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ABSTRACT

Multi-sensor Data Fusion for Path Prediction of
Escaping from Engagement in Combat Aircraft

Enver Nurullah GOKAL

Department of Avionics Engineering

Master of Science Thesis

Supervisor: Assoc. Prof. Ufuk SAKARYA

Achieving air superiority is one of the key steps to success in warfare. It is
necessary for a combat aircraft to have the survivability it needs in an aggressive
combat environment. UAVs have now become an essential component of military
air operations. When the aircraft is not piloted by a person, nations can use UAVs
to conduct military missions with less danger. UAVs can be operated in two ways:
by pilots from remote control stations or by flying autonomously. Unmanned aerial
vehicles (UAVs) suffer from maintaining the maneuverability and navigational ability

in the event of a disconnection from the control station.

In this work, an escape path prediction algorithm developed by fusing multi-sensor
data is presented to facilitate the escape of engagement of UAVs. It is attempted to
aggregate data from various sensors by processing them under the impact of noise and
come up with the best escape path prediction estimation algorithm possible. Data from
radars are evaluated in the Extended Kalman Filter and used to make estimations. The
estimations made are used in constraint optimization to generate an instantaneous
optimal escape route. Since the constraints and objective function are not linear,
nonlinear programming is used as a method of constraint optimization. According
to the simulation results, the proposed method shows a promising result for escaping

from engagement in the selected scenario.

It is also aimed to see how the Extended Kalman Filter influences the functioning of
this approach at various noise levels by simulations. This observation is critical in

determining the influence of the suggested method on the UAV’s resource use.
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OZET

Savas Ucaklarinda Angajmandan Kacis Yolu Kestirimi
Icin Gok Sensorlii Veri Fiizyonu

Enver Nurullah GOKAL

Aviyonik Miihendisligi Anabilim Dali
Yiiksek Lisans Tezi

Danisman: Doc. Dr. Ufuk SAKARYA

Savasta basari1 elde etmenin en Onemli kosullarindan birisi, hava dtstiinliigiini
saglamaktir. Saldirgan muharebe ortaminda bulunan bir savas ucaginin, gereken
hayatta kalma 6zelliklerine sahip olmasi gerekmektedir. IHAlar artik orduda hava
operasyonlarinin vazgecilmez bir unsuru haline geldi. Ucagin icinde bir insan pilotun
olmamasi sayesinde, iilkeler IHAlar1 kullanarak daha az riskle askeri operasyonlar
gerceklestirebilir. IHAlarin hareket kontrolii iki sekilde yapilabilmektedir; IHAlar,
uzaktan kumanda istasyonlarindan pilotlar tarafindan kontrol edilir veya otonom
olarak ucabilir. Insansiz hava araclarinda (IHA), kontrol istasyonuyla olan baglantinin

kesilmesi durumunda, IHAnin hareket ve seyriisefer kabiliyetlerini korumasi zorlasir.

Bu calismada, insansiz hava araclarinin angajmandan kagisini saglamak icin c¢ok
sensoOrlii veri flizyonu yontemiyle gelistirilen bir kacis yolu kestirimi algoritmasi
sunulmaktadir. Cesitli sensorlerden gelen verileri giiriiltiiniin etkisi altinda isleyerek
toplamaya ve miimkiin olan en iyi kacis yolu tahmin algoritmasi bulmaya calisilir.
Gelen radar verileri, tahmin yapmak tizere Genisletilmis Kalman Filtresine sokularak
degerlendirilir. ~ Yapilan tahminler, dogrusal olmayan programlama yonteminde
kullanilir ve anlik optimal kacis yolu belirlenir. Sahip olunan kisitlamalar ve amag
fonksiyonu lineer olmadig1 i¢in kisitli optimizasyon yontemi olarak dogrusal olmayan
programlama kullanilir. ~ Simiilasyon sonuclarina gore, oOnerilen yontem secilen

senaryoda angajmandan kagis i¢in umut verici sonuclar sunmustur.

Ayrica Genisletilmis Kalman Filtresinin cesitli giiriiltii seviyelerini simiile ederek

bu yaklasimin isleyisini cesitli giiriiltii seviyelerinde nasil etkiledigini gormek

Xiv



amaclanmaktadir. Bu gézlem, énerilen yontemin IHAmin kaynak kullanimu iizerindeki

etkisini belirlemede kritik 6neme sahiptir.

Anahtar Kelimeler: Insansiz hava araci, genisletilmis kalman filtresi, dogrusal

olmayan programlama, sensor fiizyonu, kagis yolu kestirimi

YILDIZ TEKNIK UNIVERSITESI
FEN BILIMLERI ENSTITUSU
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1

INTRODUCTION

One of the most important conditions for success in warfare is to achieve air
superiority. It is of great importance for an aircraft to be able to use the survivability
features hidden in the aircraft when it is in a man-made hostile environment, in order
to provide air dominance. This research is focused on a decision-making algorithm to
develop maneuverability of the combat aircraft in engagement conditions. The term
“engagement”, which is often used in military matters, refers to a combat between two
sides. Engagement is initiated by the attacking force to perform a task. Engagement
ends when the attacker completes the mission or quits the mission [[1|]. For an aircraft
to successfully exit the engagement, it is important to make quick decisions based
on the aircraft’s maneuverability and its opponent’s position. This research is based
on a dogfight engagement with an attacking aircraft. The aim is to ensure that the
attacked aircraft escape from engagement in the most optimized way by making fast
and accurate decisions. In the scenario discussed in this study, both the attacked and
the attacking parties are UAVs. The attacked the attacking party may also be Air-to-Air
Missile (AAM) or Surface-to-Air Missile (SAM), rather than a UAV.

UAV is an abbreviation for Unmanned Aerial Vehicle. The most basic feature of UAVs
is that there is no human inside the UAV; thus avoiding the risk of pilots being harmed
in battle [2]]. UAVs have now become an indispensable element of air operations
in the military. Due to the absence of a human pilot operating the aircraft, nations
can perform military operations with less risk using UAVs. In addition, UAVs, with
their functions, provide great efficiency contribution to armies in military operations.
Some of the uses of UAVs, which can be used in a wide variety of ways in war, are
as follows; surveillance, assigning a target to other armed systems, attacking the
target by itself. UAVs can attack fixed or moving targets [|3]. Medium Altitude Long
Endurance (MALE) Anka UAV produced by Turkish Aerospace Industries can be given
as an example of a UAV [4]. Anka is a military UAV designed and manufactured to

perform surveillance, reconnaissance, target detection and target recognition tasks.

Movement control of UAVs can be performed in two ways; UAVs are controlled by



pilots from remote control stations or can fly autonomously. In addition to the remote
control station, communication satellites and GPS satellites can also be used in flight
control. When a UAV controlled from a remote control station is disconnected from
the control station, it should be able to continue its flight autonomously in order to
avoid a catastrophic result [|5]. The basic methods that provide autonomous flight in
UAVs are as follows; artificial neural networks, machine learning and real-time path

planning with artificial intelligence or numerical methods [|6]].

1.1 Literature Review

There are other studies with various approaches on this subject. Capello et al. [7]]
proposed a Particle Filter based navigation and guidance system based on Remotely
Piloted Aircraft Systems (RPAS). In the proposed method, Particle Filter based
estimation method was examined and a comparison is made between particle filter,

Extended Kalman Filter and Unscented Kalman Filter.

Lépez & Zbikowski [|8] proposed an autonomous decision-making algorithm for
unmanned combat aircraft (UCAV) with 14 different maneuvering options. Each

decision is evaluated based on a score equation considering external constraints.

Zhang et al. [9] proposed a sequential convex programming method for path planning
to be used in UAVs. When the problem is a nonlinear control problem which is
non-convex, a method for optimization by conversion of the non-convex problem to a

convex problem or series of convex problems is proposed.

Tisdale et al. [|10] proposed a camera-based estimation and path prediction method
for a search and locating task for a group of UAVs. In the proposed method, recursive
Bayesian estimation was used as the estimation method, and non-convex constrained

optimization was used in the path planning stage.

Bortoff [[11] proposed a UAV path planning algorithm. Aim of the proposed two-stage
path planning algorithm is to determine an optimal path for UAVs by making a
trade-off between stealth and path length in areas with radar.

