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NONLINEAR MODEL BASED GUIDANCE WITH DEEP LEARNING
BASED TARGET TRAJECTORY PREDICTION AGAINST
AGILE ATTACK PATTERNS

SUMMARY

Common guidance laws such as proportional navigation (PN) and augmented
proportional navigation (APN) have either limited capability or unsatisfactory
engagement performance against manoeuvring threats due to their reactive nature.
This thesis presents a missile guidance law overcoming this issue by generating
sub-optimal acceleration commands of the interceptor based on a recurrent neural
network’s acceleration predictions.

The proposed guidance law formulates the differential equations of the
two-dimensional interceptor problem in the polar coordinate frame. The difference
equations are derived from given differential equations via Euler’s discretization.
Then the derived difference equations are propagated along the prediction horizon
to produce NMPC’s matrices. Lastly, a cost function consisting of the weighted
norm of the propagated states as well as inputs along a prediction horizon is
derived. The interceptor inputs also are constrained. Thus, the interceptor problem
has been converted to quadratic programming (QP) problem with the non-linear
model predictive control (NMPC) method. A Long Short-Term Memory (LSTM)
neural network has produced the necessary target acceleration prediction in this
transformation. ~LSTM uses a position and velocity history to predict target
accelerations along the prediction horizon in the QP problem’s matrices. The
LSTM is trained on a manoeuvre library. Manoeuvres, the combination of the agile
two-dimensional manoeuvres such as level flight, coordinated-turn and weave, are
generated for different execution speeds and oriented in various directions.

Moreover, three different kinds of neural network models, such as RNN, LSTM
and MLSTM, are investigated according to acceleration prediction performance.
The MLSTM yielding lower loss value has been chosen as the prediction scheme.
MLSTM’s prediction results show that it has capable of predicting acceleration
within a small error and distinguishing manoeuvre transition. Simulation studies are
conducted for interception of an approaching target to compare with common guidance
laws and NMPC without target prediction. Results show that the proposed guidance
algorithm is superior in terms of miss distance.
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CEVIK SALDIRI MANEVRALARINA KARSI
DERIN OGRENME TABANLI TEHDIT YORUNGE TAHMINI ILE
DOGRUSAL OLMAYAN MODEL ONGORULU KONTROL

OZET

Tehdit onleme problemi savunma sistemleri i¢in hayati onem tagimaktadir. Bu
sebeple tehdidin bertaraf edilme olasiligini artirmak icin ¢esitli giidiim yasalar
gelistirilmigtir. Giidiim yasalarinin, tehdidi en diisiik 1skalama mesafesi (miss distance)
ile Onleyebilmesi kullanilan algoritmalarin bagarisinin en Snemli gostergesidir.
Boylece tehdit, durdurucu fiizenin patlama alani igerisinde kalarak bertaraf edilmis
olacaktir. PN gibi geleneksel giidiim yasalari1 temel dinamik denklemler ve geometrik
iligkilerden faydalanarak tehdidin engellenmesi icin gerekli engelleyici fiizenin
ivmesinin Uretilmesini saglamaktadir. Fakat bu giidiim yasas1 hareketli tehditlere kars1
yeterli performans gosterememektedir. Tehdidin hareket etti§i durum icin 6nleme
problemi dogrusallastirilarak ikinci dereceden optimizasyon yontemi ile analitik olarak
coziilmesi sonucunda APN giidiim yasasi elde edilmistir. Bu giidiim yasasinda tehdide
ait ivmesinin PN giidiim yasasina eklenerek engelleme probleminin performansinin
hareketli tehditler icin de iyilestirilebilecegi gosterilmistir.

Hareketli tehdidin gelecekte iiretecegi manevralarin tahmin edilmesi daha diisiik
1skalama mesafesini olugturulabileceginin anlasilmasiyla, farkli ¢alismalarda tehdidin
gelecekteki parametrelerinin ongoriilmesiyle engelleme performansinin iyilestirildigi
yontemler uygulanmistir.  Bu calismalarda model 0ngoriilii kontrol yapisindan
esinlenilmis veya dogrudan yapinin kendisi kullanilmistir.  Tehdidin parametre
ongoriisii, gecmis radar verileri kullanarak kalman filtresi, fonksiyon uydurma
gibi yaklagimlarla gerceklestirilebilmektedir. Kalman filtresi kullanilarka yapilan
ongoriiler, ©6ngorii yapilacak sistemin karmasikligina gore is yiikii ve model
karmagiklig1 artmaktadir. Ongoriisii yapimak istenen modellerin bu tiir karmagik
yapiya sahip olmasi durumunda eger elde fazlaca veride varsa, daha hizli ve gorece
daha basit bir yapist olan sinir aglarinin kullanilmas: tercih edilebilmektedir. Bu
cercevede literatiirde de fazlaca zaman serisi problemlerinde kullanilan yineleyen sinir
ag1 (Recurrent Neural Network - RNN) yapilart iyi bir ¢oziim sunmaktadir. Zaman
adiminda uzak gecmise bagimliligin yiiksek oldugu sistemlerde RNN yapilarinin
yetersiz kalmasi dolayisiyla LSTM sinir aglart kullanilmaya baslanmigtir. Bununla
birlikte bizim problemde oldugu gibi manevra tabanl bir 6ngorii prosediiriiniin oldugu
durum i¢in yapilan bir ¢alismada manevra siniflarininda sinir ag1 yapisina dahil
edilmesi yapilan 6ngoriilerin iyilestirdigi gosterilmistir.

Bu tezde, iki eksenli giidiim problemi lineer olmayan model ©6ngoriilii kontrol
yontemi (NMPC) kullanilarak ikinci dereceden programlama (QP) problemine
doniistiiriilmiistiir. Long Short-Term Memory (LSTM), bu doniisiimde ihtiya¢ duyulan
tehdit ivmesi ongoriilerini iiretmistir. Ongoériilerde, hedefe ait gecmis konum ve hiz
bilgisi kullanilirken, tehdidin 6ngorii ufku boyunca uygulayabilecegi ivme girdileri
kestirilmeye ¢aligmustir.
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Yukarida belirtildigi iizere, bu ¢alisma NMPC ve LSTM yontemlerinin birlestir-
ilmesinden olusmaktadir. Ilk asamada onleyici fiize ivme dizisini bulan NMPC
yontemi sekillendirilmistir. Bu amagla iki boyutlu tehdit 6nleme probleminin dinamik
modeli, polar koordinat sisteminde olusturulmustur. Elde edilen dinamik denklemler
durum uzayinda ifade edilerek matris formatina doniistiiriilmiistiir. Gelecek zaman
tahminlerini olusturmak i¢in ihtiya¢ duyulan denklemlerin iiretilmesi amaciyla polar
koordinat sistemindeki diferansiyel denklemler Euler yontemi kullanilarak fark
denklemlerine doniistiiriilmiis ve simdiki zamandaki durum degiskenleri bir onceki
adimdaki durum degiskenleri cinsinden ifade edilmistir. Bu denklemlerde durum uzay1
degiskenleri istenilen zaman ufku boyunca birbirine bagl olarak iiretilerek matris
seklinde tanimlanarak standart ongorii formu denklemleri olusturulmustur. Buna ek
olarak, denklemlerde kullanilan ivme girdileri bir 6nceki zamanda uygulanan ivme
girdisinin farki olacak sekilde tantmlanmistir. Standard 6ngorii formundaki matrislerin
hesaplanmasi i¢in Onleyici fiizenin 6ngorii ufku boyunca ivme degerinin bilinmesi
gerekmektedir. Bu problemin iistesinden gelebilmek i¢in standart form denklemleri
bir onceki adimda hesaplanan ivme girdileri cinsinden tanimlanmugtir. Ardindan,
optimizasyon icin gerekli maliyet fonksiyonu durum uzayi degiskenlerinin ve her
adimda uygulanan ivme degisiminin agirlikli karesi kullanilarak olusturulmustur.
Onleyici fiizenin ivme limitleri de probleme kisit olarak eklenmistir.  Gerekli
diizenlemeler yapildiktan sonra NMPC problemi ikinci dereceden programlama
problemi olarak tanimlanmustir. Ayrica tezde verilen bu yonetimin karsilastirilacagi
literatiirde bulunan bir yontemin ikinci dereceden programlama formati verilmistir.
Bu yontemde tehdit ivme tahminleri ikinci dereceden programlama problemine kisit
olarak verilmektedir.

