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Abstract

Classification of ballistic missiles is of paramount importance for the suc-
cess of any air-defense application. Since ballistic missiles have the capa-
bility to deliver weapons of mass destruction, it is important to classify
these targets and take suitable measures to neutralize them. This the-
sis addresses real-time classification of different ranges of ballistic mis-
siles based on kinematic attributes like specific energy, acceleration, al-
titude and velocity which in turn are acquired by radars. The problem
of real-time classification is formulated using Real-Time Neural Network
(RTNN) and Hidden Markov Model (HMM). ART2 algorithm, an unsu-
pervised network, is used for training on initial samples to enable RTNN
and HMM for supervised training and testing. The idea behind RTNN
algorithm is to calculate the output in one pass rather than training and
computing over large number of iterations. Besides, to meet the conflict-
ing requirements of classifying small as well as long-range trajectories,
a formulation is proposed for partitioning the trajectory by using moving
window concept. This concept allows to use parameters in localized frame
which helps in reducing the problem of large as well as small trajectories
to fit into the same network. A model is developed to interface the input
trajectories with RTNN and HMM to classify the fype of target in very
short time. These networks are evaluated using the simulated data gener-
ated from 6 degrees-of-freedom (6DOF) mathematical model, which mod-
els missile trajectories. Experimental results show that both the networks
are classifying above 95% with real-time neural network outperforming
HMM in terms of time of computation on same data. To the best of my
knowledge this is the first time an attempt is made to classify ballistic mis-
siles using RTNN and HMM.
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Chapter 1

Introduction

Classification of tactical and strategic missiles is of paramount importance for the suc-
cess of any air-defense application. One of the key elements (challenges) in air defense
is ascertaining which element in the threat cloud is the lethal object [37,154]]. Air space
during war typically consists of a combination of fighters, bombers, helicopters, trans-
port planes, other air-crafts, ballistic and cruise missiles. Accurate and fast recognition
of such targets using measured data is an important problem especially for military ap-
plications of target classification [S8]. Since ballistic missiles (BM) have the capability
to deliver weapons of mass destruction, it is important to identify/classify these targets
and take suitable measures to neutralise them. In this thesis we focus primarily on the
classification of ballistic missile trajectories which is a challenging problem due to its
time-varying dynamics as well as short response time available for interception and
which to the best of our knowledge has not been addressed before.

Ballistic missiles follow a sub-orbital flight-path with the objective of delivering
one or more warhead to a predetermined target location. They have three phases of
flight, namely boost phase, mid-course phase and terminal phase. Figure shows
one scenario where enemy missile is launched from point zero at x-axis and aims to de-
stroy the targeted-location at the range of 1500 Km. Boost-phase and early mid-phase
are difficult to destroy as detection requires sensors in enemy aerospace or satellite
intelligence, which is not possible and not done. This leaves late mid-phase and termi-
nal phase as possible phases of interception of the enemy missile. Though the general
policy of Ballistic missile defense is to neutralise incoming threat at higher height and

longer range so that debris falls away from intended impact zone [37], this is often not
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realised due to late detection and short response time of launch. It is also the case that,
since, ballistic missiles can be programmed to fly in nominal, lofted and depressed
mode, the parameters used for classification varies for same as well as different classes
of target missiles. Figure[I.2]shows a typical ballistic missile defense (BMD) scenario
wherein three segments of equipments are shown: a) Sensors on the top segment which
can be based on land, sea and in air such as long range land based radars, ship based
radars and air-floats, UAV, satellites or advance early-warning air-borne surveillance
systems. b) Middle segment shows ballistic missiles and interceptor missiles launched
for annihilation of enemy intentions. c¢) Bottom segment shows command, control,
battle management and communication systems, where classification and threat man-
agement is done.

In a typical BMD scenario, the radar [3, 26, 53] first detects the target missile
and information is communicated to the launcher. The information provided by these
radars can be used to classify the targets which are either direct measurement or de-
rived parameters which includes position, velocity, acceleration, jerk factor, specific
energy, altitude, radar cross section (RCS), etc. The radar measures only the position
of the target and this information is noisy. The noisy position data is processed using
the Kalman filter to estimate position, velocity and acceleration. The filtered kinematic
parameters of missiles are passed to a linear quantizer to convert the data into discrete

forms. In this thesis, we are using 4 kinematic parameters, which are computed based
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on the kalman filter estimates. These 4 parameters are (a) Specific energy (b)
Acceleration (c) Altitude and (d) Velocity. The number of classes of bal-
listic missiles we consider in this thesis are five, namely M400 (400 Km range), M600,
M900, M1000 and M2000 class of ballistic missiles.

In ballistic defense, the response time needed to neutralize a ballistic missile
is dependent on many factors. These include range of radars (needed for acquiring
target of the given radar cross section (RCS)), target velocity, preparation time of in-
terceptor, velocity of interceptor, time of flight of interceptor, planned height and range
of kill. Apogee (the peak height obtained by the missile during its total flight) and
range of travel of ballistic missile depends on velocity, height, and altitude of vechicle
at the time of burn out of propellant. Burnout time is time at which propellant
is spent out with respect to the time of 1ift-off of the vehicle. The launch
bracket depends on time taken for preparation of missile and time required by inter-
ceptor toreachthe kill height. Interceptor has variable flight duration depending
on feasible height of kill. The time of preferred-kil1l is time at which intercep-
tor can reach interception point based on its maximum capability and time at which
it 1s launched to achieve preferred-kill is preferred-launch time. Inorder to arrive at
response time we developed a 6 DOF (degree of freedom) mathematical model for
simulating the behaviour of ballistic missiles and generate the trajectories. Table [I.1]
shows various parameters of missile from 6-DOF simulation to arrive at response time.

All time information given in the table is time with respect to launch of target missile



1.1 Objectives

Table 1.1: Various parameters from 6-DOF simulation to arrive at response time

Missile  Flight  Burnout Burnout Apo Detection  Preferred  Preferred  Response

Range Time velocity  time gee time launch kill @ time
(Km) (Sec) (m/sec) (Sec) (Km)  (Sec) (Sec) 140km (Sec)
400 353 1500 43 115 45 148 248* +103
600 410 2200 50 150 60 160 280 +100
1000 540 2800 62 250 356 426 546 +70
1500 680 3500 80 375 466 492 612 +26
2000 742 4200 110 500 566 546 666 —20

Interceptor missile: £ f1;ghtmaz = 120 sec, tfiightmin = 80 sec.
Response time = Detection time - Preferred launch time
x Kill altitude is 100km, since Ballistic missile (BM) apogee is 115 km

for different class of ballistic missiles. Missile range in the first column is down-range
it can travel. First five columns in the table relate to parameters of ballistic missile and
last four columns enlist events related to interception.

A radar of specific acquisition range will detect a target within its capability of
range acquisition with specified radar cross section. With radar placed at 50 Km ahead
of impact position of target and with a radar acquisition of fix range of 600 Km, 6th
column of Table-1 shows the detection time of the target missile of various ranges.
Keeping range of radar constant and height of preferred-kill as 140 Km, it is clear
from the table that response time has decreased from 100 sec for 600 Km to negative
for 2000 Km class of missile and for a given interceptor flight time, target cannot
be engaged at an altitude of 140 Km or more. Thus, response time is very short and a
real-time classification can play a vital role in initiating counter measures of launching

interceptor missile against incoming ballistic missile.

1.1 Objectives

I am working in program AD (Air Defence), RCI (Research Centre Imarat), a premier
institution of Defence Research and Development Organisation (DRDO) Hyderabad,
which is involved with design and development of interceptor missiles. Working with
ballistic missile defence program has enabled me to work in the area of target classifi-

cation for classifying flying objects using radar data. The main objectives of this thesis
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are:

(a) To study the present target classification techniques and propose new approaches

for classification of aerial objects for achieving real time performance.

(b) To decide parameters which will be minimal and sufficient to distinguish objects

without any confusion.
(c) To evolve methodology for real-time classification.
(d) Formulate the problem of classification using Real-time Neural Network (RTNN).
(e) Formulate the problem of classification using Hidden Markov Model (HMM).
(f) To compute time of clean classification.

(g) To provide initial data using unsupervised training of Adaptive Resonance Theory
(ART?2) for continuous data.

(h) Compare the results of Real-Time Neural Network (RTNN) with Hidden Markov
Model (HMM).

(i) The proposed techniques are experimented and demonstrated based on radar and

simulated ballistic missile trajectory.

1.2 Thesis Outline

Chapter 1 of the thesis is the Introduction, where we review the importance of
real-time classification and its use in missile defence applications. We also narrate
the motivation, point out the objectives and end up with an outline of the thesis and

summary of results.

Chapter 2 of the thesis gives a brief overview of different classifiers used in the lit-
erature for general classification problems. All classifiers are used for offline analysis
and training time is too high for real-time applications. Same model and methodolo-
gies suitable for catering classification of small as well as large trajectories are not

attempted to the best of our knowledge. Input data analysis, Time Domain analysis
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of Ballistic missile scenario, Data capturing by Radars, six degree-of-freedom (6 DOF)
generated trajectories, Noise mixing to the order of actual available radars and Kalman
filtering these noisy data are reflected in this chapter. The parameters used for classi-
fication, air situation trajectories in battle scenario, analysis of parameters for classifi-

cation are also presented in this chapter.

Based on Huang’s [29] constructive network model and real-time learning algo-
rithm, in Chapter 3, we propose a formulation for classification of ballistic as well as
quasi-ballistic missile trajectories using Real-time neural network (RTNN). The real-
time neural-network architecture, its topology, role of quantizers and formulae used
for analytical calculations are shown in this chapter. Two scenarios of trajectories are
tested: one with trajectory of M400, Helicopter and Aircraft; and other with trajecto-
ries of M400, M1000 and M2000 class of missiles. Besides, to meet the conflicting
requirements of classifying small as well as long-range trajectories, we also propose
a formulation for partitioning the trajectory by using moving window concept. This
concept allows us to use parameters in localized frame which helps in handling wide
range of trajectories to fit into the same network. The proposed algorithms are evalu-
ated using simulated data generated from 6 degree-of-freedom (6DOF) mathematical
model. External disturbance due to wind and misalignment is also considered in the
model. Temporary loss of data as well as track offset is experimented to simulate
quasi-ballistic maneuver. Our experimental results demonstrate that RTNN is able to
classify both Ballistic as well as Quasi-Ballistic missile within 1 ms. The small clas-
sification time enables the use of real-time classification neural network in complex
scenario of multi-radar, multi-target engagement by interceptor missiles. 7o the best of
our knowledge this is the first time an attempt is made to classify ballistic missiles using
RTNN. The results of this study are published in Proceedings of "International
Joint Conference on Neural Network" (IJCNN-2013) and "World
Academy of Science, Engineering and Technology"

(WASET-2011).

Investigations on the suitability of hidden Markov models (HMM) for real-time tra-
jectory classification forms the major content of Chapter 4. The trajectory classi-

fication problem is formulated as to identify the class C;(: = 1...L) to which the
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trajectory state sequence belongs. Each trajectory class C; is represented by a Model,
Ai , where \; = {m, A, B}, in which 7 is initial state probabilities, A is state transition
probabilities of dimension (N x N) and B is observation symbol probability distribu-
tion of dimension (N x M). Since HMM considered is discrete, number of states for
HMM for missile classification are considered as N=25; Number of Observation Sym-
bols, M, for Specific Energy is 200, Acceleration is 40, Height is 60 and Velocity is
80. Initial state probability, 7 and state transition probabilities are set to be equal to
1/N. Observation symbol probability, B is based on Gaussian (with mean and variance)
representation for the distributions of observations within each state. Experimental re-
sults of HMM demonstrate that pass percentage achieved is more than 95.5% over
900 samples of test data. The trajectory is validated on a model with different num-
ber of states in HMM. HMM with 20 numbers of states and above are giving results
above 95% whereas performance of the model remains unsatisfactory with 5,10 or 15
states. Time taken by the model for testing new sample of data for 5, 10, 15, 20 and 25
states are 4.816 milli-seconds (ms), 8.02 ms, 18.17 ms, 29.06 ms and 49.24 ms respec-
tively. The formulation is also tested with two important and practical conditions of
losses of data in the track and manoeuvring targets, the later being a recent improve-
ment in the ballistic missile development. The results of this study are published in
Proceedings of "Sixth International Conference on Contemporary
Computing" (IC3)-2013.

Chapter 5 deals with a self organising neural network called (ART2) which is based
on Adaptive Resonance Theory (ART) and is used in training the initial data. ART2
rapidly self-organizes pattern recognition categories in response to arbitrary sequences
of either analogue or binary input patterns which is essential for training both RTNN
and HMM during initial period. ART-2 finds the initial clusters using unsupervised
learning which is then fed to HMM for classification using recursive method. Basic ar-
chitecture of ART, ART-2 theory, network components, selection of parameters for net-
work training, learning laws modes of learning and experimental results are described
in detail. The results of this study are accepted by the "Fifth International
conference on Pattern Recognition and Machine Intelligence"

(PReMI)-2013.
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Chapter 6 presents comparison of results for Real-Time Neural networks (RTNN)
and Hidden Markov Model (HMM), once initial data is trained with Adaptive res-
onance Theory (ART-2). Practical scenario of introduction of noise due to sensor
measurement, loss of measurement data for upto 20 samples and maneuvering tar-
get scenario is also tested with RTNN and HMM. This is the first time an attempt is
made to classify ballistic missiles using ART2, RTNN and HMM. The results has been
accepted for publication in "Applied soft computing Journal" in March
2014.

We conclude the thesis by summarizing the contributions in Chapter 7. This Chap-

ter also outlines some directions for future research.

1.3 Thesis Contributions

e Developed a 6 DOF mathematical model for simulating the behaviour of ballistic

missiles and generate their trajectories.

e Developed a model for dynamic classification wherein a moving window con-
cept is introduced that allows to fit large as well as small trajectories in the same

network.

e For the first time it is demonstrated that real-time neural network (RTNN) can

be used to classify ballistic missile trajectories.

e First ever attempt to develop a hidden Markov model (HMM) for real-time tra-

jectory classification.

e The use of Adaptive Resonance Theory (ART) for training the data which is
essential for training both RTNN and HMM during initial period.



Chapter 2

Foundational Concepts and Related
Work

In this chapter, we introduce the basic scenario of ballistic missile defence wherein we
explain the need for neutralization of weapons of mass-destruction. We also outline
the requirements for real-time classification and data generation using radars. Tar-
get state estimator for noisy data filtering as well as response time analysis is also
explained. The modules needed for developing a 6-DOF (degrees-of-freedom) mathe-

matical model for simulating the behaviour of ballistic missiles is discussed at length.

2.1 Ballistic missile defence scenario

Ballistic missiles are either single stage or multi-stage vehicles which are launched
vertically to clear the canister or cage from which it is generally launched. After a
pre-programmed period of vertical rise, the missile pitches down to fly in the desired
azimuth [46l]. During this phase, the missile is controlled in altitude using some form of
thrust vector control (TVC) and once adequate velocity has been obtained, the control
functions are taken over by aerodynamic control. Once the flight vehicle is out of the
atmosphere, the closed loop guidance starts with the objective of achieving the desired
injection conditions in terms of height, velocity and flight angle. After obtaining the
proper conditions, the thrust cut off is commanded. Later, the vehicle coasts till impact.
The flight vehicle during its coast phase does not carry out any guidance function,

however, the control functionalities are exercised.
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Ballistic Missile Defense System Phases
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Figure 2.1: Three main phases of ballistic missile

A ballistic missile has three phases of flight, namely boost, midcourse and finally
a terminal phase which are graphically shown in Figure 2.1 The boost phase has a
distinct beginning and end. It begins with liftoff of the missile and ends with thrust
cut-off. The midcourse phase also has distinct beginning with thrust cut-off but ends
with re-entry in atmosphere where lift and drag becomes effective. The terminal phase
is effective utilization of atmospheric forces to alter speed and trajectory. Ballistic
missiles are categorised as Short Range Ballistic Missiles(SRBM), Medium Range
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Figure 2.2: Trajectory and Velocity Profile of a SRBM missile (600 Km)
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Figure 2.3: Trajectory and Velocity Profile of a MRBM missile (2000 Km)
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Figure 2.4: Trajectory and Velocity Profile of an ICBM missile (5000 Km)

Ballistic Missiles (MRBM) and Inter-continental Ballistic missile (ICBM). Ballistic
missiles trajectories for 600 Km, 2000 Km and 5000 Km classes are shown in Figure
2.2 Figure 2.3] and Figure [2.4] for ground range coverage vs altitude and time vs.
velocity. Each figure shows 5 different possible trajectories of the same class. SRBM
of 600 Km range varies from 300 Km to 600 Km of range coverage as in Figure 2.2
MRBM of 2000 Km class of missiles ranges from 1000 Km to 2000 Km as in Figure
[2.3]and ICBM of 5000 Km covers from 2000 Km to 5000 Km as in Figure[2.4]

2.1.1 Ballistic Missile Neutralization

An incoming ballistic missile may be neutralized in any one of its flight phases namely

(a) boost phase (b) mid-course and lastly (c¢) terminal or re-entry phase [37]. Boost

11



2.1 Ballistic missile defence scenario

phase defense is when the target missile is boosting whereas mid-course intercept is
when it is in free fall. The terminal phase intercept is when there are few tens of sec-
onds before impacting on its target. A capability to intercept a missile in the boost
phase could destroy a missile regardless of its range or intended aim-point and provide
a very large coverage capability. However, it is very challenging as additional intel-
ligence is required that missile was really intended for perceived task. A mid-course
intercept capability could provide wide coverage of a region, while a terminal defense
would protect a localized area. The defense system becomes multi layered when more
than one type of interceptor is used and significantly increases the system effectiveness.

Ascent phase and early mid-course phase are difficult to destroy as detection re-
quires sensors in enemy aero-space or satellite intelligence, which is not possible and
not done. This leaves late mid-course phase and terminal phase as possible phases for
interception of the enemy missile. Upper layer indicated in the Figure [2.5]is called
exo-atmospheric region whereas lower layer is known as endo-atmospheric zone as
indicated by two arcs. Multiple shots can be fired in upper layer because of larger zone
of operation. Though, the general policy of BM(ballistic missile) defence is to neu-
tralize incoming threats at higher height and at longer range so that debris falls away
from intended impact zone [54]], this may not be realized due to late detection and

short response time of the launch. A major reason, the defense operates with multiple

Upper Layer (Exo
Altitude -‘.-“"‘""-.

.
T Upper Layer ™~
(Exo-Endo) ~

Lower
Layer
(Endo)

Asset to be
Defended Distance from Defended Asset

Figure 2.5: Layered defense system

layers is leakage reduction. If a single layer destroys 90% of the attacking Re-Entry
vehicle (RV), two independent layers operating sequentially can destroy 99% of the
RVs. By definition, each layer in a multiple-layer defense has its own complement of

12
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interceptors and its own interception phases [53]. Since each interceptor has its own
associated probability of failing to kill its target; a single interceptor has an associated
leakage. The second layer can cover leakage from the first layer because of either

discrimination failure or interception failure.

2.2 Sensor Network

Long range sensors like radars are the initiating points for ballistic missile defence for
detection and classification of hostile targets. Radars use the electromagnetic spectrum
for transmitting and receiving signals. The radar generates a signal, which is transmit-
ted through an antenna into free space. The antenna is designed to concentrate the
radar energy in a particular direction towards the target. The radar beam broadens as
the wave propagates from the radar and therefore its strength reduces with distance.
The energy incident upon the target also reduces with distance. For a metallic target,
most of the incident energy is reflected and a small amount is absorbed. The energy
reflected from the target tends to propagate in all directions and the amount directed
back towards the radar is dependent upon the wavelength of the signal, the size, shape
and the materials of the aircraft. Hence, only a small proportion of the energy actually
illuminating the target-missile, or any other target, is reflected back in the direction of
the radar as shown in Figure Radars measure the range and the velocity of the
target. Its position in azimuth and elevation could also be measured, so that its altitude
could then be estimated. From the strength of the signal reflected from the target, an
estimate could be made of its radar cross-section, which provides a rough measure of
its size [7]. Many types of sensors are connected in the sensor network for full cover-

age of the protected region. Sensor network consists of a number of long-range radars

| Radar Transmicter |/ > e 5 >

“«
‘ Radar Transmitter }‘_ “""Y A W G R B e

Figure 2.6: Transmitting and receiving a signal from a target
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placed in the forward region for surveillance as well as short range fire control radar
located in the region where the asset is to be protected. Airborne warning and control
system (AWACS), satellite based sensors and air-floats also form part of the sensor
network. These nodes have redundant connectivity of leased line through public net-
work and VSAT (very small aperature terminal) besides last-mile connectivity through

point-to-point and point to multi-point connectivity [27, 29, 56].

2.3 Ballistic Missile State Estimator

The problem of real time estimation or tracking of ballistic target especially re-entry
vehicle (RV) from its radar observations is a complex problem in non linear filtering.
Tracking the ballistic missiles (BM), currently is of great interest to the BMD(ballistic
missile defense) community. The major challenge lies in the tracking of non-manoeuvering
and manoeuvering BM targets, whose drag profiles deviate significantly from prior pre-
dictions [38,51]. Kalman filter (KF) has been used to provide optimum estimates (in
least squares or maximum likelihood sense) of the states of linear dynamical systems.
This idea was soon extended by Kalman and Bucy to estimate the states of nonlinear
dynamical systems using the extended Kalman filter (EKF). The EKF technique gen-
erally employs a Taylor series expansion [12,[15] of original nonlinear plant dynamics
to obtain linearized equations around previous state estimates. In expansion process,
generally second and higher order terms are neglected. These linearized equations are
used to compute the error covariance matrix. Both state and covariance equations are
propagated initially. Based on the available measurements at propagated time, the time
varying filter gains are computed and both the states and corresponding covariances
are updated.