Jiang & Liang [|12]] has proposed a case based path planning algorithm with a standoff
distance for autonomous UAVs. In the proposed method, target trajectory estimation
has been made with quadratic functions. For target localization, a nonlinear least
squares estimation method is used. Finally, a case based decision making algorithm
stepped in to accomplish the path planning with a standoff distance. In the proposed

method, sensor noise is taken into account when using the measured values of the



sensors. A new case-based guidance method has been proposed to make a balanced

trade-off between the optimal path planning method and real-time performance.

Yang et al. [[13] proposed a path planning method using passive detection system
for target detection. The use of radar in the target detection system makes it easier
for the aircraft to reveal its position by other systems, so a method using a passive
detection system as a target detection system has been proposed. In the proposed
method, Partially Observable Markov Decision Process is used as the decision making

algorithm.

Kang et al. [[14] proposed a Kalman filter algorithm for UAV path planning. In this
study, it is aimed to eliminate the negativities caused by the uncertainties in the flight
environment. With a Kalman filter-based module developed by taking into account
sensor noises, GPS sensor noise and model noise, threats were modeled and a safe
distance for the UAV has attempted to be determined.

Wu et al. [|15] proposed a path planning method which uses a Kalman filter-based
prediction algorithm for collision avoidance in UAV groups. In order to eliminate the
inconsistencies coming from the noise caused by the communication of many UAVs in

a dynamic environment, a Kalman filter based estimation method has been proposed.

Luo et al. [[16] proposed a position estimation and collision avoidance method for
UAVs. Due to the colored noise seen in the received signal strength measurement
coming from the communication module, the distance estimation was performed using

the colored noise model in the Extended Kalman Filter.

Mao et al. [17]] proposed an Extended Kalman Filter design for position estimation
for UAVs. The proposed design in this study is based on the situation where the
UAVs temporarily lost their GPS connection. In the scenario created, a group of UAVs

cooperating with each other is considered.

Goh et al. [[18] has proposed a Weighted Measurement Fusion Kalman Filter for UAV
navigation. In the proposed method, each measurement value from the sensor is used
by weighting it according to the distance it travels. Compared to the standard Kalman

Filter, the proposed method gave better results in terms of position calculation error.

1.2 Objective of the Thesis

This study aims to develop a path planning algorithm for the unmanned aerial vehicle
(UAV) to survive the engagement on its own in case the unmanned aerial vehicle (UAV)

which is disconnected from the ground control station during an engagement. It is



important for the UAV to use it’s autonomous flight features to prevent any catastrophic
results in an engagement when the connection link from ground control station or
satellite has cut down. These autonomous flight features include optimal escape
route estimation. When the scenario stated above is occured, UAV shall generate
it’s path using optimal path prediction algorithm to escape from engagement. For
these reasons, in this thesis, it is aimed to combine data from different sensors by
processing them under the influence of noise, and to come up with an optimal escape

path prediction estimation algorithm.

In addition, in this study, the standard deviation values of the measurement noise
representing the noise in the sensors and the process noise representing the noise
in the environment are given as input to the Extended Kalman Filter model used
for estimation. It is aimed to observe how the Extended Kalman Filter affects the
operation of this method at different noise levels by making simulations at different
noise values. This observation is important to determine the impact of the proposed

method on the resource utilization of the UAV.

As the constraint optimization method of this study, nonlinear programming method
is used. In this study, it is also aimed to observe the effects of the following parts of
the nonlinear programming algorithm; objective function, linear & nonlinear equality
& inequality constraints on the optimal escape path of the UAV. While constraint
optimisation is made, weight values of the distance and the angle have a decisive
effect on the planned escape path. Which means the weight values of the distance

and the angle effects the resource utilization of the UAV.

1.3 Hypothesis

In this thesis, a UAV guidance and navigation method based on Extended Kalman Filter
and Nonlinear Programming is presented. In the first step, to estimate the enemy
aircraft, position the multiple-sensor values are fused using the Extended Kalman
Filter. Two sensors are used: One of them is the range sensor and the other is the angle
sensor. After the prediction of the enemy aircraft position and direction a constraint
optimization was made with the help of nonlinear programming. In this step, the
constraints are defined according to the coordinate axes of the escaping UAV. Hence,
UAV maneuverability can change according to the pitch, the roll, and the yaw axes
of the UAV. Thus, the nonlinear programming is applied on the coordinate axes of
the escaping UAV. After the obtaining the solution according to the coordinate axes of
the escaping UAV, the solution is converted to the original coordinate axes. In briefly,

based on these two methods, an escape path prediction algorithm has been developed.



1.4 Structure of The Thesis

The rest of the thesis is outlined as follows: In Chapter 2, necessary background
information about the methods and algorithms used in this study is given. The titles
which the information about is given are: Kalman Filter, Extended Kalman Filter,

Nonlinear Programming and 3D Transformations.

In Chapter 3, proposed method given in this study is explained. Three base steps
of the proposed method which examined in this chapter are: Position Estimation,

Constrained Optimization and Vector Transformation.

In Chapter 4, the four scenarios run on the simulation are described first. Then, results
of the simulation are examined for the four different scenarios separately. In addition,

a ground truth calculation is given after the simulation results.

In Chapter 5, conclusion and the final thoughts for this work is presented.



2

BACKGROUND

2.1 Kalman Filter

2.1.1 Introduction

The Kalman Filter method was proposed by Rudolf E. Kalman in 1960 [[19]. The
Kalman Filter is an algorithm which takes continuous measurements as inputs in order
to estimate desired unknown variables. Kalman Filter is often used when a state of
some system cannot be measured directly [[20]. To estimate the state of the system
optimally, Kalman Filter is used. When there is multiple sensors with noise, Kalman
Filter can be used to combine the data from those sensors and make an estimation of
the signal that can’t be directly measured. This is called sensor fusion [21]. Some
of the main areas where the Kalman Filter is used are; tracking, navigation and
guidance in aviation, vehicle control, position estimation applications with inertial
measurement unit, statistics, and economics [[22]]. Kalman Filter is also very important

in multi sensor data fusion.

To help understand the Kalman gain variable of the Kalman Filter, the simple block
diagram is shown in Figure In Figure K represents the Kalman gain, u the
control input, y the output, and x the internal variable that cannot be measured and
needs to be estimated. In addition, X is the estimated state of the variable x, ¥ is the
estimated state of the output y. In order to predict the state change in the most accurate
way, it is aimed to bring the x closer to x, in other words, the mathematical model is

tried to be closest to the system. The e,,, in Formula 2.5 represents the observation

obs

error, which is the difference between the actual state x and the estimated state X.
The extended representation of e, is formed using Equations
and The extended representation of e, is shown in Equation[2.7} An exponential
solution for this problem is provided in Equation[2.8] In the Equation[2.8, when A—KC
is less than zero, our observation error converges to zero. By having a controller like
Kalman gain controller in a feedback loop like in this example, the error conversion

rate can be controlled as desired [[21]].
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Figure 2.1 Overview of Kalman gain: K and the state estimation model (adapted

from [21])
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(eops )k = X — Xy = Axy_y —AXy_; + Buy_; —Buy_y —K (¥ — Y1) = (A—KC)(eyps )i
2.7)

eobs(t) = e(A_KC)teobs(O) (28)

Kalman Filters are used to predict new states of the system, taking into account of
previous states of the system and current noise. The Kalman Filter consists of two
stages. These stages are prediction and update. The first stage is prediction, at this
stage, an estimation of the stage of the system is made. After the prediction, the update
stages comes next. At update stage, the estimation from first step is updated using the
measurements coming from sensors under the noise [|23]]. Kalman Filter shows it’s
advantage mostly in situations like this, where it is aimed to make state estimations
within the systems under influence of measurement noise and process noise. The

transition from the k-1 state to the k state is defined as:

X = ka—l +Buk_1 + Wi (29)

In the equation the state vector is denoted by x, the state transition matrix is
denoted by F, control matrix of the control vector input u is denoted by B and the
zero mean Gaussian process noise is denoted by w [24]. Q is the covariance matrix of

the process noise vector w,_;.

If it is desired to associate the measurement and the state with each other at the current

time step Kk, the association shown below in the Equation |2.10]is used.

Zk:HXk+Vk (210)

In the Equation [2.10] the measurement model and the process model have put
together. The measurement vector is denoted by z,, measurement matrix is denoted by
H, and the measurement noise is denoted by v,. The measurement noise is Gaussian

with zero mean. R is the covariance matrix of the measurement noise.