Ikinci asamada ivme tahminlerinin aliacagi LSTM sinir aginin egitilmesi ve bu egitim
icin gerekli yoriingelerde olusan verinin iiretilmesi islemleri bulunmaktadir. Gerekli
verinin iiretilebilmesi icin diiz ugus, koordine doniis ve weave manevralarini art arda
belli olasiliklarla yaptirilarak bir manevra kiitiiphanesi olusturulmugtur. Manevralarin
olusturulmasi sirasinda farkli manevra parametreleri kullanilirken her bir manevranin
gerceklestirildigi simiilasyon farkli yonde ve farkli hizlarda baslatilmigtir. Bu siirecte,
manevralarin uygulanirken hava aracinin konumu ve hizi x-y koordinat sisteminde
kayit edilmistir. Ayrica bu yoriingeyi gerceklestirirken ki ivme degerleri kayit altina
almmistir. Kiitiiphanedeki manevralar arzu edilen 6ngorii formatina getirilebilmek
icin bir On iglem siirecinden gegirilmistir. Bu siirecte manevralar elli zaman adimlik
parcalara ayrilip her bir parca sinir agina girdi olacak sekilde planlanirken her ellinci
adimdan sonraki ongorii ufku boyunca ki ivme degeri sinir aginin tahmin edecegi
ivme ¢iktis1 olacak sekilde planlanmistir. Uretilen veriler kullanilirken normalize
edilerek sinir aginin belirli bir manevray1 yerine daha genel ama aym karaktere sahip
manevralar1 da 6ngorebilmesi hedeflenmistir.

Sinir ag1 mimarisi segerken zaman serisi problemlerinde tercih edilen yineleyen sinir
ag1 (RNN) birimlerinden olusan mimariler tercih edilmistir. Literatiirde bulunan
mimarilerden bizim probleme en uygun olani kodlayici-kod ¢6ziicii (encoder-decoder)
mimarisidir. Ciinkii bu mimaride girdi olarak verilen zaman adimi ile ¢ikti olarak
alimacak zaman adimi sayisinin ayni olmasit gerekmemektedir. Bu yapr farkhi
sinir birimleri kullanilarak ve yapisinda degisiklikler yapilarak cesitlendirilmistir.
Cesitlendirilen bu yapilara uygulanan testlerde M-LSTM yapisinin daha diisiik hata
ile ivme Ongoriilerini tiretebildigi gozlemlenmistir. NN tarafindan yapilan ivme
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ongoriilerinin  gercekte olmasi gereken ivme degerine oldukca yakin oldugu ve
manevra gegislerinin oldukga iyi tahmin edilebildigi goriilmiistiir.

Arzu edilen giidiim yasasinin performanst PN, APN ve NMPC gibi diger giidiim
yasalartyla simiilasyon ortaminda karsilastirilmistir. Performanslarin test edilmesi
icin farkli G kuvvetlerinde sirayla koordine doniis, diiz gitme ve weave manevralarini
birlesiminden olusan bir manevra kullanilmigtir. Bu amacla her bir giidiim yasasi farkl
G kuvvetlerinde gerceklestirilen bu manevralar ile yiiz Monte-Carlo simiilasyonunda
test edilmistir. Elde edilen verilerde NMPC-TAP’1n daha diisii 1ska mesafesine sahip
oldugu gozlemlenmisgtir. Ayrica ongorii zamaninin daha fazla artirilmasi 1ska mesafeni
daha da azalttig1 gbzlemlenmistir. Ayrica giidiim yasalarinin iirettigi ivme degerlerine
baktigimizda NMPC-TAP’1n diger giidiim yasalarindan bir miktar daha 6nce tehdidin
davranmigina karsilik verdigi goriilmiistiir.
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1. INTRODUCTION

The interception problem is the most crucial subject in defence systems due to its vital
significance. Different kinds of guidance algorithms have been developed to increase
the killing probability of targets on the ground or air due to their importance. The
guidance algorithms should be performed so that missiles able to intercept targets
with small Miss Distance (MD). So, during interception, the target stays in the
missile explosion area. Traditional algorithms utilize geometric parameters in the
engagement geometry for handling such a killing capability. But today, demands
on optimization-based guidance algorithms have increased due to the increasing
computational power and their better interception performance. If the target has agile
manoeuvre capability, both traditional and optimization-based guidance approaches
that do not have any target prediction cannot achieve low Miss Distance (MD).
Therefore, to develop a guidance algorithm that can intercept the targets with agile
manoeuvre capability with lower Miss Distance (MD), predicting targets’ future

manoeuvres is crucial.

This thesis’s primary purpose is to approach the problem in a model predictive control
manner to create optimal control inputs of the missile with the help of the Neural

Network acceleration predictor.

This first chapter starts with the problem statement section and continues with the

literature survey and research summary section.

1.1 Problem Statement

In most of the case, if a target tries to enter the defended area, it does some confusing
tricks for avoiding radar tracking target. These maneuvers affect the interceptor
missile guidance performance if the targets’ maneuvers are not considered. Some
proportional navigation guidance (PNG) algorithm’s equation variants involve the

target’s last known acceleration. So, interception performance is enhanced. Starting



from this point, where the target’s last acceleration is used in the guidance equation,
some guidance algorithms that use the target behaviour prediction method have been
introduced in past years. Our work is inspired by this target behaviour prediction

concept and uses it in the model predictive control (MPC) framework.

A point-mass model with acceleration inputs in 2D space represents the missile-target
interception dynamics. In this thesis, guidance inputs are obtained for the MPC
framework that needs system dynamics to be linearised along the prediction horizon.
Because this interception problem is such a combination of two different systems
(missile and target) that missile controlled by MPC, target controlled by enemy pilots
along prediction horizon, this unknown target acceleration along the future horizon
makes the new problem apparent. In this thesis, the prediction problem is solved with

a Neural Network (NN) trained by many structured agile maneuvers.