Filter plays a vital role for estimation of trajectory of BMD. The estimator with
state equations in cartesian frame and measurements in polar frame has been selected
for applications. Filtering of BM state variables (position and velocity components) is
very important for classification of the missile. The external sensor like radar measures
target range, azimuth and elevation often getting contaminated by measurement noise.
The aim of the EKF estimator is to estimate position, velocity and acceleration com-
ponents of the target from the above available measurements within accuracy based

on sensor noise characteristics [39, |65]. Cartesian-Polar filter has been developed for
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Figure 2.7: State Estimator

estimating the BM position, velocity and acceleration components for trajectory. The

governing equations of motion of BM are prerequisite for filter design.

2.3.1 Reference Frames

Figure [2.8|(a) shows the locations of radar and the target with respect to WGS-84 el-
lipsoid model of the earth i.e. Earth Centred Earth fixed(ECEF) frame. The radar is
located on the surface of the earth with height (), geodetic latitude (A ) and longitude
( p). Generally (X, y, z) is the commonly used Cartesian system since it corresponds
to the physical space. In present axes system, z is directed along the local vertical and
x and y lie in a local horizontal plane, with x pointing east and y pointing north. The
second Cartesian system shown in Figure 2.8b) is !, 4!, 2!. This frame moves with
the target. This system can be obtained from X, y, z by a rotation in azimuth of angle
(1) and elevation of angle (6).

2.3.2 Ballistic Missile Dynamics and Target Models

This section describes the forces acting on the ballistic missile and its equations of mo-
tion in ECEF. The main forces acting on the ballistic missile are thrust, drag, gravity,
centrifugal, coriolis and lift forces. The effects of centrifugal and coriolis forces are

significant for long-range trajectories. During Boost phase, the target is subjected to
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Tareet
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Figure 2.8: a) Radar and target locations in ECEF frame b) Radar and target location

large acceleration due to thrust, atmospheric drag and the earth’s gravity. The forces
considered during ballistic and re-entry phases are Gravity, drag, centrifugal and cari-
oles forces. The ballistic model is a 6-state EKF with gravity and coriolis terms. The
state elements are position and velocity. State propagation, however, includes gravity
and coriolis forces, even though the state does not contain acceleration. The re-entry
model is a 7-state EKF, identical to the ballistic state but has a 7*" element, the (inverse)

ballistic coefficient.

2.3.3 Atmospheric Dynamics

The motion of the ballistic missile(BM) in the ballistic and re-entry phase is modelled
in the ECEF frame. The model takes into account the following forces: a) the Gravity
Force b) the Aerodynamic Force, and c) the coriolis and centrifugal Forces.

Gravity Force: It is assumed that the gravity field is directed from the BM’s centre of
gravity (CQG) to the center of the earth. The acceleration due to gravity is given by

_Oé
|g|_r_2

where, |r| is the distance between the BM CG and center of the earth. « is the universal
gravitational constant (G.M.m) and involves Gravity (G), Mass of Earth (M) and body
mass (m) terms. (o = 3.9742184 * 1014m.s~2).

Aerodynamic Force: The acceleration due to the aerodynamic force is modelled as
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follows:
P VIV
26
where, p(h) is the air density which is function of the height. The height is the BM
position over the surface of the earth. [ is the ballistic coefficient and is given by

Aaero =

6 = S*L(Jdo; S is Surface Area of Body; 7 and |7| are the velocity vector and its
magnitude of BM target.

The Coriolis and Centrifugal forces: These forces are fictitious forces which
arise due to the filtering frame reference rotation. The acceleration due to the coriolis

and the centrifugal forces is given by
Aficti:—2w><7—w><w><7>

where, 7 is the BM position vector; w = [0, 0, Q] where, €2 is the Earth Rotation Rate
which is = 7.2717 x 1075 rad per sec.

2.3.4 Boost Phase Model

The boost phase of a ballistic missile(BM) lasts from launch to stage burnout. During
this phase, the target is subjected to large acceleration due to thrust, atmospheric drag
and the earth’s gravity. The thrust acceleration profile varies largely from one target
to another depending on the type of the target. In BM, the rate of change of acceler-
ation is considerable as the burn time increases due to the decrease in the propellant
weight. The target model considered is constant jerk model originally developed by
Mehrotra et al [38]]. The state and measurement equations corresponding to jerk model

in Cartesian frame are given below:

State Equations The boost model is a 12-state EKF in ECEF Cartesian coordinates
for the purpose of composite tracking. The state elements are position, velocity, accel-

eration and jerk. The equations of motion for boost model is given by

Xpy1 = 0pXi + Wy

X:[Ivz amjmyvy ayijUz CLZ]Z]
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X is target state vector consisting of (x,y,z) the position components, (v,, vy, v,) the
velocity components, (a, a,, a.) the acceleration components and (j,, j,, j.) the jerk
components of BM target in ECEF frame.

¢ = Diag

o OO =
oo~ N
O = 'ﬂwlﬂw
— ’ﬂwl%@l’é

W1 1s zero mean with Gaussian process noise.

2.3.5 Ballistic and Re-entry Phase Model

The forces acting on the ballistic missile are described in Section The target
motion in ECEF frame is described by the following continuous time-varying non-

linear dynamical equations.

Target State Model The general system of equations, which are nonlinear, describ-

ing the motion of the ballistic target during atmospheric phase, are given below:
X(t) = f(X (1) +wl(t)

where f (.) are partial nonlinearities that are encountered in modeling of the re-entry

dynamics.
- o -
Uy
Vz
FX(®) = (=2 + Q%) z +2Qu, — %g)vvm
(;—3 + QZ) y+ 2Qu, — %Z)vvy
L r3 23 z _

w(t) is zero mean with Gaussian Process noise. E[w(t)] = 0, E[w,w;,T] = Qy, is the

Process noise Covariance. The EKF is a 7-state filter whose states are
X=[ryzuv vuv 1/6}T

Here, X(t) is target state vector of dimension 7x1. The variables (X,y,z) are the ballistic
target position components and (v, vy, v,) are target velocity components along ECEF
frame and [ is ballistic coefficient.
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Measurement equations The nonlinear measurement model is described as

Zk = h(Xk) + v
E[Uk] =0 E[Uk’l}kT] = Rk

where Z;, = [y, Ok @sz]T are radar measurements available at k£ instant of time. The
function h(X}) is a non-linear observation matrix and vy, is zero mean with Gaussian

noise. The available measurements (7, 6, 1)) are related to the filter states in ECEF as

follows:
Lenw T — Ty
_ ENV
Yenv - ECEF Y—Yr
Zenv Y—Yr

\/xenv2 + yenv2 + Zem)2

. . ENV ta:n_l Zenv
9 - h(Xk) - ECEF |:\/ $enu2+yenv2

4 tan~! | Zene
Yenv
—sin A cos A 0
MENV. = | —sin A —si in A
BORF = 4 COS singsin A cosy

coSYPgCcos A cosygsin A siny

Ya, A Geodetic Latitude and Longitude
[xr Y zr}T : Radar position in ECEF frame

[xem, Yenw Zem,]T : Target position in ENV frame

MENY. : DCM for ECEF to ENV Frame conversion

2.3.6 Filter Equations

The Kalman filter keeps track of the estimated state of the system and the variance or
uncertainty of the estimate. The estimate is updated using a state transition model and
measurements. Xj, /. denotes the estimate of the system’s state at time step k before
the k' measurement Z, has been taken into account; P /k—1 18 the corresponding

uncertainty as shown in Figure [2.7|and the detail equations are given below:
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. State vector estimation at the time ¢, is based on the measurements upto time ;.

Xk = Xiji—1 + Ki(Z — M Xir—1))

. Predicted state vector at the time ¢, computed is based on the estimate at time
th—1-
123
Xijk—1 = Xp—1/p—1 + / f(X(t))dt
te—1

. Kalman gain
Ky, = Pojp—1 H (HyPyjr—1H}. + Ry)

_ |oHX)
where Hk - |: o0X i|XXk/k—1

H,;. is the linearised observation matrix. ;. is the measurement noise co-variance

matrix.

. Predicted Error Covariance matrix compute at the time ¢, is based on the time

th_1.
Py = ¢k71Pk—1/k—l¢£_1 + Qr-1
with Qr_1 being the process noise matrix.
or_1 being the state transition matrix computed at time ty_q
where
b= [GF (X )}
X X=Xk/k—1

is the linearised system dynamics matrix at the time #j.

. Estimated Error covariance matrix at the time ;.

Py = (I — Ky Hy) Prjr—1
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2.3.7 Interactive Multiple Model(IMM) Filter Model

The IMM filter comprises of the following two Kalman filter models: (i) Jerk model
in Section [2.3.4] and (ii) Ballistic/Re-entry model in Section [2.3.5] The block diagram
of IMM filter consisting of models as jerk filter along with ballistic/re-entry Filter is
shown in Figure[2.9] At every time step ‘k’, a linear combination of the previous output
(states and covariance) is input to each model. The current measurements are passed
to each model concurrently and residues are computed along with the corresponding

likelihood functions as shown in Figure[2.9] The different parameters in Figure[2.9)can

Xl(k-llk-l), Pl(k-1/k-1) ‘lz@ (k-1/k-1) P3(k-1/k-1)

| Interaction (Mixing) |

X (k-1/j -1), PY(k11) | XOF (k-1/k-1) PO2(k-1k-1)

* k-1
m | 3 (1)
| Jerk Filter (k) | | Ballistic & ReEntry Filter (k) |
Ar®) Model Prob.
Update

A L Ay (k)
X* (k) PAK/K) k)

L > 2 - 3 =
.I State Estimate & Covariance combination I—»

\ X (kk), P(K/K)

X! (iWk), PLK/K)

Figure 2.9: One cycle of Interactive Multiple Model(IMM)

be explained as follows:

ii/k, P]ﬁ/k . State estimate of j" KF at time k and its covariance
:i%k, P,Sjk : Mized initial condition for the j*" KF at time k
Tk, Pryr o Combined state estimate and its covariance (output)
Wi - Probability at time k

trsk - Mizing probability at time k

A;(k) : Likelihood function of j" KF
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2.3 Ballistic Missile State Estimator

In the interactive multiple model(IMM) based filtering, the different filter models
interact at input and output. The boost model described earlier contains 12 states;
whereas the other model contains only 7 states. This type of asymmetric mixing can

be done by inserting zeros, where the states are different in two models.

2.3.8 Results

The system model pertaining to jerk model(boost phase) and ballistic/re-entry Model
(re-entry phase) along with overall IMM formulation have been discussed in Section
2.3.4) and Section [2.3.3] Based on this formulation, IMM with two EKF formulations
for the above mentioned system model have been mechanized. For validation of this
filter, the BM trajectory has been generated by using the 6 DOF simulations. Based on
this data, radar measurements (7, 0, 1)) have been generated. In the present context, the
measurement update rate is 10 Hz. The radar noise specification along range, azimuth
and elevation as o, = 20m, oy = 2 milliradian (mrad), o, = 2 mrad is assumed. The
filter errors in terms of position, velocity and acceleration errors along (X,Y,Z) axes
along with one sigma bound are shown in Figure [2.12] Figure 2.13| and Figure [2.14]
All results are in ECEF coordinate frame of reference.

MDD True Ve Filter
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Figure 2.10: a) Time Vs Specific Energy b)Time Vs Acceleration

Figure [2.10(a), Figure 2.10(b), Figure [2.11(a) and Figure 2.11(b) show SE, Ac-

celeration, altitude and velocity respectively for noisy as well as filtered data. Figure
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Figure 2.11: a) Time Vs Altitude b) Time Vs Velocity

[2.12(a), Figure 2.12Jb) and Figure [2.13(a) show the time history of position errors
along (X, Y, Z) direction. The estimates from jerk model, ballistic/re-entry model and
Interactive Multiple Model(IMM) as combination of both are superimposed together
in the plot. In the same plot, time-history of measurement error along with one sigma
standard deviation of the estimation error corresponding to IMM are shown.

Similarly time-history of velocity errors along (X, Y, Z) direction along with one

sigma standard deviation of estimation error are shown in Figure[2.13|b), Figure[2.14((a)
and Figure 2.14(b).
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Figure 2.12: Position Error in a) ECEF(X) b) ECEF(Y)
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Figure 2.13: a) Position Error in ECEF(Z) b) Velocity Error in ECEF(X)
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Figure 2.14: Velocity Error in a) ECEF(Y) b) ECEF(Z)

2.4 Input Data Generation and Processing

A moving object location is recorded by a set of sensors in the three dimensional space-
time at each successive time instant. The result of this trajectory generation process is
a two-dimensional N-tuple corresponding to the x and y-axis projections of the object

centroid at each instant of time.

2.4.1 Input Data Analysis of Aerial targets

It is pertinent to know characteristics of targets so as to classify them. Main character-

istics, their features and zone of operations are discussed in brief in this section.
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2.4 Input Data Generation and Processing

Possible types of aerial targets and their Characteristics There are various types
of targets in the air. They are fighter aircraft, commercial aircraft, helicopter, un-
manned air vehicle (UAV), jammer aircraft, satellites, cruise missile, ballistic missile,
air-to-surface Missile, anti-radiation missile and air-to-air missile. The characteristics

of these vehicles can be summarized as follows :
1. Fighter Aircraft

e Capable of doing a variety of manoeuvers
e Generally attack as a pack (in a formation)

e Cluster testing would be useful in identifying a fighter plane
2. Commercial Aircraft

e Follow only chartered flight paths and fly alone

e Have a maximum gravity turn of 1 g
3. Helicopter

e Helical Motion to Move Up or Down
4. Un-Manned Air Vehicle (UAV)

e Are very light, don’t not move very fast and hovers around the target
e General flying altitude is around 2000 m

e Can have straight, surveillance manoeuvers
5. Jammer Aircraft

e Carries out armed reconnaissance, electronic warfare and jamming opera-

tions

e Uses powerful Continuous wave transmitters to direct the jamming signal
at the threat

e The aircraft cruises at 775 Km/h and maximum altitude is 12550 m.
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2.4 Input Data Generation and Processing

6. Satellite
A satellite is an artificial object which has been intentionally placed into orbit.
Operational satellites are in placed in three orbits: namely low-earth orbit (al-
titude between 160 Km to 2000 Km), medium-earth orbit (at 20,000 km), and
geostationary orbit (at 36,000 km). The orbital velocity needed to maintain a
stable low earth orbit is about 7.8 km/s.

7. Cruise Missile
e In most ways, similar to fighter planes and can do all the moves of a fighter

plane

e The differences are that it has constant velocity (i.e. 0 acceleration) and it

flies alone
e The flight has 3 stages

— The initial launch stage where it goes to a very high altitude

— The DIP stage where it directs itself in the direction of the target and

dips down to a very low altitude

— The final stage where it flies low with constant velocity till it strikes

the target
8. Air-To-Surface Missile

e These are launched from fighter planes

e Once launched, these follow projectile motion
9. Anti-Radiation Missile

e Launched form fighter planes

e Seeks the source of radiation (RADAR) and strikes it
10. Air-To-Air Missile

e Launched from air

e High initial velocity
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11.

Ballistic Missile

e High Initial Velocity During Propulsion

e Controlled Vehicle fall Under Gravity after Boost

2.4.2 Different Parameters Of Targets

Velocity ( V) : Velocity is rate with which displacement takes place in a direc-
tion. Besides total velocity of the body, the three related components, veloc-
ity Component-X, velocity Component-Y, and velocity Component-Z in body-

frame can also be used for distinction.

Ground velocity: Ground speed is the horizontal speed of an aircraft relative to

the ground. An aircraft heading vertically would have a ground speed of zero.

Acceleration : Acceleration is rate with which velocity (V) change occurs in a di-
rection. Besides total acceleration of the body, its three components Acceleration-
X, Acceleration-Y, Acceleration-Z in body-frame can also be used for distinc-
tion.

Acceleration(A) = V*/R

Jerk Factor : Jerk is the rate of change of acceleration; that is, the derivative of
acceleration with respect to time. Jerk is a vector. The SI units of jerk are meters

per second cubed, m/s>.

jerk factor = (Acceleration2 — Accelerationl)/(Time2 — Timel)

Latitude and Longitude Positions : Latitude and longitude are angles that uniquely
define points on a sphere. Together, the angles comprise a coordinate scheme
that can locate or identify geographic positions on the surfaces of planets such

as the earth.

Rate of Ascent /Descent : The rate of climb (RoC) is a flight’s vertical speed
i.e. the rate of change in altitude. It is commonly expressed in metre per second
(m/s). The rate of decrease in altitude is referred to as the rate of descent or sink

rate. A decrease in altitude corresponds with a negative rate of climb.

Rate of Ascent/Descent = (Altitude2 — Altitudel)/(Time2 — Timel)
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Altitude : Altitude is a distance measurement, usually in the vertical or "up”

direction, between a reference datum and a point or object.

Radius of turn : The turning radius of a vehicle is the radius of the smallest

circular turn (i.e. U-turn) that the vehicle is capable of making.

g-Turn : It is maximum acceleration with which a body can take a turn with
respect to gravity. It is expressed in terms of meter per square second.
g-Turn = A/9.8ms ™2

Cluster-id : A cluster is defined as a concentration of enterprises producing same
or similar products and is situated within a contiguous geographical area span-
ning over a few meters. If multiple objects emanate from same parent body, all

these objects are provided with same cluster-id.

2.4.3 Parameter Based Distinction

There are number of parameters which can be utilised for distinction of types of vehi-

cles. The parameters which distinguish one vehicle from another vehicle are range of

operational velocity, altitude, manoeuvrability and rate of climb/descent.

Table 2.1: Parameters based categorization

Sl | Descriptor of | Velocity Altitude Manoeuver- Rate of
No | Vehicle Range Range ability Climb/
(Km/Hr) (Km) Descent
(mps)
1 Helicopter <200 To400 | <1to4 <2gtoS5g <50
2 | Transport 200 to 1000 <lto 14 <2gto3dg <50
3 | Civil 400 to 1000 4to 14 <2gto2g <50
4 | UAV <200t0400 | <1to4 <2gtosSg <50
5 Cruise mis- | 200 to 1000 <lto4 <2gto>5g | <50
sile
6 | Fighter 200 to >1000 | < 1to 14 <2gto>5g | <50t0400
7 | Jammer 400 to 1000 1to8 <2gto>5g | <50to400
8 | Air-2- 800to> 1000 | < 1to8 < 50 to 400
Ground
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9 Anti- 800 to >1000 | <1to 14 < 50 to 400
Radiation-
Missile

10 | Ballistic Mis- | 800 to >1000 | >50 <2gto>5g | >400
sile

Distinction Based on velocity Velocity is an important parameter for distinction of
vehicles in air. Velocity of helicopter and UAV ranges from less than 200 KM/Hour
to 400 Km/Hour. Civilian Aircraft range of velocity varies from 400 KM/Hour to
1000 Km/Hour whereas velocity of air transport vehicle varies from 200 KM/Hr to 400
Km/Hr. Cruise Missile velocity ranges from 200 KM/Hr to 1000 Km/Hr. Lower veloc-
ity values for fighter aircraft, jammer missile, air-to-ground missile and anti-radiation
missile are 200 KM/Hr, 400 Km/Hr, 800Km/Hr and 800 Km/Hr, whereas higher ve-
locity values are 1000 or greater than 1000 Km/Hr as shown in Table [2.1]

Distinction Based on altitude As shown in 4" column of Table altitude of
operation of UAV, Helicopter and cruise missile are less than 4 KM. Jammer and Air-to
ground missile altitudes are ranging 1 Km to 8 KM. Civilian aircraft, transport aircraft,
fighter and anti-radiation missile flies less than 14 Km. Altitude of ballistic missiles

are approximately one-fourth of down-range coverage [37]. Ballistic Missiles altitude
varies from 75 Km to 1000 Km for 300 KM Class of Missiles to 5000 Km of Missiles.

Distinction Based on manoeuvrability As shown in 5" column of Table 2.1} ma-
noeuvrability of helicopter, UAV , Civilian, Transport aircraft are less than 3g. Fighter
aircraft, jammer, Air-to-Ground and Anti-radiation missile are upto 5 g. Ballistic mis-

sile will have manoeuvrability upto 15g.

Distinction Based on climb/descent Rate of Climb and Descent of UAV, Helicopter,
civilian Aircraft, Transport aircraft are upto 50 meter per second. For fighter aircraft,
jammer, Air-to-Ground and Anti-radiation missile, rate of climb/descent are upto 400

mps. Ballistic missile will have rate of climb/descent upto 7000 mps.
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2.5 Time Domain Analysis

Table 2.2: Class of Missiles and their Important Parameters

Class/ Time of | Apogee | Velocity at | Range at | Altitude Time at
Range Flight (Km) burn out | burn  out | at  burn | Burn Out
(Km) (Sec) (Km/s) (Km) out (Km) | (Sec)
M300 240 60 1.55 40 35 35

M600 350 120 2.20 50 45 40
MI1000 | 440 200 2.84 80 55 45

M2000 | 630 400 4.02 120 100 60
M5000 | 990 1000 6.36 200 130 110

2.5 Time Domain Analysis

Class of missiles with their important parameters are shown in Table First column
shows class of missiles with down range of 300 Km, 600 Km, 1000 Km, 2000 Km
and 5000 Km. Other columns indicate time of flight, apogee of trajectory, velocity,
range, altitude and time at burn-out for the above mentioned class of missiles. These
parameters pertain to generic missiles and can vary for specific missiles. There are two
classes of interceptors, one which can intercept in endo-atmospheric region and other
in exo-atmospheric region. Approximate time of first detection for targets is 50 to 60
seconds, with probable kill bracket of 100 to 300 Km. The classification time for target
is from 30 to 50 second for intercepting in exo-atmospheric region. The response time
for this class of interceptor is 20 to 100 seconds. Similarly, for interceptor of endo-
atmospheric region, though classification time is large enough but there is very less

time for salvo-launch because of low altitude of interception and small kill-bracket.

