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Parallel Tracking Systems

by Carlos Henrique de Oliveira Sa Hulot

Tracking Systems provide an important analysis riegle that can be used in many
different areas of science. A Tracking System candbfined as the estimation of the

dynamic state of moving objects based on ‘inateuraeasurements taken by sensors.
The area encompasses a wide range of subjectsuglttthe two most essential elements
are estimation and data association. Tracking sys@re applicable to relatively simple as
well as more complex applications. These includé&affic control, ocean surveillance and

control sonar tracking, military surveillance, nilisguidance, physics particle experiments,
global positioning systems and aerospace.

This thesis describes an investigation into stitis@-art tracking algorithms and
distributed memory architectures (Multiple Instiaos Multiple Data systems -MIMD”)

for parallel processing of tracking systems. Th&t falgorithm investigated is the Interacting
Multiple Model (IMM) which has been shown recentitybe one of the most cost-effective
in its class. IMM scalability is investigated foratking single targets in a clean
environment. Next, the IMM is coupled with a weditablished Bayesian data association
technique known as Probabilistic Data Associati®DA) to permit the tracking of a target
in different clutter environments (IMMPDA). As ithe previous case, IMMPDA
scalability is investigated for tracking a sing&det in different clutter environments. In
order to evaluate the effectiveness of these newallphtechniques, standard languages and
parallel software systems (to provide message-pgsfcilities) have been used. The main
objective is to demonstrate how these complex algos can benefit in the general case
from being implemented using parallel architectures
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Chapter 1: Introduction

1.1 Motivation

High-performance computers are in demand in maiffgrent areas of science.
There is now a consensus that high-performance gongpcan be achieved by parallel
architectures and processing. Many advances dregbected in the near future because
there is an increasing demand for high performasca direct consequence of the increase
in problem complexity to be solved. This demand weljuire the utilization of different
approaches and methodologies in terms of high-pedoce systems. This thesis is not
directly related to the evolution of high-perfornsantechnology itself, but rather to the
application of parallel technology to a specificdanpractical application;Tracking

Systems.

Tracking system technology has undergone condit#eravolution from the
theoretical point of view. Unfortunately, this tmetical evolution has not been applied,
until recently, to most commercial systems. As aangple, Air Traffic Management
systems (ATM) are still using outdatedp trackers [Bozic79], [Schooler75], [Kalata84].
Nonetheless, in this particular field, a few adwnare about to become reality with a more
updated ATM system to be fully implemented and apenal around year 2000
[BarShalom92a]. As a result, most of the new redeachievements are now emerging in
the specialized literature, however very few pudilans describe parallel implementations.
Because many current tracking systems implementatltave relied on the massively-
increased computational power of modern computerbobst their very old (vintage in
some cases) tracking system algorithm, these newrdtical advances will need even more
computational power to achieve all the benefits.aAdirect result parallel processing will
inevitably play a major breakthrough in implemegtithese new tracking systems in the
near future. The thesis is intended to increaseutiiderstanding oParallel Tracking
System. Example implementations on different parallelhitectures will be explored in
order to evaluate and establish some common factquarallel tracking implementations.
This thesis will demonstrated the feasibility ofplementing tracking system on parallel
platforms and show how this can be achieved. Aiapemphasis is given to ATM systems

as a way of presenting the generic results.
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1.2 Thesis Contents

This Chapter introduces the main objectives oftki@sis, the thesis contents, along
with the main achievements. The summary of theishmmntents that follows is given on a

chapter basis.

Chapter 2 presents a brief review about parajlsiems describing the technologies
currently available. It then describes the hardwarde used to implement the tracking
system to be developed in this thesis. This islof#d by a brief presentation of the
available message passing systems and our seléatp®rform the parallel implementation

using the target hardware system.

Chapter 3 presents a summarized review aboutitigslystems explaining the main
problems found in this area of application, startwith a very simple explanation of the
overall tracking problem. The objective is to parvia precise understanding and overview
about the problem to be tackled and the complexitieat may be involved in tracking
system. It summarizes the main elements currentlysie to solve the tracking problem.
This is followed by a description of ATM systemsdahow they make use of tracking

systems. This description establishes the basmwezits of any ATM system.

Chapter 4 describes and investigates a parallglemmentation of a state-of-the-art
tracking algorithm, the Interacting Multiple Mod&M). The IMM algorithm is inherently
parallel because it is based on multiple modelrsA parallel implementation explores the
IMM filter characteristics to determine the filldependencies with relation to an increase in
the number of models supported by the filter ared fitalability. The IMM is implemented
(parIMM) on a number of different parallel archii@es and the results are presented in

terms of speed-up and efficiency.

