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ABSTRACT

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

Enver Nurullah GÖKAL

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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ÖZET

Savaş Uçaklarında Angajmandan Kaçış Yolu Kestirimi
İçin Çok Sensörlü Veri Füzyonu

Enver Nurullah GÖKAL

Aviyonik Mühendisliği Anabilim Dalı

Yüksek Lisans Tezi

Danı̧sman: Doç. Dr. Ufuk SAKARYA

Savaşta başarı elde etmenin en önemli koşullarından birisi, hava üstünlüğünü

sağlamaktır. Saldırgan muharebe ortamında bulunan bir savaş uçağının, gereken

hayatta kalma özelliklerine sahip olması gerekmektedir. İHA’lar artık orduda hava

operasyonlarının vazgeçilmez bir unsuru haline geldi. Uçağın içinde bir insan pilotun

olmaması sayesinde, ülkeler İHA’ları kullanarak daha az riskle askeri operasyonlar

gerçekleştirebilir. İHA’ların hareket kontrolü iki şekilde yapılabilmektedir; İHA’lar,

uzaktan kumanda istasyonlarından pilotlar tarafından kontrol edilir veya otonom

olarak uçabilir. İnsansız hava araçlarında (̇IHA), kontrol istasyonuyla olan bağlantının

kesilmesi durumunda, İHA’nın hareket ve seyrüsefer kabiliyetlerini koruması zorlaşır.

Bu çalı̧smada, insansız hava araçlarının angajmandan kaçı̧sını sağlamak için çok

sensörlü veri füzyonu yöntemiyle geli̧stirilen bir kaçı̧s yolu kestirimi algoritması

sunulmaktadır. Çeşitli sensörlerden gelen verileri gürültünün etkisi altında i̧sleyerek

toplamaya ve mümkün olan en iyi kaçı̧s yolu tahmin algoritması bulmaya çalı̧sılır.

Gelen radar verileri, tahmin yapmak üzere Geni̧sletilmi̧s Kalman Filtresine sokularak

değerlendirilir. Yapılan tahminler, doğrusal olmayan programlama yönteminde

kullanılır ve anlık optimal kaçı̧s yolu belirlenir. Sahip olunan kısıtlamalar ve amaç

fonksiyonu lineer olmadığı için kısıtlı optimizasyon yöntemi olarak doğrusal olmayan

programlama kullanılır. Simülasyon sonuçlarına göre, önerilen yöntem seçilen

senaryoda angajmandan kaçı̧s için umut verici sonuçlar sunmuştur.

Ayrıca Geni̧sletilmi̧s Kalman Filtresinin çeşitli gürültü seviyelerini simüle ederek

bu yaklaşımın i̧sleyi̧sini çeşitli gürültü seviyelerinde nasıl etkilediğini görmek
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amaçlanmaktadır. Bu gözlem, önerilen yöntemin İHA’nın kaynak kullanımı üzerindeki

etkisini belirlemede kritik öneme sahiptir.

Anahtar Kelimeler: İnsansız hava aracı, geni̧sletilmi̧s kalman filtresi, doğrusal

olmayan programlama, sensör füzyonu, kaçı̧s yolu kestirimi

YILDIZ TEKNİK ÜNİVERSİTESİ

FEN BİLİMLERİ ENSTİTÜSÜ
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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
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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.

López & Żbikowski [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

2



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

3



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.
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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.
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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 2.1. In Figure 2.1, 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, x̂ is the estimated state of the variable x, ŷ 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 x̂ closer to x, in other words, the mathematical model is

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

error, which is the difference between the actual state x and the estimated state x̂ .

The extended representation of eobs is formed using Equations 2.1, 2.2, 2.3, 2.4, 2.5

and 2.6. The extended representation of eobs 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].