Response Time of Interceptor: The response time of Interceptor depends on:

e Range of Sensors and Its Placement: Time-line is very much dependent on
range of detection, searching and tracking of radar. Longer the range of radar,
early the detection and more the response time we get. Similarly, placement of

radar with respect to point of origination of hostile missile plays an important
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role in early action. Figure[2.15]shows placement of three radars, two of them as

long-range radars and one as short range radars. It is obviously an advantage to

Figure 2.15: Coverage zone of Radars

place the radar in forward region to cover regions of origination of target. Figure
[2.16] and Figure [2.17] shows detection by radar of 600Km of acquisition range
placed at the point of impact of target for detection and tracking of 1000 Km and
1500 Km class of Target.

e Auto-launch time (onboard systems’ readiness): Response time also depends
on boot-up time of the sub-systems of interceptor missiles, INS readiness (DTG-
dynamically tuned gyros are accurate but heavy and take long initialization time),

ground-based computational algorithm convergence time, data loading time, etc.

e Height of kill and footprint to be defended: Footprint is defined as an area
which is projected on the ground so that it becomes a tangible measure of the
defence. ‘Defence-in-Depth’ and ‘keep-out of range’ determines ‘safe bound-
ary’ around the asset to be defended [37/]]. Defending footprint diagram is shown
in Figure [2.18] Higher the height of kill, larger will be the defended foot-print
and less likelihood for releasing multiple warheads. This will also ensure that

the debris falls in enemy area rather than in the defended area.
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Figure 2.16: M1000 Class of Missile Engagement Scenario and Response Time

e Velocity of the Interceptor: Higher the velocity of interceptor, lesser is the time
to reach to the target. Faster interceptor is preferable but it also requires that the

response time for classification needs to be fast.

o Weight of the Missile: Weight of missile plays very critical role as more the
weight, more will be energy required and less will be agility of the vehicle.
More fuel requires larger propulsion system which itself adds to overall weight.
Thus, a right trade-off is required between capability, propulsion system, air-

frame, warhead and other systems.

e Policy of Launch: A perfect interceptor is the one that hits and Kkills its tar-
get with a probability of one. However, practical interceptors have a nonzero
probability of failure to kill. Such a failure can be caused by an inaccurate in-
terception (i.e., the interceptor misses the target) or by insufficient destructive
capability. To ameliorate this shortcoming, the defense can choose to fire several
interceptors at once at each object called shoot-shoot-shoot philosophy, or shoot
one interceptor, perform a kill assessment, and then shoot at the object again if

necessary, called Shoot-Look-Shoot policy [62, 63].
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Figure 2.17: M1500 Class of Missile Engagement Scenario and Response time
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Figure 2.18: Defended Footprint and Threat Trajectory

e Other factors which affect response time are: 1) division of time slot for boost
and coast time 2) whether configuration of vehicle is single stage or Multi-Stage
3) how much is lateral-acceleration capability (Latax) of the vehicle and 4) how
much is networking capability between ground systems for close coordination

and communication.

Response Time Analysis: A simulation study with 6-degrees-of-freedom for a given
radar range for following vehicle characteristics of targets and interceptors are carried

out to analyse response time requirement of interceptor:
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e Radar range of 600 Km
Target Characteristics (1000 Km)
Target of 1000 Km down range is considered with single stage vehicle configu-
ration. Its burnout velocity is of the order of 2.8 Km/sec at approximately 62 sec
from launch. Velocity of target at interest zone of interception is of the order of
2.1 Km/sec.
Interceptor Characteristics and Response time
Interceptor is considered as two stage vehicle having booster with propulsion
and kill-vehicle without propulsion. Booster burning time considered is 62 sec-
onds with separation height of 35 to 38 Km, cut-off velocity of of the order of
1.8 Km/sec and interception altitude bracket of 60 to 110 Km. Kill-vehicle will
have capability to coast for minimum period of 35 sec and maximum duration of
105 seconds. Thus, total time of flight for interceptor is 97 sec to 167 sec. Figure
shows the down range versus altitude trajectories of target with important
events of interceptor marked on it. In this scenario, target is detected at 228 sec
of the launch of the target. If we want to intercept at height of 110 Km, launch of
interceptor has to commence at 258 sec considering maximum flight of intercep-
tor as 167 sec as given above. Thus, response time of interceptor from detection
to launch is only 30 sec. If we want to intercept the target at an altitude of 60

Km, the launch time changes to 378 sec gaining a response time of 150 sec.

Target Characteristics (1500 Km)
Target is considered again as single stage vehicle. Burnout velocity considered
for 1500 Km class of vehicle is of the order of 3.2 Km/sec at approximately 100

sec from launch. Velocity of target at interest zone of interception is of the order
of 2.8 Km/sec.

Interceptor Characteristics and Response Time

Keeping everything unchanged for interceptor parameters, if a class of 1500 Km
range of target has to be intercepted with minimum response time of 30 sec for
first launch, then interception at 110 Km is not possible. Figure shows the
first launch possibility at 464 sec from launch of the target. As target is flying
with higher velocity, kill is not possible at 60 Km. Making kill altitude of 70

Km, the time difference between first and second launch reduces from 120 sec
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Figure 2.19: M2000 Class of Missile Engagement Scenario and Response time

to 51 sec. And time difference between first kill and last kill altitude reduces

from 35 sec to 22 sec.

e Radar range of 1500 Km
Another experiment is considered with radar acquisition range of 1500 Km.
Target Characteristics (2000 Km)
Target is considered as single stage vehicle. Burnout time considered for 2000
Km class of vehicle is of the order of 4.1 Km/sec at approximately 110 sec from
launch. Velocity of target at interest zone of interception is of the order of 4.0
Km/sec.

Interceptor Characteristics and Response Time

Interceptor is considered as two stage vehicle with booster with propulsion and
kill-vehicle without propulsion. Kill-vehicle will have capability to coast for
minimum period of 35 sec and maximum duration of 121 seconds. Thus, total
time of flight for interceptor is 97 sec to 183 sec. Booster burning time con-
sidered is 62 seconds with separation height of 35-38 Km, cut-off velocity of
1.8 Km/sec and interception altitude bracket of 70 Km to 160 Km. Figure 2.19]
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Figure 2.20: M5000 Class of Missile Engagement Scenario and Response time

shows the down range versus altitude trajectories of target and interceptor. In
this scenario, target is detected at 210 sec of the launch of the target. If we want
to intercept at height of 160 Km, launch of interceptor has to commence at 493
sec considering maximum flight of interceptor as 183 sec as given above. Thus
response time of interceptor from detection to launch is 283 sec. If we want to
intercept the target at an altitude of 70 Km, the launch time changes to 617 sec

gaining a response time of 124 sec.

Target Characteristics (5000 Km)

Target is considered as multi-stage vehicle. Burnout velocity considered for
5000 Km class of vehicle is of teh order of 5.8 Km/sec at approximately 140
sec from launch. Velocity of target at interest zone of interception is 4.7 Km/sec.
With 1500 Km range of Radar, there is huge difference in response time for
M2000 and M5000 class of missile. Figure [2.19] and Figure [2.20] show that re-

sponse time has decreased from 283 sec to 30 sec.

Interceptor Characteristics and Response Time
Interceptor is considered as three stage vehicle with booster and sustainer with

propulsion and kill-vehicle without propulsion. Kill-vehicle will have capability
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to coast for minimum period of 48 sec and maximum duration of 182 seconds.
Thus, total time of flight for interceptor is minimum of 80 sec and maximum of
214 sec. Booster burn out height considered is 2 Km for 8 sec, sustainer separa-
tion height of 40 Km for 24 sec at cut-off velocity of 2.5 Km/sec and interception
altitude bracket of 100 to 250 Km. Keeping radar range of acquisition as 1500
Km, if a class of 5000 Km range of target has to be intercepted with minimum
response time of 30 sec for first launch, then interception at 250 Km of altitude
can be done only if interceptor is launched at 1016 sec from launch of target.
Figure [2.20] shows the last launch possibility at 1200 sec from launch of the tar-
get to kill at height of 100 km. As target is flying with larger velocity, kill is not
possible below 100 Km.

Thus, it is clear from the above discussion that time of classification is very critical
to the decimation of target missile. Though, there are other factors like range of radar
and its placement, which can govern the response time of the interceptor, they are static
and cannot be changed dynamically. Once target trajectory is available from radars, it
is the classification method which primarly defines the response time of launch of the

interceptor.

2.6 Six Degree of Freedom (6-DOF)

Input data for training and testing for missile trajectory is either taken from radar for
opportunity targets or generated from 6-DOF model. A missile is a physical entity
whose motion and orientation are controlled to intercept a target entity with a spec-
ified accuracy. The basic elements of a missile include an airframe, inertial sensors
to stabilize the attitude (angle) and assist in guidance, a flight controller and models
external to the missile such as the launch platform (cold launch or hot launch), and any
environmental models (aerodynamic model, gravity model, etc) [4, 25]. Sub-Modules
of 6-DoF are propulsion, gravity, aero-dynamics, atmospheric and missile configura-
tion as depicted in Figure 2.21] External disturbance due to wind and misalignment is
also considered. Runga-Kutta 4 is used for solving the 6 equations, 3 for translational
and 3 for rotational motions of the body. Missile systems can be described by nonlin-

ear differential equations, partial differential equations, and/or discrete-time equations.
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These models may encompass high-fidelity aerodynamics involving tables of wind tun-
nel measurements, time-varying propulsion characteristics, digital autopilots, inertial

sensors, communication links, and one or more guidance laws.

2.6.1 Propulsion Module

Propulsion provides the missile thrust forces, moments, and mass variations. As can
be seen from Figure [2.21] solid or liquid propulsion system can be used. Thrust-time
profile is generated with actual firing of propulsion systems and the data generated is
used in the model. A table of empirical data is used for accounting CG/MI variations

due to the movement of the liquid propellant in the tank (sloshing effects).

2.6.2 Gravity Module

The gravity of earth, denoted by ¢/, refers to the acceleration that the earth imparts to
objects on or near its surface. It has an approximate value of 9.81 m/s? on the earth’s
surface. Its value for any height can be calculated from equation: ¢’ = r/(1+h/Rg)?,
where ¢’ is the gravity measure at height above the sea level, ‘g’ is the standard value
of the gravity at the surface of the earth (9.8 m/s?). Rg is the earth’s mean radius and
‘h’ is the height above the surface.
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Figure 2.22: Air-frame Model with Inertial System and Flight Controllers

2.6.3 Aero-Dynamics Module

The aero module computes the various aero forces and moments generated by the vehi-
cle movement. An airframe model computes missile states from forces and moments.
Missile states are defined as those attributes that define missile translational and rota-
tional motion: typically, they are the cartesian position, velocity, the quaternion (for
orientation), and the angular velocity. The airframe receives steering commands from
the flight controller which are then realized as forces and moments by the actuators.
The airframe model has several components: missile dynamics, airframe mass, aero-
dynamics, propulsion, and flight control actuators (Figure [2.22)). Dynamics are the
continuous-time missile states (position, velocity, orientation, and angular rates) and
state derivatives (velocity, acceleration, angular rates, and angular accelerations) for
the given forces, moments, and mass characteristics.

Usually, the moments act about the center of mass of the rigid body so there is
no gravity moment (in a uniform gravitational field). Airframe mass calculates the
missile characteristics (e.g., center of mass and moment of inertia) as inputs to the
dynamics. Aerodynamics computes the aerodynamic forces and moments as functions
of the flight conditions and control surface deflections, i.e., the forces and moments are

obtained via lookups and interpolation in multidimensional tables.
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Body Sensor Data

Figure 2.23: Flight Controller

2.6.4 Atmospheric Module

The properties of earth’s atmosphere like pressure, temperature and density vary not
only with height above the earth’s surface but also with the location on earth, from day
to day and even during the day. A hypothetical model is employed as an approximation
to what is expected. This model is called standard atmosphere. The air in this model is
assumed to be devoid of dust, moisture and water vapour and to be at rest with respect

to earth.

2.6.5 Flight Controller

Flight control actuators are those mechanisms that physically realize the control com-
mands, e.g., control surface deflections. For an endo-atmospheric system, the control
surfaces typically are tails, ailerons, or canards, but other flight control systems may
include thrust-vector control vanes or pulse-width modulated thrusters. The airframe
provides truth information to the inertial sensors (typically, accelerometers and rate
gyros) and interacts with the physical world through environmental objects such as
gravity and atmosphere (Mach, speed of sound, temperature, wind, weather, etc.). The
inertial sensors measure the airframe’s motion and feed it back to the flight controller.
The flight controller consists of the navigation processor, the guidance processor,

the autopilot, and the speed controller (Figure 2.23). Typically, the navigation pro-
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cessor consists of an inertial navigation system (INS). The INS provides estimates of
the missile states to the guidance processor based on measurements obtained from rate
gyros and accelerometers (the inertial sensors) but may include processing of commu-
nication uplinks or possibly GPS measurements. The guidance processor consists of
the guidance law(s) and the guidance filter(s). The type of autopilot modelled is the
standard proportional autopilot with body acceleration feedback as the main feedback
controlling the loop gain and body rate feedback controlling the damping [21]]. The
guidance filter processes the measurements from the terminal sensor(s) and inertial
sensors to produce well-behaved estimates of the target states. The guidance law(s)
combines these with the estimated missile states to produce steering commands. There
may be a different guidance law and filter for each phase of flight. The autopilot
transforms the steering commands to control surface commands for the airframe. In
addition, the autopilot may have multiple control options based on the phase in flight.
If the missile motor uses solid propellant, the speed controller is omitted; otherwise, it
typically throttles the engine to achieve the required speed. All of these flight control
functions are, of course, critical elements in a 6-DOF simulation, but they cannot act
alone, so the other subsystems and external models are implemented to simulate the

actual system’s operation.

2.6.6 Missile Configuration

Missiles can be configured to have single stage or two stages with the second stage in
powered mode or coasting. Vehicle can have more than two stages also. In the case of
exo-atmospheric region, reaction control systems are incorporated for pitch, yaw and
roll control as fins will not be effective. The mission sequence of the vehicle can be

programmed as a user desires.

2.7 Related Work

Currently, the conventional methods using correlation based logic are able to deliver
results up to 85% confidence level [S0]. The success of these statistical or template

matching methods depends highly on a-priori knowledge of range of values of param-
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eters being used and the probability model used for the distribution of the parameters
in problem space.

In the domain of ballistic missile defence, classification of ballistic missile trajec-
tories have received much attention [1, |14} 20, 23, 47, |54, 61] and at the same time
much advancement has also been made at the theoretical level [10, 30, 57, 163]]. One
of the major drawbacks involved in the target classification models as outlined in the
above mentioned works is that most of the results are based on off-line data for non-
real time classification. Recent research activities in neural classification [68]] have
shown promising alternatives. For instance, Tamura, et. al. [S6] introduced the idea
of quantizers to show that a four-layered feed-forward neural network with (N/2)+3
hidden units can give any input-output relations with an arbitrarily small error for N
samples of input vectors. Huang [27) 29] extended the idea for utilizing the network
for real-time computation and used numerous real-world regression data sets to verify
the performance of their algorithm.

Silberman [54] describes a generic parametric approach to build classifier models,
which is illustrated with an example of building a classifier for an infrared sensor. Ap-
proach in the paper is to characterize how each object class will appear to a given sen-
sor as a function of engagement geometry, object dynamics, object properties, sensor
noise, and observation period. An ensemble of time series signatures is generated for
each object class by varying the parameters for those inputs that will be unknown dur-
ing an engagement, while fixing those parameters for those inputs that will be known.
Though the approach is generic, it is non-realtime classification and too many signa-
tures have to be accounted to arrive at the decision. Performace for clasificaton is not
mentioned in the paper.

Classification of motion trajectories on recordings from visual surveillance is pre-
sented in [8} 35, 42, 43|, 48] and trajectory classification/modelling based on hidden
Markov models (HMM) [, 19, 49] as well as Gaussian mixture-based HMMs are de-
scribed in [} 140, 41]]. All these works are about trajectory classification for either
pedestrian activities or moving ground vehicles but none of them talk about trajectory
classification for ballistic missiles.

Classification of moving targets based on motion and appearance by extracting

static and dynamic characteristic features has been carried out in [8]. These features

42



2.7 Related Work

are in turn used to assign the targets to one of several predefined categories. Back-
ground subtraction, connected component analysis, morphological filtering and tem-
poral differencing of consecutive frames are the methods used. It classifies human,
vechicle, animals, rigid, non-rigid objects and its hybrid with 87% to 99% confidence
in non-realtime mode.

In [43] attempts are made to classifiy and track moving ground vehicles by com-
bining kinematic association hypotheses with accumulated target classification infor-
mation obtained from high range resolution (HRR) radars. Inverse synthetic aperture
radar (ISAR) and synthetic aperture radar (SAR) signatures are also used to obtain
improved classification and association.

Trajectory between the current location and launch point is predicted by backward
integration in time in [2]. However, in the free-flight phase, launch, target points
and full trajectory cannot be predicted properly. Moreover, the authors claim that their
model can predict within 1% error of its max range which means for 600 Km trajectory,
there will be position error of 6 Km, which is not suitable for missile defence. Another
related work [34] estimates the trajectory and launch point of a tactical ballistic missile
using Line of sight (LOS) measurements from one or more satellite-based sensors. The
work assumes that the magnitude and orientation of the missile thrust vector is known.
Sensors are so far away from the target that a significant change in target position is
reflected only as a slight variation in the LOS measurements, which results in poor
observability of the target motion. Consequently the maximum likelihood trajectory
estimation problem is ill-conditioned for most realistic target-sensor geometries.

Classification of ballistic missiles during ascent phase using specific feature of per-
ceived trajectory motion is addressed in [46]. This paper assumes that ballistic missile
has unique launch sequence of vertical launch phase, kick-turn phase and gravity turn
phase. Altitude measured by radar is fitted as a cubic polynomial function of time and
vertical plane. Threshold of error between reference (for max range) and measure-
ments is determined by Monte-Carlo Simulation which requires many iterative runs
for each missile trajectory. Further, assumption that ballistic missile is confined only
in the vertical plane makes it too restrictive to fit into real missile trajectory. Another
difficulty arises due to conjecture of ascent phase detection which is not practical due
to placement of radar away from from the location of launch. Ascent phase detection

and destruction of ballistic target has not been realised by any country. In all realised
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systems, phase of detection and destruction is done during mid-course and early termi-
nal phase and the classification technique proposed in this thesis tries to achieve this

end.

2.8 Summary

This chapter gave an overview of ballistic missile defence scenario and the importance
of response time in the context of missile defence. All factors affecting response time
is described to bring out the importance of real-time classification. The trajectories
obtained from radar suffer due to internal noise and bias of radar. Interactive Multiple
Model (IMM) is developed to filter noisy trajectory data which becomes smooth and
even for classification. Since large number of live data cannot be obtained from radar, a
mathematical model of six degree-of-freedom (6DOF) is developed to generate trajec-
tories of various types of missiles. Effective noise present in radar environment is im-
posed on true trajectories generated by 6-DOF to match it with real-radar environment
trajectory. This chapter describes all pre-processing required after target trajectory data
is captured by radar or generated by 6-DOF. It also presents parameters required for
real-time classification by RTNN (Real Time Neural Network), HMM (hidden Markov
model) and ART-2 methods which are explained 3rd, 4th and 5th Chapters. The EKF
generated parameters from measured polar coordinates data are in form of position,
velocity and acceleration. Besides using total acceleration, total velocity and absolute
altitude, specific energy (SE) is computed to feed four parameters to the networks.
Missile classification approaches by other authors and their limitations are mentioned

in the last section of this chapter.
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Chapter 3

Real-Time Neural Network

In the previous two chapters we have seen that the classification of ballistic missile tra-
jectory is a challenging problem due to its time-varying dynamics and short response
time available for interception. In general, classification approaches can be grouped
as supervised/unsupervised, parametric/nonparametric and hard/soft (fuzzy) classifica-
tion [66]. A normally distributed dataset is assumed to exist for parametric classifiers.
The parametric classifiers assume that a normally distributed dataset exists, and that
the statistical parameters (e.g. mean vector and covariance matrix) generated from the
training samples are representative. However, the assumption of normal spectral dis-
tribution is often violated, especially in complex landscapes. In addition, insufficient,
non-representative, or multimode distributed training samples can further introduce
uncertainty to the classification procedure. Another major drawback of the parametric
classifiers lies in the difficulty of integrating spectral data with ancillary data. The max-
imum likelihood is the most commonly used parametric classifier in practice, because
of its robustness, simplicity and requirement of less number of variables.

