 3D Path Planning

After generating a feasible initial populatjoall the operators are applied to the
population at every generationtil the maximum number of generations is reached

The sstructureof the main algorithm is given ie flowchart below

generate feasible
initial population

I

&

reduction
operator
—
r

: Yes )
max num_ber of generations terminate
is reached
No
crossover : reduction
— repair operator —»

operator operator

o h o k w

[_, mutation reduction

— repair operator —»
operatar operator

» A » : »

[—‘ link operator J—> repair operatorJ g

Figure3.19. TheMain Algorithm
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3.6.5 Simulations

In these simulations, the aim is to see if the results seem intuitively correct and
observe how different parts of the cost function affect the result. Thengtaoint,
thetarget point and the obstacles are inputs of the algorithm. The constraint values
given inAppendixB are theconfiguration parametergvhen they are all set, the best
path would be found by the algorithm. Figures fr820 to 3.25 show the effect of

the dostacle locations and dimensions. Simulations are conducted when the number
of generations is 50. The cost function is a weighted sum of three objectives, which
are length, fuel consumption amisk of being detectedThus, these are single
objective optinization solutions. Note that the paths found in the soendéelow

might change if the weights of the objectives are changed. -bhjkctive
optimization methods get rid of adjusting weights, which is explained in the next
section. The simulations last 20 seconds on average on a 2.80 GHz CPU and 8GB
RAM system. All thefunctions are implemented on MATLAB 2017b.

3.6.5.1 Experiment |

This experiment is conducted to see if the paths found look like global optimum
solutions intuitively. Scenario | shows that the path found by the algorithm looks like
the best path according to tHede objectives. Scenario Il shows that the map is
slightly changed in a way that the top corner of the uppermost obstacle is shifted
upwards so that it blocks the way it passed by. This time, the algorithm finds a
different path that looks like the besitp on the new map. Logically, the cost has
increased since the path gets longer. This simulation verifies that the algorithm works

well intuitively.

56



cost: 1719.97 cost: 2112.4071

1500 r 1 1500

1000 r 1000

y (m)

500 | 500

0 500 1000 0 500 1000
x (m) x (m)

Figure3.20. Scenario | and Scenario Il

3.6.5.2 Experiment I

In Figures 3.2 and 3.2, simulations are conducted to see the effect of the heights

of obstacles. Scenario 11l shows that the path found goes over the uppermost obstacle
and reaches the target point. When the height of the obstacle is triplicated, the path
shown in Figure 32is obtained. As expected, the algorithm finds a less costly path
that gets around the obstacle instead of climbing over the very high obstacle. Since
it covers a longer distance, the second path is much costly, but it is still tipates

on the map in Scenario IV.
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cost: 1909.31

1500

1000

y (m)

Figure3.21. Scenario I

cost: 2118.3429

1500

1000

Figure3.22. Scenario IV
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3.6.5.3 Experiment Ill

In this experiment, the aim is to seetlife algorithm works well in complicated
environments. Figur@.23 shows a path founded in a complicated environment.
Notice that starting point and target point are very close to the obstacles, which
increases the probidiby of having infeasible paths. However, thanks to the problem
depenént operators defined in this work, the algorithm handled the infeasible paths

and found the best path successfully.

cost: 2892.6486

1500

1000

x (m)

Figure3.23. Scenario V

If there is a narrow canal in the middle of the uppermost obstacle, the algorithm
would be tested in a more challenging case illustrated in Figurésu3d23.5. For

such a case, finding the best path for once is not enough to verify the algorithm. The
success rate is important. Therefore, a Monte Carlo simulation is performed in order
to eliminate the randomness of the algorithm. Monte Carlo simulation reseilts a
shown in Table.1. According to this, the algorithm finds the best path, which goes

from the canals mostly. In failure cases, it gets around the obstacle as if there is no
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canal, i.e.it finds the path shown in Figu23. Also, the success rate irases as

the number of generations increases, which can be seen from the table below.