6



Figure 2.1 Overview of Kalman gain: K and the state estimation model (adapted
from [21])

xk = Axk−1 + Buk−1 (2.1)

yk = C xk−1 (2.2)

x̂k = Ax̂k−1 + Bu+ K(yk−1 − ŷk−1) (2.3)

ŷk = C x̂k−1 (2.4)

eobs = x − x̂ (2.5)

y − ŷ = C(x − x̂) = Ceobs (2.6)
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(eobs)k = xk− x̂k = Axk−1−Ax̂k−1+Buk−1−Buk−1−K(yk−1− ŷk−1) = (A−KC)(eobs)k−1

(2.7)

eobs(t) = e(A−KC)t eobs(0) (2.8)

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:

xk = F xk−1 + Buk−1 +wk−1 (2.9)

In the equation 2.9, 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 wk−1.

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

time step k, the association shown below in the Equation 2.10 is used.

zk = H xk + vk (2.10)

In the Equation 2.10, the measurement model and the process model have put

together. The measurement vector is denoted by zk, measurement matrix is denoted by

H, and the measurement noise is denoted by vk. The measurement noise is Gaussian

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

By using the measurement series z1,2,...,k, Kalman Filter makes estimations of xk at time

step k. The initial estimate x0 is given in order to help the estimation process.The

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

8



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.

x̂−k = F x̂+k−1 + Buk−1 (2.11)

P−k = F P+k−1F T +Q (2.12)

The hat operator in the Equation 2.11, denotes the estimation. In Equations 2.11

and 2.12, the ’-’ superscript represents the predicted estimate and the ’+’ superscript

represents the updated estimate. In the Equation 2.11, 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.

ỹk = zk −H x̂−k (2.13)

Kk = P−k HT (R+HP−k HT )−1 (2.14)

x̂+k = x̂−k + Kk ỹk (2.15)
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P+k = (I − KkH)P−k (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

ỹk 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 2.15, update of the state estimate x̂k is made. A correction is generated

by multiplying the Kalman gain Kk and the measurement residual ỹk, then updated

state estimate x̂+k is obtained by adding correction Kk ỹk to predicted state estimate x̂−k
from the prediction state. In the Equation 2.16, error covariance Pk at given time step

k is 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+k 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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xk = f (xk−1, uk−1) +wk−1 (2.17)

zk = h(xk) + vk (2.18)

Where f provides the current state xk and is the function of xk−1 and uk−1.

The measurement function is denoted by h, zk is the measurement and vk is the

measurement noise. In the Equation 2.18, wk−1 denotes the process noise. Q is the

covariance matrix of the measurement noise wk−1 and R is the covariance matrix of

the process noise vk.

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 2.19 and 2.20.

Fk−1 =
∂ f
∂ x

�

�

�

�

x̂+k−1,uk−1

(2.19)

Hk =
∂ h
∂ x

�

�

�

�

x̂−k

(2.20)

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 x̂k is updated using the Kalman

gain Kk and measurement residual ỹk. 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 2.21 and 2.22. Predicted state estimate

and predicted error covariance are obtained to use in the update stage.
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x̂−k = f ( x̂+k−1, uk−1) (2.21)

P−k = Fk−1P+k−1F T
k−1 +Q (2.22)

Where the hat operator means the estimate, ’+’ signifies the updated estimate, ’-’

signifies the predicted estimate, x̂−k is predicted state estimate and P−k 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 x̂−k and the predicted error covariance P−k are used

to obtain the measurement residual ỹk, Kalman gain Kk, updated state estimate x̂+k
and updated error covariance P+k .