With non-parametric classifiers, the assumption of a normal distribution of the
dataset is not required. No statistical parameters are needed to separate classes. Much
previous research has indicated that non-parametric classifiers may provide better clas-
sification results than parametric classifiers in complex landscapes [36,45,166]. Among
the most commonly used non-parametric classification approaches are neural networks,
decision trees, support vector machines, and expert systems. In particular, the neural
network approach has been widely adopted in recent years. Conventional neural net-

works achieve learning through progressive adjustment of weighted interconnections
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of neurons, guided by a learning algorithm [27]]. Learning algorithms of neural net-
works widely use iterative searching methodology [17], e.g., backpropagation (BP)
algorithm [16] and its variants [16} |39, 160, |67]. In each iteration gradual updation
of parameters of the network is carried out and therefore learning becomes time con-
suming for applications that have large-scale observations and expect high accuracy.
The problem with such kind of learning algorithms is that they need long hours for
training and may have issues related to stopping criteria as well as may end up with
local minima. Hence, these algorithms, if used in time critical applications might face
unexpected difficulties. Therefore classification of variable-length trajectory and time
varying dynamic attributes which are important ingredients for ballistic missile classi-
fication cannot be done using conventional techniques like neural networks

In this chapter, we outline a novel method for classifying ballistic as well as quasi-
ballistic missiles using real- time neural network. ”A neural network system is called
a real-time learning system if it can finish a learning procedure with good generaliza-
tion performance for a new application within expected fast response time defined by
external requirements” [29]]. The Real-time neural network (RTNN) has to react, solve
and respond to external events within a given time-constraint. The time of reaction
can range from microseconds, milliseconds or even seconds depending on a particular
application. This expected response time could be any reasonable time for a given ap-
plication that users can afford to wait without any side-effects due to time. Real-time
learning can be widely used in HCI (human-computer interface), UAV (unmanned
aerial vehicles), robotics, tracking and navigation, GIS (geographical information sys-
tems), expert systems, intelligent networking etc. It is also the case that for offline
applications wherein a need for speed is crucial, real-time learning can help as it re-
duces training time as well as human effort. It has been reported in the Literature
about multilayer feedforward networks which are capable of learning observations in
a single iteration. It has been shown in Huang and Babri [28] that a ”single-hidden
layer feedforward neural network (SLFNs) with at most N hidden neurons and with
almost any nonlinear activation function can learn N distinct observations with zero
error”. But the drawback is that for large-scale applications the required number of
hidden neurons will be very large. Ordinary computers will not be able to support such

computational capabilities.
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RTNN should not be confused with recurrent trainable neural networks [22] (RNN).
RNN’s incorporates some form of Multi-Layer Perceptron as a sub-system and con-
sists of a series of cascaded sub-networks, each of which consists of multiple layers of
nodes. Each of these sub-networks is entirely feed-forward except for the last layer,
which can have feedback connections among itself. Each of these sub-nets is con-
nected only by feed forward connections. RNN’s have scaling issues and cannot be
easily trained for neither large numbers of neuron units nor for large number of input
units. Successful training for RNN’s has been mostly in time series problem with few
inputs

Huang [29] proved in a novel constructive method that a two hidden layer feedfor-
ward neural network (TLFN) can learn any distinct samples (z;, t;) with any arbitrarily
small error with at most (21/(m + 2)N)) hidden neurons. For large-scale problems
this method enables to reduce the space complexity of a network and thereby makes
it possible for an ordinary computer to implement such large-scale systems. Here,
(z;, t;) are input samples and desired outputs, where ‘i’ is ranging from 1 to N, number
of distinct observation vector, ‘m’ is number of output nodes. Based on Huang’s [29]
constructive network model and real-time learning algorithm, a model has been devel-
oped in this chapter to classify aerial objects as well as ballistic missile trajectories.
The details of the network, equations used and model formulations are discussed in the

subsequent sections of this chapter.

3.1 Network Architecture

The Network consists of 4 layers, namely, one Input Layer(IL), two Hidden Layers
(HL) and one Output Layer (OL). Data samples are taken through “input layer” (IL).
The first HL contains standard neurons as well as quantizers ()4 and (Jp in pairs.
All neurons in first HL are connected to IL but only to few neurons in second HL as
demonstrated in Figure All weights of the connections from input layer to first
hidden layer (FHL) are assigned randomly. The weights of the connections linking the
first hidden layer to second hidden layer can be determined analytically at one time.
This is quite contrary to conservative iterative methods adopted in most artificial neural
network(ANN). The weights of the connections linking the second hidden layer and
the output layer can be analytically determined and remain as a constant value C. The
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Figure 3.1: RT Neural Network

RTNN is trained by only adjusting weight size factor C and quantizer factors T and U

(' will be explained in next section) to optimize generalization performance.

3.1.1 Network Description

The network has 4 input nodes for taking four different inputs required for the clas-
sification. The parameters taken as inputs are described in section [3.4.1] The first
hidden layer has two sets of nodes connected to the Input Layer- simple hidden nodes
connected with random weights and quantizers nodes in pairs connected with Z.w and
-Z.w weights. Number of output nodes considered is ‘m’.

The Real-Time Neural Network (RTNN) is a supervised ANN which can train N
distinct samples (z;,t;), where r; = [x;1, T, ..., z;y] € R™ are input samples and
ti = [ti1, tio, - .. ,tim]TERm are desired output samples. With L as number of classes
or groups to be classified, there are K =(IN/L) neurons in the first HL and mL neurons
in the second hidden layer. Numbers of quantizers are user defined and depends on
number of groups. Each neuron quantizer consists of a A-type neuron and B-type
neuron which are two sigmoidal neurons. A-type neuron and B-type neuron of the
p'" quantizer are denoted as neuron A and neuron B). The p™* neuron quantizer
only links to the p!” neuron group, G in the second hidden layer, p = 1,..., L.

Each group, G®) consisting of ‘m’ neurons. Training of the RTNN consists of two
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phases: a) determination of weights and bias of standard TLFN and b) determination

of weights and biases of neural quantizers.

3.1.2 Determination of Weights and Bias of Standard TLFN

Most important feature of RTNN is choosing weights, w; and bias, b; of connection
linking input layer to the non-quantizers neurons of first hidden layer randomly. Here,
index of weight, w; and bias, b; runs from 1 to K, where X' = N/L. Since all the
input samples x; are distinctive, a vector w can be almost randomly chosen such that
w.T1,W.Te, ..., w.xy are all different. These numbers can be put in following order
after re-indexing i:

wW.ar < wry < ...<wWITy

The finite input of N sample vectors, x; are segregated into ‘L’ groups consisting of
K=N/L input vectors each. These ‘L’ groups of input vectors are denoted as V1), ... V1),

Generalising, these vectors are represented as
y® = {z; such that w.xgp_1)yn/L+1 < w.2; < W.Tpn/L}

where ‘p’ ranges from 1 to L.

Basic idea behind the algorithm is to calculate the output in one pass rather than
training and computing over large number of iterations. Desired output are user de-
fined. Since the desired output and hidden layer function are known, the algorithm
applies logit function to calculate the value at the input of the second-hidden-layer
neurons. Logit function is the inverse of sigmoid function. The sigmoid function used
for hidden layers is given in equation (3.1) which, caters for real values of x from -1 to

+1 and produces output over the range of 0 to +1.

1
_ _ S 3.1
The logit of a variable ‘y’ between 0 and 1 is given by equation [3.2]
logit(y) = log = log(y) — log(1 —y) (3.2)

L—y
Weight size factor ‘C’, which is connecting second hidden layer to output layer, is

chosen any value to make the desired output value lie between -0.5 and 0.5.

to
—05< 2 <05 3.3
< C < (3.3)
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where, ¢;; is desired output. Generalizing from Figure 3.1}, p”* Neuron Quantizer cater-
ing for group ‘p’ only links to the p* neuron group in the second hidden layer. Network
is trained by only adjusting weight size factor ‘C’ and quantizer factors ‘2’ and ‘U’.
Quantizers inhibit inputs within some intervals by adjusting weights and biases, while

allowing inputs belonging to only one class.

3.1.3 Calculation of second hidden layer weight using logit func-
tion

(2, t1) is k" Input-Output pair. Calculation of weight of second hidden layer, 3® is

of prime importance and it is achieved by equating values, H® and 7", calculated by

forward method from the given input z;, and backward method from desired output ¢

using logit function, respectively. The weights connecting nodes of first hidden layer

to the neurons in the p** group in the second hidden layer is given by equation (3.4)).
5(;:) — (H(p))—lT(p) (3.4)

where, /) = [ ,...,Bk } . ﬂ ?) denotes the weight vector connecting the 7"
neuron in the FHL of the sub-TLFN to the p™* neuron group G® in the second layer,
i=1,...,K, K = N/L and where,

TW = T(t - PEIRRIRR  ton/L) (3.5)

te-yn ., 1s the first output element of the network output corresponding to p'" group
L

and t,,n/, is the last element of the p'" group. Since output node is linear combination

of product of second hidden layer output and corresponding weight plus bias, values

at output node can be expressed in terms of following equation:
t(p I)N_"_1 — t(p 1 N/LC - 050 (3.6)

where, ¢’ is output of the second hidden layer and it is computed using equation (3.7)

which is derived from the above equation.

t/(p—l)N/L =0.5C + t(prl)NH (3.7)
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Since, inverse of sigmoid function is s7!(A) = logA/1 — A the input to the second

hidden layer is given by ¢ - =¥ and represented in equation (]’33[) using equation

+1
(3.7).
tp-nN tp-nN
(0‘5 + L—*) (0 5+ —“)
T(t(p 1)N+1) In .. In

tp-1)
<05—|——

+1,m )

(0 5+ o 1)N+1,1)
(3.8)

where, ‘m’ is number of output nodes in output layer. Simplifying equation (3.8)) gives

us equation (3.9).
(0 5 ”N“’l) (0 54 2 rm *)
...In (3.9)

(0.5 - —t@le“’l) (0.5 _ gt m)

T®) input to the second hidden layer is equated as equivalent to product of the output

T(t - =1
(t(p ;)N+1> n

vector of first hidden layer, //?) and corresponding weight, Beta(3(®)).

T(P) =T (t(p 1)N+17 c.

,t(pw)
L

[ tp=1)N PN T
<0.5+C o 1) (0.5+C 1 )
In ..In

(0.5_t(pL1)N+1’1> (0.5_t(p£)N+1,m>

c (&
= (3.10)
tpN .
<05+ Lcl> 0.5+ L“
tﬂ .In AT
c (&

Now, taking input vector ) as input to the network and connecting weight w®), the
output of first hidden layer, H®) is given by equation ( -

H(p) =H (x(p 1N

g (wlx(p_nw + b1>
L

.y TpN,

L

by, ..

g (wlx% +b1) .G (wkx% —i—bk)

.,bk)

(wkl‘(p N + bk>

(3.11)



3.2 Setting of weight and biases of neural quantizers

where, b; is bias of the corresponding layer.

3.2 Setting of weight and biases of neural quantizers

Set the weights wff) and wg) of the connections linking the input layer to quantizer

neurons Qg’) and Qg’), p=1, ..., L of FHL as follows:

wﬁf) = Zw

wg) = —Zw

(3.12)

where, parameter Z is called a quantizer factor and should be large enough. In other
words, all the weights of connections linking the inputs to all A-type neurons can
be chosen as Z.w and all the weights of connections linking the inputs to all B-type
neurons chosen as -Z.w. Here, it is pertinent to note that weights are same in magnitude

but opposite in polarity. Set the biases of neurons fo) and Qg) as

') = ~Z.(0.50zpx + 05wy ) if p#L
b = —Z.(wapyyp + mazjoy no1 (wjen —way)) if p=1L (3.13)
b = Z.(0.5wx poaw + 05wz ) if p#1
L
bg) = Z.(wxl — maszl_N_l(wxjH - wmj)) Zf p=1 (3.14)

Quantizer factor, Z can be chosen large enough such that for any input within input
vector group , V®), only the outputs of both neurons A® and B are almost zero
while one of the outputs of neurons A®) and BY of each neural quantizer is almost

one, where ‘p’ is not equal to [. Z is given as in equation (3.15).

2U
Z =2In /(mz’njzl N,1<wl'j+1 - UJ.I'J))
mzn ln (C+m_2tij)(c+2ij) _ T
LN (et somtpmy 2845 ) (c—20d)

(3.15)
Set the weights W 4 g of the connections linking neurons Q(f) and Qg’) to the second

hidden layer as W,p = —U, where U parameter is called a quantizer factor and is
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Figure 3.2: Output of pth quantizer of RTNN
given by equation (3.16).
L ») ()
U=In 2\/EC€ — 1) +maxy_y, .1 g=1,.N/L, s=1,...0| H B +
(C + m - Qtij> (C + Qtij)

<C + m —+ 2t1]> (C — 2t1])

U is set to a large enough value such that the input to the p** neuron group G®) in the
second hidden layer from neurons A®) and B® (p** quantizer) has small values e; for
any input z; within input vector VV?) group. Similarly they have large negative values

E; for any input within other vector groups V¥ p = 1,... L, and p is not equal to

min; . nIn

(3.16)

1. E; and e; can be made arbitrarily large and small, respectively, by setting quantizer
factors T and Z sufficiently large [29]. F; goes to negative infinity and e; goes to zero.
The value of epsilon, ¢ is taken as 107 as the acceptable error for the network.

The weight vectors of the connections linking the input neurons to the Quanizer

hidden neurons A®) and B®) are chosen as wg’) = Z.w and wg’) = —Z.w, respec-
tively, where Z is a large positive value, p=1, ..., L. Since w.x; < w.zs < ... < w.xp,

regarding each quantizer hidden neuron A®), p = 1,..., L , its bias bff) can be cho-

sen as in equation (3.13) such that wff).xi + bfff) < 0fori = 1,...,pN/L and
wg’).xi + bff) > 0 fori = pN/L +1,...,N. In other words, for all z; € V¥ ,

wff).:vi + bff) <0ifl <pand wff).xi + bff) <0ifl > p.
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Figure 3.3: Output of Two Contiguous Neural Quantizers

For each quantizer hidden neuron B®) p = 1,..., L , its bias bg) can be chosen
as in equation (3.14) such that wg).xi + bg) <Ofori=(p—1)N/L+1,.,N
and wg).xi + bg) > (0 fori = 1,....,(p — 1)N/L. Thus, Z can be set large enough
so that, for all z;eV' "), p = 1,..., L, the outputs of quantizer neurons AM .. . AP
are almost zero and the outputs of quantizer neurons A®+Y . A() are almost one.
Similarly, the outputs of quantizer neurons B, ... B®~1 are almost one and the
outputs of quantizer neurons B® ... B@are almost zero as shown in Figure
Figure [3.3] shows two contiguous neurons and their separation. The size of gap not

covered by both contiguous quantizers becomes near zero by adding second term of

equation (3.13) and (3.14).

3.3 Model of Real Time Training and Testing

Conventionally, training a trajectory with small data points requires a network con-
figuration with few number of nodes in the network, whereas a trajectory with large
number of data points need a network configuration with many nodes in the network.
To meet the conflicting requirements of classifying small as well as large trajectories,
we are proposing a formulation for partitioning the trajectory by using moving win-
dow concept. Moving window concept works on the principle of keeping window size
fixed and moving along the trajectory with arrival of each sample as shown in Figure

3.4l In other words, window is moving with time and the training and testing for the
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Figure 3.4: Moving Window Concept

class of trajectories are done only on segments of trajectory within the window size.
This concept allows us to use parameters in localized frame which helps in reducing
the problem to fit into the same network. This moving window concept of testing and
training brings out the knowledge embedded in the system and deals with variable
length inputs. The length of the moving window is selected such that it fully captures
the dynamics of the target which is intended to be classified. Detailed procedure for

classifying different classes of ballistic missiles(BM) is given below:
(a) Define a set of classes based on the scenario of threat.

(b) First set of data for a defined window size (we call it a segment) for each class is
either taken from a known source or specified using unsupervised ANN like ART-2
(explained in Chapter 5).

(c) RTNN is trained using initial specified samples of each class.

(d) New sample measured by a sensor (like radar) is appended at the end of each

segment of defined set of classes.

(e) Oldest sample is deleted from each segment of data temporarily to keep length of

the segment matching the window size.

(f) These new segments are tested for closeness towards each class against a defined

set of measures.

(g) This new sample is assigned to the matched class and the old sample is deleted

whereas unmatched classes of sample are restored to its original values.
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Figure 3.5: Model for Real-Time Processing

(h) Thus, matched segment moves to new location consisting of latest samples of de-

fined window size.
(1) Process is repeated from step (d) to (h) for all test samples.

Figure [3.5] shows the scheme of operations formulated for unified training and test-
ing. The central block is the processing block which is the Real-Time Neural Network
(RTNN) shown in figure-3.1, which takes input parameters from any three streams
with no specific order between input streams. Class1, Class2 and Class3 are three in-
put streams which are nothing but output taken from kalman filter for four parameters
belonging to missiles classes described in section[2.3] The possible corresponding out-
put streams are OutputClass1, OutputClass2 and OutputClass3. There is one additional
output which is called "Unknown”, if output does not match any of three designated

outputs within threshold value.

3.4 Implementation and Simulation Results

Two scenarios are considered for experimentation in order to analyse the performance
of the RTNN as described in sections [3.4.3| and [3.4.4] to [3.4.7] In the first scenario,

we have considered three different aerial objects trajectory, that is, helicopter, aircraft

and M400 class of missile without noise. In the second scenario, RTNN is evalu-

ated for classifying ballistic missiles with noise as comparable to real-environment.
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Here, we have considered M400, M1000 and M2000 class of missiles corresponding
to the range coverage of 400 Km, 1000 Km and 2000 Km respectively. Section [3.4.4]
discusses input trajectories with noise and profile of parameters of the missiles used
for experimentation. Section presents results of RTNN for trajectory with noise
whereas section [3.4.6] describes results of input trajectories with loss. Section
covers trajectories with deviation which mimics manoeuvring ballistic missiles. First,

we shall deliberate on the parameters considered for input to the network.

3.4.1 Input parameters to the network

Radar measures the target positions in spherical coordinates, range (r), azimuth (1))
and elevation (6) angle, centered at its mounting location. Position (X, Y, Z), velocity
(Vz, V,, V) and acceleration (a,,a,,a,) are estimated by using the radar measured
data after passing through kalman filter as described in Section In our study, we
have selected following parameters by taking into account the accuracy, separation

distance with other classes and their observability:

e Specific Energy (SE): Specific energy is energy per unit mass. Specific energy
is computed using 0.5(v? + gh), where ‘v’ is velocity, ‘h’ is absolute height and

‘g’ is gravity. The ST unit for specific energy is the joule per kilogram (J/kg).

e Acceleration: Acceleration is the rate of change of velocity with time. Accelera-

tion occurs anytime an object’s speed increases, decreases, or changes direction.
a=Av/At=(v—1vy) At
The SI unit for acceleration is m,/s* (meters per second squared).

e Height: Height or altitude is taken as third parameter for input. It is vertical
distance of the object from mean sea level. Unit for measurement is Kilometer
(Km).

e Velocity: Linear velocity is fourth parameter to be fed to the network for classi-
fication. Velocity is a vector quantity that denotes the rate of change of position

with respect to time.

v=As/ANt=(s—3s0)/ At
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The scalar (absolute value) magnitude of the velocity vector is the speed of the

motion. The SI unit for velocity is m/s (meters per second).

3.4.2 Unified training and testing steps for RTNN

The steps involved in unified training and testing can be summarized as follows:

(a) 8 samples for each class of pre-specified tracks are passed through the network
along with the desired output of (1,—1), (—1,1) and (—1, —1) corresponding to
three input classes of M400, M1000 and M2000.

(b) Weight of connections between second layer and output layer, C is set as per equa-
tion li —-0.5 < % < 0.5, where t;; is desired output vector.

(c) Input to second hidden layer, T is calculated using logit function, s~ (A) =n(A/(1—
A)) as per equation (3.10).

(d) Output of first hidden layer, H®) is computed using function g(wx + b), where x

is input, w is weight and b is bias of the corresponding node using equation (3.T1).
(e) Second hidden layer weight, 3% is found by using equation (3.4)).

(f) Quantizer factors Z and U are calculated using equation (3.15]) and (3.16)) respec-

tively to be used for calculating bias and weight of quantizer neurons.
(g) Test vector is passed through the network.

o [f output matches to any specified class, then first data out of 8 samples is
deleted from the set and new sample is added in the end. In this way, a
window of length 8 is maintained for entire duration of classification process.
This unique process of integrated unified training and testing is used for real-

time classification of target trajectory.

e [f the output does not match any specified class, then it is declared as un-

known and no action is taken i.e. old sets of data is used for the next iteration.

(h) Steps (a) to (g) are repeated for all trajectory data sets.
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3.4.3 M400 class of Missile, Helicopter, Aircraft (F-16) without
noise

The attributes that define the trajectory are position, velocity and acceleration. These
attributes along with GPS time stamp are measured by phased array radars which have
capability to track targets even with RCS(Radar Cross Section) less than 0.1 square
meters at a range beyond 500 KM. The magnitude of these target kinematic attributes
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Figure 3.6: a) Height profile b) SE profile of Helicopter and Aircraft (F-16)

is highly dependent on target type like F-16 fighter aircraft, helicopter, missile, etc as
shown in Figure [3.6(a). Figure [3.6(b) shows the specific energy profile for F16 and
Helicopter. Similarly, Figure [3.7(a) and Figure [3.7(b) show the corresponding height
and velocity profile for F16 and helicopter. The F-16 fighter aircraft can travel with
velocity and altitude of 100 m /s and 5.4 Km respectively. Similarly, helicopter moves
with velocity and altitude of 50 m/s and 1.6 Km respectively. The specific energy for F-
16 and helicopter is in the range of 58000 Joules/Kg and 17000 Joules/Kg respectively
as indicated in Figure[3.6(b).