By using the measurement series z; , _, Kalman Filter makes estimations of x, at time
step k. The initial estimate x, is given in order to help the estimation process.The

state transition matrix E control input matrix B, measurement matrix H, process noise



covariance matrix Q and the measurement noise covariance matrix R are the matrices

that characterize the system [[24].

2.1.2 Algorithm

The prediction and update stages are two main branches of the Kalman Filter
algorithm. In this section, the prediction and update stages are examined and it is

explained how these two stages are used together and intertwined.

2.1.2.1 Prediction Stage

There are two outputs of the prediction stage: Predicted state estimate and predicted

error covariance.

X7 =F&, +Bu_, (2.11)

— A= T
P_=FP; F'+Q (2.12)

The hat operator in the Equation denotes the estimation. In Equations [2.11
and the ’-” superscript represents the predicted estimate and the '+’ superscript
represents the updated estimate. In the Equation estimation of the x from the
last update stage is used to make a new estimation of the x for a new prediction stage.
Predicted error covariance P denotes the state error covariance according to the filter.

Since P is aggregated with Q, it has a higher value in the prediction stage.

2.1.2.2 Update Stage

Update stage has four outputs, these are: measurement residual, Kalman gain,

updated state estimate and updated error covariance.

yk :Zk_H‘)%]: (213)
K, =P_H"(R+HP_H")™ (2.14)

9



P =(I—KH)P, (2.16)

As examined in this section before, Kalman gain is calculated using measurements and
errors to update the state estimate and error covariance. In the Equation[2.14] Kalman
gain K is obtained at given time step k). In the Equation [2.13] measurement residual
¥ is obtained at given time step k. The goal of the measurement residual is to indicate
the difference between the actual measurement and the estimated measurement. In
the Equation update of the state estimate X, is made. A correction is generated
by multiplying the Kalman gain K, and the measurement residual ¥,, then updated
state estimate X,” is obtained by adding correction K, 7, to predicted state estimate X
from the prediction state. In the Equation[2.16] error covariance P, at given time step
kis updated after updating the state estimate. In the update phase of the Kalman filter,
the measured values were used and the existing noise values were brought together.
Thus, Kalman gain was created, state estimate and error covariance were updated.
With the use of measurement values, the state estimation produced by the Kalman
filter has reached a more precise value. This can also be observed by the updated

error covariance P, having a smaller value [[24].

2.2 Extended Kalman Filter

2.2.1 Introduction

The Kalman Filter described in the previous section can only be used for linear systems.
Since the Kalman Filter is based on the Gaussian distribution, the Gaussian distribution
is preserved after a linear transformation [21]]. However, real-world problems are
mostly nonlinear, including the problem in this thesis. When a Gaussian distribution is
applied to a nonlinear function, the output does not have a Gaussian distribution [[25]].
Thus, Extended Kalman Filter (EKF) is used when predicting nonlinear functions.
In Extended Kalman Filter, system model is linearized around the estimation of the
mean of the current state. The linearization is made by using Taylor series expansion
[26]]. This locally linearized model is used to give an approximation of the optimal
prediction [25]. Navigation systems is one of the numerous real-time applications
where Extended Kalman Filters are used. Compared to other non-linear filtration
methods such as particle filters and point-mass filters, the Extended Kalman Filter is

less expensive in terms of computational cost [24].

State transition and measurement models for EKF are:
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X = f(Xpe—g, Up1) + Wi (2.17)

Zk :h(xk)+vk (218)

Where f provides the current state x;, and is the function of x,_; and u;_;.
The measurement function is denoted by h, g, is the measurement and v, is the
measurement noise. In the Equation w;_, denotes the process noise. Q is the
covariance matrix of the measurement noise w;_; and R is the covariance matrix of

the process noise v,.

2.2.2 Algorithm

Jacobian matrices must be obtained to linearize the model around the current
estimation. By obtaining the Jacobian matrices, first partial derivatives of the vectors

can be derivable [[24]]. The Jacobians of the F and H matrices are obtained as shown

in the Equations and

0
F_, = —f (2.19)
dx ey
H, = @ (2.20)
dx &

Rest of the algorithm is similar to Kalman Filter. In Extended Kalman Filter, there are
also two stages; prediction stage and update stage as in Kalman Filter. The output of
the previous update stage becomes the input to the prediction stage. With the outputs
of the prediction stage, Kalman gain, and updated state estimates are calculated in the
update stage. As in the Kalman Filter, state estimate X, is updated using the Kalman
gain K, and measurement residual ¥,. In this section, models of these prediction and

update stages are examined.

2.2.2.1 Prediction Stage

Prediction stage is modeled as in the Equations and Predicted state estimate
and predicted error covariance are obtained to use in the update stage.

11



=R wey) (2.21)

P_=F,P/ F/  +Q (2.22)

Where the hat operator means the estimate, '+’ signifies the updated estimate, -’
signifies the predicted estimate, X, is predicted state estimate and P, is predicted

error covariance [[24].

2.2.2.2 Update Stage

Update stage is modeled as in the Equations [2.23] [2.24] [2.25|and |2.26] In the update
stage, the predicted state estimate X, and the predicted error covariance P are used

+

to obtain the measurement residual y,, Kalman gain K, updated state estimate X;

and updated error covariance P;.

Yk =z —h(X,) (2.23)

K, =P _H,(R+HPP_H )" (2.24)
=% + K (2.25)

P} =(I—KH)P, (2.26)

Where y, is measurement residual, K, is Kalman gain, X," is updated state estimate
and P/ is updated error covariance [24]. F and H are Jacobian matrices of f and h.
The covariance matrix of process noise is represented by Q, and the covariance matrix
of measurement noise is represented by R. In order to obtain detailed information
about this topic, [24]] can be studied.
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2.3 Nonlinear Programming

2.3.1 Introduction

Before talking about nonlinear programming, it is helpful to examine linear
programming. In linear programming, the objective function given as a mathematical
model is tried to be minimized or maximized. It is aimed to make this optimization
within the limits of a constraint set given in the form of linear relations [[27]]. In linear
programming, real life problems are mathematically modeled to an objective function

to get maximized or minimized.

Nonlinear Programming is an optimization problem solving method where the
constraints or objective function are nonlinear [28]]. In a nonlinear optimization
problem, minimization or maximization of an objective function is made depending on
a set of constraints, where these constraints can be equality or inequality constraints
[29]. To solve nonlinear problems with constraints, there are numerous methods.
Some of the methods are: interior-point, sequential quadratic programming (SQP)
and trust-region reflective [29]. Large-scale nonlinear optimization problems with
sparseness or structure are where the Interior-point method is particularly useful.
Sequential Quadratic Programming (SQP), which is used as a general solution to
nonlinear problems, takes constraints into account at each iteration [[29]. The
trust-region reflective method is used for solving linear and nonlinear problems where

constraints are bounds only [[29].

2.3.2 Formulation

The formulation for nonlinear programming used in this thesis is defined in Equations
2.27, 2.28, 2.29 [2.30], 2.31] and [30].

min f (X) (2.27)
LB<X<UB (2.28)
Ay X = b, (2.29)

AxX <b (2.30)
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CyX)=0 (2.31)

CX)<O0 (2.32)

In the Equation f(X) is the objective function. In the nonlinear programming
method, the objective function f(x) is tried to be minimized by taking into account
the given constraints. In the Equation[2.28] terms LB and UB, denotes the lower and
upper boundaries of the input X. This means that at each iteration, the minimum
and maximum values that X, the input value of the objective function f(X), can
take are determined by LB and UB. In the Equation A, and b,, are linear
equality constraints. A,, and b,, determine the restrictions in form of linear equality
equations for the X. In the Equation A and b are linear inequality constraints.
A and b determine the restrictions in form of linear inequality equations for the X.
In the Equation C.q(X) is nonlinear equality function. C,,(X) determines the
restrictions in form of nonlinear equality function for the X. In the Equation
C(X) is nonlinear inequality function [30]]. C(X) determines the restrictions in form

of nonlinear inequality function for the X.

2.4 3D Transformations

2.4.1 Introduction

In this study, three-dimensional transformation matrices are used to transfer
three-dimensional points. In this section, three-dimensional rotation, translation and

homogeneous transformation matrix is explained.

2.4.2 Translation

Moving an object or a point from one position to another position in a 2D or a 3D space

is called translation. The point A is translated by x,, y, and z, with the translation [31]:

(X:.yrz)_)(X+xt:y+yt’z+zt)' (233)

2.4.3 Rotation

To rotate a point in a 2D or a 3D space, a rotation matrix can be applied to the point.