cost: 2148.9615

1500
1000
y (m)
X (m) 1500
Figure3.24. Scenario VI
cost: 2460.4896
1500
1000
y (m)
x (M) 1000 1500

Figure3.25. Scenario VII
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Table3.1. Monte Carlo Simulation Results

_ number of canal is canal is not _
Scenario . numberof trials
generabns found found
VI 50 17 3 20
VIl 50 15 5 20
VI 100 20 0 20
Vil 100 18 2 20
3.6.6 Multi -Objective Optimization in Path Planning Problem

In order to decide if one path is better than another path, their cost values are
calculated according to an objective function. This objective camgbength of the

path, fuel consumption, total maneuver angle isibility for the path planning
problem.One objective or weighted sum of multiple objectives can be taken as one
function and better solutions are determined by comparing their objective function
values in singlebjective optimization problesa The weighted sum of multiple
objectives is taken as a single objective with the predefined weight vector in
Equation3.15 The weight vector is chosen in proportitmthe importance of the
objectivesand this isa straightforwardnethod of combining different objectives.

(3.15)

06 6 Q@

For examplethelength of the path and fuel consumption functions are addie to
total objective function with different weights Eguation3.16 Apparently, having
a shorter path is more important than consuming less fuel according to the weights

in the totalobjective function below.

M O TUEQ ® TMUQ o (3.16)
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However, it is tough to set the weight vectortire weighted sum of multiple
objectives methgdand it does nioprovide a set of alternative solutions by changing
the weights of objectives. In multbjective optimization problems, two or more
objective functions are minimized or maximized simultaneously. The desired output
is generally a set of netlominated soltions rather than one solutiol is a remote
possibility that a single solution that optimizes all of the objectives exists. Non
dominated solutions are simply the solutions that are not dominated by any other
solutions. They need to satigfyefollowing rules:

1 They are not worse than any other solutions in all objectives.

1 They are better than others in at least one objective.

Such solutions are also called Pareptimal solutions and they are considered

equally good, i.enone of them are superior over other solutions.

Multi-objective genetic algorithms are advantageous over traditional methods
because genetic algorithms fundamentally operate on a set of solutions when the
outputof multi-objective optimization is a set of solutions. There are various-multi
objective genetic algorithmandthe Strength Pareto Evolutionary AlgorithfRa9]

is used in this work because it is very efficient and powerful.

3.6.6.1  Strength Pareto Evalutionary Algorithm (SPEA)

SPEA is a mixture of muHbbjective optimization techniques and evolutionary
algorithms in order to find nedominated solutions. It stores all the relwminated
solutions found so far in an external population. This external populatigaaed

in every generation of genetic algorithm. The outline of the algorithm is illudtrate
in Figure3.26.

All non-dominated individuals of the populatiarefound, and they are added to the
external populationwhich is @lled Pareto set in Figui®26. After newly found
nondominated solutions are compared with the existing Pareto set, all non

dominated solutions are stored in extended Paretaveeteas dominated ones are
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deleted. Ifthesize of the resulting extended Pareto set is greater theedafimed

value, the size is reduced by the clustering technique. The clustering technique
reduces the size in a way that it eliminates the solutions if similar of them already
exist in the Pareto set. Therefore, it preserves the characteristics ofdtoeopamal
solutions. The reduced Pareto set is united with the population and godseinto
selection process. After crossover and mutagicapplied to selected individuals,

the next population is generated. This loop continues alwitiy generationsuntil
thestopping condition is reached. After dlig Pareteoptimal solution setwhich is

the output of the algorithnis obtained.

Generation i [ populatien ] [ Pareto set ]
|

collect nondominated solutions

[ extended Pareto set]

}

reduce Pareto set

[ reduced Pareto set]
J

Y
selection

[ mating pool ]
crossover aTnd mutation
[}
Generation i+1 [ next population J [ updated Pareto set]

Figure3.26. The Outline of SPEA 9]

After implementing SPEAthe length of the path and the fuel consumption of the
path are chosen as objectiv@fie Raretcoptimal ®lution set is shown in Figure
3.27. The path with minimum length and the path withnimum fuel consumption

are coleed withblue and red, respectively. Climbing over an obstacle or making a
turn consume more fuel than going strajgitt the path that has less climbing or
turnings is more costly according to fuel consumption objective. Thus, the red path
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in the figure is the gh with minimum fuel consumption because it has no climbing
and fewer turnings than the others. Also, climbing over an obstacle shortens the
length of the path significantly. For example, blue path savesgdistance by

climbing over an obstacle.