Target’s inputs prediction is obtained with Long Short Term Memory (LSTM), a
Recurrent Neural Network (RNN) used in time series data prediction. LSTM is
trained with the input of x-y position and velocity and output of lateral acceleration
on a dataset that contains the different kinds of structured agile maneuvers. These
maneuvers are the combination of coordinated turn, weave maneuver, and level flight.
Thus, NMPC uses these inputs to obtain a suboptimal missile control sequence. All
of these processes are illustrated in Figure-1.1. In the figure, LSTM Network takes
the target’s state history, which contains x-y position and velocities of target, produces
acceleration perpendicular to the target’s velocity along the prediction horizon. NMPC
block takes these acceleration inputs then gives suboptimal control input sequence of
interceptor missile along control horizon. In every simulation loop, only first inputs
(‘111\4) depicted as the green arrow in the figure is applied to interceptor missile as input

according to receding horizon procedure.

Optimization Loop

k—Np

k-1
e X =

am

Figure 1.1: Algorithm block diagram.



1.2 Literature Survey

The most popular interceptor guidance law is Proportional Navigation (PN) because
of its simplicity, effectiveness, and applicability. Thus, it has been widely studied and
derived for strengthening weak points in the literature. It calculates the control input
by using only geometric relations of engagement. It creates lateral acceleration that
is proportional to the line-of-sight (LOS) angle rate, is also perpendicular to the line
of sight [1]. The first published paper about PN is [2]. PN guidance methods can be
classified according to the acceleration direction generated by PN. True proportional
navigation (TPN) is one of the PN guidance classes that creates lateral acceleration
normal to the line-of-sight (LOS). Because missile needs longitudinal acceleration for
tracking guidance command, it is not applicable for a missile that does not have a
longitudinal control system. Its performance investigation against a non-manoeuvring
target was done in [3]. Another PN class that creates lateral acceleration normal to the
interceptor velocity vector is Pure proportional navigation (PPN). Because it does not
create longitudinal acceleration; hence, it does not force the interceptor to accelerate
longitudinally. In [4], its performance is investigated in a non-linear framework.
Because of forward acceleration, relatively large control effort requirements of TPN,
PPN is the more practical guidance law [5]. Although it had been shown that PPN
has adequate performance against a target with time-varying acceleration [6], optimal

interception law had come up with APN against manoeuvring targets [7, 8].

APN guidance law contains the target acceleration information in the interception
command. Therefore, guidance performance has been improved against specific
manoeuvring targets. Although its performance improves against manoeuvring targets,
its performance is still limited by non-agile manoeuvres. Several other guidance
laws regarding the target acceleration have been derived to improve the interceptor’s
capability, aside from APN [9]. Some of them are based on optimal control theory such
as GMPC [10], MPC and NMPC [11,12]. In [11], non-linear model predictive control
(NMPC) was studied for planer engagement scenario constrained by the bounded
target acceleration. A neural network-based solution of quadratic programming (QP)
formulation of the problem was solved for on-line implementation. In [12], a set
of soft terminal constraint was added on QP to guarantee that interceptor get closer

to the target. Besides optimization with bounded target acceleration, some methods



use target states themselves prediction or distribution prediction. [13, 14] are some of
them which predict target position distribution . Model predictive guidance law was
derived by inspiring from MPC for terminal phase guidance in [13, 14]. The problem
cost function contains the sum of the probability density function of the estimated
target position in the interceptor’s effective area along its trajectory. They use an
integrated multi model filter for estimating density function of target future position.
We formulate the interceptor problem as an NMPC problem that can be solved by QP
similar to [12]. However, acceleration prediction was used instead of constraining the

target acceleration.

Various filter-based methods for estimating the necessary target states have been
examined in the literature. The most known and used among them are the ones
based on the Kalman filter. Its variations have been derived for adopting the
method in different applications [15, 16]. Kalman filter is used in linear systems
as, EKF, UKF and particle filter are used in a non-linear system. The particle
filters differentiate from Kalman filter methods within that it doesn’t have limitation
imposed by gaussian assumption. Although all of these methods exist, these are not
sufficient to use in the model representing the agile manoeuvring target because of
its manoeuvring capabilities. If only a model cannot represent the target, interacting
multiple model (IMM) filters are used to model different target manoeuvre behaviour,
and switch between them [13, 14, 17-20]. Even so, they can switch among different
models; classical methods can suffer from model uncertainty. Neural-network based
approaches have strong capability of non-linear mapping as long as sufficient data
provided [21-23]. The data gives the Neural Network (NN) to handle the capability
of the model uncertainty. The data’s that considered here consists of time-varying
inputs and outputs. This kind of time series data is well fitted by Recurrent Neural
Networks (RNN). Preliminary RNN architectures suffer from gradient vanishing and
exploding problem. Long Short-Term Memory NN overcomes these problems [24].
Hence LSTM enables to fitting on time depended on long data. Different kind of areas
make use of its advantage in time series fitting problem such as pedestrian trajectory

prediction [25], vehicle trajectory prediction [26, 27], and next-word prediction in



sentence [28]. In our approach, we use encoder-decoder architecture to fitting data

coming from structure attack simulations.

1.3 Objectives, Challenges and Solutions

In this section, sub-objectives that bring us to find the optimal input sequence
coming up with small miss distance is defined. When achieving these sub-objectives,

encountered challenges and the solutions of them coming through are briefly explained.

First, sub-objective is developing an MPC-based guidance algorithm that involves
target acceleration command as input. The encountered challenges are listed as

follows;

* Controllability of linearized engagement dynamics.

* Integrating interceptor acceleration to MPC problem.

Controllability of linearized engagement dynamics is increased with polar coordinate
in engagement dynamics as done in [11, 12]. In the NMPC, the AU; represent the
difference of successive lateral acceleration input of interceptor. Because of the
absence of desired interceptor acceleration in the optimization moment, the necessary

AUy is taken from last time. So, NMPC formulation obtained.

Second sub-objective is training an LSTM NN for prediction with high accuracy. The

encountered challenges are listed as follows;

 Data generation.

¢ .STM architecture selection.

Data is generated with random selected sequential manoeuvres involving weave,
coordinated turn and straight flight. Encoder-decoder LSTM structure gives more

accurate results after some trial-and-error for different architectures.

Structure of the thesis is as follows; the second chapter involves background
information about engagement problem and nonlinear model predictive framework.
The third chapter demonstrates the LSTM model used and training strategy. The last

chapter is devoted to the simulation’s results and conclusion.
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2. GUIDANCE ALGORITHM AND CONSTRAINED OPTIMIZATION

This chapter is devoted to explaining engagement geometry and the non-linear model
predictive control approach in guidance problems. The introduction already states
that this thesis’s primary objective is to develop a guidance algorithm that resulted in

superior miss distance performance to the classical guidance laws.

The chapter starts with the description of engagement geometry in cartesian and polar
coordinate. Next section explains both promised non-linear model predictive control

and its variant in the literature.

2.1 Engagement Problem

This section expresses the two-dimensional engagement problem in both the cartesian
and polar coordinate systems. Both represent the same problem, but they are useful

when used for a specific purpose.