ỹk = zk − h( x̂−k ) (2.23)

Kk = P−k HT
k (R+HkP−k HT

k )
−1 (2.24)

x̂+k = x̂−k + Kk ỹk (2.25)

P+k = (I − KkHk)P
−
k (2.26)

Where yk is measurement residual, Kk is Kalman gain, x̂+k is updated state estimate

and P+k 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 2.32 [30].

min
x

f (X ) (2.27)

LB ≤ X ≤ UB (2.28)

Aeq ∗ X = beq (2.29)

A∗ X ≤ b (2.30)
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Ceq(X ) = 0 (2.31)

C(X )≤ 0 (2.32)

In the Equation 2.27, 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 2.29, Aeq and beq are linear

equality constraints. Aeq and beq determine the restrictions in form of linear equality

equations for the X . In the Equation 2.30, 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 2.31, Ceq(X ) is nonlinear equality function. Ceq(X ) determines the

restrictions in form of nonlinear equality function for the X . In the Equation 2.32,

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 t , yt and zt with the translation [31]:

(x , y, z) −→ (x + x t , y + yt , z + zt). (2.33)

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 θ ∈ [0, 2π) [31].
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The rotation is mapped to (x , y) ∈ A as:

(x , y) −→ (xcosθ − ysinθ , xsinθ + ycosθ ). (2.34)

The rotation matrix used for rotating 2D point A in counterclockwise direction by the

angle θ ∈ [0, 2π) is shown as:

R(θ ) =

�

cosθ −sinθ

sinθ consθ

�

. (2.35)

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

as:

�

xcosθ − ysinθ

xsinθ + ycosθ

�

= R(θ )

�

x

y

�

. (2.36)

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(−θ )[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.

Figure 2.2 Pitch, yaw and roll rotations.

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

R y(β) =







cosβ 0 sinβ

0 1 0

−sinβ 0 cosβ






(2.37)

The rotation around the Z axis by an angle of α, counterclockwise is called yaw. The

rotation matrix Rz(α) of yaw is shown in Equation 2.38.

Rz(α) =







cosα −sinα 0

sinα cosα 0

0 0 1






(2.38)

The rotation around the X axis by an angle of γ, counterclockwise is called roll. The

rotation matrix Rx(γ) of roll is shown in Equation 2.39.

Rx(γ) =







1 0 0

0 cosγ −sinγ

0 sinγ cosγ






(2.39)

Each rotation matrix shown above can be regarded as a extension of the 2D rotation

matrix shown in Equation 2.35. The rotation matrix Rz(α) basically applies a 2D

rotation on the X and Y coordinate axis leaving out the Z axis. The rotation matrix

R y(β) basically applies a 2D rotation on the X and Z coordinate axis leaving out

the Y axis. The rotation matrix Rx(γ) basically applies a 2D rotation on the Y and

Z coordinate axis leaving out the X axis [31]. By multiplying these three rotation

matrices Rz(α), R y(β)and Rx(γ), 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(α,β ,γ) = Rz(α)R y(β)Rz(γ) is shown in

the Equation 2.40.

R(α,β ,γ) =







cosαcosβ cosαsinβsinγ− sinαcosγ cosαsinβ cosγ+ sinαsinγ

sinαcosβ sinαsinβsinγ+ cosαcosγ sinαsinβ cosγ− cosαsinγ

−sinβ cosβsinγ cosβ cosγ







(2.40)
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To summarize 2D and 3D rotations, 3D rotation depends on α, β and γ parameters

while 2D rotation depends on θ 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(α,β ,γ) = Rz(α)R y(β)Rz(γ)
in the Equation 2.40 and the x t , yt , zt translation in the Equation 2.33 and create a

homogeneous transformation matrix. The obtained T homogeneous transformation

matrix is seen in the Equation 2.41.

T =











cosαcosβ cosαsinβsinγ− sinαcosγ cosαsinβ cosγ+ sinαsinγ x t

sinαcosβ sinαsinβsinγ+ cosαcosγ sinαsinβ cosγ− cosαsinγ yt

−sinβ cosβsinγ cosβ cosγ zt

0 0 0 1











(2.41)

In the T homogeneous transformation matrix in the formula, first the rotation process

R(α,β ,γ), and then the translation process x t , yt , zt is applied. The order of operations

is as follows: roll as γ, pitch as β , yaw as α and translate as x t , yt , zt , 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.