A 2D point A is rotated counterclockwise direction by using angle 6 € [0,27) [31]].
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The rotation is mapped to (x,y) €A as:

(x,y¥) — (xcosO — ysinB, xsin6 + ycos0O). (2.34)

The rotation matrix used for rotating 2D point A in counterclockwise direction by the
angle 6 € [0,2m) is shown as:

cos@ —sinf

R(O)={ . : (2.35)
sinf consf

The transformation of the rotation matrix R(6) applied on the points of A is expressed

as:

0 — ysin6
xc?s o =R(0) y : (2.36)
xsin@ + ycosf y
It should be noted that the rotation operation is applied around the origin. When

inverse rotation is intended, the inverse rotation matrix to be applied is R(—6)[31]].

When it comes to the 3D rotation process, things get more complicated. A
3-dimensional point can be rotated in three different axes. These axes are the x, y
and z axes that are orthogonal to each other. These rotations are called pitch, roll,
and yaw. Pitch, roll and yaw rotations used in avionics terminology can be seen in the

Figure |2.2

Yaw

X Roll Pitch Y

Figure 2.2 Pitch, yaw and roll rotations.

The rotation around the Y axis by an angle of 3, counterclockwise is called pitch. The
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rotation matrix R, (f8) of pitch is shown in Equation [2.37,

cosB 0 sinf
R,(B)= 0 1 0 (2.37)
—sinf3 0 cosf

The rotation around the Z axis by an angle of a, counterclockwise is called yaw. The
rotation matrix R,(a) of yaw is shown in Equation [2.38]

cosa —sina O
R,(a)=| sina cosa O (2.38)
0 0 1

The rotation around the X axis by an angle of y, counterclockwise is called roll. The
rotation matrix R, (y) of roll is shown in Equation [2.39}

1 0 0
R.(y)=|0 cosy —siny (2.39)

0 siny cosy

Each rotation matrix shown above can be regarded as a extension of the 2D rotation
matrix shown in Equation The rotation matrix R,(a) basically applies a 2D
rotation on the X and Y coordinate axis leaving out the Z axis. The rotation matrix
R, () basically applies a 2D rotation on the X and Z coordinate axis leaving out
the Y axis. The rotation matrix R, (y) basically applies a 2D rotation on the Y and
Z coordinate axis leaving out the X axis [31[]. By multiplying these three rotation
matrices R,(a), R,(f)and R,(y), a single uniformed rotation matrix can be created.
The order in which these three matrices are multiplied with each other is important,
when they are multiplied in different orders, a different resultant rotation matrix is
obtained. For example, the yaw, pitch, and roll matrices are multiplied with each other,
respectively. The resulting rotation matrix R(a, 8,7) = R,(a)R, ()R,(y) is shown in
the Equation [2.40

cosacosf3 cosasinfsiny —sinacosy cosasinf3cosy +sinasiny
R(a, B,y) = sinacosf sinasinfsiny + cosacosy sinasinficosy —cosasiny
—sinf3 cosfsiny cosficosy
(2.40)
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To summarize 2D and 3D rotations, 3D rotation depends on a, 8 and y parameters
while 2D rotation depends on 6 parameter only [|31]].

2.4.4 Homogeneous Transformation Matrices

The transformation of a point to another point in three-dimensional space can
be expressed practically with the homogeneous transformation matrix [32]. The
three-dimensional transformation matrix consists of the rotation matrix and the
transformation vector. A homogeneous transformation matrix in 3D space is 4x4
dimensional. For example, let’s take the rotation matrix R(a, 8,7) =R,(a)R,(5)R,(y)
in the Equation [2.40| and the x,, y,,2, translation in the Equation and create a
homogeneous transformation matrix. The obtained T homogeneous transformation
matrix is seen in the Equation [2.41]

cosacosf3 cosasinf3siny —sinacosy cosasinficosy +sinasiny X,

sinacosf3 sinasinfisiny + cosacosy sinasinficosy —cosasiny Yy,

—sinf cosPsiny cosficosy 2,
0 0 0 1
(2.41)

In the T homogeneous transformation matrix in the formula, first the rotation process
R(a, B,7), and then the translation process x,, ¥,, 2, is applied. The order of operations
is as follows: roll as y, pitch as 3, yaw as a and translate as x,, y,, 2,, respectively. A
point A that is transformed has six degrees of freedom, including rotation in three axes
and translation in three axes [|31]. The T homogeneous transformation matrix can be
shown as in the Equation [2.42]

R P
T = ( 3x3 3x1) (242)
01x3 1

In the matrix shown in Equation [2.42] R is the Rotation matrix R(a, 8,7) and P is the

translation x,, y,,2,. When the inverse of the T homogeneous transformation matrix

is to be applied, the inverse T~! matrix is shown in the Equation [2.43]

R —R'P
T_1 — ( 3x3 3x1) (243)
01x3 1
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3

PROPOSED METHOD

In this chapter, the proposed method of this work is examined. In this proposed
method, The Extended Kalman Filter and nonlinear programming method are used
together to develop the escape path estimation algorithm. MATLAB program is used
to develop this proposed algorithm and make the necessary simulations [[33]]. A simple
architecture of the proposed method is shown in the Figure below:

l

p_enemy ———>

Extended Kalman Filter |——>» p_est
— p_ally ———>

Inverse Homogeneous Homogeneous
Transformation: T-1 Transformation: T
-~
NLP < Nonlinear Programming |_
P (fmincon)

Figure 3.1 Overview of the proposed method

Where p_ally represents the position data of the friendly aircraft, which the escape
path prediction algorithm is applied on. The position data of the attacking enemy
aircraft that has been evaded is represented by p_enemy. The system calculates p_est
and p_NLP for each time point, working in a loop for each time interval. “p_est” is the
prediction value of the p_enemy position data obtained from The Extended Kalman

Filter. This p_est prediction value is given as an input to the fmincon function [30].
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Fmincon is a built-in MATLAB function for nonlinear constraint optimization. Fmincon
outputs the optimal escape vector p NLP Adding p_ NLP to the value p_ally had in the
previous time interval gives the new value of p_ally at the current time. Thus, an
optimal escape position for a time interval is assigned to the friendly aircraft based on
the estimated position of the attacking aircraft. The coordinate axis of the ally UAV
changes at each time step, as the ally UAV performs different maneuvers. For this
reason, at each time step, the nonlinear programming constraints and solution must
be relative to the ally UAV’s coordinate system. The relative distance between the
ally UAV and the attacking UAV undergoes a homogeneous transformation from the
original coordinate system to the coordinate system of the ally UAV before entering
the nonlinear programming method fmincon. Once an optimal solution is found, it
must go through an inverse homogeneous transformation to be converted back to the

original coordinate system.

3.1 Position Estimation

The Extended Kalman Filter model used in this thesis is a suitable model for the
scenario in the thesis. As mentioned before on the previous chapter, compared to
other non-linear filtration methods such as particle filters and point-mass filters, the
Extended Kalman Filter is less expensive in terms of computational cost [|24]. In this
model, there are two sensors on the friendly aircraft: the range sensor and the angle
sensor. The position of the attacking aircraft is estimated with the help of Extended
Kalman Filter, using the distance and angle data detected from these sensors on the
friendly aircraft under noise [24]. Standard deviation of process noise w;_; and
standard deviation of measurement noise v, are given to the Extended Kalman Filter
as inputs. Thus, the EKF could be tested under different noise conditions as desired.

A detailed diagram of the Extended Kalman Filter is shown in Figure |3.2

Initial points of the friendly and enemy air crafts are given in the initialization stage. In
the prediction stage, predictions of state estimate and the error covariance are made as
in equations & In the update stage, measurement residual and Kalman gain
are calculated as in equations & State estimate and the error covariance

are also updated as in equations &

In the Extended Kalman Filter model used in this study, the radar distance sensor
and angle sensor of the ally UAV measure the distance and angle values of the enemy
UAV. The distance sensor measures the distance r between two planes of the spherical
coordinate system shown in Figure[3.3] The angle sensor measures the azimuth ¢ and

polar 6 angles shown in Figure EKF makes the position estimation of the enemy
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Initialization

Position of the enemy
Position of the ally

Prediction

Predicted State Estimate

Predicted Error Covariance

Update

4 N

Kalman Gain
Measurement Residual
Updated State Estimate

Updated Error Covariance

<«

- /

Figure 3.2 Extended Kalman Filter model

(r.8.9)

Figure 3.3 Spherical coordinate system
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UAV using these distance and angle values.