The input to the network is coming from three targets as given by simulator at
regular interval of 100 msec. For showing the results, we have taken 100 samples from
each target belonging to the track of helicopter, aircraft and M400 class of missile. The
fourth combination of desired values of (+1,+1) is not allocated to any objects as we
have considered only for three targets for this experiment. The desired output for these

vehicles is set as in Table 3.1l
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Figure 3.7: a) Altitude b) Velocity profile of Helicopter and Aircraft (F-16)

Table 3.1: Desired output of the Network

SI No | Class of Target Desired Output for 2nd | Desired Output for 1st
Output Node Output Node
1 Helicopter -1 -1
Aircraft -1 +1
3 Missile +1 -1

The outputs of first and second output nodes are segregated and plotted as consec-
utive samples and shown in Figure [3.8a) and Figure [3.8(b). It is clearly visible that
segregated first 100 samples have output have output values corresponding to nodel
and node?2 closure to -1 and -1 respectively corresponding to helicopter. The mean and
variance of the output is -0.945 and 0.0148 as shown in first row of Table [3.2] Sim-
ilarly, output for aircraft is closure to desired values of -1 and +1 as is visible from
computed mean in second row Table The computed output for aircraft is 0.9945
with variance of 0.0633. Similarly as noted in third row of Table [3.2] the computed
mean of output for M400 class of missile is 1.0073 with variance of 0.0050.

The pass percentage of classification for test scenario with helicopter, aircraft and
M400 missile is given in Table[3.3] Since Missile attributes are quite different than that
of helicopter and aircraft, the pass percentage for missile is 100% whereas for aircraft
and helicopter, the correct classification is 98% and 94% respectively.

Table[3.4{shows track rate update from radar environemnt, training time and testing

time per sample for the scenario in which M400 class of missile, helicopter and aircraft
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bbbl || Sl L
Figure 3.8: a) Second node b) First Node of Output layer
Table 3.2: Computed output of the Network
Sl | Class of | Desired| Desired| Computed Computed Computed
No | Target Nodel | Node2 | Output Nodel | Output Node2 | Variance
1 | Helicopter | -1 -1 -0.9945 -0.9945 0.0148
2 | Aircraft -1 +1 -0.9945 +0.9945 0.0633
3 | Missile +1 -1 +1.0073 -1.0073 0.0050

trajectories are exercised for classification.

3.4.4 M400, M1000, M2000 Input Trajectories

Another scenario with three different classes of missile with similar characteristics
during initial phase of flight has been experimented. Figure [3.9]and Figure [3.10] show
acceleration, velocity, altitude and specific energy profile of three classes of missiles of
range 400 Km, 1000 Km and 2000 Km during complete duration of flight. The trajec-
tory parameters of SE, acceleration, altitude and velocity are extracted using Kalman

filter as described in section [2.3|and are subjected to sequence of processing as shown

Table 3.3: Pass percentage of the Network

Sl | Class of Target Classified Percentage Unclassified percentage
No

1 | Helicopter 94.0 6.0

2 | Aircraft 98.0 2.0

3 | Missile 100 0.0
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Figure 3.9: a) Acceleration b) Velocity profile of M400, M1000 and M2000 Class of
Missile
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Figure 3.10: a) Altitude b) SE profile of M400, M1000 and M2000 Class of Missile

in Figure[3.13|for determining the class of samples received either from radar or 6-DOF
simulation test bed as described in section 2.6

The parameters taken for training and testing are from 15 sec from the launch of the
missile. Duration of testing and training is for 30 seconds consisting of 300 samples
of trajectories of three different types of missiles. The missile parameter in the zone
of interest corresponding to SE, Acceleration, Altitude and Velocity for first 100 sec is
shown from Figure[3.1T]and Figure[3.12] Samples beyond these points will have much
larger segregation which is easier to classify.

The proposed model has three input classes which extracts parameters and feeds
input to real-time neural network(RTNN). The network produces output closure to

the trained class. The complete procedure of operation for real-time classification of
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Table 3.4: Computation Timing of RT algorithm

S1 No | Description Time
1 Track Rate Update 100 msec
2 Training Time 75 msec
3 Testing Time for One New Sample 0.69 msec

Table 3.5: Platform Specification of Experimentation

S1 No | Description Uses
1 Machine Type Pentium-4
2 Clock Speed 3 GHz
3 Main Memory 512 MB
4 Operating System Windows XP
5 Inverse Algorithm Used SVD (Singular Value
Decomposition

M400, M1000 and M2000 class of missiles is as given in section[3.4.2]

3.4.5 Missiles classification with noise

The trajectory data from 6 DOF (degree of freedom) is converted into spherical coor-
dinates centered at radar and corrupted with noise of 20 m in range and 2 milli radians
in both azimuth and elevation angle. This noisy data is processed using an extended
Kalman filter before passing RTNN for classification. The input to the network is com-
ing from three targets as given by target simulator at regular interval of 100 msec. For

comparing the results, we have taken 300 samples from each target class. The algo-

Table 3.6: Mean and Variance of Results for Runl

Sl | Class of | Expected | Expected | Computed | Computed | Computed

No | Targets | Values of | Values of | Mean Mean of | Variance
Nodel Node2 Nodel Node2

1 | M2000 |-1.0 -1.0 -0.9729 -0.9729 0.05490

2 | M1000 |-1.0 1.0 -0.7870 0.7870 0.40060

3 | M400 1.0 -1.0 0.9507 -0.9507 0.09264
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Table 3.7: Mean and Variance of Results for Run2

Sl | Class of | Expected | Expected | Computed | Computed | Computed

No | Targets | Values of | Values of | Mean Mean of | Variance
Nodel Node2 Nodel Node2

1 | M2000 |-1.0 -1.0 0.9518 0.9518 0.07869

2 | M1000 | -1.0 1.0 0.8212 0.8212 0.3727

3 | M400 1.0 -1.0 0.8860 0.8860 0.2101

Table 3.8: Mean and Variance of Results for Run3

Sl | Class of | Expected | Expected | Computed | Computed | Computed

No | Targets | Values of | Values of | Mean Mean of | Variance
Nodel Node2 Nodel Node2

1 M2000 | -1.0 -1.0 -0.9959 -0.9959 0.0278

2 | M1000 | -1.0 1.0 -0.9794 0.9794 0.0295

3 | M400 1.0 -1.0 0.9036 -0.9036 0.1871

rithm is realised in Microsoft Visual C++ with MS Windows XP running on Pentium-4
CPU with 3 GHz clock speed and 512 MB RAM as shown in Table

Tables and show desired values and results of three different runs-
Runl, Run2 and Run3 for the trajectories mentioned in the above-paragraph after pass-
ing through RTNN. Third and fourth column of tables [3.6|to[3.8]show desired values of
the network. Mean values of computed output corresponding to three different classes
of missiles are placed in column-6 and column-7. Variance is presented in the last
column of tables [3.6|to[3.8] The threshold value of pass criteria can be adjusted to con-
strain or expand the acceptable value. The threshold range for classified output is kept
as +/ — 0.5 from desired value. If desired output is (—1, 1), then acceptable ranges are
from —0.5 to —1.5 for nodel and 0.5 to 1.5 for node2. As statistics of classification
for three different runs given in table[3.6] table and table 3.8 show, computed mean
for M2000 class of missile varies from 0.9518 to 0.9959 for desired value of 1. The
variance for three runs for M2000 varies from 0.0278 to 0.0549. Similarly, computed
mean for M1000 class of missile ranges from 0.7870 to 0.9794 for corresponding de-
sired value of 1. The variance for these runs varies from 0.0295 to 0.40060. For M400

class of missile, the mean variation is from 0.8860 to 0.9507 against desired value of 1
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and variance varies from 0.09264 to 0.2101. It is evident from the graphs (Figure [3.14]
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Figure 3.14: RTNN Results showing Desired and Computed Values for Runl

Figure[3.15|and Figure[3.16)) that the network is able to retain its desired output during
full testing duration.

Haoizy Samplex with Filter RunZ
1.5 -

Hoizy Samplex with Filter Runz
. A e A s Bk Al BT

Computad |-
Expected

Computad | -
Expected

o5 -0 D .
= o
= o =
= =

.5

AF---- -1 4 - : ! L ——
1.5 ] ; I Fi
o 200 A0 00 GO0 1000
Samplos Samplogs

Figure 3.15: RTNN Results showing Desired and Computed Values for Run2

Confusion matrix presents its diagonal elements as pass counts and off-diagonal
elements as fail counts. The confusion matrix presented here also includes in last two
columns unclassified count of samples and its percentage. Confusion matrix of Table
3.9 Table [3.10] and Table [3.11] show result summary of three runs. Both number of

passes and pass percentage are shown in the table. Mean pass percentage for these
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Figure 3.16: RTNN Results showing Desired and Computed Values for Run3

runs are more than 93%. Major advantage of RTNN is its ability to classify some of
the noisy data as unknown instead of misclassifying. The unclassified percentage of
data in three different runs ranges from 2% to 6%. Mean misclassification is recorded
as 2.66% with best value as 0% and worst value as 8.66%.

3.4.6 Results with Sample Losses

Real-life scenario may lead to temporary track loss by sensor(radar). To evaluate this
condition, the network is also subjected to trajectories with loss of samples during clas-
sification to evaluate the methodologies for its robustness. Figure [3.17] shows original
trajectory of M400 and trajectory with loss of samples. Figure to Figure [3.19
show input samples of SE, acceleration, altitude and velocity of M400, M1000 and
M?2000 class of missiles trajectories with M400 class of missile being subjected to
sample-losses for 2 seconds of 20 samples.

The results of these trajectories are presented in Figure [3.20] and Figure 3.21] The
confusion matrix in Table @ and Table @ show pass number, misclassified num-
bers and unclassified numbers. These tables also bring out pass percentage, misclas-
sified percentage and unclassified percentage for each trajectory. Diagonal cells rep-
resent pass percentage whereas non-diagonal cells represent misclassified values and
percentage. Last two columns define unclassified values and unclassified percentage.

The confusion matrix clearly brings out performance of the RTNN network by enlist-
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Table 3.9: Confusion Matrix for RTNN Runl

Actual Class
Class 1 Class 2 Class 3 Unclassified
Pass/ | Percent | Pass/ | Percent | Pass/ | Percent | Num | Percent
Fail age Fail age Fail age ber | age
Count Count Count
‘g Class | 265 /| 88.3% |3 1.0% 0 0 6 2.0%
S | M1000 | 300
E Class |0 0 292 /195.0% | 0O 0 8 2.6%
S | M2000 300
& | Class |26 8.6% 0 0 285 /| 97.3% | 15 5.0%
M400 300
Table 3.10: Confusion Matrix for RTNN Run2
Actual Class
Class 1 Class 2 Class 3 Unclassified
Pass/ | Percent | Pass/ | Percent | Pass/ | Percent | Num | Percent
Fail age Fail age Fail age ber | age
Count Count Count
‘g Class | 269/ | 89.66% | 10 333% |0 0 8 2.66%
S | M1000 | 300
B Class |0 0 287/ | 95.66% | 0 0 13 4.33%
S | M2000 300
& | Class |23 7.66% | 0 0 283/ | 94.33% | 17 5.66%
M400 300

ing pass and failed count. In Table for run-1, M1000 class shows 96.33 as pass
percentage, M2000 as 97.66% and M400 as 93.21%. The misclassified percentage is
4.33% for M1000 and 0.66% for M400 class of missiles. M2000 has no misclassifica-
tion. The unclassified percentage, in last two columns, varies from 2.14% to 3.33%. In
Table for another instance of simulation runs, M1000 class shows 92.33 as pass
percentage , M2000 as 99% and M400 as 93.92%. The misclassified percentage is 2%
for M1000 and 5% for M400 class of missiles. M2000 has no misclassification. The
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Table 3.11: Confusion Matrix for RTNN Run3

Actual Class
Class 1 Class 2 Class 3 Unclassified
Pass/ | Percent | Pass/ | Percent | Pass/ | Percent | Num | Percent
Fail age Fail age Fail age ber | age
Count Count Count
§ Class | 289/ | 96.33% | 10 333% | 0 0 11 3.66%
S | M1000 | 300
E Class |0 0% 294/ | 98.00% | O 0 6 2.00%
< | M2000 300
& |Class |0 0 0 0 275/ | 91.66% | 15 5.00%
M400 300
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Figure 3.20: Output of RTNN with Losses for 20 Samples for M400 Class Run1

Unclassified percentage, in last two columns, varies from 1% to 3.92%.

3.4.7 Results with Deviations in Trajectory

The algorithm is also subjected to trajectories with deviation in path of flight which is
equivalent to manoeuvering targets. Figure[3.22]and Figure[3.23]show input samples of
SE, Acceleration, altitude and velocity of M400, M1000 and M2000 class of missiles
trajectories with M400 class of missile incorporating deviation or manoeuvering from

samples 100 to 170. The results of classification with these trajectories as input to
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Figure 3.21: Output of RTNN with Losses for 20 Samples for M400 Class Run2

Table 3.12: Matrix with loss of 20 Samples of M400 Class of Missiles
Actual Class

Class 1 Class 2 Class 3 Unclassified
Pass/ | Percent | Pass/ | Percent | Pass/ | Percent | Num | Percent
Fail age Fail age Fail age ber | age
Count Count Count
§ Class | 289/ |96.33% | 0 0 13 4.33% | 10 3.33%
S | M1000 | 300
E Class | O 0% 293/ | 97.66% | 0 0 7 2.33%
< | M2000 300
& | Class 1 0.66% | 0 0 261/ | 9321%| 6 2.14%
M400 280

RTNN are presented in Figure[3.24] Figure[3.25|and Figure[3.26] The confusion matrix
in Table [3.17, Table [3.18] and Table [3.19] show pass number, misclassified numbers
and unclassified numbers. These tables also bring out pass percentage, misclassified
percentage and unclassified percentage for each trajectory.  In Figure [3.24]to Figure
@ red line defines expected results, whereas, blue line shows computed results from
RTNN. Most of the computed values match with expected results. Table [3.14]to Table
show expected results of (—1, —1), (—1,1) and (1, —1) and computed mean and
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3.4 Implementation and Simulation Results

Table 3.13: Matrix with loss of 20 Samples of M400 Class of Missiles

Actual Class
Class 1 Class 2 Class 3 Unclassified
Run 2 Pass/ | Percent | Pass/ | Percent | Pass/ | Percent | Num | Percent
Fail age Fail age Fail age ber | age
Count Count Count
§ Class | 277/ |92.33%| 0 0 6 2.00% | 09 3.00%
S | M1000 | 300
E Class |0 0% 297/ | 99.00% | O 0 3 1.00%
< | M2000 300
A& | Class 14 5.00% |0 0 263/ | 93.92% | 11 3.92%
M400 280
Table 3.14: Mean and Variance of Results of Runl
SINo | Class Expected | Expected | Computed | Computed | Computed
of Target | Values of | Values of | Mean of | of Node2 | Variance
Nodel Node?2 Nodel
1 Bm2000 -1.0 -1.0 -0.9936 -0.9936 0.0185
2 Bm1000 -1.0 1.0 -0.8382 -0.8382 0.3231
3 Bm400 1.0 -1.0 0.9453 -0.9453 0.1130

variance for M2000, M1000 and M400 Class of missiles for three runs. Column 3
and column 4 show mean of node 1 and node2, whereas column 5 shows variance
from expected values. It can be very clearly seen that mean of computed values are
near expected values. From Table to Table over three runs, mean for M2000
varies from -0.9626 to -0.9936 against expected value of -1.0; whereas mean of M 1000
varies from -0.8382 to -0.8690 against expected value of -1.0; whereas mean of M400
varies from 0.9285 to 0.9453 against expected value of 1.0. The variance observed for
M2000 over three runs varies from 0.0185 to 0.0551; for M 1000 it varies from 0.2689
to 0.3231 and for M400, variance observed are 0.11300 to 0.1687.

In Table[3.18] M 1000 class shows 91.00 as pass percentage, M2000 as 96.00% and
M400 as 92.06%. The misclassified percentage is 2.66% for M1000 and 4.70% for

M400 class of missiles. M2000 has no misclassification. The Unclassified percentage,
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3.4 Implementation and Simulation Results

Table 3.15: Mean and Variance of Results of Run2

SINo | Class of | Expected | Expected | Coputed | Computed | Computed
Target Values of | Values of | Mean of | Mean of | Variance
Nodel Node2 Nodel Node2
1 Bm2000 -1.0 -1.0 -0.9711 -0.9711 0.0413
Bm1000 -1.0 1.0 -0.8690 0.8690 0.2689
3 Bm400 1.0 -1.0 0.9285 - 0.9285 0.1646
Table 3.16: Mean and Variance of Results of Run3
SINo | Class Expected Expected Computed Computed Computed
of Target Values of | Values of | Mean of | of Variance
Nodel Node2 Nodel Node2
1 Bm2000 -1.0 -1.0 -0.9626 | -0.9626 | 0.0551
Bm1000 -1.0 1.0 -0.8390 | 0.8390 0.3074
3 Bm400 1.0 -1.0 0.9243 -0.9243 | 0.1687
Table 3.17: Confusion Matrix for Results of Runl
Actual Class
Class 1 Class 2 Class 3 Unclassified
Pass/ | Percent | Pass/ | Percent | Pass/ | Percent | Num | Percent
Fail age Fail age Fail age ber | age
Count Count Count
‘g Class | 269/ | 89.66% | 0 333% |5 0 11 3.66%
S | M1000 | 300
E Class |0 0 296/ | 98.66% | 0 0 4 1.33%
S | M2000 300
& | Class |20 5.88% |0 0 317/ | 93.23% | 18 5.29%
M400 340

in last two columns, varies from 3.66% to 5.58%. In Table [3.19, M1000 class shows
89.66 as pass percentage, M2000 as 96.00% and M400 as 91.47%. The misclassified
percentage is 2.33% for M 1000 and 5.58% for M400 class of missiles. M2000 has no
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Table 3.18: Confusion Matrix for Results of Run2
Actual Class

Class 1 Class 2 Class 3 Unclassified
Pass/ | Percent | Pass/ | Percent | Pass/ | Percent | Num | Percent
Fail age Fail age Fail age ber | age
Count Count Count
% Class | 273/ | 91.00% | 0 0 8 2.66% | 11 3.66%
< | MI1000 | 300
*q-‘é Class |0 0 288/ | 96.00% | 0 0 12 4.00%
2 | M2000 300
& Class 16 4.70% | 0 0 313/ | 92.06% | 19 5.58%
M400 340

misclassification. The Unclassified percentage, in last two columns, varies from 3.00%
to 6.17%. Thus, it is clearly demonstrated that RTNN performance is excellent even

for manoeuvring trajectories where pass percentage is above 92 %.

3.5 Summary of RTNN

In this chapter, we have presented a framework for classification of ballistic missiles
trajectory using RTNN in real-time. Model developed allows RTNN to integrate train-
ing and testing while taking care of short as well as long range trajectories to be ad-
dressed by the same model. Further, it is established that the RTNN is able to classify
the new sample in less than 1 milli-seconds which makes it useful for real-time appli-
cations. The model overall performance is around 93% and time taken by RTNN is
near 1 ms on Pentium-4 processor. newpage

Analysis of experiment conducted on trajectory with noise, trajectories with lossy
samples and deviated trajectories shows that RTNN combined with unified model for
training and testing is proving excellent for real-time applications. The results of these
experiments are recorded in Table for two runs. The pass percentage for two runs
for M1000 is 88.33% and 89.63%, for M2000 is 97.3% and 94.3% and for M400 is
95.0% and 95.6% for noisy data. The misclassified percentage for these three classes
for two runs is 8.6% and 7.6%, 0.00% and 0.00% , 1.0% and 3.3% respectively. In
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Table 3.19: Confusion Matrix for Results of Run3

Actual Class
Class 1 Class 2 Class 3 Unclassified
Pass/ | Percent | Pass/ | Percent | Pass/ | Percent | Num | Percent
Fail age Fail age Fail age ber | age
Count Count Count
§ Class | 269/ | 89.66% | 0 0 8 2.33% | 12 4.00%
< | M1000 | 300
'{-':; Class |0 0 288/ | 96.00% | 0 0 9 3.00%
B | M2000 300
& Class 19 5.58% | 0 0 311/ | 91.47% | 21 6.17%
M400 340

other words, M2000 has no misclassification. The unclassified percentage, for runl
varies from 2.00% to 5.00% in 2" to 5" column of Table [3.20/and 2.6% to 5.6% for

run2. For trajectory with losses and deviated trajectories also, pass percentage varies

from 91.66% as lowest to 98.6% as highest for these two runs. Fail percentage for

same runs recorded 0% to 5.33% whereas unclassified percentage varied from 1% to

maximum of 5.88%.

Table 3.20: Summary of RTNN Results

RTNN Noisy Data Lossy Trajectory Deviated Trajectory
Rl M1000 M2000 M400 M1000| M2000| M400, M1000 M2000 M400
Pass 88.33 | 97.3 | 95.0 | 96.3 97.6 932 [ 89.6 |98.6 |93.2
Yoage

Failed 8.66 | 0.0 1.0 | 0.66 0.0 433 | 5.8 0.0 1.6
Yoage

Unclassifed 2.00 | 2.66 | 5.0 | 3.33 2.3 2.14 | 3.66 | 133 |5.29
R2

Pass 89.63 | 943 |95.6 | 92.33 | 99.00 | 939 | 96.33 | 91.66 | 97.33
Yoage

Failed 7.6 0.0 3.3 |2.00 0.00 0.0 |533 |0.00 |2.66
Yoage

Unclassifed 2.6 4.3 5.6 |3.00 1.00 39 |3.66 |4.00 |5.88

Experiments were also conducted to distinguish between aircraft, helicopter and

M400 class of missile and the pass percentage acheived is good due to well separated

energy levels.
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Chapter 4

Hidden Markov model

In the previous chapter we outlined a framework for classification of ballistic missile
trajectory using Real time neural network(RTNN). In this chapter we address the clas-
sification of ballistic missile trajectory using hidden Markov Models (HMM).