T
[ Iminfuel path -
:] min length path
[ lother paths |
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Figure 3.27. PareteOptimal Solutions

According to the costs of the patimghich are shown in Figu®28, they are all non
dominated solutions because they satisfy the-dmninance rules given above.
After seeing the costs of nalominated solutions, appropriate weights will be

determinedo obtain the best traetsTf.
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CHAPTER 4

CLOSE-IN WEAPON SYSTEMS

A guntbased CIWS is modeled and used for defending a spot against nimstiss

chapter

4.1  Modeling the Effects of CIWS Against Incoming Threats

CIWS have radars for detection of the threats, computers for calculations and rotary
cannons for thassault. All these subsystems are placed on a,twiigth can rotate

in both azimuth and elevation axes.

Radars can detect thre#itatare within the detection range. As mentioned in Figure
A3, Cl WS 06 s de tnore extensivéhan dsnagsaulangs soit detects

the threat and tracks it without attacking bitcomeswithin a particularrange. In
tracking, CIWS rotatetowards the target point in both axes simultaneously so the
rotation can be diagonas the threat enters the assault grrgtary canngrwhich

is an automatic firearm starts to fireaatery high cyclic rate.

thulet v V1

N

Vo h';_\_

Figure4.1. C | Wa3atfacking aThreat
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Time arrangement is vital in CIWS models because the threat likely moves at high
speed, and its position changes quickly so that any time period matters. Figure 4.1

shows the general aspect of CIWS when attacking a threat.

The time it takes for the missilarriing the current intersection point is called

o . In this time duration, the CIWS needs to calculate the intersection point,
rotate towards the intersection point, shoot at the intersection poththe bullets
fired need to arrive ahe intersection point. Therefore, the total of the other time

durations is simplyp , and all the calculation is based on this relation.

0 0 0 0 ] (4.1)

The time durations given in Equatidril are elaborated ithe next section.

4.2 Examination of the Time Durations

421 Computation Time

It is the time taken for calculating the intersection paiite radarsof the system
detect the position and the velocity of the missileus, the intersection point can be

simply calculated if the is known with the Equatiod.2

NE 0 QI i MRAYOEAE ¢ 0 2 0 (4.2)

422 Rotation Time

It is the time taken for the CIWS to rotate towards to intersection point. As an
example, Figured.l illustrates that the CIWS needs to rotate from iitsial
orientationw to @ before firing.The rotation time is calculated from the change in

the orientation of the CIWS. The orientation is definedebier andes which can
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be found easilyfrom the CIWS direction The desired direction of the CIWS is

calculated ashownbelow.
W
W W 0 z0 @ w (4.3
Q
The desired pitch anglef and yaw angle() are calculated in Equatioh4. Note

that roll anglef ) is notconsidereecausehe orientation of CIWSs determined

by pitch and yaw angles.

-Q

— OAl

[
PN
[ OAIl—
W

(4.4)

The difference between the desired and the actual orientaticaidsu$ated as below.

Y o o (4.5)

The time required for the CIWS to rotate the arc between two orientations is simply
calculated in Equatiod 6. In this work, it is assumed that the CIWS rotates at a

constant angular speed

5 &S (4.6)

0

42.3 Fire Time

Rotary cannons shoot awery high rate of fireand they send a bunch of bullets in

a certain amount of time, which can be modeled as sheets of bullets in 3D space.