3.2 Constrained Optimization

In this thesis, the built-in MATLAB function fmincon is used as a nonlinear
programming method. Fmincon finds the minimum of a multi variable function with
constraints. The constraints of the mentioned function and the objective function
are specified for fmincon as stated in equations[2.27] [2.28} [2.29} |2.30, [2.31|and |2.32]
Fmincon starts from a starting point x0 and tries to reach the value x that will bring the

function with defined constraints to its minimum value [|33]]. The purpose of fmincon
is to find a minimizer x value. The objective function used in this proposed method
is an essential score function used in aviation to evaluate the relative distance and

collision between two air crafts [[34], [35]. The objective score function is defined as

[8]:

le + A|

_d=dopt.
e

Sc=(1— T ) (3.1)

X

In the equation Sc denotes score resulting from the positions and angles of the
two air crafts relative to each other. The € & A represents the angles formed between
the movement vectors of two aircraft and the LOS (Line of Sight) line. The relative
€ & A angles of the two air crafts are shown in Figure The distance between
two air crafts is denoted by d. Desired optimal distance is denoted by d,,,. Finally,
the constant K is used to create a proportional adjustment between the angle and the
distance. In this proposed method, d,,, value is 700 and K value of 600 is used based

on an effective K value used in relative study [8]].

Ally

Figure 3.4 Relative angles of the two air crafts (adapted from [8]])
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3.2.1 Constraints

In the fmincon function used in Constrained Optimization, linear inequality
constraints are used to give the escaping UAV a conical angle. In addition, non-linear
inequality constraints are applied to constrain the resultant velocity vector of the

escaping UAV. These constraints will be discussed later in this section.

3.2.1.1 Angular Constraints

Angular constraints have been applied to the Constrained Optimization function
fmincon to ensure that the escaping plane’s motion vector stays inside the circular
sector with a desired angle. These constraints are applied for the angles of the x-axis
of the motion vector with the y and z axes. The Figure shows the motion vector

remaining inside the representative circular sector.

v

> vMuotion

v

Figure 3.5 Motion vector inside the circular sector

It is aimed to ensure that vMotion, which is the motion vector shown in the Figure
stays between v1 and v2 vectors representing a circular sector with the desired
angle. To do this, it is necessary to determine whether the motion vector vMotion stays
clockwise relative to the v1 vector and counterclockwise relative to the v2 vector. To
understand whether the vMotion vector remains clockwise relative to the v1 vector,
the normal vector of the v1 vector is calculated and the dot product of the vMotion
vector and the normal vector is taken. If the result from the dot product is positive,
the vMotion vector is located counterclockwise relative to the v1 vector. If the result is
negative, the vMotion vector is located clockwise relative to the v1 vector. The same
process is applied to the v2 vector. With this method, the matrices required to apply
the angular constraints to fmincon are determined. These matrices are the A and b
matrices in Equation [2.30}

A and b matrices seen in Equation |2.30|are given to fmincon as in Equations and

22



according to the angular constraint finding method described in this section.

—277 xsina 277 xcosa 0
—277 xsina —277 xcosa 0
A= . (3.2)
—277 xsinf3 0 277 xcosf3
—277 xsinf3 0 —277 % cosf3
0
0
b= 3.3
0 (3.3)
0

In the Equation 277 is the maximum resultant velocity constraint of input X =
x,Y¥,z in terms of m/s. The angle a is the yaw angle between the x and y axis. The

angle f is the pitch angle between the x and z axis.

3.2.1.2 Velocity Constraint

To represent the maximum speed the escaping UAV can reach, a resultant velocity
constraint to be applied in fmincon is given. This constraint is a constraint in form of

non-linear inequality. The non-linear inequality constraint C(X) is shown in Equation

B.4

C(X)=X(1)>+X(2)*>+X(3)>— (1000 0.2777778)*> < 0 (3.4)

In the Equation X is the input of the coordinates x, y, z of the escaping UAV. The
value 1000 is the maximum velocity of the escaping UAV in terms of km/h. The value
0.2777778 is the constant to convert km/h to m/s. It is desired to convert km/h to

m/s since a time step in the simulation is 1 second.

3.3 Vector Transformation

After the prediction of the enemy aircraft position and direction, a constraint
optimization was made. The constraints must be defined according to the coordinate
axes of the escaping UAV. Since, UAV maneuverability can change according to the
pitch, the roll, and the yaw axes of the UAV. Therefore, the nonlinear programming
is applied on the coordinate axes of the escaping UAV. On the other hand, each time

step the UAV can make a different maneuver, so the coordinate axes of the escaping
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UAV are changed for each time step. The coordinate axes of the escaping UAV and
the original coordinate axes can be managed in the algorithm in carefully. Therefore,
the solution UAV position and direction found in nonlinear programming according to
the coordinate axes of the escaping UAV must be translated and rotated with respect
to the original coordinate axes. To achieve this coordinate axes translation, a similar

approach like the one given in [[36] is used in this thesis.

To find the direction of the UAV, the flight mechanism must be determined. In this
thesis, the following approach is used for UAV maneuverability. The UAV has 3 axes:
the pitch, the roll and the yaw. To change the altitude (the pitch control) the elevator
is used. After the coming the desired altitude position, the UAV is updated its position
as the flat position according to the ground. Thus, z axis in the UAV coordinate axes
and z axis in the original coordinate axes are the same all nonlinear solution process.
On the other hand, to arrive some points in 3-dimensional space, in addition to z axis
movement, X and y axes movements are needed. It is assumed that the UAV has a
high maneuverability capacity, and thus, to turn left or right the following the flight
mechanism is used: Instead of the use of rudder for yaw control, the firstly the roll
control is used by ailerons or flaperons and then using elevator the desired direction
is aligned with the nose of the UAV. After the coming the desired direction position in

x-y plane, the UAV is updated its position as the flat position according to the ground.

To further explain this mechanism, one scenario is explained. Let’s the UAV only
changes its direction to the left side according to the nose in x-y plane without
changing the altitude position. In this case, the 1st command is the right aileron
up and the left aileron down. The 2™ command is the right aileron flat and the left
aileron flat. The 3"¢ command is the elevator up. The 4" command is the elevator flat.
The 5" command is the right aileron down and the left aileron up. The 6" command
is the right aileron flat and left aileron flat. At the end of these commands, the UAV is
flat position according to the ground and the direction of the UAV is changed an angle

in x-y plane.

After the obtaining the solution according to the coordinate axes of the escaping UAV,
the solution is converted to the original coordinate axes. In briefly, based on these two

methods, an escape path prediction algorithm has been developed.
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4

SIMULATIONS

In this chapter, the simulation scenarios are explained and the test results are
examined. The simulation results are realized using MATLAB [[33]]. It has been assisted

from [37]] in the implementation of Extended Kalman Filter for selected scenario.

4.1 Scenarios

The selected scenarios are defined as follows: In the selected scenario, there are two
UAVs traveling in open space, one ally and one hostile enemy. The Enemy UAV’s
starting point is assumed to be the point (0,0,0) in meters and moves at 1000km/h
in the x-axis only. The initial point of the ally UAV is the point (500,0,0) in meters.
Main input of the ally UAV for the target tracking is a radar system with range and
angle measurements. The standard deviation of the process noise used in the Extended
Kalman Filter is 0.5m/s for velocity in all three axes. Since we have the target position
data of the hostile enemy UAV when this escape path prediction system is activated
on the UAV, the EKF’s initial guess of target position is the measured position of the

enemy UAV.

Simulations were made for a period of 30 seconds. In nonlinear programming, the
lower and upper boundaries for input X are given as follows for x, y, and z: LB =
[-69.4445, -69.4445, -69.4445], UB = [277.7778, 69.4445, 69.4445] in meters. These
values are the maximum and minimum meters the solution of the fmincon can be for
each second. LB and UB were determined based on the mobility of the ally UAV and
were obtained by converting 1000 km/h and 250 km/h to m/s.

In the first three scenarios, there are no linear equality or inequality constraints. The
nonlinear inequality function C(X) is the maximum resultant value that fmincon’s
solution in x, y and z combined. C(X) is equal to the expression in Equation
where 1000 is the maximum value of velocity in km/h and 0.277778 is the constant

value to convert km/h to m/s.
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In the last three scenarios, linear inequality constraints are used as in the Equation
to constrain the movement angle of the motion vector in a desired angle. The
linear inequality constraints used are equal to the expression in Equations|3.2|and
Values of the a and the 3 in Equation are given /9 radians.