The engagement problem contains two apart systems controlled by distinct sources.
They are a missile called interceptor, and a target can be anything attacking
defended assets. The aim of the missile is intercepting the avoiding target when the
target tries to confuse interceptor. Moreover, most of the case the avoiding target
perform its manoeuvrer in the two-dimensional x-y plane. Due to this reason, the
following subsections explain two separate systems’ dynamics for the two-dimensional

framework.

When describing system dynamics, following assumptions have been made for

modelling the problem;

* Point mass model
* Engagement takes places in the two-dimensional space

¢ Constant velocities



* Only lateral acceleration input exists

* The acceleration inputs apply immediately

2.1.1 Cartesian coordinated system

All states in the interceptor model can be represented separately in the cartesian
coordinates system. For this reason, it is useful for simulating engagement problems.

Its parameters are also easily converted to the polar coordinate system.

Figure-2.1 depicts the two-dimensional geometry of the engagement problem. The
engagement model contains two separate systems controlled by lateral acceleration
input. In the figure, subscript M represents the states of missile (interceptor) as

subscript T represents the target states.

Yy A ar

Im

Figure 2.1: Engagement geometry in cartesian coordinate system.

Assumed that xOy axes define an inertial frame with unit vectors i and f XMy YM, XT
and yr are respectively the x-y coordinates of missile and target. I?VI, @, R_T>,
and \77> are position and velocity vectors of the missile and target. A represents the
angle between line-of-sight (LOS) and the x axis. Dynamics of the missile-target
engagement system can be defined in cartesian coordinate system with the help of state

vector X = [xM,yM,xT,yT,VM7x,VM7y,VT7x,VTv] d e R8. Subscripts M and T correspond
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to missile, target as, subscripts x and y correspond in x and y axis components.
Equation 2.1 represents the general form of the non-linear engagement dynamics as

a function of time, ¢, the state itself and the system input, u.

X =F(t,X,u) 2.1)

Equation 2.1 can also be written in open form.

Xm Vit x

)}M VM,y

Xr V1 x

)T VI (2.2)
Vi x —apy sin Oy

i,y apg cos Oy

VT,x —ar sin QT
_VTJ_ | ar COS QT i

where the dotted terms are the time derivatives, ays,ar are the norm of acceleration
vector (perpendicular to the corresponding body’s velocity), 8y, 07 are heading angles

calculated from equation 2.3.

V
0y — arctan My
‘7 o (2.3)
07 = arctan Ty
T.x

Missile-target range ? and missile-target closing velocity 7 can be written as in

equation 2.4.

- .
R =Rf—Ry=Ri+R,}

2.4)
V =Vi—Vy = Vil + V]
Components of closing velocity and range are given in equations 2.5,2.6.
Vx— -VT x VM X
= o7 2.5
{Vy_ Y1y —Vu ,y} )
Rx- _RT X RM X
=7 2.6
[Ry_ [RTy —Rum 7)} =0




The system inputs are u = [ay;, ar] where ay interceptor acceleration controlled by

guidance algorithm and ar is target acceleration controlled by opponent forces.

Open form state representation of the engagement model involves all possible states in
two-dimensional space. This useful characteristic implies that the bodies’ states can
easily be tracked in a simulation environment constructed on the state-space model in

a cartesian coordinate system.

2.1.2 Polar coordinated system

The polar coordinate system is represented by r distance to missile and angle A
between line-of-sight and x-axes are given in Figure-2.2. The state-space model given

in equation 2.2 can be converted to the polar frame.

D1

- VA

Figure 2.2: Engagement geometry in polar coordinate system.

2.7 gives the kinematic equations corresponding polar coordinate system.
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i =Vrcos(A — 0r) — Viycos(A — Oy)

A =—Vy sin(A — Or) + Vi sin(A — y)

g (2.7)
M—VM

. aT

O =—

T Vi

By assuming that the magnitude of missile and target velocities are constant, the

equation 2.7 derived to time yields [29-31]

=V,
. V2
V. :—l—kaTr—aMsin(?L —QM)
r
.V (2.8)
=2
.
: \’A%
Vy=— dZ +ar) —apcos(A — 6y)
r

where V,.,V) ,arr,ar; depicted in Figure-2.2 and defined as follows [31];

V, =Vrcos(6r —A) —Vircos(6y — 1)
V)L ZVT sin(GT — l) — VM sin(GM —l)
ary =ar sin(OT —7L)

ar) =ar COS(GT — l)

V), 1s a transversal component of relative velocity rotating with LOS, V. is a component
of relative velocity along LOS, a7, and ar), can be described as the projection
components of the target acceleration. Let us consider the state variable vector

x = [r,V,,A,V;]T and rewrite equations 2.8 in the state space as follows;
x=f(x)+gx)u+d(x)w, (2.9)

where x € R* is a state vector, w = [ar,,ar,]” € R? is a vector which represents target
acceleration in polar coordinates, and u = ay; € R is a control input. The control input
is subjected to an symmetrical acceleration limits, which are expressed in equation
2.10.

—Upmax < U < Uy (2.10)
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As we can see in the next sections, the polar state representation is well suited for
the linear engagement guidance problems. Although we solve the non-linear guidance

problem, the NMPC model solves the problem after it is linearized.

2.2 Non-linear Model Predictive Control

State-space formulation of engagement dynamics has been derived beforehand. In
this section, non-linear model predictive control (NMPC) will form the engagement
problem to become solvable as linear quadratic programming in discrete-space. The
inspired NMPC schema will also be explained briefly as well as promising Non-linear

model predictive control with target acceleration prediction (NMPC-TAP).

2.2.1 Non-linear model predictive control with target acceleration prediction

As said before, NMPC will employ the polar state-space representation. The compact

form of the kinematic equation of engagement has been given in equation 2.9 as;

x=f(x)+gx)u+d(x)w, (2.11)
where,
e 0 00
o in(A — 6 1 0
= v | os=| M a0
AN —cos(A — 6y) 0 1

u=layl eR, w= [aTV} e R?
ara

MPC needs propagated states throughout the prediction horizon. These propagation
equations can be derived from discrete-time domain. For this reason, the differential
equation 2.11 should be written in the discrete domain. The difference equation easily

be obtained by applying Euler discretization.

x=f(x)+g(x)u+d(x)w (ifferantial Equation) (2.12)
% = f(xk) + g(xk)u + d(xk)w (Euler Discretization) (2 13)
X1 = X+ A1) f(xk) + A1) g (i) u + d (x)w (2.14)
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Thus, the difference equation is

X1 = fa (k) + ga (x)uy + dg (xx ) wie (2.15)
where,
Ja(xx) = x+At) f (1), (2.16)
ga(xx) = A(t)g(xx), (2.17)
da(x) = A(t)d (xi) (2.18)

The reference predictive form can be expressed by using equation 2.15 as
Xkt jik =Sa Xpe j—10) +
8a (X j— 1)) Ui j—1 5+ (2.19)

A (Xps j— 1) Wit j— 1|k
Wiy j— 1|k = Uk j—2lk + Ay 1)k (2.20)

where subscript k + j|k means that the current time-step is k and the distance from the

current time-step is j.