These sheets have their own orientatwhich is exactythes ame as t he
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orientation at the instant they are fired. A sheet witliexd dimensions and zero

pitch and yaw angles is placed at the origin and rotated around y and z axes to get
the correct orientation in 3D space. The rotated sheet is obtained by multiplying the
points of the sheet at the origin with the transformatiotnioes. Afterall, the rotated

sheet is shifted to its current position.

('me ime Y
Al-O0 n OEF AIf0 OEIl m
Y m p 1 z OHKI AifOn 4.7
OB+ m Al-O Tt ™ P
i"me Mo ()

424 Arrival Time of Bullet

It is time it takes for a bullet sheet to arrive at the intersection point. As the speed of

bullets is assumed to be constant, the calculation is straightforward.

5 I8 (4.9)
U

As a result, alVariables depend only on the intersection point position, which means
if the intersection point is known, all variables can be calculated. Edqbation 4.8

is combined with th&quation 4.1Equation 4.9s obtained.

WS U z 0 0 0 o] (4.9)
If O , 0 are taken as constants amd is calculated fronEuler
angles of vectow, the only unknown variable i& . Thus, the equation is
solved ford . In this work,0 andd are taken as 0.1 seconds.
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4.3 Network of the CIWS

Each subsystem of the CIW8ns on different computers and comnuaigs with

the others simultaneouslys [12] proposes. Figuré.2 shows this network and
interaction between the units. According to the figtine,radar computer gets the
position andvelocity information of the tteat and continuously gives this
information to the calculation computéfhe calculation computer calculates the
point that the CIWS shoot,and it also determines if the point is close enough to
fire. In all cases, the turret computer rotates the systevards the thredbd track

the target continuouslyf he fire control computer waits faheturret to complete the
rotation and fire if the aim is inside the assault range and the bullets can arrive at the

destination on time.

| radar computer | ’ computation computer ‘ ‘ turret computer B
Data I: position and
Data | Data Il velocity of threat
Data Il: intersection
=\ i\ point
Data lllI: if the
o o ?ntelzrsection point is
a| | fire control computer | |3 inside of the assault
= 0 = range
Data IV: if the rotation
B is completed
—r==

Figure4.2. TheNetwork of theSystem

4.4 Demonstration of the CIWS Model

The wholeCIWS modelis simulated on MATLAB Simulinkand the model is
shown inAppendix A The missile trajectory is a function of time, which is given to

the system as an input. However, real radars estimate the position and the velocity
of the flying objects with an error margin, and this also should be added into the
model. Thus, random rs® is added tthe position and velocity of the threat. After

71



all, noisy information is sent to the system a$iéf threat's position and veloceye
estimated by radar.

When the missile is outside of the assault range, the CIWS only tracks the threat
without attacking. However, the system starts to fire just before the missile gets into
the assault range because it attacks the running path of the missile. £8yjure
illustrates such an instant that the system starts to fire when the missile is stiél outs

of the assault range. The sphere represents the assault eeglothe line is the
trajectory that the missile tracked until that instafdny bullet sheets fired by the

CIWS are on the way to come together with the missile at their own intersection
points.

1000

1000
g 500

1000

x (m)

-1000  -5000
y (m)

Figure4.3. The CIWSStartsto Fire JustBefore theMissile Gets into theAssault
Range

The side and the top views are depicted in FigudeNote that, dimensions of the
missile and thebullet sheets are exaggerated in order to vizaiale situation

because they are too small compared to the other distances.
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Figure4.4. Side andlop Views of theScenario

According to its currentrientation, the missile is modeled as a rectangular prism
with certain dimensions and located in 3D spa€be prism is rotated with
transformation matrices and shifted in the same way with the bullet sheets. The
missile is accepted to be shot if a 2Dleusheet intersects with the 3D missile prism

at any time. In the simulation, it is checked if there is an intersection between missile
and bullets at every time instant. The CIWS succeeds in any intersduiidhe
number of intersections is used for further analyses. Figbishows the intersection
detectionghroughouthe flight of the scenario given above.

intersection detection
initial firing

threat gets in assault region

| | | | 1
10 " 12 13 14 15 16 17 18
time (s)

Figure4.5. IntersectiorDetectionsThroughouthe Flight
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The success rate of the CIWS depends highly on the amplitude of random noise
coming from the measurement of position and velocity of the threat. A Monte Carlo
simulation is conducted in order to see the effect of the noise amplitude on the
success rateNote that Gaussian distribution is used with zero mean and different

variance values for noise.