Real-world processes generally produce observable outputs which can be charac-
terised as signals [49]. Models can be developed to characterise these signals. Study
about these models can be divided into two classes: deterministic model and statis-
tical models. Gaussian processes, Poisson processes, Markov Processes and Hidden
Markov processes form examples of Statistical model. Statistical model has under-
lying assumption that it follows well-defined distribution and it can be estimated in
well-defined manner. Hidden Markov Model (HMM) is characterised as parametric
random process which has been utilised in this thesis for trajectory classification. The
HMM is widely used in speech recognition, natural language modelling, on-line hand-
writing recognition, and for the analysis of biological sequences such as proteins and
DNA [7]]. Hidden Markov models (HMMs) form a wide class of discrete-time stochas-
tic processes, intensively used in many areas as speech recognition [31, 49], biology
for heterogeneous DNA sequences analysis, neurophysiology, econometrics, time se-
ries analysis, and image segmentation [9].

Hidden Markov models as opposed to symbolic approaches has the important ad-
vantage, that the model parameters required can be trained automatically from sample
data. Also, merely the parameters of the models and not their configuration, i.e., the
structure and the number of free parameters can be determined automatically by the

training algorithms. For this purpose even in the framework of statistical methods, the
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4.1 Problem suitability for HMM

experience of experts and extensive experimental evaluations are required. Further-
more, almost all known estimation methods require the availability of an initial model,
which is then optimized step by step. The choice of the starting point, therefore, can
critically influence the performance of the final Markov model [[18]. The application of
HMMs for pattern recognition tasks is always backed by the fundamental assumption
that the patterns considered are at least in principle outputs of a comparable stochas-
tic model and that the properties of this model can be described reasonably well by
HMMs.

One of the most powerful properties of hidden Markov models is their ability to ex-
hibit some degree of invariance to local warping of the time axis. HMM has shown lot
of promise in area of speech processing [12, 118,19, 49]. The trajectory classification
is similar to the speech recognition tasks. A trajectory is a continuous quantity which
can be described as the position of the object in time. HMMs are finite state stochastic
machines that robustly model temporal variations in time series data which satisfies the
Markovian property [1]]. The basic theoretical strength of the HMM is that it combines
modelling of stationary stochastic processes and the temporal relationship among the
processes together in a well-defined probability space [68]. HMM are Stochastic au-
tomata that move within a finite set of states, emitting an observation in each step [52].
Each state has a distinct distribution over the possible observations, but in general, it
is not possible to uniquely identify the state that a given observation was generated.
The Viterbi algorithm finds the sequence states that is most likely to have generated a
given observation sequence. The Baum-Welch algorithm, an instantiation of EM, can
be used to estimate the most likely HMM parameters given a collection of observation

sequences.

4.1 Problem suitability for HMM

HMM has many successful application in the areas of on-line Handwriting recognition,
Speech recognition, Gesture recognition, Language modelling, Motion video analysis
and tracking, Protein sequence/gene sequence alignment, Stock price prediction [24],
sonar signal classification [32], acoustic scattering data [44]. An HMM includes a se-
quence of observations O = 04, 09, ..., o7 and a sequence of hidden underlying states

S = s, 89, ..., sy, which follow a Markov process [44]. Trajectory classification is
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4.1 Problem suitability for HMM

similar to the speech recognition tasks [3, 40]. A trajectory is a continuous quantity,
that can be described analytically as the position of the object in time. Its discrete rep-
resentation is used together with its temporal derivations (velocity and acceleration).
Thus, an object trajectory ‘O’ is a potentially infinite sequence of state vectors. The
trajectory classification problem can be formulated as to identify the class ¢; (i=1,...,L)
to which belongs the trajectory state sequence.

The advantage of using HMM for trajectory classification can be stated as follows:

e Natural model structure: doubly stochastic process

— sequences with temporal constraints

— spatial variability along the sequence
e Efficient and good modelling tool for

— sequences with temporal constraints
— spatial variability along the sequence

— real world complex processes
e Efficient evaluation, decoding and training algorithms

— Mathematically strong

— Computationally efficient
e Proven technology

— Successful stories in many applications

The observation sequence from time t=1 to T is represented as O = Oy, Oy, ..., Op
and the corresponding state sequence is given as () = q1, ¢o, ..., g7. A system being
modelled for HMM has following conditions:

e System being Modeled is assumed to be a Markov Process with unobserved
state. Generally the states are interconnected in such a way that any state can

be reached from any other state. The individual states are denoted as S =

S1,892, ..., SN.
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4.2 HMM Formal Definition

Figure 4.1: A 5-States System with state transition probabilities

Has ‘N’ states and the state at time ‘t’ is ¢;.
There are discrete time steps, t=0,t=1,...
On the ' time step the system is in exactly one of the available states, ¢

Between each time step, the next state is chosen randomly as per the state tran-

sition matrix
The current state determines the probability distribution for the next state

The Probability Distribution of ¢;; depends only on ¢,

Figure shows one typical configuration of HMM with five states designated as

S, 59, ..., S5 and one of possible transition probability values from one state to other.

Transition a1, as, ..., ass are self loops, whereas a;; is transition probability from state

1to state j. Sum of values of transition probabilities from one state to other states should

be one.

4.2

HMM Formal Definition

Formally, HMM is defined by 5-tuple parameters

A=< N,M,7,A,B >
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4.3 Learning HMMs

where,

e N is the number of states in the Model. In HMM, though states are hidden, often

some physical significance is attached.

e M is the number of possible observation symbols per state. The observation sym-
bols correspond to the physical output of the system being modeled. Individual
symbols will be denoted as V' = Vi, Vo, ..., Vi, ..., V.

® Ty, T, ..., Ty are the starting state probabilities.

Defines the probability of initial state, gy at time t=0 to be in one of states .5;.

e The state transition probabilities P(¢+1 = Sj|l¢;: = S;) = a;; is NxN matrix
which indicates transition of state from 5; at time t to .S; at time t+1 and repre-

sented by the following matrix:

e The observation probabilities P(O; = Vi|¢: = S;) = b;(k) is NxM matrix
which indicates observation symbol probability distribution in state j at time t
with j ranging from 1 to N and k ranging from 1 to M.

br(1) by(2) ... by (M)
bo(1) by(2) .. by(M)

B =

4.3 Learning HMMs

The task of the learning algorithm is to find the best set of state transitions and ob-
servation (sometimes also called emission) probabilities. Given observation sequence
O1, Os, ..., Or, finding the maximum likelihood HMM that could have produced this
string of observations at random is done using Baum-Welch (BW) Algorithm as de-
scribed in section In other words, adjusting the model parameters A, B, 7 in
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4.3 Learning HMMs

order to maximize P{O|\}, whereas a model (\) and a sequence of observations
O = 04, 0s, ..., Or are given.

4.3.1 State Estimation Using Forward-Backward Algorithm

Given the observance sequence ( O1, Os, ..., Or) and a model (\(r, A, B)), the proba-
bility of observance sequence P(O|\), is efficiently computed using recursive method.

In other words, we have to choose the model that best matches the observations

P(QT = Si|01> Os, -~-7OT)

4.3.2 Process of State Estimation Using Forward Algorithm

Defining Forward variable, oy (7) as
at(i) = P(ObOQ? D) OT7qt = Sz’)\)

which is nothing but the probability of partial observation sequence, O;, O,, ..., O; ,
(until time t) and state S; at time t, given the model \. o, (7) is solved inductively as in

step two:

e Initialization
Initializes the forward probability as the joint probability of state .S; and initial
observation O a4 (i) = m;b;(01), 1 <i< N

e Induction
() = [SX auliay| b(0nn) 1<E<T-11<j <N

e Termination

(CVEDIAEA()

Figure shows how state \S; can be reached at time t+1 from the N possible
states, S; , 1 <7 < N, at time t. The detail about forward variable is described
as follows:
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4.3 Learning HMMs

Hl - -,]l_l-
— s,
S - 1]
t t-+1
o, (i) ot 3 (i)

Figure 4.2: Sequence of operations for forward variable o (7)

e Since ay(7) is the probability of joint event that Oy, O,, ..., O, are observed, and
the state at time t is .S;, the product o () .a;; 1s then the probability of joint event
01, Os, ..., O, that are observed, and state .S; is reached at time t+1 via state .S;

at time t.

e Summing this product over all the N possible states S; ,1 < ¢ < N at time t
results in the probability of .S; at time t+1 with all the accompanying previous

partial observations.

e Once S; is known, a;;1(j) is obtained by accounting for observation O, in

state j, i.e. by multiplying the summed quantity by the probability b;(O;1).
e The computation is performed for all states, j, running from 1 to N, for a given t.
e The computation is iterated for t=1,2,...,T-1.
e Finally, desired calculation of P(O]|\) is obtained as the sum of the Terminal

forward variable o (7).

4.3.3 Process of State Estimation Using Backward Algorithm

Backward Variable is defined as the probability of partial observation sequence from
t+1 to end, given state S; at time t and the model A Backward Variable

5t(i) = P<Ot+17Ot+27 o Oryqr = Si|)‘)

Bi(7) is solved inductively as:

84



4.3 Learning HMMs

Bi(i)  Biali)

Sy

55 =8
s /
Sa

- > = wn

)

S CHY
Sy
1 2 t-1 t t+1 t+2 T-1 T
TIME
Oy =5 Oy a, Oy Oz O1.4 or

OBSERVATION

Figure 4.3: Sequence of operations required for the computation of

Bi(i)

e Initialization : Initializes this step arbitrarily to be 1 for all i.
pr(i)=1; 1<i<N

e Induction:
Bi(i) = |30 aibj(Op) B (j)| t=T—1,T-2,..,;1<i<N
Induction step shows that in order to have in state .S; at time t, and to account
for observation sequence from t+1 on, we have to consider all possible states .5;
to S; (a;; term), as well as observation O, in state j(b;(O;11) term), and then
account for the remaining partial observation sequence from state j (S3;+1(j)

term).

4.3.4 The optimal state sequence for the given observation sequence

There are several optimality criteria. One possible criterion is to choose the states ¢,
which is individually most likely. This criterion maximises the expected number of

correct individual states. To implement this solution, we define 7;(), the probability
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4.4 Viterbi Algorithm

of being in state S; at time t, given the observation sequence and the model \.
V(1) = Plg: = Si|O, )

Expressing v, (4) in terms of forward-backward variables, we get:

N
V(i) = (i) B: (1) / P(O[N) = at(i)ﬁt(i)/(z (1) B:(7))
i=1
The normalization factor P(O|\) = S~ a,(4)3,(i) makes () a probability mea-
sure so that Zfil 7:(7) = 1. Solving individually most likely state ¢, at time t is given

by,
q = argmaz[y(i)],1 <t <T,1 <i < N = au(i) (i) / P(O|\)

= au()Bi(0) /(1) i) By (i)

4.4 Viterbi Algorithm

Viterbi Algorithm is a formal technique for finding single best state sequence based
on dynamic programming methods. To find the single best state sequence, () =
{@1, 42, ---, qr}, for the given observance O = (Oq, Oy, ..., Or) we need to define the
quantity d;:

0:(1) = max  Plq1,q2, ..., g = 1,01, 04, ..., O] \]

q1,92;5---,qt—1

It is best score along a single path, at time t, which accounts for the first t obser-
vations and ends in state S;. We Define another variable v;(j) to keep track of the
argument which is maximised for each t and j. Viterbi algorithm is defined iterativerly

as follows:

e Initialization :

e Recursion :
61(j) = maxi<i<n|[61-1(@) ai;]b;(Oy), 2<t<T;1<j<N
(7)) = argmazi<i<n|[0i-1(2) ai;], 2<t<T;1<j<N
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Fa]
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Figure 4.4: a) Observations recorded b) Obtaining most Probable States using VA

I

Figure 4.5: Backtracking from Terminal to Starting Node using VA

e Termination :
P* = max1<i<n[0r(7)]

qp = argmani<i<n|[67(7)]

e Path (state sequence )backtracking

q =g ), t=T-1,T-2,..,1

Viterbi Algorithm (VA) is similar to forward calculation except for the back-
tracking step. The major difference is maximization in Viterbi recursion step
in place of summing procedure. Figure 4.4] and Figure {.5 demonstrate viterbi

process.

4.5 Method to Adjust Model Parameters

The most widely used method for the optimization of HMMs is given by the so-called
Baum-Welch algorithm [18]. The algorithm improves a given model A depending on

certain example data O in such a way that the optimized model generates the training
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4.5 Method to Adjust Model Parameters

set with equal or greater probability:
P(O|A) = P(O,A)

There is no analytical method to find a way to maximize the probability of observation
sequence. We can choose A = (A, B, 7) such that P(O|\) is locally maximized using
iterative procedure such as Baum-Welch method or Expectation-Maximization method

or using Gradient Technique.

4.5.1 Procedure for re-estimation of HMM parameters

Defining variable £(3, j), the probability of being in state S; at time t, and state S; at

time t+1, given the model and the observation sequence:
§i(i,7) = P(q = Si; g1 = S50, A)

4.5.1.1 Expected Number of S; Visiting

~:(7) the probability of being in state .S; at time t, given the observation sequence and

the model ).
%(’i) = P(Qt = Sz‘\O,/\)

= P(q: = 5i,0/\)/P(O/X)

au()B )
S, ()8 (3)

= Z;V:I £t(27])

ST, (i) = expected number of transitions made from the state S;.

4.5.1.2 Expected Number of Transitions

Expected number of transitions from state i to state j is represented by & (i, 7) and

mathematically represented as:
§u(i,J) = (ou(i)aibj(Or1) Bis1(5)) / P(O|A)

— Oét(i)(lijbj(01+l)6i+l(j)
Diea Zj:l at(1)aijbj(Or41)Ber1(h)

i,j=1,.,N

88



4.5 Method to Adjust Model Parameters

Expected number of transitions made from the state S; to state S; over time period

from start to time T is given as follows:

T—1
Z & (ij) = expected number of transitions made from S; to state S;
t=1

4.5.2 A set of re-estimation formulas for 7, A, B
A set of re-estimation formulas for 7w, A, B are

m; = expected frequency in state Si at time(t = 1) = (i)

expected number of transitions made from the state S; to state S;

Q5 = "y
J expected number of transitions made from the state S;

expected number of times in state j and observing symbol V},

b;i(k) =
3 (F) expected number of times in state j
finds HMM, \* = maxz P(O/\) that maximizes the probability of the Observation O.

4.5.3 Steps of Expectation-Maximization (EM)

The EM algorithm is a general method of finding the maximum-likelihood estimate
of the parameters of an underlying distribution from a given data set when the data is

incomplete or has missing values [6].

1. Get Observations O1, Os, ..., Op

2. First estimate A(0), k=0

3. k=k+1

4. Given Oy, O,..., O, A(k) , Compute

(1), & (5, 7)1 <t <T,1<i<N,1<j<N

5. Compute expected frequency of visiting state i, and expected frequency of State,

1 moving to state j
6. Compute new Estimates of a;;, b;(k), 7; accordingly. Call them A(k + 1)

7. Goto Step 3, unless Converged
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4.6 Formulation of Model for Trajectory Classification

4.5.4 Stochastic constraints of the HMM parameters

Stochastic constraints of the HMM parameters that need to get satisfied at each itera-

tion are:

e Convergence Criteria
The convergance criteria for HMM is when change of maximum value of param-
eters becomes less than 0.005, that is, Value=Max( DeltaPI, DeltaA, DeltaB). If
(Value < 0.005), Stop Iteration.

4.6 Formulation of Model for Trajectory Classification

Flow of data from radar to decision making for HMM is shown in Figure §.6] The
radar measures only the position of the target and this information is noisy. The noisy
position data is processed by using the Kalman filter as mentioned in section The
Kalman filter estimates position, velocity and acceleration by processing the noisy
measured position data. The filtered kinematic parameters of missiles are passed to
linear quantizer to convert the data into discrete forms before it passes through discrete
HMM. For the present work, we are using 4 kinematic parameters, which are com-
puted based on the kalman filter estimates. These 4 parameters are (a) Specific energy
(SE), (b) Acceleration, (c) Altitude, and (d) Velocity. For sake of experimentation, the
numbers of classes considered are three, namely M400 class of ballistic missiles(BM)
corresponding to 400 Km range, M 1000 class of BM corresponding to 1000 Km range
and M2000 class of BM corresponding to 2000 Km range.

4.6.1 Digitisation

In order to represent a signal with sufficient accuracy in digital form, it is sampled,
i.e. the analog values are measured at certain regular time intervals, and subsequently

quantized. In this way, the analog quantities are mapped onto a finite discrete domain
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Radar Data

<

Kalman
Filter

N

Linear
Quantization

T
“ Velocity

Acceleration

Altitude

Specific
Energy

Object

Classification

Decision
Maker

Figure 4.6: Processing Sequence for HMM Trajectory Classification

of values. The combination of sampling and quantization is referred to as digitiza-

tion [18]. Missile trajectory is sampled with 10Hz and four inputs of specific energy,

acceleration, altitude and velocity are mapped upto 200, 40, 60 and 80 discrete values.

Figure [4.7(b) to Figure [4.10(b) show discrete values of specific energy, acceleration,
altitude and velocity for the corresponding Figure 4.7(a) to Figure d.10](a).

S E Samples

¢ n”  Specific Energy Continuows Input Samples

1400 :
L /:

Specific Energy Discrete Samplas

Figure 4.7: SE Input data a) Sampled by Radar b) Discrete Data with 200 Symbols
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Acceleration Cominuous Input Samples Acceleraion Discrete Samples
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Figure 4.9: Altitude Input data a) Sampled by Radar b) Discrete Data 60 symbols

4.6.2 Trajectory Classification by Hidden Markov model (HMM)

As mentioned earlier, HMMs are finite state stochastic machines that robustly model
temporal variations in time series data which satisfies the markovian property [20].

The basic theoretical strength of the HMM is that it combines modelling of station-
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Figure 4.10: Velocity Input data a) Sampled by Radar b) Discrete Data 80 symbols

ary stochastic processes and the temporal relationship among the processes together in
a well-defined probability space [49]. Considering the trajectory of missile of a par-
ticular class to be described at any time as being in one of a set of N distinct states
S1, So, ..., Sn. At regularly spaced discrete times, the system undergoes a change of
state according to a set of probabilities associated with the state. Denoting the time
instants associated with the state changes as ¢ = 1,2, ..., the actual state at time t is
denoted as ¢;.

The trajectory classification problem is formulated as to identify the class C;(i =
1,..., L) to which the trajectory state sequence belongs. Each trajectory class C; is
represented by a Model, \; , where \; = 7w, A, B in which = is initial state probabilities,
A is state transition probabilities of dimension (N x N) and B is observation symbol
probability distribution of dimension (N x M). Number of states for HMM for missile
classification are considered as N=25; Number of observation symbols M, for specific
energy is 200, acceleration is 40, height is 60 and velocity is 80. Initial state probability,
7 and state transition probabilities are set to be equal to 1/N. Observation symbol
probability B, is based on gaussian (with mean and variance) representation for the
distributions of observations within each state.

HMM recognizer as given in Figure m shows three HMM models (A1, Aa, A3)
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corresponding to three different types of trajectories belonging to M400, M1000 and
M?2000 class of missiles. The HMM recognizer can be extended to any number of
classes with enough memory for computation and number of states suitably. Radar
measured data is passed through the Kalman filter as indicated by first block of Figure
M.11] Observation sequence is linearly quantized and passed through Baum-Welch [[7,
49| computation to arrive at updated parameters of HMM model. Viterbi [7, 49] dis-
tance is used to classify how a new sample is related with trained HMM model. The

steps involved in unified training and testing can be summarized as follows:

1. Define all normal trajectory classes in the scene.
2. Define initial models corresponding to each class.

3. Grouped Data from ART-2 output are taken and models are adapted according

to them using Baum-Welch algorithm.
4. The output is a new classification model.
5. New set of data is evaluated against each HMM model using Viterbi distance.

6. Least Viterbi distance is taken as criteria to assign new data to the corresponding

class.

7. New data is added at the end of running window of that class and first data is
deleted.
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8. Training is repeated to adapt the models.

9. Step (5) to (8) is repeated for all new set of data.

Termination criteria of BW iteration occurs if maximum changes for consecutive
iteration for all three {7, A, B} parameters are less than 10e-8. Re-estimation formulas
for {m, A, B} are given in [49] and stated in section 4.5.2]

4.7 Results and Analysis

Target trajectory data of different missiles required to test and validate the network is
taken from 6-DOF (degree of freedom) simulation data and noise is added to make it
near realistic scenario. The trajectory information is corrupted with the noise as per the
radar measurement accuracies. The measurement accuracies considered for azimuth
and elevation channels are 2 milli-radians and range with 20 m. The measurement data
is passed to estimate the target state i.e. position, velocities and acceleration. Based on
this estimated data the kinematic parameters required for the model are computed. The
input data of specific energy, acceleration, altitude and velocity as mentioned in sec-
tion [4.6.1] are fed with periodicity of 100 milli-seconds (ms) with uniform track rate.
As mentioned in section the HMM recognizer has three models corresponding
to three classes of missiles M400, M1000 and M2000. Figure shows in diagram-
matic form how input data is passed through KF, its linear quantization of continuous
data and three models of HMM corresponding to three classes.