MPC needs states to be defined along the prediction horizon. These states are obtained
by propagating equation 2.19. The propagating states are put together into a matrix
format, gives us a standard prediction form given in equation 2.23. Let us write the
standard prediction form steadily by starting with the propagation equations until N,-th
time step.

X1k =Ja (k) + 8a (Xugi) gk + da (Xi) Wik

X2k =S (1)) + 8 (g1 i1k + At (K1) Wi 1 [k

X3k =JSa (g2lk) + 8 (Krg2) ir2)k + da (Xk2)6) Wi42 1k (2.21)

XN,k =Jd (Xk+pr1 \k) +8a (xk+Np71|k)uk+prl\k +dg (kaerfl\k)WkJerfl\k

States and input vectors are selected along prediction horizon as equation 2.22.

Xiet1]k Uk |k Aug i
X2k Ukt 1k Aty 11

Xe= | = | age=| T (2.22)
XkN, [k Uk+Ne—1]k Aty N1k
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Thus, the propagation equations 2.21 can be written in the standard prediction form.

where,

G =

Xi = Fi+ G AU, + g + di, (2.23)
Ja(xuk) 8a (X ) Ur—1 [k o (X ) Wil
Ja(g1p) 8a (Xk41 )1 W11k A (X 11 Wi1 [k
. y 8k — . y Ak = .
| fa (XN, —1k) 8 (Xks N,y 1K) Ui — 1) da (XN, — 1) WEEN, — 1]k
RZIE) 0 0 = 0

gaerip)  8alrrrip) 0 e 0

| 8a (XN, —11%)  8d(Xkn,—1k)  8a(Xkan,~1k)  8a(Xain,—1k)  8a (XN, —11t)

where u(k — 1|k) is the aplied last control input, N,, N, are the prediction and control

horizons respectively, X; € R™N* | F, € ReNorl | G € ReNoiNe | AU, € RVA g €

RoNe*l and Dy € R™=Nr*2, Here, n, represents number of states.

Calculating the matrices Fy, Gy, g is challenging, since the AU is unknown until

optimization problem is solved. The problem is tackled by utilizing AU} belongs to

previous time step to calculate these matrices.

Ay £ A1y 41 -1
Aty 1k = A1y 5041
(2.24)
Aty N, —1k = A1) 4N, —1 -1

A
Ay N,k =0

For the propagation equation 2.23, the quadratic cost function can be defined as;

J = X! 0X;+ AU! RAU;, (2.25)

where Q € R™=Np Ny and R € RNeNe,
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Then, the performance objective function can be rewritten by substituting equation

(2.23) into (2.25)

J =(Fi 4 GyAUg + gi +di) T O(Fy + GrAU + g1 + di) + AU RAU, (2.26)
=F Q(F+ GiAUy + g+ dy)
+ AU Q(F + Gy AU + g1 + dy)
+ gL O(Fy + Gy AU, + g+ di)
+d} Q(Fy + GAU + gi + di) + AU RAU,

J =(F+ gk +di) " Q(Fic+ g+ di) (2.27)
+ (Fx+ gk +di) " QG AU (2.28)
+ (GrAU) " Q(F + gi + dy) (2.29)
+AU{ Q(G{ O +R)AU; (2.30)

Some mathematical tricks can simplify the cost function that are given in the equations
2.27-2.30. The first simplification is derived in equation 2.31 because equations 2.28
and 2.29 are transpose of each others. Twice one of them is equal to their total since
the results of these equations are scalar. The matrix product 2.27 can be removed from

the cost function as long as this product is calculated at the beginning of optimization.

2(Fy+ g +di)" QG =(Fi + g +di)T Gy (2.31)

+(Gi)" Q(Fic+ gi+ d)
Eventually, the cost function takes the shape of equation 2.32.

J = AU! Q(GI Q+R)AU, + 2(Fj + g +di) " QG AU (2.32)

The limit on control input magnitude was defined in inequality 2.10. They take place
in constraints of the quadratic programming (QP). The inputs and its rate is constrained

symmetric minimum and maximum limits as:
Umin < Uk < Umax

(2.33)
Umin < Uk—l +IllAUk < UmaX
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where, Uy_; € RV and I, € RV*Ne are given as following

Up_1 = u(k—1[k) 1y,

I 0 - 0
i I e O
Ilz: . . .. . (2.34)

The increment on the control input constraint as follows
AUnyin < AUy < AUpax (235)

where AUpnin,AUmax, Umin, and Unax are the lower and upper bounds of the input

vectors.

Finally, we can define the quadratic programming problem as;

min AUkTWAUk + AU,

subject to EAU; < b (2.36)

where
W =(G{ QG +R),

C =2(F+ g +di)" QG

_Ilt
1
E = l} I = Iy xn,
—1
- Il
[ —Upin +u(k—1]k) 1y,
bh— Upax + u(k — 1|k)1NC
_AUmin
i AUpnax

2.2.2 Non-linear model predictive control with unknown target acceleration

In the article [12], its authors define the quadratic programming by adding target
acceleration as a constraint unless defined problem in the previous section. The input

vector is constituted as in the form 2.37.

dk
By doing so, the QP problem is formulated as follows;
T
. AUk AUk T AUk
min {dk } W{ d, }—Fc [ d,

AU,
<
dk :| <b

{AU"} (2.37)

(2.38)
subjectto E
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where

U4

[ —I

i
_Il
I
0>
02

0Gy

04

04

04

04
_12

14)

Opranxa
0, =

GIOGi+R G'Q
TG +R
k

Q

Np>s
= Oanxx
0, =

17

)
[ 2GL O(Fi + gk

gk) ]
s (k— 1|’;)1§VNC
u c
| o +u(k — 1|k
Umax +_AUmin
AUmax
_dmin

dm ax

L = In,n,






3. DATA GENERATION, NETWORK DESIGN AND TRAINING

This chapter focuses on two topics which are data generation and Neural Network
(NN) design. In the first part, the data generation process from manoeuvre selection
to preprocessing is explained to generate data composed of target states and future
accelerations. The second part determines the desired long short-term memory

(LSTM) architecture, explains the training procedure and shows results.

3.1 Data Generation

To optimize the problem to be defined in the Chapter 2, a NN architecture predicting
the target accelerations is required a specific dataset. This set should consist of target
states as NN’s inputs and missile’s acceleration as NN’s output. This kind of data

mapping problem is called regression.

In this section, manoeuvres, used in data generation, are introduced and explained.
In this context, it explains manoeuvres generation procedures with numerous
combination of these. After data generation, it explains that data regulation to make

data handleable for sequence-to-sequence LSTM network architecture.

3.1.1 Manoeuvres

Because they represent the real-world scenario, level-flight, coordinated-turn and
weave manoeuvres are preferred to represent the agile characteristic of targets. An
attacking target makes some manoeuvres for confusing radar when approaching an
asset or escaping from the weapon system. Three manoeuvres combination can
represent all of these intentions. When a target is escaping from radar detection
zones, it tries to escape with the shortest trajectory, which can be explained as the
first coordinated turn until radar system stays behind and then goes with level-flight.

Other intentions also can be explained similarly.
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A simulation environment which uses only the target’s states of kinematic equations
2.2 has created the desired data. During the simulation, the desired manoeuvres

described the following subsections define the input of kinematic equations.