800 T T T T T T T T T

600

400

200

number of intersections

50

variance

Figure4.6. Effect of NoiseAmplitude on theéSuccesRate

Althoughasingle intersection between missile prism and bullet sheet is accepted as
a shotthe total number of intersections is accepted as an indicator of success rate
for a given missile trajectory within garticulartime resolution. According to this
experiment the simulation is executed for all of the different variance values and
numbers of intersections are storad,show in Figure4.6. After the variance gets

50 meters, therareno intersections left. After all, as the accuracy of the information

decreass,thenumber of intersections logically decreases.
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CHAPTER 5

FINAL PHASE PATH PLANNING

In Chapter 2, the mathematical model of an air vehicléeisved and it is built on
Simulink with a guidance system and CAS. Also, some simulations are conducted in
order to verify the model and the interaction between the systems. Since the
dynamics of missiles are the same as the modelfbuidfeneral air vehiclest will

be useds a model of missilein this chapterMoreover, a CIWS system is designed

in Chapter 4, and its performance is assessed for a given missile trajectory. In this
chapter, evasive maneuvers are investigated by combining missile and CIWS
model s. Their Simulink models are put
velocity are fed tolte CIWS model with some sensor noise. The coupled model is
givenin FigureA.2. In addition, the air vehicle parameters used in all the simulations
in this chapter are shown in Appendix C.

In this study, different kinds of maneuvers are investigated,tasdjood to have
missile and CIWS models together for this purpose. The simulations are based on
random movements rather than a particular movement since it becomes completely

uncertain even to the attacker side by this way.

Basically, faketargets are generated randomly and given to the guidance sgstem
order to produce random acceleration commands. The real and fake targets switch in
a particular period so that a trajectory including evasive maneuvers is obtained. As a
result of this, theswitching period should be chosen carefully so that the CAS
dynamics can handle the changes. In this work, the switching period is selected as

100 ms. In other words, the system switches its target every 0.1 seconds.
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[—ldeviation area

+ target

Figure5.1. TheDeviationArea for Strategy |

Fake targets are calculated by deviating the vector towards the target in the direction
of pitching moment and yawing moment. The deviation angles are randomly
generated between lower and uppeaurmaries. Thus, boundaries of pitch angle and
yaw angle define the deviation area where the fake targets are randomly located,
which can be seen in Figusel. Logically, the deviation area must get smaller while

the missile gets closer to the target beeaiti should home to the target at the same
time. Therefore, the angle boundaries are updated as the missile gets closer to the
target, illustrated in FigurB.2. In addition, the Bape of the deviation area is very
effective in simulations. In the figures, the areas are one piece, but they also might

be multiple sectional areas.
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Figure5.2. TheDecreasindeviationAreas

The numbeof fake targets given to the guidance system after each real target can
be adjusted. For instance, the system might have three randomly chosen fake targets
and the real target in a regular turn, and this process continues until hitting the target.

The nunier of fake targets in each turn is call@tbr the rest of the report.

Consequently, the number of fake targé&dsn each turnand the shape of the
deviation area etermines the strategy. They both might cause some breakdowns,
such as getting shot onissing the target, and they are all examined in the next

section.

5.1 Examination of Different Strategies

51.1 Strategy |

The deviation angles are generated in boundarles -h- hf v -k and

"O p. The corresponding deviation area for the boundaries is shown in Bifjure
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Figure5.3. Monte CarloSimulationResult of Strategy |

Figure5.3 shows the Monte Carlo simulation results with the numbéemtions

100 for Strategy |. The aim is to see how many cases become successful. Note that a
case is successful if there is no intersection and the miss distance is smaller than 2
meters. From the simulation result, there is no case even reachirgydgbt s

shown in Figures.6. Actually, the problem is that the missile goes to the negative
side of thed axis, and the simulation terminates. The reason for this is the lower

boundary of deviation angle of pitch angle is radians. Thus, it allows the missile

to go downward in the vector direction and crash the ground with the help of gravity.

|:| deviation area

+ target

Figure5.4. TheDeviationArea for Strategy Il
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51.2 Strategy |l

The deviation angles are generated in boundagesTh- i v -k ,"0 p.