4.2 Results

4.2.1 Scenario 1

First, the scenario where the user input of standard deviation of measurement noise
is given [0.1, 0.1, 5] for two angles and distance respectively is run on MATLAB. The
measurement covariance matrix is constructed by the noise characteristic [0.5, 0.5,
10]. The xy-axis trajectories of enemy and Ally UAVs are shown in Figure Figure
shows the trajectories of UAVs in three dimensions. The values on the axes in the
figures are in meters. As can be seen in Figure and Figure the ally UAV made
its escape by making deviations in the y and z axes in the escape route. As the enemy
UAV’s position estimation sways in the z axis over time, the Ally UAV slopes to the z
direction and escapes. Since the measurement noise characteristic values are low, Ally
UAV escaping by drawing a trajectory close to ground truth. The x,y and z Position
values for the ally UAV and the enemy UAV is shown in Figure over time step k.

450
Enemy UAV
400 Ally UAV
Enemy UAV (EKF)
350
300
250
=200
150
100
50
0
—SD I i i I I i i I |
0 1000 2000 3000 4000 5000 6000 7000 BODO 8000

X

Figure 4.1 Xy-axis trajectory of the UAVs in the Scenario 1
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Figure 4.2 3D trajectory of the UAVs in the Scenario 1
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Ally UAV Enemy UAV (Estimated)
Time Step (k) |x Vi z X Vi z
1 500,00 0,00 0,00 0,00 0,00 0,00
2 777,66 0,45 0,00 277,78 0,00 0,00
3| 105543 0,23 0,00 555,56 0,00 0,00
4| 1333,17 0,39 0,00 833,32 0,00 0,00
5| 1610,76 0,39 0,00 1111,09 0,01 0,00
6| 1887,90 1,92 0,00 1338,86 0,00 0,00
7| 2165,68 1,62 0,01 166647 -0,01 0,00
8| 244321 1,39 0,01) 15943,93 -0,03 0,01
9| 2720,99 1,61 0,02 2222,60 0,00 0,03
10( 2998.76 1,72 0,00| 2500,19 -0,03 0,07
11| 3266,10 9,11 0,15 277739 -0,05 0,11
12| 354340 8,20 0,30) 3055,32 -0,04 0,07
13| 381647 591 0,52) 333292 -0,07 0,17
14| 4094,25 6,79 0,98| 3610,96 0,00 0,21
15) 437201 71,81 1,69| 3889,52 0,04 0,28
16| 464979 7,60 2,90| 416727 0,07 0,49
17| 4916,93 7,46 5,01 444517 0,49 0,68
18] 5194,68 7,80 8,56 4722,70 0,48 0,61
19| 5472,08 21,18 14,18 5000,12 0,65 0,45
200 5744,36 75,46 22,92 527738 0,50 0,65
21| 602145 88,83 37,28 5555,08 0,12 0,40
22| 6292,97 142,96 59,83 5833,29 2,69 0,63
23| 6568,02 156,22 96,30( 611047 0,63 -2,67
24| 683517 209,48 150,68 6388,34 0,30 -1,38
25| 710480 222,49 216,16 6666,01 0,54 1,21
26| 7369,55 275,27 281,63 65943,25 1,90 341
27| 7633,18 288,27 347,10 7221,81 0,61 0,42
28| 7903,93 341,05 412,58| 7499,81 0,40 -0,69
29| 8173,56 354,06 478,05 777753 -1,34 1,88
30| 843831 406,84 543,52| 805544 -1,30 1,26
31| &707,54 419,84 608,99 8333,90 -3,51 1,92

Figure 4.3 Ally UAV and enemy UAV positions over time step k from the Scenario 1

4.2.2 Scenario 2

The second scenario where the user input of standard deviation of measurement noise
is given [0.5, 0.5, 10] for two angles and distance respectively is run on MATLAB. The
measurement covariance matrix is constructed by the same noise characteristic [0.5,
0.5, 10]. The xy-axis trajectories of enemy and Ally UAVs are shown in Figure
Figure [4.5|shows the trajectories of UAVs in three dimensions. The values on the axes
in the figures are in meters. As can be seen in Figure 4.4/ and Figure the ally UAV
made its escape by making deviations in the y and z axes in the escape route. As the

enemy UAV’s position estimation sways in the z axis over time, the Ally UAV slopes
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to the z direction and escapes. Since the measurement noise characteristic values in
the second scenario were slightly higher than those in the first scenario, in Figure 4.5
it was observed that the ally UAV deviated slightly more in the y and z axes during
escape. Position values for the ally UAV and the enemy UAV is shown in Figure 4.6
over time step k.
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Figure 4.4 Xy-axis trajectory of the UAVs in the Scenario 2
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Figure 4.5 3D trajectory of the UAVs in the Scenario 2
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Ally UAV Enemy UAV (Estimated)
Time Step (k) |x Vi z X Vi z
1 500,00 0,00 0,00 0,00 0,00 0,00
2 777,66 0,45 0,00 277,78 0,00 0,00
3| 105543 0,23 0,00 555,53 0,00 0,00
4] 133320 0,39 0,00 833,09 0,00 0,00
5| 1610,98 0,39 0,00 1110,75 -0,02 0,01
6| 1888,13 1,93 0,01] 138788 0,00 0,05
7| 2165,90 1,63 0,06) 1665,21 -0,04 0,06
8| 244367 1,39 0,14) 1939,31 0,22 0,19
9| 272145 1,65 0,38] 2215,98 0,33 0,25
10) 2999,22 1,78 0,77 2494,65 0,30 0,55
11 326496 10,41 1,68)] 277704 0,17 0,91
12| 354230 9,33 3,16) 305762 -0,45 1,19
13| 3816,12 6,57 5,99 3336,61 -0,98 1,27
14| 409386 71,50 10,25 3617,16 -1,19 1,72
15| 4371,53 8,72 17,76 389518 -2,41 -0,01
16| 4649,14 8,36 27,63 4170,66 -2,14 -1,73
17] 4912,51 8,15 42,87 4445,12 -1,80 -2,78
18| 5189,19 8,51 67,52 472275 -3,02 -4,48
19| 5464,15 19,29 105,53 4997,35 -5,60 -8,13
200 573040 74,87 161,94 527484 -4,91 -8,37
21| 6000,14 85,45 22741 5552,74 -2,93 0,67
22| 626440 140,60 292,89 5829,63 -5,96 -0,10
23| 6534,14 151,19 358,36 ©0106,96 -1,17 -0,58
24| 679840 206,34 423,83 6384,29 -4,41 1,19
25| 706814 216,92 489,31| 66600,63 -3,41 0,65
26| 733240 272,08 554,78| 6934,24 4,84 10,44
27| 7602,14 282,66 620,25 7215,23 6,88 1,63
28| 7836640 337,82 685,72 749121 10,40 2,28
29| B8136,15 348,40 751,201 7769,58 5,97 -1,32
30| 8240040 403,56 816,67 804453 1,79 3,34
31| 8670,15 414,14 882,14 8322,25 5,95 0,58

Figure 4.6 Ally UAV and enemy UAV positions over time step k from the Scenario 2

4.2.3 Scenario 3

The third scenario where the user input of standard deviation of measurement noise
is given [1.5, 1.5, 50] for two angles and distance respectively is run on MATLAB.
The measurement covariance matrix is constructed by the noise characteristic [0.5,
0.5, 10]. Figure and Figure show the trajectories of UAVs in the xy-axis and
three-dimensional axis. If we compare this scenario to previous scenarios, the standard
deviation of measurement noise values in this scenario are higher than the values in
the previous scenarios. Therefore, in this scenario, the estimation of the location of the