4.7.1 Missile Classification with Noise

Figure {.12] and Figure [4.13] shows viterbi distance of three classes of missiles for a
typical run for 900 samples, each with 300 samples. Figure d.12{a) clearly shows that
M400 class of trajectory samples are segregated from other two classes for most of the
duration. However, at some points, few samples of M400 trajectory are misclassified as
M1000 class. Similarly, Figure d.13(b) shows that M1000 class of trajectory samples
are separated from M400 and M2000 class of missiles. Figure 4.13](a) shows that 300
samples of M2000 class of trajectory samples are distinct from other two classes of
M400 and M1000 class.
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Figure 4.12: Results of HMM for a) M400 b) M 1000 Class of Missile for 300 samples

Figure [4.13b) shows how well desired and computed outputs are matching. De-
sired symbols for M400, M1000 and M2000 classes are (2, 1, 0) respectively where a
symbol count is incremented during testing if computed values finds match with cor-
rect class. This figure shows that for most of the duration, desired and computed values

are overlapping except for very small duration.
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Figure 4.13: Results of HMM for a) M2000 b) Category Class of Missile for 300
samples

Results of HMM as recorded in Table[d.I|demonstrate that pass percentage achieved
is more than 98% over 900 samples of test data. However, misclassification is less
than 2%. In table d.1] confusion matrix shows that all but two samples of trajectory of
M1000 class of missile are classified correctly. However, M2000 class of missile could

correctly classify 296 samples out of 300 samples whereas 4 samples are misclassified
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Table 4.1: Performance of HMM Model for Noisy Data

Actual Class
Class 1(Pass/Fail) Class 2(Pass/Fail) Class 3(Pass/Fail)
Count | Percentage | Count | Percentage | Count | Percentage
% | Class 2698/ | 99.33% 4 1.33% 5 1.66
g M1000 | 300
8 | Class 0 0 296 /| 98.66% 0 0.00%
B | M2000 300
A | Class 2 0.66% 0 0 295 /] 98.33%
M400 300

as M1000. In case of trajectory of M400, 295 samples are correctly classified whereas
5 samples are misclassified as M2000 as is evident in Figure and Figure
As shown in Table HMM takes 1.234 sec for training of 20 samples of initial

values in addition to overheads for output storage. HMM takes 29.546 sec of time for

unified testing and training of 600 samples which brings 49.353 ms for one sample.
The trajectory is validated on model with different number of states in HMM. HMM

with 20 states, 25 numbers of states and above are giving results above 95 % whereas

performance of the model remains unsatisfactory with 5, 10 or 15 states. Time taken
by the model for testing new sample of data for 5, 10, 15, 20 and 25 states are 4.816

milli-seconds (ms), 8.02 ms, 18.17 ms, 29.06 ms and 49.24 ms respectively.

Table 4.2: Timing for Training and testing

Samples Training Number of | Test Testing Time/  Sam-
Time(Sec) | States Samples | Time ples

20 Samples | 1.234 25 600 29.546 ms | 49.353 ms
0.863 20 17.424 ms | 29.040 ms
0.597 15 10.902 ms | 18.020 ms
0.412 10 04.812ms | 08.020 ms
0.304 5 02.889 ms | 04.816 ms
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Table 4.3: Results with 20 Samples Loss

Actual Class
Class 1(Pass/Fail) Class 2(Pass/Fail) Class 3(Pass/Fail)

Count | Percentage | Count | Percentage | Count | Percentage
% | Class 296/ 98.66% 0 0 0 0
g M1000 | 300
8 | Class 4 1.33% 298 /] 99.30% 0 0
B | M2000 300
A | Class 0 f0 2 0.66% 280 / | 100%

M400 280

4.7.2 Results with Samples Losses

To validate the robustness of network, input data to the network is removed for 2 sec-
onds equivalent to 20 samples in order to simulate the loss of radar track temporarily
from one of the class(M400). Figure shows specific energy (SE) plot of M400
class of missile without and with loss of 20 samples of data. Plot in blue is original
and that in red is with loss of data samples. The model continues to classify the input
data correctly as presented in Table with the help of confusion matrix. All correct
classification lies on diagonal elements of matrix where magnitude of correct classi-
fication is indicated by numerator and denominator denotes total samples passed for
validation.

Confusion matrix in Table clearly indicates correct classification of 296 out of
300 for class-1, 298 out of 300 for class-2 and 280 out of 280 for class-3. Thus, the
correct classification of 98.66 % for Class1 (M1000), 99.33 % for Class2 (M2000) and
100 % for Class3 (M400) is obtained. Total correct classification percentage for 900
samples are 99.31% and incorrect classification of 0.69 % is obtained for all 3 classes.

Figure [4.15] and Figure {4.16] show results of outputs of the HMM model for three
classes of trajectory of M400, M1000 and M2000 class of missile. Class category of
M400, M1000 and M2000 class of missile are shown in Figure §.16{(b).
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Figure 4.15: Results of HMM for a) M400 b) M 1000 Class of Missile for 280 samples
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Table 4.4: Trajectory Deviation Results

Actual Class
Class 1(Pass/Fail) Class 2(Pass/Fail) Class 3(Pass/Fail)
Count | Percentage | Count | Percentage | Count | Percentage
% | Class 300/ 100% 4 1.33% 0 0
g M1000 | 300
8 | Class 0 0 296 /| 98.66% 2 0.66%
B | M2000 300
A | Class 0 0 0 0 338 /]99.40%
M400 340

4.7.3 Results with Deviations in Trajectory

To verify and confirm the model robustness further, the HMM model is checked against
manoeuvring trajectory as shown in Figure to Figure {.18] corresponding to four
input parameters. Quasi-ballistic missiles with manoeuvering capability are being de-
veloped in different countries these days to escape neutralization by ballistic missile
defence. Therefore it is necessary to classify such trajectory for its annihilation.

Forty samples of data are added in the trajectory to mimic quasi-ballistic missile
trajectory. Changes in input parameters are depicted as in Figure d.17(a) for spe-
cific energy, Figure d.17(b) for acceleration, Figure [4.18(a) for altitude and Figure
M.T8b)for velocity. Segregation of trajectory parameters is made in such a way that
there is clear distinction of input parameters throughout the period of test regime. Re-
sults for input of values of Figure and Figure are demonstrated in Table 4.4
Confusion matrix in Table 4.4] indicates correct classification of 300 out of 300 for
class-1, 296 out of 300 for class-2 and 338 out of 340 samples for class-3 trajectory.
Percentage of success for each of the class is given in second column of each class.
This indicates the correct cumulative classification of 99.36%, incorrect classification
for 0.64%.

The Viterbi distance for trajectories of three classes of M400, M1000, M2000 are
presented in Figure and Figure The desired class category for three classes
of M400, M1000 and M2000 are (2, 1, 0 ). The desired class type is shown in blue
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Figure 4.18: a) Altitude b) Velocity Input data with Deviation in M400 Class of

Missile

colour, whereas actual class is shown in red. Few samples which are misclassified are

displaced from its mother type as shown in Figure d.20(b).

4.8 Summary of HMM

In this chapter, we have presented a framework for classification of ballistic missiles
trajectory using HMM in real-time with Baulm-Welch algorithm. Mathematical model
is developed to simulate and generate trajectories of different ranges of ballistic mis-
siles, which is utilized for testing and evaluation of HMM. Moving window concept is
also used for classifying trajectories using HMM, which enables us to integrate train-
ing and testing while taking care of short as well as long range trajectories. Further,
we have established that the HMM is able to classify the new sample in less than 50
milliseconds which makes it useful for real-time applications. The model performance
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Figure 4.20: Results of HMM for a) M2000 b) Category Class of Missile for 300

samples

is around 95% although time taken by HMM is near 50 ms on Pentium-4 processor.

Analysis of parameters used for the experiment are summarised as follows:

e Larger window size

— Captures larger Characteristics of the moving body
— Takes care of sample losses

— Becomes wieldy, training and testing time increases
e Smaller window size

— Deviations in sample inputs makes it useless

— Faster training and testing time
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Table 4.5: Summary results of HMM
HMM Noisy Data Lossy Trajectory Deviation Trajectory
M1000 M2000 M400 | M1000 M2000 M400 | M1000 M2000 M400
Pass | 99.3 | 98.66 | 98.3 | 98.66 | 99.3 100 100 98.6 | 99.4
Yoage
Failed | 0.66 | 1.33 | 1.66 | 1.33 | 0.66 | 00 0 1.33 | 0.66
Yoage

— Useful if network allows faster and reliable data inputs
e Classification correctness

— Greater than 95%

Table [4.5] shows that for all cases from filtered noisy data to samples losses to
deviated trajectory, pass percentage is above 98% , whereas fail percentage is less than
2%.

In this chapter, we have been able to demonstrate that HMM can classify missile
trajectories with high accuracies with careful selection of number of states and model

window size.
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Chapter 5

Adaptive Resonance Theory (ART)

In networks with supervised learning algorithms, such as a perceptron or a backpropa-
gation network, an input training set is presented sequentially until the network finishes
learning the entire training set. When an additional pattern is presented to the network,
the network has to be completely retrained with all the training patterns. If the network
learns an additional pattern alone, in the process, it forgets the previous learning and
classifies the previously learned patterns incorrectly. Plasticity denotes the ability of a
network to learn a new pattern, and the ability for the new learning not to be affected
by the previous learning is called stability. The quest for stable-plastic networks led to
the development of ART networks [13,33].

Adaptive resonance theory (ART) is a new type of adaptive neural network for
competitive learning, designed to overcome the problem of learning stability. The
learning instability occurs because of the networks adaptability (or plasticity), which
causes prior learning to be eroded by more recent learning. The strength of the net-
work is receptiveness to significant new patterns and yet remains stable in response to
irrelevant patterns. Grossberg and Carpenter [11] developed the ART to address the
stability plasticity dilemma. The key innovation of ART is the use of ’expectations’

and can be summarised as follows:

e As each input is presented to the network, it is compared with the prototype

vector that is most closely matches the expectation.

e [f the match between the prototype and the input vector is NOT adequate, a new

prototype is selected. In this way, previous learned memories (prototypes) are
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not eroded by new learning.

5.1 Basic Architecture

The basic architecture of an adaptive neural network consists of three groups of neu-
rons, namely F1 Layer, F2 layer and a Reset Unit.

F1 layer : Also called Input Processing units, has two parts : Input Units (F1-(a))
and Interface Units (F1-(b)). Interface Unit (IU) receives input from external world.
Some processing is also done in this unit in ART-2. IU combine signals from the input
units and F2 Layer to compare the input signal similarity to the weight vectors of the
cluster units that has been selected as the candidate for learning.

F2 layer : Also called Cluster Units (CU), is a competitive layer. The unit with the
largest network input becomes the candidate to learn the input pattern. The activation
of all other F2 units is set to zero. Information from the input and cluster units are
combined by the interface units. Learning of the input pattern by this cluster unit is
based on the similarity between its top-down weight vector and the input vector. The
reset unit makes this decision based on the signals received from the interface and input
portions of the F1 layer. If the reset units decision is to not allow the cluster unit to
learn, then a new cluster unit is selected as the candidate.

Reset Units : The degree of similarity of patterns placed in the same cluster is
controlled by a reset mechanism via a vigilance parameter, p [64]]. Each time a pattern
is presented, an appropriate cluster unit is chosen, and the cluster’s weights are adjusted
to let the cluster unit learn the pattern.

Connection Weights: There are two sets of connections between layers F1(b) and
F2. The bottom-up weights connecting F1(b) to F2 are denoted by b;; and the top-down
weights connecting F2 to F1(b) are designated ;.

5.1.1 ART networks

Figure[5.1]demonstrates basic architecture of ART. The main features of network are:

e [ earning of ART networks occurs in a set of feedback connections from layer-
2(L2) to layer-1(L1). These connections are outstars which perform pattern re-

call.
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Figure 5.1: Basic ART Architecture

When a node in Layer-2 is activated, this reproduces a prototype pattern (the

expectation) at layer-1.

Layer-1 then performs a comparison between the expectation and the input pat-

tern.

When the expectation and the input pattern are NOT closely matched, the ori-

enting subsystem causes a reset in layer-2.

The reset disables the current winning neuron, and the current expectation is

removed.

A new competition is then performed in layer-2, while the previous winning

neuron is disabled.

The new winning neuron in layer-2 projects a new expectation to Layer 1, through

the L2-L1 connections.

This process continues until the L2-L.1 expectation provides a close enough

match to the input pattern.

5.1.2 Learning Laws and Modes of Learning

These are two separate learning laws for ART-2: One for the L1-L2 connections, (in-

star) and another for L2-L.1 connections (outstar). Both L1-L2 connections and L2-L1

connections are updated at the same time, whenever the input and the expectation have

106



5.2 Adaptive resonance Theory (ART-2)

an adequate match. The process of matching, and subsequent adaptation, is referred
to as resonance. Learning can occur in two modes: fast learning and slow learning.
Slow learning is less susceptible to noise, and is not influenced by the order of presen-
tation of the patterns. Fast learning reduces learning time and is useful for real-time
applications.

Fast Learning : On any particular trial weight updates occur rapidly during reso-
nance relative to the length of time a pattern is presented. The weights reach equilib-
rium on each trial as shown in figures given in towards the end of this chapter (Fig-
urg5.6|to Figure [5.11)). A component of the weight vector for a particular cluster unit
that is set to zero during a learning trial will not become nonzero during a subsequent
learning trial. The weights of the nonzero components will change on each learning
trial to reflect the relative magnitudes of the nonzero components of the current input
vector.

Slow Learning : Relative to the duration of a learning trial the weight changes
occur slowly; on a particular trial the weights do not reach equilibrium. More number
of presentations of the patterns are required in the case of slow learning than is required
for fast learning. On each learning trial only one weight update with a small learning

rate takes place.

5.2 Adaptive resonance Theory (ART-2)

ART-2 is suitable to operate for continuous-valued inputs. More complex F1 field takes
care of input vectors arbitrarily close together. Y; units compete in a winner-take-all
mode for the right to learn each input pattern. ART-2 treats small components as noise

and does not distinguish between patterns that are merely scaled versions of each other.

5.2.1 ART-2 Components

e F1 Field

— Includes a combination of normalization and noise suppression.
— Compare bottom-up and top-down signals needed for reset mechanism.

— Consists of six types of units (W, X, U, V, P, Q).
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Figure 5.2: Connections from W units to X Units

A supplemental unit between the W and X units receives signals from all of
the W units, computes the norm of the vector W, and sends this (inhibitory)
signal to each of the X units. Each of these also receives an excitatory

signal from the corresponding W unit.
A similar supplemental unit performs the same role between the

x P and Q units, and
x V and U units

Each X unit is connected to the corresponding V unit, and each Q unit is

connected to the corresponding V unit also.

U units perform a role to the input phase of the F1 layer.

P units play the role of the interface F1 units.

Units X and Q apply an activation function to their network input.

Suppresses any components of the vectors of activations at those levels that
fall below the user-selected value q. The connection paths from U to W and

Q to V have fixed weights a and b, respectively.

e F2 Field

The action of the F2 layer (units Yj ) units compete in a winner-take-all mode

for the right to learn each input pattern. Figure shows supplemental unit N

to perform normalization between W and X Units.

5.2.2 Parameter Choices

Table [5.1] shows the parameters chosen for arriving at fast and correct classification.

The significance of each parameter is stated as under:
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Table 5.1: Parameter choice for HMM

Variable description Value

Name

NoFl1 Number of input units (F1 layer) 4

NoF2 Number of input units (F2 layer) 4

NoEpochs | Number of Epochs 1

NoITER Number of Iterations 200

a,b Fixed weights in the F1 layer 10,10

c Fixed weight used in testing for reset | 0.1

d Activation of winning F2 unit 0.9

0 Noise suppression parameter 1/sqrt(NoF1)
o Learning rate 0.3

p Vigilance parameter 0.999984
t;:(O) Initial Top-down weight 0

b;;(O) Initial Bottom-up Weights 1/((1 - d)sqrt(NoF1))

e ”An epoch is one presentation of each pattern”.

e “Setting either a = 0 or b = 0 produces instability in the network; other than that,

the network is not particularly sensitive to the values chosen.”

e ”A small c gives a larger effective range of the vigilance parameter. Typical
value is 0.1.”

e “c and d must be chosen to satisfy the inequality ¢ % d/(1 — d) < 1 in order to
prevent a reset from occurring during a learning trial. The ratio should be chosen

close to 1 to achieve a larger effective range for vigilance.”

e 0 ”is the noise suppression parameter. Components of the normalized input vec-
tor that are less than this value are set to zero. For our experiment, value of 6 is

taken as zero.”

e ”Along with the initial bottom-up weights, vigilance (p) parameter determines

formation of number of clusters. Value of p should lie between approximately

109



5.2 Adaptive resonance Theory (ART-2)

Figure 5.3: ART-2 Architecture

0.7 and 1 to perform any useful role in controlling the number of clusters.”

e Initial top-down weights must be small to ensure that no reset occurs for the

first pattern placed on a cluster unit.”

e ’Initial bottom-up weights must be chosen to satisfy the inequality”

1
(1 —d)vV/NoF1

bi;(0) <

to prevent the possibility of a new winner being chosen during “resonance” as
weights change. Larger values of b;; encourage the network to form more clus-

ters.

5.2.3 ART-2 Algorithm

A typical ART-2 architecture [[17] is re-produced in Figure [5.3] There are additional

layers present in the F1 layer compared with the basic architecture presented in Figure
Let x = (21,7, ...,2,). N(x) = Normalize(r) = Z. where, ||z|| is norm of

L

vector x and it is represented as: ||z|| = \/((21)? + (22)® + ... + (z,)?)). T(x) =
Threshold(z) = (T (x1),T(x2),...,T(x,)) where T'(x;) =

Threshold(x;) = { 0 iy < 0
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A learning trial consists of one presentation of one input pattern. The input signal
S = (81, ..., Si, ..., S, ) continues to be sent while all of the actions are performed. The
computation cycle for a particular learning trial within the F1 layer can be described

as follows:

e Vectors u, q and p are initialized to zero and w is set input vector s as mentioned

in step-3 in the later portion of this section.

e Thus, x gets input only from s and v gets thresholded value of s during first time.
Unit U receives normalized value of v to pass it to W¥/; unit after multiplication

with constant ’a’.

e Next, a signal is sent from each unit P; to its associated units W, and P;. The
activations of units W; and P; are then computed. Unit W; sums the signal it

receives from P; and the input signal s;.

e P, sums the signal it receives from V; and the top-down signal it receives if there
is an active F2 unit. The activations of X; and (); are normalized versions of the

signals at W; and P, respectively.

e An activation function is applied at each of these units before the signal is sent
to V;. V; then sums the signals it receives concurrently from X; and @);. This

completes one cycle of updating the F1 layer.

e After two updates of the F1 layer, activations of the V' and P units reach equi-
librium. Any signal that is less than @ is treated as noise by this function and is
suppressed i.e., it is set to zero. The value of the parameter 6 is specified by the
user, which we have set to zero. Due to noise suppression stable cluster forma-
tion is acheived by the network. The network is stable when the first cluster unit

chosen for each input pattern is accepted and no reset occurs.

e The P units send their signals to the F2 layer once the activations of the F1 units
have reached equilibrium. Thereafter a candidate cluster unit is chosen to learn

the input pattern through a winner-take-all competition.
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5.2 Adaptive resonance Theory (ART-2)

e The corresponding reset unit R: receives signals from the units V; and F; in
the F1 layer. Each time a signal from F, is received, the reset mechanism can
check for a reset as the necessary computations are based on the value of the
most recent signal the unit R has received from V;. The point to note is that
this needs to be done only when P; first receives a top-down signal because
parameter values are chosen such that no reset will occur if no F2 unit is active,

or after learning has started.

e The candidate cluster unit will either be rejected as not similar enough to the
input pattern or will be accepted once the conditions for reset have been checked.
On rejection of the cluster unit, it will be prevented from further participation in
the current learning trial. The cluster unit with the next largest network input is
chosen as the candidate. Until an acceptable cluster unit is chosen (or the supply
of available cluster units is exhausted) the process continues. Learning will occur

when a candidate cluster unit that is chosen passes the reset conditions.
The algorithm consists of the following steps :

1. Step-0:
Initialize the following parameters of the ART-2 network
a,b,q,c,d, e, a, p
Do NoF1(number of input units in F1 layer) times for variable i

Do NoF2(number of input units in F2 layer) times for variable |

begin
tji - O
bij = D S
(1—d)VNoF1
end
2. Step-1

Do steps 2 to 12 for NoEpochs (number of epochs) times

3. Step-2
Do steps 3 to 11 for each input vector s.
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5.2 Adaptive resonance Theory (ART-2)

Step-3

u= w=s p=0

x = N(s) q=0 v ="T(x)
u=N(v) wW=s+axu

p=u x = N(w)

q=N(p) v=T(x)+bxT(q)

. Step-4

Compute the network input of the F2 units
Do NoF2 times (for variable j)

begin

i =S bipi

end

. Step-5
While reset is true, do steps 6-7

. Step-6
Find F2 unit Y;with largest network input, J = j.

. Step-7
Check for resetu = N(v)
Do NoF1 times (for variable 1)

begin

pi=u +dxty
LD
| [wl |+ [pll

end

if |r]| < p then

begin

Y; = —1(inhibit J** node from participation)
reset=true

repeat step 5

end

if ||r|| > p then

113



5.3 Experimental Set-Up and Results

10.

11.

12.

13.

begin

W =S5+ au x = N(w)
q=N(p) v=T(x)+bT(q)
reset=false

end

go to step 8

. Step-8

Do steps 9 to 11 for NoITER times ( NoITER-Number of Iterations )

Step-9

Update weights for unit J.
Ti=axdxu+{l+axdx(d—1)}*ty
Biy=axdsu;+{l+a*xdx(d—1)} x b,

Step-10

u=N(v), w=s+au
p:u+d*tja S:N(W)

q= N(p), v="T(s) +bxT(q)
Step-11

Test stopping condition for weight updates

Step-12

Test stopping condition for number of epochs

5.3 Experimental Set-Up and Results

To take advantage of the unsupervised learning of ART-2 on continuous data, initial

samples as collected from radar are subjected to ART-2 learning and classification.