Chapter 5 also describes and investigates a elraiplementation obtained by
coupling IMM with the Probabilistic Data Associatitechnique. The PDA technique is a
well-known and effective compromise for the trackof targets in a clutter environment. In

fact the PDA technique can be subdivided into tvesid algorithms : single target (or
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simply Probabilistic Data Association - PDA) and lntarget (Joint Probabilistic Data
Association). A single target version is implemeniby taking IMM coupled with PDA.

Chapter 6 presents a summarized review of the mairevements obtained in the
thesis, followed by a general overview of the nrasults of the work carried out along with

suggestion for future developments.

The thesis contain also the following appendices :

* Appendix A presents all filter algorithms used lire tthesis. It starts by giving
the Kalman algorithm and the Extended Kalman algori

* Appendix B presents the Interacting Multiple Modégorithm. The objective
of this appendix is to present the necessary fmenuo make the
understanding of the thesis easier.

* Appendix C presents all the equations for the dessociation algorithm. It
presents the Probabilistic Data Association equatifor single target in a

clutter environment.

1.3 Main Achievements

The main achievements of the thesis are desciib&hapter 4 and Chapter 5. In
Chapter 4 an IMM parallel implementation is madesroa MIMD distributed memory
architecture. The main achievement in this chagstéhe simplicity of the implementation
which is done using an Single Program Multiple D&MD) strategy. It determines in a
clear manner the minimum data set to be exchangemhgst processors. It introduces an
optimization that will reduce the computational aithm overhead by up to 50% as the
number of models increases. In Chapter 5 a parnatiplementation of the IMMPDA is
shown. As far as it is known this is the first pllaimplementation of the filter. It also
shows the coupling of a two well-accepted modeisguthe IMM algorithm in conjunction
with PDA.
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Chapter 2 : Parallel Processing

2.1 Introduction

Computational power increased has been highlyzetl in all areas of science
[Fox88]. The computer industry has undergone cemaldly development in many different
directions in recent years. This has been trarslaito a vast number of research and
development projects as well as the marketing okrse proprietary parallel and high-
performance computer architectures and systemsy Mfathese advances have been driven
by the need to solve very complex scientific pratde On the other hand single processor
computers continue to increase in power by usingenand more elaborate methods in the
Very Large Scale Integration (VLSI) fabrication pess. However such VLSI technology
will inevitably reach its limit, probably by the érof this century or the beginning of the
next [Spec95]. The only foreseeable solution tahsa limitation is concurrency. Although
there are many different proprietary parallel amghfperformance architectures available,

these technologies are still under development.

Because of this the currently-available paralehnology is still very fragile with
many weakness. Despite an almost general conseatsust parallel terminology and
requirements, most research is still tailored fantipular applications. Only recently have a
few standards started to appear, but many diffdtanburs of parallel systems remain in
common use. Each of them is trying to provide anvoace the customer that it provides the

best solution.

Nevertheless, in recent years parallel processiag advanced rapidly with an
increased number of publications and related waithough the discussion of the many
characteristics and idiosyncrasies of parallel @semg is not the main objective of this
thesis, a brief review is necessary to establishegsential elements of parallel technology.
This can be subdivided into hardware and softwansiderations. On the hardware side the
parallel algorithms developed here target only type of parallel machine architecture,
namely Multiple Instruction Multiple Data (MIMD) [@n87], [Fox88], [Hwang87].
However the granularity of two different architeretsi will be used whenever possible. The

first one is based on transputers and the secahe @rchitecture of the Meiko-CS2. On the
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software side, the first consideration is the tgbecommunication mechanism. The most
common mechanism for MIMD architectures is the ragsspassing system which is

discussed together with a few of the availablearysti

2.2 Hardware

There are a wide range of hardware choices avail&dr parallel architectures and it
is necessary to identify the major ideas behinditecture classification. This will be done
in order to establish the architectures to be usethe context of all available parallel

architectures.

Parallel computers can be classified as Singledason Multiple Data (SIMD) and
Multiple Instruction Multiple Data (MIMD). In a SIT architecture all processors execute
the same instruction at the same time over muliilgia. All processors are controlled or
‘slaved’ to a master control unit, which is genbra relatively complicated element
[Hey87]. On the other hand with MIMD architecturh processor executes its instructions
independent of the others. Although there is nomer control unit in the MIMD case,
usually programming in such an architecture is mdifficult than with a SIMD
architecture. On the MIMD side two main alternasivexists depending on the memory
implementation. They are either shared memory striduted memory. The architecture to

be used throughout this thesis is based on MIMiributed memory technology.

The description to follow will concentrate on ttweo MIMD distributed memory

architectures to be used during the developmetiti®fproject.