enemy UAV with the EKF is more deviated. Thus, ally uses a more erroneous enemy
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UAV trajectory estimate when calculating the UAV escape route. In this case, as the ally
UAV experiences more confusion during escape, it flies in opposite directions over time
in the y and z axes. A more inefficient escape route is observed in terms of results and
resource use. Position values for the ally UAV and the enemy UAV is shown in Figure
over time step k.
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Figure 4.7 Xy-axis trajectory of the UAVs in the Scenario 3
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Figure 4.8 3D trajectory of the UAVs in the Scenario 3
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Ally UAY Enemy UAV (Estimated)
Time Step (k) |x Vi z X Vi z
500 1] 1] ] ] ]
J77,6596( 0,445573( 0,000161| 2777778 0 0
1055,425( 0,234432( 0,000161| 555,7134| 0,002834| -0,00543
1333,176| 0,387659| -0,0051| 833,7336( 0,014495| -0,01259
1610,765( 0,392536( -0,01752| 1111,046| 0,067347| 0,052556
1887,859( 1,777148( 0,029867| 1388,789| 0,106269| 0,279669
2165,637( 1,514522| 0,289711| 1670,565( 0,074334| 0,272413
2442,702( 1,312516( 0,591538| 1963,064| 0,144322| 0,108181
2720,063( 2,044966( 0,983008| 2229,994| -0,46494| 0,274154
2997,839( 2,016741| 1,846787| 2519,119| 0,255991| 1,809671
3186,326( 45,90916( 3,921964| 2800,172| 1,862728| 2,204304
3463,991( 38,64025( 7,797159| 3066,234| -1,11773| 3,359397
3740,828( 16,95731| 14,96609| 3330,889| -4,64545| 4,603462
4014,493( -29,1221| 26,9852 3618,375( -10,8596( 4,870627
4290,761| -50,7605| 46,18362( 3898,886( -17,3262( 6,320817
4367,737| -45,7073| 55,84857( 4176,871| -20,8267| 8,273326
4636,242| 2,993505| 107,7492( 4458,251( -31,5548| 13,43287
4905,649( 20,67889| 173,0769( 4737,699( -21,9606( 78,60227
4940,435| 17,91824| 182,0865( 5029,192( -33,1158| 59,08974
5206,685| -26,6303| 247,5593| 5316,326( -28,3395| 45,44928
547579 -47,987| 313,0322| 5609,577| 15,24827| 17,65622
5742,041| -92,5356| 378,505 5896,386( 31,87329( 9,857512
6011,146( -113,892( 443,9778| 6182,079| 37,46578| 7,069648
6277,396( -158,441| 509,4507| 6463,914| 43,35536| 6,234707
6546,502( -179,798| 574,9235| 6744,172| 35,8019| 13,34902
6812,752( -224,346| 640,3964| 7032,018( 45,01732| 7,704962
J081,857( -245,703| 705,8692| 7318,062| 40,30005| 16,95662
7348,107( -290,251| 771,3421| 7600,241| 38,78892| 17,01134
7617,213( -311,608| 836,8149| 7854,896( 24,93322| 23,00098
7883,463( -356,157( 902,2878| 8182,101| 19,40634| 9,9398383
31| 8152,568| -377,513| 967,7006| 8462,308| 27,08373| 16,23458
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Figure 4.9 Ally UAV and enemy UAV positions over time step k from the Scenario 3

4.2.4 Scenario 4

The fourth scenario where the user input of standard deviation of measurement noise
is given [0.1, 0.1, 5] for two angles and distance respectively is run on MATLAB.
The measurement covariance matrix is constructed by the noise characteristic [0.5,
0.5, 10]. Figure and Figure show the trajectories of UAVs in the xy-axis
and three-dimensional axis. The user input of standard deviation of measurement
noise of this scenario is the same as in the first scenario. The difference between
this scenario and the first scenario is that, in this scenario, angular constraints are

applied to fmincon as linear inequalities. With the application of angular constraints,
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the movements of the escaping UAV for each time step are more constrained than in
the first scenario. The turns of the escaping UAV for each time step are also limited by

the angles determined in these constraints.
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Figure 4.10 Xy-axis trajectory of the UAVs in the Scenario 4
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Figure 4.11 3D trajectory of the UAVs in the Scenario 4
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Ally UAV Enemy UAV [Estimated)
Time Step (k) |x Vi X Vi z
1 S00 0 0 0 0 0
2| 777,6596| 0,445573| 0,000161| 2777778 0 0
3| 1055,425| 0,234432( 0,000161| 555,541| 0,000112| 8,27E-05
4| 1333,196| 0,386897| 0,000405( 233,2626( 0,000667| -0,00154
5| 1610,78| 0,389356| -0,00097( 1110,968( 6,66E-05| -0,00194
6| 1387,914| 1,939572| -0,0025( 1388,897| 0,00291 -0,006
7| 2165,692| 1,630106( -0,00939| 1666,635| -0,00818| 0,004269
8| 2443,222| 1,397666( -0,00763| 1945,316| 0,000223| 0,024574
9 2721| 1,625985( 0,007551| 2222,42| -0,03453| 0,025477
10| 2998,777| 1,737082| 0,025323| 2499,572( -0,07341| -0,0004
11) 3264,253| 9,924532| 0,032212| 2776,532( -0,10413| 0,031379
12| 3541,571| 8,906683| 0,082056( 3054,278( -0,02086| -0,1006
13| 3814,651| 6,333752| 0,014671( 3332,129( 0,008259| -0,2922
14| 4092,427| 7,319005| -0,18865( 3610,06( 0,159799| -0,53191
15| 4370,202| 8,46079| -0,69107| 3889,545( 0,139706| -0,47713
16| 4647,088| 30,68605| -1,35449( 4166,648 -0,377| -0,24468
17| 4921,097| 76,27904| -2,26229| 4443,692( -0,9462| -0,02103
18| 5197,982| 98,50413| -3,59672( 4721,634| -0,63481| -0,42767
19| 5471,98| 144,0954| -6,20626| 5000,361( 2,102531| -0,40485
20| 5748,84| 166,3185| -10,088| 5278,517( 3,087489| 0,199324
21| 6022,79| 211,9017| -15,9143| 5556,701( 4,831907| 0,119013
22| 6299,51| 234,1136| -25,5797| 5835,361( 10,0063| -0,88466
23| ©573,05| 279,6286( -41,8491( 6112,962| 3,095216| 2,96028
24| 6849,077| 301,7849| -63,725| 6390,749( 5,127387| 1,799732
25| 7120,446| 346,9386| -102,204| 6669,818( -2,32024| 10,50998
26| 7392,672| 368,7898| -152,961| 6947,291( 0,098471| 5,510704
27| 7658,962| 413,0985| -218,434( 7223,826( 3,008207| -3,25684
28 7928,048| 434,6976( -283,907( 7501,184| 3,706389| -2,67151
29| 8194,338| 479,0063| -349,38| 7779,921( 3,065072| 1,792908
30| 8463,424| 500,6055| -414,852| 8058,488| 4,451855| 10,97613
31| 8729,715| 544,9142| -480,325( 8336,528( 4,707497| 13,70507

Figure 4.12 Ally UAV and enemy UAV positions over time step k from the Scenario 4

4.2.5 Scenario 5

The fifth scenario where the user input of standard deviation of measurement noise
is given [0.5, 0.5, 10] for two angles and distance respectively is run on MATLAB.
The measurement covariance matrix is constructed by the noise characteristic [0.5,
0.5, 10]. Figure and Figure show the trajectories of UAVs in the xy-axis
and three-dimensional axis. The user input of standard deviation of measurement
noise of this scenario is the same as in the second scenario. The difference between
this scenario and the second scenario is that, in this scenario, angular constraints are

applied to fmincon as linear inequalities. With the application of angular constraints,
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the movements of the escaping UAV for each time step are more constrained than in
the second scenario. The turns of the escaping UAV for each time step are also limited