The code is implemented in visual C++ on Windows platform. First 20 samples of
SE, acceleration, altitude and velocity, each from M400, M1000 and M2000 class
of trajectories as recorded in first four columns in Table [5.2] to Table [5.4] are passed
through ART-2 network. The network clustered the 60 patterns (20 each given in Table
Table [5.3|and Table into three different clusters.
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5.3 Experimental Set-Up and Results

Figure 5.4: Input Samples of a) Specific Energy b) Acceleration

S et PRESIMAETIERITR o ey .. I Samples for 4RT2

Aliftnde

Figure 5.5: Input Samples of a) Altitude b) Velocity

After carefully choosing parameters of the network as in Table [5.1] results which
has been arrived at, are tabulated in 6" column of Table to Table against ex-
pected values in column 5 for M400, M 1000 and M2000 class of missile. 7" column
defines values for layer R which is compared with vigilance parameter for decision
of creating a template for new class or placing new set of samples in same class. A
value of 0.999984 is used for the vigilance parameter, and fast learning mode is used
for updating weights (NoITER = 200). The noise suppression parameter (6) is chosen
to be 0. The network converged in one epoch only. An epoch is one presentation of
each pattern to the network. Figure[5.4]and Figure[5.5] give graphical representation of

input samples of four parameters of SE, acceleration, altitude and velocity provided to
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5.3 Experimental Set-Up and Results

Table 5.2: M400 Class of Missile

SE Acc Altitude Velocity Expected| Actual Layer R
Output | Output
14047.9 12.2 | 1146.6 183.6 0 0 1
14403.0 11.9 | 1169.9 186.2 0 0 1
14188.6 11.6 | 11743 183.7 0 0 1
14576.9 120 | 11971 186.7 0 0 1
15612.1 13.7 | 1238.6 1954 0 0 0.999999
14601.7 120 | 12254 185.4 0 0 0.999998
15431.9 124 | 1262 192.3 0 0 1
15134.7 109 | 1270.1 188.8 0 0 1
15572.1 10.8 1295.8 192.1 0 0 1
15782.3 11.1 1314.5 193.3 0 0 1
16219.4 11.8 | 1339.3 196.5 0 0 1
16205.2 11.5 1353.2 195.7 0 0 1
15899.0 10.4 | 1360.2 192.2 0 0 0.999999
16290.0 10.5 1383.9 195.0 0 0 1
16366.4 10.7 | 1399.3 195.0 0 0 1
16776.9 10.3 | 1424.2 198.0 0 0 1
18010.5 11.6 | 1469.8 207.9 0 0 0.999999
18459.6 12.5 1494.7 211.1 0 0 1
18726.5 12.6 | 1516.1 212.6 0 0 1
19218.9 13.1 1542.3 216.0 0 0 1

the network.

First four column of Table[5.2]to Table[5.4] gives input samples of four parameters
of specific energy (SE), acceleration, altitude and velocity. Fifth and sixth columns
show expected and actual output of the class. Last column is layer R output which
along with vigilance parameter determines formation of number of different classes.
Table to Table clearly shows that expected and actual output are matching for
vigilance parameter p = 0.999998. The time taken by ART-2 parameter for 60 set of
samples with one epoch and 200 number of iterations is 2ms.

Initial top-down weights are initialized to zero, whereas initial bottom-up weights
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5.3 Experimental Set-Up and Results

Table 5.3: M1000 Class of Missile

SE Acc Altitude Velocity Expected| Actual Layer R
Output | Output
35696.7 22.3 | 2000.7 321.8 1 1 1
36201.1 21.2 | 2038.4 323.8 1 1 1
38390.5 22.1 | 2100.4 335.3 1 1 1
37387.8 21.1 | 2105.9 329.1 1 1 1
39794.2 23.1 | 2164.7 341.7 1 1 1
40317.7 22.6 | 2198.6 343.8 1 1 1
41484.9 229 | 22434 349.2 1 1 1
39399.8 20.3 | 2239.7 337.2 1 1 0.999999
41902.2 21.5 | 2301.2 350.0 1 1 1
40710.8 19.6 | 2309 342.9 1 1 1
40479.2 18.7 | 2331.8 340.9 1 1 1
40923.9 18.8 | 2360.5 342.7 1 1 1
41791.9 19.6 | 2399.5 346.6 1 1 1
42669.4 20.2 | 2433 350.7 1 1 1
44320.8 20.8 | 2485.6 358.6 1 1 1
44330.7 20.7 | 2509.3 358.0 1 1 1
46206 21.1 | 2566.1 366.8 1 1 1
46471.7 21.0 | 25954 367.4 1 1 1
45579.9 18.8 | 2613.4 362.1 1 1 1
45914.8 18.6 | 2646.5 363.0 1 1 1

are initialized to 1/(1-d)*v/NoF1. NoF1 in our experiment is 4 and value of *d’ is set
to 0.9. Thus, values of bottom weights are initialized to 5.0.

Many experiments were conducted by varying vigilance parameters and results are
recorded in Table[5.5] The vigilance parameter is very sensitive to the set of data being
presented to the network. The value of vigilance parameter suitable for data set of the
given trajectories is 0.999995. Smaller values (0.9 to 0.999) in first two rows of Table
[5.5) classified all data set into same class and larger values (0.999999 to 0.9999995) in
the last two rows of Table[5.5)) breaks the class into finer classes.
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5.4 Summary of ART-2

Table 5.4: M2000 Class of Missile

SE Acc Altitude Velocity Expected| Actual Layer R
Output | Output
7452.1 7.7 769.3 121.4 2 2 1
8288.6 8.5 809.6 131.5 2 2 0.999997
8166.5 8.0 814.0 129.3 2 2 1
8627.7 9.1 837.1 134.5 2 2 0.999999
8231.4 7.9 832.5 128.9 2 2 0.999999
8288.0 8.0 841.9 129.0 2 2 1
8819.0 8.9 869.0 135.1 2 2 0.999999
9886.5 10.3 | 915.5 147.0 2 2 0.999996
10319.1 10.8 | 939.5 151.2 2 2 0.999999
10309.5 10.5 | 949.2 150.4 2 2 1
9781.9 9.1 942.9 143.7 2 2 0.999998
9546.4 8.4 944.8 140.2 2 2 0.999999
9157.6 7.3 941.9 134.8 2 2 0.999998
9209.9 7.5 951.6 134.9 2 2 1
9141.0 6.8 960.4 133.2 2 2 1
9808.3 7.6 993.2 140.6 2 2 0.999999
10713.1 9.1 1031.7 150.4 2 2 0.999997
11926.5 10.3 1080.5 162.9 2 2 0.999995
12612.6 11.8 | 11259 174.3 2 2 0.999999
12681.7 11.0 | 11254 169.3 2 2 1

5.4 Summary of ART-2

The results obtained in this chapter indicate the potential of using unsupervised ART-
2 neural networks for trajectory classification of missiles from kinetic parameters of
the vehicles captured by radar. The main advantages of the ART-2 neural network
approach are high recognition speed, ability to classify very close trajectories, minimal
memory storage, and ease of computation. Since, time taken by ART-2 network for

training of 60 samples is only 2ms, the network is suitable for real-time applications.
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5.4 Summary of ART-2

Table 5.5: Sensitivity of Vigilance Parameter

Vigilance M400 | M1000 | M2000 | Remarks
Sensitivity
0.9 60 00 00 All are classified in the same class
0.999 60 00 00 All are classified in the same class
0.999985 20 32 08 12 of M2000 are classified as M1000
0.999988 20 23 17 03 of M2000 are classified as M1000
0.999995 20 20 20 All classification Done Properly
0.999999 20 15 07 05 of M1000 as Separate Class
09 of M2000 as M1000 Class
04 of M2000 as Another Class
0.9999995 19 14 01 01 of M400 is classified as M1000
06 samples of M1000 are broken into three
classes of size 04, 01, 01
19 samples of M2000 are classified as
M1000
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Chapter 6

Generalisation & Performance
Comparison of RTNN and HMM

To check generalisation of the network and the model presented in section [3.1] and
section we extend the network model for both RTNN and HMM to test larger
classes. For RTNN, the number of nodes in output layer of Figure[3.1|is extended from
two to three for classes more than four but less than 9 using 2" formula, where n is
number of output nodes. Similarly, the number of node-set in second hidden layer is
made five for 5 groups. The number of HMM models for five classes are considered as
five and two more models A\, and )5 in Figure are added to cater for two additional

classes.

6.1 Input Parameters

Let (x,y,z), (Vz, V4, V), (as, ay, a,) are target position, velocity and acceleration given
by the Kalman filter in geographic frame. The parameters required for classification

are computed by using the following formulas:

The Total Velocity is V = \/sz + ‘@2 + V.2

The Total Acceleration is A = \/ax2 +a,?+a,?

And the height is given by h = z andSE = gh + 0.5V,
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6.1 Input Parameters

As described in section [3.4.1]and 4.6 we are using 4 kinematic parameters, which are
computed based on the Kalman filter estimates. These 4 parameters are: (a) Specific
energy (SE), (b) Acceleration (A), (c) Altitude (h) and (d) Velocity (V). Two addi-
tional class of missiles (M600 and M900) are added to compare five classes of missiles
for validating model performance. They are: a) M400 Class of Ballistic Missile b)
M600 Class of Ballistic Missile ¢) M900 Class of Ballistic Missile d) M1000 Class of
Ballistic Missile, and ) M2000 Class of Ballistic Missile.

Any missile can be programmed to fly in nominal, lofted and depressed mode as
shown in Figure [6.1] The duration of flight may vary depending on modes of shaping
the trajectory of missiles. All experiments have been done for nominal flight. Figure
shows the total velocity profile for M400, M600, M900, M1000 and M2000 class
of missiles. Similarly, Figure [6.3] and Figure [6.4] show the corresponding height and

specific energy for the above mentioned five classes of missile.

i i i i i I
100 200 OO ol DY SO0 [ e} OO
CrOE IO (M

Figure 6.1: Different Trajectory behaviour followed by the same class of Vehicle

The M400 class of missile can travel for duration of 353 seconds with maximum
velocity and maximum altitude of 1800 m/s and 115 Km respectively. Similarly,
M1000 class of missile goes with maximum velocity and maximum altitude of 2815
m/s and 250 Km respectively for duration of 540 sec. The M2000 class of missile
travels with maximum velocity and maximum altitude of 4200 m/s and 430 Km re-
spectively for a period of 742 sec. M600 class of missile has flight duration of 412
seconds with maximum velocity of 2200 m/sec and an apogee of 160 Km. M900 class
of missile has flight duration of 500 seconds with maximum velocity of 2750 m/sec

and an apogee of 230 Km.
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6.1 Input Parameters

Total Velocity Profile
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Figure 6.2: Velocity Profile of M400, M600, M900, M1000 & M2000 Class of Missile
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Figure 6.3: Height Profile of M400, M600, M900, M1000 & M2000 Class of Missile
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Figure 6.4: SE Profile of M400, M600, M900, M1000 & M2000 Class of Missile
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6.2 Performance of HMM

The specific energy (SE) for M400, M1000 and M2000 class of missile increases
exponentially during the boost phase to 2 million joules/Kg, 4.8 million joules/Kg and
9 million joules/Kg respectively. M600 class of missile has SE increasing to 2.9 million
joules/Kg and M900 has SE increasing to 4.2 million joules/Kg. In descending phase,
the specific energy decreases and becomes zero as shown in Figure 6.4, Thus specific

energy, altitude and velocity has clear distinction in magnitude for all these cases.

6.2 Performance of HMM

For comparison sake, 5 trajectories of 200 samples each are experimented with. The
trajectories that are taken into consideration are for missiles of range 600 Km and 900
Km besides earlier considered class of range 400 Km, 1000 Km and 2000 Km. Figure
[6.3] to Figure [6.7] show viterbi distance of 5 types of missiles with results summary
of correct and incorrect classification for a total of 1000 samples of trajectory using
HMM.

Test Samples for ME00 est Samples for M4
R S R e L : A e s o s R

— MGl
— M400

Viterbl Distance
Viterbi Distance
(L

1] a0 100 150 200 [} 50 100 150 200

Figure 6.5: Results of HMM a) Test of M600 Class b) Test with M400 Class

Figure [6.5a) and Figure [6.5(b) show test samples from M600 and M400 class of
missile being segregated from samples corresponding to other trajectories respectively.
Similarly, Figure [6.6(a), Figure [6.6(b) and Figure [6.7] show test samples from M900,
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6.2 Performance of HMM

Test Samples for MI00 Test Samples for M1000

Witerbi Distance
Viterbi Distance

L] a0 100 150 200 L] a0 100 150 200
Samples Samples

Figure 6.6: Results of HMM a) Test of M900 Class b) Test with M 1000 Class

Test Samples for M2000

Viterhi Distance

Figure 6.7: Results of HMM Test of M2000 Class

M1000 and M2000 class of missile being segregated from samples corresponding to
other trajectories. However, during small duration of M900, M1000 and M2000 test
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6.3 Performance of RTNN

Table 6.1: Results of HMM Test on 5 types of trajectories

Actual Class
M400 | M600 | M900 | M1000 | M2000
2 [ ClassMd00 | 200/200 | 0 0 13 20
S [ClassM600 | 0 2001200 | 0 0 0
£ [ClassM900 |0 0 196/200 | 0 0
E Class M1000 | 0 0 4 187/200 | 0
Class M2000 | 0 0 0 0 1807200

cases few samples are misclassified. Correct classification and misclassification sam-
ples are shown in confusion matrix of Table A total of 37 samples out of 1000
are mis-classified which results into 3.7 percent of mis-classification and 96.3 percent
of correct classification. 20 samples of M2000 are misclassified as M400 whereas 13
samples of M1000 are misclassified as M400. Second row shows that 4 samples of
MO900 are misclassified as M1000.

6.3 Performance of RTNN

Same exercise was done with RTNN, whose results are recorded in confusion matrix of
Table[6.2] Table shows that a total of 35 samples are misclassified out of 1000 samples,
which forms 3.5% of misclassification, whereas correct classification is 96.5% for the
corresponding run. Table clearly shows that most of the samples of all categories
are classified correctly as shown in diagonal cells. Off-diagonal values shows misclas-
sification. As per the Table[6.2] 18 samples of M2000 class of missile are misclassified
as M1000 and 17 samples of M900 are misclassified as M600. Other three classes

have no mis-classification.

6.3.1 Weight Adjustment for RTNN

Basic algorithm adapted for real-time classification has to run many times to get best
result. If weight corresponding to input layer to first hidden layer is fixed to one value,

best result is achieved in very first iteration. For classification of these five classes of
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6.3 Performance of RTNN

Table 6.2: Results of RTNN Test on 5 types of trajectories

Actual Class
M400 M600 M900 M1000 M1000
§ Class M400 200/200 | 0 0 0
3 Class M600 0 200/200 | 17 0
_§ Class M900 0 0 183/200 | 0
=]
;;:" Class M1000 0 0 0 200/200 | 18
Class M2000 0 0 0 0 182/200
Noisy Samples with Filter Run3 Noisy Samples with Filter Run3
e e T G
Computed Computed
Expected Expected
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Figure 6.8: Results with adapted weight

missiles, input weight was fixed to 0.5 and classification achieved is 100 percent. The
graph of computed output matched with desired output is shown in Figure [6.8] It is
clearly visible from Figure [6.8] that with adapted weight, computed result is exactly
following desired output with no misclassification. The mean output for the adapted
weight is exactly matching the desired values and variance is zero as shown in Table
6.3]
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6.4 Timing

Table 6.3: Mean and Variance of Results for Fixed Weight in Input Layer

Sl | Class of | Expected Expected Mean  of | Mean of | Variance
No | Target Values  of | Values of | Nodel Node2 of
Nodel Node?2 Nodel
and
Node2
1 | M2000 -1.0 -1.0 -1 -1 0.00
M1000 -1.0 +1.0 -1 +1 0.00
3 | M400 +1.0 -1.0 +1 -1 0.00

The reason for this improvement is weighted input values getting naturally grouped
into corresponding category due to input vector distance from each other. Random
weight assigned for input layer used for RTNN results presented in Section [3.4.5]is re-
sulting in closed data from two different classes being swapped or misclassified during

sorting of weighted input.

6.4 Timing

The real time classification of ballistic missiles using RTNN and HMM is developed
and 6DOF data is utilized for testing and evaluation. We have established that the
RTNN and HMM are able to classify the new sample in less than 50 ms. Both networks
performance is around 95% although time taken by HMM is nearly 50 ms whereas
RTNN takes less than 0.5 ms on Pentium-4 processor. Small processing time enables
to process multi-target scenario with large number of targets being discriminated si-
multaneously by single computer. There are numerous real-life applications, both in
civilian as well as military domains which demands quick response to the order of
few ms. Automatic air-traffic classification, tracking and navigation, tracking multiple
independently targetable re-entry vehicle (MIRV) and manoeuverable Re-Entry Vehi-
cle (MaRV) and adaptive packet routing in communication forms some of the broad

applications in general that requires quick response time for classification.
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6.5 Summary

6.5 Summary

HMM network performance is higher than RTNN network with random weights in
the input layer. If weights are adapted as fixed in the input layer as indicated in Sec-
tion RTNN performance becomes higher than HMM. However, time of testing
for HMM is two-order higher than RTNN. HMM takes approximately 49.353 ms for
testing of one sample as indicated in Table 4.2]in comparison to 0.69 ms by RTNN as
indicated in Table
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Chapter 7

Conclusions and Future Work

In this work, we have presented a framework for trajectory classification of ballistic
missiles using Real time neural network (RTNN) and Hidden Marokov model (HMM).
The thesis starts with a brief introduction to the ballistic missile scenario wherein mode
of flight by the same missile into nominal, depressed and lofted trajectory is discussed
at length. Interception in exo-atmospheric and endo-atmospheric layer, multi-layer
concept to increase probability of interception and importance of fast classification to
meet the quick response time-line is outlined. First event of the activity in the process
of neutralisation of target missile with weapon of mass destruction is the detection by
the network of sensors. Thereafter communication to launcher system for selection of
correct type of weapon and preparation of interceptor for launch operation is carried
out. Measurements by radar system is embedded with inherent noise. The Interactive
multiple model (IMM) filters and estimates parameters used for classification. Graphs
are plotted to show the difference in trajectory parameters with and without noise (after
application of IMM filter).

Since gathering multiple live trajectories is difficult, mathematical model catering
to 6-degree-of freedom (6-DOF) of a moving vehicle is developed to generate large
number of trajectories for various classes of missiles for training and testing by the
RTNN and HMM method of classification. True trajectories are superimposed with
realistic noise to imitate real behaviour of target trajectory and the same IMM is ap-
plied as in the case of real trajectory to smoothen the noisy data and generate position,

velocity and acceleration of the vehicle in the cartesian coordinate system.

131



A typical war-scenario presents a complex gamut of flight objects including fighter
aircraft, helicopter, UAV, satellite, cruise missile, air-to-air missile, etc. The character-
istics of each flight type is presented with respect to kinematic parameters of velocity,
acceleration, rate of ascent/descent, radius of turn, g-turn, cluster-id, etc. Response
time of interceptor with respect to short-range ballistic missile(SRBM), medium-range
ballistic missile(MRBM) and long-range ballistic missile (LRBM) are analysed and
presented succinctly to demonstrate the criticality of fast-response classification.

A novel method for classifying ballistic as well as quasi-ballistic missiles using
real-time neural network is proposed that classifies target class in real-time. Fast-
response is achieved by the network due to analytical computation of network param-
eter rather than conventional gradient descent method. RTNN computes weight of
hidden nodes by equating forward computation from first layer and backward compu-
tation using logit function from output layer. Quantizers used in the hidden layer of
RTNN allow samples bearing similar characteristics to pass while inputs of different
classes are inhibited.

HMM has been applied for trajectory classification based on its successful ap-
plication in the area of on-line handwriting recognition, speech recognition, gesture
recognition, language modelling, motion video analysis and tracking. The trajectory
classification is similar to the speech recognition tasks, which is a continuous quantity,
that can be described analytically as the position of the object in time. Its discrete rep-
resentation is used together with its temporal derivations (velocity and acceleration).
Thus, an object trajectory is a potentially infinite sequence of state vectors. The tra-
jectory classification problem is formulated to identify the class ¢; (i = 1...N) to which
belongs the trajectory state sequence. Moving window concept allows both RTNN and
HMM to integrate testing and training while taking care of smaller as well as larger
trajectories to be addressed by the same network.

Further, we have established that the RTNN and HMM are able to classify the new
sample in less than 50 milliseconds. Both networks performance is around 95% al-
though time taken by HMM is near 50 ms whereas RTNN takes less than 0.5 ms on a
Pentium-4 processor. Small processing time enables to process multi-target scenario
with large number of targets being discriminated simultaneously by a single computer.

There are numerous real-life applications, both in civilian as well as military domains
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7.1 Recommendations and Future Work

which demands quick response to the order of few ms. Automatic air-traffic classi-
fication, tracking and navigation, tracking multiple independently targetable re-entry
vehicle (MiRV) and manoeuvrable Re-Entry Vehicle (MaRV), adaptive packet routing

in communication form broad applications in general.

7.1 Recommendations and Future Work

While results of 95% are very impressive, distortion penalty associated with vector
quantization (VQ) leads to degradations in performance since we are representing an
entire region of the vector space by a single space in case of HMM. Continuous HMM
can be tried and its performance evaluated against discrete HMM as continuous HMM
does not require discretization and therefore quantization effect can be avoided by
using it. In the future, study needs to be carried out with trajectories crossing each other
in some domain which may occur under certain conditions and tests needs to be carried
out to check the suitability of our proposed technique for higher number of trajectories.
RTNN and HMM are supervised training methods and the class for initial data has to
be known using some other method, which in our case is done through unsupervised
training (ART2). Investigations need to be carried out to find other suitable methods

for finding the class of initial data.
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