3.1.1.1 Level-flight

In the level-flight, the target goes straight without warping its way. During manoeuvre,
kinematic equation takes acceleration input ar as zero. Figure-3.1 demonstrates the

level-flight along 3.5 second with 100m/s speed.

1580

1560 -

1540

1520 +

Y [m]

1500 > >

1480 -

1460

1440 -

1420 +

1500 1550 1600 1650 1700 1750 1800 1850
X [m]

Figure 3.1: Level flight.

3.1.1.2 Coordinated turn

When target executes a coordinated turn, it takes acceleration input ar in range [-25,25]
representing g-force on the target. Figure-3.2 shows a trajectory of a target executing

left coordinated-turn with 15G (15 g-force) lateral acceleration.
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Figure 3.2: Coordinated-turn.

3.1.1.3 Weave manoeuvre

Weave manoeuvre consists of coordinated-turns commutated direction periodically.
This manoeuvre can be diversified with its parameters which are acceleration in
range [-25,25] G and period in range [1,8] seconds. In Figure-3.3, weave manoeuvre

executed with 4G lateral acceleration and 3 second period is depicted.

‘‘‘‘‘‘

X m

Figure 3.3: Weave manoeuvre.

3.1.2 Attack pattern generation

One of the main problems of generation attack pattern is that there is some ambiguity
about what kind of attack pattern the target is making. For this reason, the data
generator simulates a vast amount of different ordered manoeuvres for compensating as

much as all possible attack pattern. All initial conditions and manoeuvres’ parameters
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are changed to cover all possible manoeuvre space in every simulation. Thus, a dataset
has been produced, including all manoeuvre combinations for the whole range of their
parameters. We expect that the acceleration of target performing defined manoeuvres
with its parameters ranges should be predicted with high accuracy if we produced

sufficient trajectories.
The simulation produces the position and velocity vectors with respect to the origin
and acceleration inputs. The state vectors is;

X = [Xr,Xr—2,Xt—3, 0, Xt ]

where
r oz

Xy = [x Y ,V;,V;]
X vector contains from ¢ — n time ¢ time position and velocity vectors, 7 is the size of
observation history.

The labels of acceleration are;

A7 = [ar,,ar/—2,47(-3, -, AT(—p)
where

ar; is lateral acceleration for t-th time step

Algorithm 1 reveals the data generation process to be conducted with time step 0.02

second along 30 second simulation time.
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Algorithm 1 Attack pattern generation algorithm

Require: number_of _simulation, manoeuvre_probablities = [0.33, 0.33, 0.33],

Sl

b

10:
11:

12:
13:
14:
15:
16:

R N

simulation_time

iteration_simulation = 0

iter_simulation_time = 0

Ar =0.02

sample number_of_simulation number of velocities from uniform distribu-
tion in the range of [100,300] m/s.

sample number_of_simulation number of direction angle from uniform
distribution in the range of [0,360] degree.

repeat
Use iteration_simulation th velocity and movement direction
fort,;,,=0 : tgn < simulation_time : |t = +Ardo

if The previous manoeuvre is finish then
Sample manoeuvre from manoeuvre_probablities
Also sample the manoeuvre parameters whose ranges defined in
Manoeuvres section.
end if
Execute sampled manoeuvre.
end for
Log all states (X ) and executed acceleration (A7)
until iteration_simulation >= number of simulation

Figure-3.4 and Figure-3.5 show the trajectories generated by algorithm-1. We can

see manoeuvres how to be executed in Figure-3.4 whereas, Figure-3.5 is depicted the

expanded trajectories initialized with various speed and direction.
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Figure 3.4: 10 generated trajectories.
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Figure 3.5: 500 generated trajectories.

3.1.3 Preprocessing

In the previous section, generated data has a shape of [1500,500 % 360,5]. The first
dimension represents the number of simulation time steps calculated with simulation
time 30 second over time-step 0.02 second. As we said before, trajectories should be
generated for every initial direction. So the second dimension has 500*360 elements
representing the total number of trajectories, 500 simulations for each degree of 360
degrees. The last dimension contains four target states with extra acceleration applied

at the time.

A neural network needs a particular data format to improve learning performance or
deducing the wright relationship between states and the acceleration label. As we said
beforehand, this acceleration prediction problem is a sequence-to-sequence regression
problem. In the literature, this kind of data fitting problem has been handled by a
long short-term memory (LSTM) neural network, which will be explained in the next
section. Sequence-to-sequence LSTM architecture uses states history as input and then
produces the accelerations for more than one future time step. For these reasons, data

is labelled as shown in Figure-3.6. When the black line represents the simulation flow
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starting from left to right, the subscripts [t-1b, t-1b+1, ..., t-3, t-2, t-1, t, t+1, t+2, t+3,
ooy t+Np-2, t+N -1, t+N,, ] mean time steps. Here, the Ib is abbreviation of "look back"
to express the amount of previous time steps given to LSTM NN. N, is prediction
horizon as we said beforehand. In the figure, blue box is put on the state x; and input
a; at current time step. The red box takes in the past states for LSTM input when green
box takes in acceleration commands during prediction horizon as LSTM outputs. In
other word the red boxed states and the green boxed inputs are a sample of new dataset.
All generated trajectories organized in same manner by current time step sliding one

step over time zone for a new sample.

Current
Time Step
a Acceleration Prediction
t
at—1p  At—1b+1 ai—3 ai—2 g1 i Ap+2 Q43 QiN,-2  GeeN,-1 Geen,
. | ] ] 1 1 - .
| | | T 1 T —‘|_|_|
Ti+1  Ti+2,40 Tiy3 TpiN,-2  Tt4Ny-1 TE4N,
Te—1b  Tt—lb+1 Ti—3 Ti_o Ty_1
Tt
State History

Figure 3.6: Reshaping inputs and its labels.

The next step of preprocessing is centring the initial position of samples by subtracting
all time steps’ x and y values from first time step. Therefore, all samples given to

LSTM start from same position (0,0) and also the training stability is ensured.

The other steps of preprocessing are normalizing and adding noise to data. States and
labels are normalized between each other. Adding zero-mean Gaussian noise with
a 0.01 standard deviation increases the stability of LSTM result for incorrect inputs.

Figure-3.7 depicts some normalized and noisy trajectories.
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Figure 3.7: Normalized and noisy samples.

3.2 Deep Neural Network Design

This section explains the advantages of naive LSTM architecture against dense layer
and recurrent neural networks. It continues with the explanation of encoder-decoder
LSTM architecture, manoeuvre based LSTM (MLSTM) and it also explains why we
choose MLSTM architecture. Then the chosen architecture’s training period is given.
In the end, the section concluded with the loss value of predictions and discussion

about its performance.

3.2.1 Sequential data fitting problem

A dense neural network (NN) is doing a good job when data is stationary, not changing
with time. Except that some curious studies, because of the challenging process of
dense NNs’ training and fitting it is not preferring for time-series data fitting problem.

So, variant of recurrent neural networks are developed and widely used in that field.