by the angles determined in these constraints.
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Figure 4.13 Xy-axis trajectory of the UAVs in the Scenario 5
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Figure 4.14 3D trajectory of the UAVs in the Scenario 5
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Ally UAV Enemy UAV [Estimated)
Time Step (k) |x Vi X Vi z
1 S00 0 0 0 0 0
2| 777,6596| 0445573 0,000161| 2777778 0 0
3| 1055,425| 0,234432( 0,000161| 555,5651| 0,001864| 0,002372
4] 1333,174| 0,386572| 0,002694( 333,4921( 0,000361| 0,009746
5| 1610,758| 0,389024| 0,012587( 1111,079| 0,002136| 0,01323
6| 1887,899| 1,923968 0,0285| 1388,657| -0,05704| 0,021496
7| 2165,677| 1,612211( 0,062242| 1665,692| -0,17607| 0,0134594
8| 2443,286| 1,364747( 0,109236| 1943,09| -0,33883| -0,00542
9| 2721,063| 1,566253| 0,166025( 2219,392 -0,49| 0,210892
10 2998,839| 1,654378| 0,4385089| 2494,842( -0,70496| 0,317685
11| 3260,754| 10,67394| 0,946565( 2771,646( -0,74766| 0,531317
12| 3538,086| 9,501127| 1,843751( 3052,08( -0,42233| 0,111381
13| 3812,909| 6,590967| 2,892674| 3334,256( -0,58221| -0,63373
14| 4090,691| 7,658706| 4,051494| 3609,656( -0,46304| -0,57325
15| 4368,457| 8,903935| 6,298074| 3887,876( -0,17252| -1,26979
16| 4645,218| 32,47877| 9,068512| 4169,994( 0,646419| -0,07659
17| 4919,383| 76,72417| 15,10282( 4445477 -1,53135| 0,027192
18| 5196,019| 1002882 23,9225 472349 -2,63378| 0,299412
19| 5469,853| 144, 4802| 38,84328( 500093 -7,6429| 0,539792
20| 5745,624| 167,9706| 62,43904| 5281,691| 0,582422| 7,952369
21| 6016,263| 211,647| 107,2931| 5560,448( 0,805651| 8§,22537
22| 6285,24| 234,5587| 172,7659| 5839,239( -0,15669| 10,74817
23| 8551,744| 277,5676| 238,2387( 0118,315| -2,50424| 4,117313
24| 6820,721| 300,4794| 303,7116( 6396,731( -1,05019| -10,3867
25| J087,224| 343,4883| 369,1844( 6672,35( 1,570748| 4,312302
26| 7356,202 366,4| 434,6573| 6949,860| 3,628464| 2,029938
27| 7622,705| 409,409 500,1301( 7231,655( 1,705722| -12,2116
28| 7891,683| 432,3207| 565,603 7511,273| 0067611 -12,6159
29| 8153,186| 475,3297| 631,0758| 7738,218( 3,345718| -17,8013
30| 8427,163| 498,2414| 696,5487| 8065,924( 3,374817| -20,5133
31| 8693,667| 541,2504| 762,0215( 8337,67( 10,36332| -18,1577

Figure 4.15 Ally UAV and enemy UAV positions over time step k from the Scenario 5

4.2.6 Scenario 6

The sixth scenario where the user input of standard deviation of measurement noise
is given [1.5, 1.5, 50] for two angles and distance respectively is run on MATLAB.
The measurement covariance matrix is constructed by the noise characteristic [0.5,
0.5, 10]. Figure and Figure show the trajectories of UAVs in the xy-axis
and three-dimensional axis. The user input of standard deviation of measurement
noise of this scenario is the same as in the third scenario. The difference between
this scenario and the third scenario is that, in this scenario, angular constraints are
applied to fmincon as linear inequalities. With the application of angular constraints,
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the movements of the escaping UAV for each time step are more constrained than in

the third scenario. The turns of the escaping UAV for each time step are also limited

by the angles determined in these constraints.
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Figure 4.16 Xy-axis trajectory of the UAVs in the Scenario 6
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Figure 4.17 3D trajectory of the UAVs in the Scenario 6
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Figure 4.18 Ally UAV and enemy UAV positions over time step k from the Scenario 6

4.2.7 Ground Truth

The ground truth calculation was made by calculating the escape route for the ally UAV

according to the actual position of the Enemy UAV, not according to the estimated

position on which EKF was applied.

method NLP is applied based on real trajectory of the enemy UAV In order to make
a comparison with the allied UAV’s escape trajectories that planned according to
estimated enemy UAV positions by applying EKE, ground truth version of the allied
UAV’s escape trajectory can be seen in Figure & Figure Position values for
the ally UAV and the enemy UAV is shown in Figure [4.21| over time step k.

In other words, constrained optimization
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Figure 4.19 Xy-axis trajectory of the UAVs in the ground truth
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Ally UAV Enemy UAV
Time Stegx ¥ z X ¥ z
1 500 0 1] 0 0 0
2| 777,6596| 0,445573( 0,000161| 2777778 0 0
3| 1055425 0,234432( 0,000161| 555,5550 0 0
4| 1333,203| 0,386379| 0,000322| 833,3334 0 0
5| 1e10,79| 0,388675| 0,000483| 1111,111 0 0
6| 1887,933| 1,931047( 0,000805| 1388,889 0 0
7| 2165,693| 1,02338( 0,001284| 1le6e,067 0 0
8| 2443,221| 1,393867( 0,002089| 1944445 0 0
9| 2720,999| 1,620518( 0,003373| 2222,222 0 0
10| 2998,773| 1,734324| 0,005454 2500 0 0
11| 3265,823| 9,283878| 0,008737| 2777,778 0 0
12| 3543,129| §,358878| 0,013531| 3055,550 0 0
13| 3820,896| 5,964903| 0,022286| 3333,334 0 0
14| 4098,672| 6,869783| 0,035391| 3611,111 0 0
15| 4376,448| 7,900255| 0,057089| 3888,889 0 0
16| 4654,226| 7,683815| 0,091233| 4166,667 0 0
17| 4921,61| 7,538183| 0,146596( 4444,445 0 0
18| 5199,385| 7,860803| 0,237079( 4722,223 0 0
19| 5476,873| 20,54799| 0,383515 5000 0 0
20| 5749,153| 75,54033| 0,613522| 5277,778 0 0
21| o026,041| 88,22746| 0,985592| 5555,550 0 0
22| 6298,92| 143,2197| 1,580788| 5833,334 0 0
23| 6576,406| 155,90608| 2,536954| 6111,112 0 0
24| 6848,682| 210,8983| 4,070517( 6388,889 0 0
25| 7126,159| 223,5849| 6,531623| 6666,067 0 0
26| 7398,411| 278,5717| 10,4802( 6944,445 0 0
27| 7675,827| 291,2556| 16,81516( 7222,223 0 0
28| 7947,925| 346,2112| 26,97565| 7500,001 0 0
29| 8224,935| 358,8765| 43,2007 7777778 0 0
30| 8496,015| 413,6264| 69,31554| 8055,556 0 0
31| 8770,389| 426,1712| 110,8136| 8333,334 0 0

Figure 4.21 Ally UAV and enemy UAV positions over time step k from the ground
truth
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5)

RESULTS AND DISCUSSION

In this study, an escape path prediction algorithm that combines Extended Kalman
Filter and Nonlinear Programming is presented. Extended Kalman Filter is used
as the estimation method since the Extended Kalman Filter is less expensive in
terms of computational cost compared to other non-linear filtration methods such
as point-mass filters and particle filters [[24]]. Nonlinear Programming is used for
the constraint optimization. Coordinate system transformations are made for the
UAV positions by using homogeneous transformation matrices. Distance and angle
measurements coming from allied UAV’s sensors and standard deviation values for
measurement noise are used as inputs for Extended Kalman Filter. Thus, a sensor

fusion and escape path planning method has been developed

The algorithm was implemented on MATLAB and the simulations of the scenarios were
made on MATLAB. A ground truth of the escape path of allied UAV is calculated. In
the ground truth, escape path planned by doing constrained optimization based on
real position of the enemy UAV, not the estimations obtained from Extended Kalman
Filter.

As a result of the simulations, it has been observed that different standard deviation
of measurement noise values cause different results in EKF and accordingly nonlinear
programming finds different solutions. For lower values of standard deviation of
measurement noise, escape path of the allied UAV becomes more alike with the ground
truth. For higher values of standard deviation of measurement noise, escape path of
the allied UAV becomes more inefficient in terms of results and resource use. Thus,
the quality of radars in UAVs can be an important factor for an artificial intelligence

based algorithms like the given in this thesis.

Additionally, the results of scenarios with angular constraints applied and scenarios
without angular constraints applied were compared. The comparison is made between
the scenarios with the same standard deviation of measurement noise values. It has

been observed that, with angular constraints applied considering a desired angle, the
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UAV model has more realistic constraints and moves closer to reality.

However, the model used in this study does not have enough inputs to make the
inference to determine the end of the engagement. Determining the end of the
engagement depends on factors such as the effect of the distance between the
two aircraft on the measurements from the radars, the type of enemy, the type
of engagement. Besides of these, the most important factor in determining the
termination of engagement is knowing the type of missile on the enemy aircraft and
how the enemy aircraft will use the missiles on it. Since the enemy missiles was not
modeled in this study, the determination of the end of the engagement was not made.

However, this process may be added in future studies.

For future studies, more efficient and more flexible Extended Kalman Filter models for
various situations can be developed. Also, a system model can be developed in which

enemy missiles are analyzed and modeled.
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