The corresponding deviation area for the boundaries is shokigure 5.4.

number of cases W|th miss dlstance<2 21
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0 100
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Figure5.5.Monte CarloSimulation Result of Strategy I

Thelower boundary of deviation angle of pitch angle is changed émd a Monte
Carlo simulation is performed. The result is showniguFe 5.5. According to the
results, the mean of the miss distance becoo@swhereas it waso p& yin

Strategy |. Thereforghe change in the boundary brings an obvioysrovanent.

Figures 5.6 and 5.7show® view of the trajectories of Strategy | and Il. Whereas

the trajectory of Strategy | hits the ground before reaching the target, the other

reaches the target.

1000 e
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N
i | | | A
-5000 -4000 -3000 -2000 -1000 0 1000
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Figure5.6. @ ¢/iew of theTrajectories of Strategy |
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Figure5.7. @ &/iew of theTrajectories of Strategy |l

from this,the number of fake targei®in each turn needs to be adjusted as

well for Strategy Il. HencelO Monte Carlo simulatios are performed with the

number of iterationg Tt 1far the "Ovaluesp to p Tand the results are shown in

Figure 5.8. According to the results, as the F increafies,success rate of miss

distance is getting better. Also, there is no intersection in &boulf the cases for
the"Ovalues greater than

success rate (%)

success rate (%)

miss distance
100

20 1 | 1 | 1 | 1
1 2 3 4 5 6 7 8 9 10
number of fake targets in each turn (F)
getting shot
T T

10 1 | 1 | 1 | 1
1 2 3 4 5 6 7 8 9 10
number of fake targets in each turn (F)

Figure5.8. Monte CarloSimulation Results forDifferent FValues
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In this strategy, the system fails likely even with F's best value because the missile
gets shot by the CIWS easily. The deviation areas were one piece so far. However,
the successive fake targets might be generated close toteachwhich causes the
maneuver not to be large enough to avoid the attacks. Since tens of fake targets are
generated in one flight, this case happens very likely, and it presents a threat to the
missile itself. This is the reason for having a low succass of getting shot in
Strategy Il. The system needs to make sure that it carries out large maneuvers in both

axes in order to eliminate this threat.

5.1.3 Strategy Il

The deviation angles are generated in boundartes —h- ,[ N -h —°

—Fk

[—ldeviation area

+ target

Figure5.9. The DeviationArea for Strategy Il

Figure5.9 shows the deviation area for StratedyTivo separate areas provide large
maneuvers in the direction of yawing. Firstly, the lower bound of the pitching
deviation angle is set tofp YHence, it allows the missile to have a larger maneuver

in ¢-axis in the last stage because it dives to thgetairom a higher altitude, as
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shown in Figureb.13(b). Secondly, the piecewise angle$ ddtate two symmetric

deviation areas, as shown in Figbr@. Thus, it creates a gap between the symmetric

areas, and the missile can have a larger maneuveuitane, as shown in Figure
5.13(a).
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Figure5.10. The Actual andDesiredAccelerations in jaxis for Strategy Il
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Figure5.11 TheActual andDesiredAccelerations inyaxis for Strategy Il

In this strategy, the system guides towards only fake targets until a predefined
distance value to the target. The value is set to meters, and the missile guides
towards the real target after the remaining distebecomes smaller than this value.