T =

�

R3x3 P3x1

01x3 1

�

(2.42)

In the matrix shown in Equation 2.42, R is the Rotation matrix R(α,β ,γ) and P is the

translation x t , yt , zt . When the inverse of the T homogeneous transformation matrix

is to be applied, the inverse T−1 matrix is shown in the Equation 2.43.

T−1 =

�

R3x3 −RT P3x1

01x3 1

�

(2.43)
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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 3.1 below:

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 wk−1 and

standard deviation of measurement noise vk 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 2.21 & 2.22. In the update stage, measurement residual and Kalman gain

are calculated as in equations 2.23 & 2.24. State estimate and the error covariance

are also updated as in equations 2.25 & 2.26.

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 azimuthφ and

polar θ angles shown in Figure 3.3. EKF makes the position estimation of the enemy
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Figure 3.2 Extended Kalman Filter model

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]:

Sc = (1−
|ε+λ|
π
)(e−

d−dopt
Kπ ) (3.1)

In the equation 3.1, Sc denotes score resulting from the positions and angles of the

two air crafts relative to each other. The ε & λ represents the angles formed between

the movement vectors of two aircraft and the LOS (Line of Sight) line. The relative

ε & λ angles of the two air crafts are shown in Figure 3.4. The distance between

two air crafts is denoted by d. Desired optimal distance is denoted by dopt . Finally,

the constant K is used to create a proportional adjustment between the angle and the

distance. In this proposed method, dopt value is 700 and K value of 600 is used based

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

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 3.5 shows the motion vector

remaining inside the representative circular sector.

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

3.5, 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 3.2 and
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3.3, according to the angular constraint finding method described in this section.

A=











−277 ∗ sinα 277 ∗ cosα 0

−277 ∗ sinα −277 ∗ cosα 0

−277 ∗ sinβ 0 277 ∗ cosβ

−277 ∗ sinβ 0 −277 ∗ cosβ











(3.2)

b =











0

0

0

0











(3.3)

In the Equation 3.2, 277 is the maximum resultant velocity constraint of input X =
x , y, z in terms of m/s. The angle α is the yaw angle between the x and y axis. The

angle β 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

3.4.

C(X ) = X (1)2 + X (2)2 + X (3)2 − (1000 ∗ 0.2777778)2 ≤ 0 (3.4)

In the Equation 3.4, 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 2nd command is the right aileron flat and the left

aileron flat. The 3rd command is the elevator up. The 4th command is the elevator flat.

The 5th command is the right aileron down and the left aileron up. The 6th 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 3.4

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

2.30 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 3.3.

Values of the α and the β in Equation 3.2 are given π/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 4.1. Figure

4.2 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 4.1 and Figure 4.2, 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 4.3 over time step k.

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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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 4.4.

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 4.5, 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.

Figure 4.4 Xy-axis trajectory of the UAVs in the Scenario 2

Figure 4.5 3D trajectory of the UAVs in the Scenario 2
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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 4.7 and Figure 4.8 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

4.9 over time step k.

Figure 4.7 Xy-axis trajectory of the UAVs in the Scenario 3

Figure 4.8 3D trajectory of the UAVs in the Scenario 3
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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 4.10 and Figure 4.11 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.

Figure 4.10 Xy-axis trajectory of the UAVs in the Scenario 4

Figure 4.11 3D trajectory of the UAVs in the Scenario 4
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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 4.13 and Figure 4.14 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.

Figure 4.13 Xy-axis trajectory of the UAVs in the Scenario 5

Figure 4.14 3D trajectory of the UAVs in the Scenario 5
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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 4.16 and Figure 4.17 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.

Figure 4.16 Xy-axis trajectory of the UAVs in the Scenario 6

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. In other words, constrained optimization

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 EKF, ground truth version of the allied

UAV’s escape trajectory can be seen in Figure 4.19 & Figure 4.20. Position values for

the ally UAV and the enemy UAV is shown in Figure 4.21 over time step k.
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Figure 4.19 Xy-axis trajectory of the UAVs in the ground truth

Figure 4.20 3D trajectory of the UAVs in the ground truth
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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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