3.2.1.1 Recurrent neural network (RNN)

A recurrent layer is added to a dense neural network for transferring the influence
of earlier steps to the current step. This layer is called a hidden layer. Figure-3.8
shows the folded and unfolded RNN. Equation 3.1 gives input-output relationship as
mathematically. Although its learning performance is better than the dense NN, It can

be difficult to train RNNs to solve problems that require learning long-term temporal
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dependencies.
hy :fw(ht—l 7xt)
=tanh(wpnhs—1 + Wnx;) (3.1)

Vi :Whyht

UNFOLD

' hg h hy

Figure 3.8: RNN data flow.

3.2.1.2 Long short-term memory (LSTM)

Because the RNN suffers from connecting the information for long sequential data,
researchers introduced LSTM. Then, it has become famous for learning the connection
between long-term temporal depended data. In Figure-3.9 data flow of LSTM is

depicted.

UNFOLD ¢,

°LSTMO

C1 Co
LSTM Lst™ I8

Tt I U

Figure 3.9: LSTM data flow.
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LSTM’s cell state ¢; brings information coming from previous steps. Some operations
add information to the cell or take out from the cell. These special operations are
called gate. These gates are "forget gate" deciding whether to erase the cell, "input
gate" whether to add to the cell, "gate gate" specifying how much to add to the cell,
"output gate" specifying how much to exhibit the cell. The equation 3.2 shows the

necessary mathematical operations for these gates.

i c

f _| © W (htl)

o (o} Xt

g tanh (3.2)

G =fOq_1+i0Og
ht :0®tanh(ct)

where, o is the sigmoid function, W is NN’s weights, ® is the element-wise product.
Figure-3.10 depicts its interior architecture. There are three inputs in the architecture:
x; 1s the state, ;1 is the hidden states to be initialized randomly and lastly ¢,
is the cell bringing information from beginning to end. The hidden state combines
with the state, and then it is multiplied by NN weights (W). The multiplication’s
output pass through the gates. The output of the forget gate decides how much
knowledge flow throughout LSTM by element-wisely multiplication with cell state
¢;—1. The summation of the reduced cell state and the other knowledge coming from
element-wisely multiplication of the input (i) and gate(g) create the next time step
cell states ¢;. The element-wise multiplication of the knowledge representing previous
sequence history (¢;) and the knowledge representing the previous state (0) generates
the next hidden state (). The LSTM layers’ outputs are taken from directly hidden
states (hy,h;), as shown with blue circle in Figure-3.9.. All of these data flow ensures

the LSTM to learn sequential data better than the other NN architecture.
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Figure 3.10: LSTM interior structure.

3.2.2 Selected LSTM architectures

Before we decide which architecture to use, we test several of them such that simple
Recurrent Neural Network (SimpleRNN), encoder-decoder (LSTM), manoeuvre based
LSTM (MLSTM). Simple RNN is ordered RNN architecture as illustrated in

Figure-3.8.

3.2.2.1 Encoder-decoder LSTM

As you can see in Figure-3.9, classical LSTM has to employ same number of
inputs (xj,xp) and outputs (hy,h;). As a solution to the fixed input-output size
issue, researchers suggest encoder-decoder LSTM architecture. In Figure-3.11, when
encoder takes input the temporal states x1,xp, it gives hidden sates /s, as output. The
decoder uses the encoder’s outputs to produce a different number of outputs from
encoders. Due to this structure, it is not any longer necessary to choose the same
input-output size. In our work, we exploit the property of encoder-decoder structure

since we use long states history for feeding NN, unlike we expect short time prediction.
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Figure 3.11: Encooder-Decooder LSTM.

3.2.2.2 Manoeuvre based LSTM (MLSTM)

In our work, we use a variant of MLSTM given in [27], because its authors predict
probabilistic position distribution of a vehicle despite we only need an acceleration
prediction. Our MLSTM variant is given in Figure-3.12. This structure incorporates
a manoeuvre classifier into encoder with multi decoder architecture. In our version,
as you can see in Figure-3.12, a trained manoeuvre classifier LSTM branch is
directly concatenated with encoder output. Then three split LSTM decoder predict

accelerations with additional dense layer.

Maneouver Clasification
Branch

0 ! 2 Manuouver a/T, 1 aT, 2 a/T, 3
N LsT™ 3 I LsT™ 3 Y — )
= Dense Dense Dense
) )
Layer

Layer Layer

FRght

ENCODER Decoder

1 Manuouver
Clasification

Weave Decoder

| Coordinated Turn Decoder

Figure 3.12: Our variant of manoeuvre based LSTM.

3.2.3 Training, Results and Comparison
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The given deep neural network (DNN) model is trained in the Keras environment "
[32]". After some manual tuning of model parameters, the obtained results show that
the increasing number of neurons in a single layer can decrease the total model loss
and enhance the model performance. However, adding an extra layer neither decreases

the loss functions nor increases the training speed.

To avoid over-fitting and reduce noise-sensitivity, we added dropout to models at the
amount of 20% for recurrent layers and 10% for dense layers. After several trials and

errors, the results show that Adagrad optimization method yields faster lower loss.

The models’ number of trainable parameters vary since their architecture differ.
The comparison of the models has been made for three stages of neuron numbers:
small, medium, and large. Each stage is valid for own model that is independent
of other models’ size and neuron numbers. Because all model contains the same
encoder-decoder architecture, we can define a general stage selection strategy. For the
small-sized models, encoder contains two layers with 64 and 32 units respectively from
start to end. Then inverse ordered layers with units create a decoder. The large-sized
models contain three layers with 128, 64, 32 units for the encoder and three layers with
32, 64, 128 units for decoder layers. According to our trials-errors for several models,
the models can be improved to model the starting layer with 128 units after that no

significant enhancement observed.

To ensure the models’ effectiveness, we compare simple RNN, LSTM and M-LSTM
models with various size. Table -3.1 gives the training and test results of these model.
In the table, means square error (MSE) loss value is used for comparison criterion.
Due to the fact that the accelerations label to be predicted in the range [—25,25] are
normalized to [0, 1] range, the results show the loss value for the comparison of real

and predicted accelerations in the range [0, 1].

Table 3.1: Training and test losses of the models.

SimpleRNN LSTM M-LSTM
Number of Parameters  Train Test Train Test Train Test
Small 0.0304 0.0373 0.0121 0.0191 0.0175 0.0156
Medium 0.0258 0.0328 0.0169 0.0152 0.0158 0.0142
Large 0.0376 0.0386 0.0162 0.0096 0.0148 0.0091
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According to this table, we can infer from lower test loss values that all models
can generalize to manoeuvres not used in training. Also, LSTM and M-LSTM
architectures’ are outstanding to simple RNN since their loss value is almost half.
Furthermore, MLSTM is a little bit better than the LSTM. Therefore we have used the

more accurate model MLSTM.

Table 3.2 shows various acceleration prediction results. We can infer from these results
that the model target acceleration prediction is highly accurate when considering
its agile manoeuvres’ test set. It should be mentioned that the model also has the
capability of capturing switches among manoeuvre types and prediction of associated
accelerations. This property ensures that our proposed method NMPC with target

acceleration prediction has a significant advantage over alternatives.

Table 3.2: Example prediction results on test data.