In addition, if the fake targets are still randomly picked from the symmetric areas,
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this strategy would not make a big difference because when the missile starts to go
towards one side, it will probably have a fakeg&rgenerated on the other side in

the next step. Thus, it would not be able to have a nice maneuver towards one side.
In order to overcome this problem, the fake targets are generated on one side for a
number of times before it passes to the other side.nmbefY states how many

times the system goes one side, and this is also randomized betardp ufor

each side. The way of selecting the fake targets in a row can be see from

@ signals for Strategy Il and IIl in Figuis®.10 and5.11. For Strategy I,

fake targets are generated on both negative and positive sides, and the missile follows
the command signal pretty well. However, it does not switch the sides very
frequently in Strategy Ill. If it goes towards one side gigfrs going for a while. In

this way, the missile has enough time to carry out the maneuver towards one side.
Figure5.12 shows the trajectory of Strategy lll, together with Strategy II's trajectory
which is given in Figuré.7. As shown in the figure, thieajectory of Strategy Il

carries out a larger maneuver.

_————— direct guidance
Strategy I

1000 Strategy Il

500

z (m)

-2000

1500
0 500

y (m)

1000 40900  -500

Figure5.12. TheTrajectories of Strategy Il and 11|
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Figure5.13 indicates thév candw views of the same trajectes In @ ¢plane, the
trajectory of Strategy lll takes a slight left at first, goes towards to right side secondly
and completes the flight by reaching the targed plane, some sharper maneuvers
are obtained with Stragg III.
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Figure5.13. xy and xzViews of theTrajectores

A Monte Carlo simulation witlp 1t iterations is performed to see the performance

of Strategy Il] as shown in FigurB.14. According to the result¢hesuccess rate of

miss distance iso T Pwhich is much better than Strategy Il. Also, it lpagt T P
accuracy in reaching the target successfully. It reaches the target without getting shot
for most of the cases with Strategy Ill. Therefore, having the largest possible
maneuvers without missing the target is the key point of the evasive maneuver of

missies, and it is very effective against CIWS.
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CHAPTER 6

DISCUSSIONAND CONCLUSIONS

In this thesis, midcourse afidal phase path planning is dealt with. The two phases
state two different problems and require separate solutions. In the midcourse phase,
paths with the minimum length, fuel consumptiand risk of being detected are
looked for. The dynamics of the air vehiciee represented by their geometric
equivalents in this phase in order to get the solution as fast as possible. In other words,
the dynamicsare added to the problem as the constimiof the optimization
algorithm. On the other hand, mathematical medkghir vehicles, guidance system

and CAS are integrated to use against the mathematical model of the CIWS. All the
subsystems are built on MATLAB Simulink and run sitaneously. #ice the aim

is to measure and develop the performance of the air vehicle, it is not much possible
without havinganair defense system. Therefore, several evasive maneuver strategies
are investigated in order to avdlteassault of the CIWS. Afteahegeneral scope of

the thesis is given, detailed examinations are discussed in each chapter of the thesis.

In Chapter 2, some necessangthematical tools are described and the general
eqguations of motion of a standaair vehicle are derived step by steptekfthis, the
aerodynamic model is integrated with the equations of motion and the vehicle
becomes a controllable system with the deflection anglds (i ) and the thrust
force. Besides, guidance and CAS subsystems are developed and attacleed to th
overall system. At the end of the chapter, the demonstration of the whole model is
carried out in a way that an air vehicle guides towards a target aoththe signals

are examined. For a trajectory that the air vehicle reaches the target succehbsfully

Euler angles, commanded signals produced by the guidance system and the actual
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signals controlled by the CAS were compatible with the trajectory and it proves the

model operates properly apractical manner.