10 Horizon 10 Horizon 20 Horizon 20 Horizon
Time Step Real Prediction Real Prediction Real Prediction Real Prediction
k -16.21 -16.88 -24.67 -25 14.829 14.572 15.182 14.749
k+1 -16.21 -15.74 | -24.67 -25 14.829 14.643 15.182 13.991
16.21 -8.67 -24.67 -25 . . ' .
16.21 12.18 -24.67 -11.08 . . 15.182 12.97
16.21 19.25 24.67 20.57 15.182 9.227

16.21 17.84 24.67 25.11 14.829 | 13.624 15.182 -0.084
16.21 17.54 24.67 23.83 14.829 13.61 . .
. 16.21 17.26 24.67 2391 14.829 13.578 | -15.182 | -15.699
k+n 16.21 17.22 24.67 24.19 14.829 | 13.561 | -15.182 | -16.032
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4. SIMULATION RESULTS

Simulation studies have been conducted to compare the result of promised algorithm
NMPC-TAP with previously presented methods such as PN, APN and NMPC. Each
guidance algorithms run for 100 Monte-Carlo simulations with 5% noise. The
guidance algorithms’ performances are evaluated for structural agile attacks. Table-4.1
shows shared simulation parameters for all attack case except that case-specific

parameters are defined in the following figures.

Table 4.1: Simulation parameters.

At 0.02 [s] dmax | 8¢ % At[m/s?]
g | 9.81[m/s?] | duin —dmax
Upnax 25¢g Al 0.025u;,4x
Umin —Umax Auin —Atygx
q | [0,0,0,100] R I
Om.0 0° 010 190°
XM.,0 0 XT,0 1000
YM,0 0 V1,0 1000
Vi 150 Vr 100
N =3

Here the parameters meaning that Ar is simulations time step, g is gravitational
acceleration, [Upin,Umqx| are lateral acceleration limits, [Aupn,Attyqy] are lateral
acceleration rate limits. 6,x and y are the initial value of heading angle, x and y
positions respectively. N’ is PN and APN gain. V also represents the constant velocity
along simulations. Beside the simulation parameters, the optimization’s parameter
defined as Q = diag([g,...q]) and g € R™*!. The weights Q and R ensure the cost

function in the equation 2.25 to penalize the V) and input rate.

An interception problem is simulated with target attacking combinations of three
manoeuvres coordinated-turn, level-flight and weave. The target attack pattern

is depicted in Figure-4.1. The manoeuvre is assumed that the target begins left
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coordinated turn with 4G and 70° then makes 50 m level flight and weave manoeuvre

with 8G and 4sec. period.
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Figure 4.1: Structural agile attack.

The interception trajectories of all guidance methods against above agile manoeuvring
target are depicted in Figure-4.2. We can infer from the trajectories that all guidance
methods achieving target successfully although any methods cannot follow the target
after interception point. Furthermore, Figure-4.3 shows that NMPC-TAP methods
achieve the lowest miss distance value just before the interception of NMPC despite

after interception of PN and APN laws.
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Guidance Algorithm Comparison
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Figure 4.2: Missile trajectories generated by each guidance algorithms during
missile-target interception.

20001 —— NMPC-TAP
1750 1 —— NMPC-unkown
PN

Miss Distnace [mn]
=
e}
3

0 100 200 300 400 500 600 700
Time Step [0.02 sec/step]

Figure 4.3: Miss distance values of guidance methods.

Since the quadratic NMPC based approaches primarily aim to penalize V), relative
velocity component perpendicular to the LOS, let’s look at the V; given in Figure-4.4.
Although the V) values of NMPC-unknown follow closely to NMPC-TAP until the

target-interceptor distance getting too short at about 250-th time step, NMPC-unknown
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cannot hold V) value small as NMPC-TAP still ensures lower V;, value. Other guidance

law PN and APN already have big V, values at all the times of interception.

200 1
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"oy
~
£ 0 \../4
s
100 —— NMPC-TAP
—— NMPC-unkown
—— PN
—2001
—— APN
0 100 200 300 400 500 600 700

Time Step [0.02 sec/step)
Figure 4.4: V, values during guidance.

Figure-4.5 shows the missile necessary acceleration inputs. The advantage of
integrating target acceleration predictions in the optimization problem appears in the
control input history. The predictions provide earlier direction change to NMPC-TAP
than NMPC. Moreover inputs of both NMPC based methods stay in the acceleration

limits.
Missile Acceleration (Control Input)
250
—— NMPC-TAP
2001 —— NMPC-unkown
150
= 100
=
£ 50
=
0
—50
—100

0 100 200 300 400 500 600 700
Time Step [0.02sec/ step]

Figure 4.5: Missile acceleration values.
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In order to increase the deep of the comparisons, 100 Monte-Carlo simulations
were conducted for all guidance methods. The result of the simulation is compared
according to miss distance mean and variance (MD,yeqn, MDstp), interception time
(IT) and average absolute input rates (AIR) and, besides NMPC based methods are
simulated for different prediction horizons. During simulations, it is assumed that the
prediction horizon is equal to the control horizon (N, = N,). Table-4.2 shows the
simulations results. An increasing number of prediction time leads to a decrease in the
MD,,..,, values NMPC based methods. Also, their miss distance means and standard
deviations are lower than the PN laws. Because of the LSTM prediction, NMPC-TAP
methods miss distance value is also lower than the NMPC as you can see in the table.
When we look at the interception times, they are almost same of all algoritm if we
don’t take account of the maximum 0.13 second difference. According to the average

absolute input rates, NMPC methods force more missile to accelerate.

Table 4.2: Results obtained by MC simulations.

MD,eqn (m) | MDs7p (m) | IT (s) | AIR (m/s?)
APN 18.69 22.75 6.52 5.21
PN 26.378 7.72 6.52 5.3

Results for N, = 10

NMPC-TAP 7.2 12.91 6.54 5.64

NMPC 9.2 17.49 6.67 476
Results for N, = 30

NMPC-TAP 6.58 8.80 6.56 6.06

NMPC 11.22 6.19 6.57 6.06
Results for N, = 40

NMPC-TAP 3.57 2.70 6.62 6.025

NMPC 14.58 6.05 6.73 5.96
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5. CONCLUSIONS

In this work, we combined NMPC with LSTM to get more precise guidance command
for the two-dimensional interception problem. To able to do this, an NMPC model
that involves target acceleration as a constraint into quadratic programming problem
is converted to NMPC model with two inputs target and missile acceleration. The
unknown target accelerations are predicted with the help of a variant of manoeuvre

based LSTM. In this way, the desired NMPC model has been formulated.

On the LSTM training, we use manoeuvre combination of coordinated-turn,
level-flight and weave. Manoeuvre starts a point goes with all directions of as in 360
degrees, so all approaching direction of target has been added to dataset. After that,
dataset is preprocessed to compress the data values in the range of [0, 1]. The results of

three DNN models show that MLSTM is the most accurate architecture among trained.

On the result, the promised NMPC-TAP method is compared to the other methods
against target attacking with the agile structural manoeuvre. The NMPC-TAP’s results

ensure that the additional MLSTM predictions improve the performance of the NMPC.
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