The midcourse path planning is elabodate Chapter 3. The optimization problem
formulation is given with segate costs and constraints. After that, the infinite
dimensional problem is discretized and the fhuiteensional problem is obtained,
whose formulation is also given. Then, geomeitryturning, climbing and diving
maneuvers is explained clearly. Eventually, the Real Coded Genetic Algorithm is
selected as the optimization method and its usage on path planning problem is
described. Since there has to be an initial populatidheiGendic Algorithm, an

initial population creation method that only produces feasibldisnhiis set forth.
Thereatfter, the classical crossover and mutation operators are shown hew to
utilized in this problem. Also, new problem depentoperatordhiave been defined
thanks to the flexible Genetic Algorithm and they make the algorithm capable of
converging more accurdyeand faster. Lastly, some experiments are conducted to
verify the performance of thalgorithm. According to the results, the algorithm
works very well even for very complicated environments. Some Monte Carlo
simulations are carried out and their outcomes show the algorithm finds the global
optimum solutionn mostcasesBesidesthe effects of the separate cost functions
are examined ithe Multi-objective Optimization section.

For further analyses, simulations with DTED maps might be conducted to see the
performance of the algorithm in real environments. The average computation time is
15 seconds in the simulations, but it mightSo@inutes with DTED mapsecause

real environments are much more detailedsuch a case, there might be some
enhancements for decreasitige number of intersection checks to improve

computation time.

In Chapter 4, a gubased CIWS is modeled mathematically asddifor defending
against a missile model that is the same derived for air vehicles in Chapter 2. The
calculation of the time dutian is very crucial to model ta timing properly. The

position and the velocity of the missige estimated by the CIWS witsome
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measurement noise and the intersection point is calculated by accepting it moves in
a linear directionln this way, the CIWS shoots at the intersection point at the right
time. In order to see the effect of amplitude of the measurement noise, a Monte Carlo
simulation is carried out for variance values 0 to 50 meters. As expected, the
performance of the CIWSedreases as the variance goes up. Anyway, the success

rate is quite acceptable wighvarianceof 5 meters or less.

The models from ChapteR and 4 are integrated and the missile and the CIWS are
made work against each otharthis way in Chapter 5. Whethhe missile directly

guides towardshe target without any maneuvers, it gets shot undoubtedly as shown

in Section 4.4. Thus, evasive maneuvers are necessary for the missile to avoid the
assault of the CIWS. In this study, evasive maneuvers are createdhiy that fake

targets are randomly selected from deviation areas in a certain period and these
targets are given to the guidance system one byloribis way, the missile goes
towards the fake targets before the real one and carries out an unerpaotener.

These maneuvers highly depend on the shape and the size of the deviation areas
because the fake targets are generated on them. Several tactical strategies are
investigated to find the best one. According to the results, the best way is to have
separate areas that are far away from each other. Because it provides the missile to
have large movements towards one side. Also, switching the area should not be very
frequent because if it switches the areas too often, the missile would not have enough

time to go towards one side.

The wok on creating different strategies for baitiensive and defensive sides|
continue in the future. It is planned to discuss the effects of using more than one

offensive vehicleand the othecountermeasure techniquésigltaneously.
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APPENDICES

A. Simulink Models
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B. Configuration Parameters ofthe Genetic Algorithm

generation number 50
population size 80

shifting length 500 meters
eliterate 0.1
mutation rate 0.5
mutation distance 50 meters
mutation angle ¢“ radians
climbing angle 0.5 radians
height margin 0.10

gps error 20 meters
extend distance 100 meters
placedistafterdive 200 meters
mindistafterstart 100 meters
mindistbetweenturnings 100 meters
mindistbeforefinal 100 meters
mindistbeforeclimb 100 meters
mindistafterdive 100 meters
mindistoverobstacle 100 meters
radius 50 meters
step angle 0.2 radians

maxdeviation angle

o Tt radians

costweights

1/3
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C. Missile and CIWS Parameters Used in the Simulations

m 514.34kg
d 0.125m

S 0.012274
X 19.18kg.a
ly 837.13kg.4
Iz 837.13kg.4
0 Q 0.53

5 61 OQ
0 61 W Q
0 6.31 ®Q
0 6i ©Q
0 541 ®Q
0 -6.61 ©'Q
0 6.31 ®Q
0 -5.61 ©Q
0 -2501 ®Q
0 6i ©Q
0 561 ®Q
0 -2501 ®Q
0 6i ©Q
length 5 meters
width 0.5 meters
height 0.5 meters
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