2.2.1 Transputers

The Transputer is a microprocessor with its ownalomemory and with 4
communications links to provide point-to-point ceation between processors [Inmos88].
There are also various hardware interfaces to pefraitransputer to be used in virtually
any application. In order to provide more flexityilin the point-to-point connection special
hardware switches are available to give each traesmlternative ways to interconnect

itself with other transputers. The transputer ptorpoint communication link along with
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these special switches make the construction ospnater networks of almost any size and
topology possible. Each transputer link operatedependently and can provide a
10Mbits/second or 20Mbits/second transfer rate. idplified view of the internal
architecture of each transputer is illustrated igufe 1. Some examples of possible
transputer topologies are given in Figure 1. A=it be seen a transputer utilises an internal

32 bit bus to interconnect its components.

In the transputer architecture used in this theaish processing node comprises a
transputer T805, working at 25Mhz, with 4Mbytes lo€al memory and the necessary
hardware to reconfigure the link connections. Titamdputer system architecture used to
develop the parallel tracking system is made ofphgsically reconfigurable array of 8

transputers, connected to a IBM PC-compatible host.

S External | | 4KBytes 32 Floating
ystem Events Memory | | On-Chip Bit Point
Services Interface RAM Processor Unit

H H H Mesh Topology
32 bifs > @

. . , , Hypercubes
Link ) Link Link Link Link
Services Timers Interface Interface Interface Interface
Ring Topology

TRANSPUTER Internal Architecture

Figurel - Transputer Architecture
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2.2.2Meiko-CS2

The CS-2 architecture is too complex to be desdrib detail here and it provides a
wide range of possibilities [CS2a]. In summary epobcessing node consists of a SPARC
microprocessor unit with an optional two FUJTISEctor processor units, plus local
memory and a specific proprietary communicationcpssor. The units without the vector
processors are called scalar elements, while tles @ontaining them are called vector
elements. Figure 2 illustrates both basic elemexdst can be seen each scalar element is a
fully operational computer and these units can hesxepossible configurations (optimised
towards 1/O intensive applications or to more isiea scalar processing). The vector
element contains the two FUJTISU vector procesantsthe SPARC processor sharing a
three-ported memory system. The memory is organis&@ independent banks. The vector
processors contain separate pipes for floatingtpoialtiply, add and division and for
integer operations. The multiplying and adding pipan deliver 64 bits or two 32 bits
results in IEEE format per cycle. The division pig#l take 8 cycles to deliver any result
either in 64 bits or 32 bits using the IEEE formEte internal proprietary communication
processor has a SPARC shared memory interface aiath2inks. Each link can provide a
50Mbytes/second transfer rate. The CS-2 parallehi@cture is achieved by using the
communications processor in each of its element®munction with a full 8 by 8 crosshar

switch as illustrated in Figure 3.
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_>
<_
_> . .
-« SPARC Communication|
SPARC Communication| Processor Processor L
Processor Processor -«
_>
sl
Vector Vector
Processor Processor
Memory
Memory
Scalar Element Vector Element
Figure2 - CS-2 Main Components
n Crossbar switch
° - - D Processing Element
I Communication| .

Processor

Vector or Scalar [
Element +

! Communication|
Processor

o lpnpoonbnoooood
Juooudoouooouoy ]

CS-2 Inter-Processor Connection CS-2 Network

Figure 3 - CS-2 Architecture
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2.3 Software

Two main topics dominate the software issue, ngntble communication
mechanism to be used amongst parallel nodes arthdiee of languages to implement the

tracking algorithms.

2.3.1 M essage Passing Systems

As previously described the only target architectio be used in this thesis is the
MIMD distributed memory system. This kind of ar@uture has been almost invariably
used with message-passing systems. Converselydfweity of message-passing systems to
date have been developed with distributed memoiMMphilosophy as a target. Therefore
a brief background review of the message-passictontque is given, along with some of
the available choices and the criteria used tocséhem for the purpose of developing the

parallel applications of this project.

As a general overview of the message passingmsyistean be said that it provides
two main elements for parallel processing, syncisaiion and memory sharing. In other
words this is equivalent to a number of indepehdmyuential programs executing in
parallel, and by using some sort of synchronisati@y can be stopped in order to either
obtain from or to provide information (data) to ethprograms. In a straightforward form a
message-passing system consists of a minimal de@si€ instructions to permit this data
sharing. Usually it is based on constructs suchsexsd and receive with underlying
synchronisation. As a matter of fact most of thailable message-passing systems are built
around these two constructs upon which more sapaistl constructs are built. This has
generated a plethora of different implementatiolhavdah the objective of providing the
developer easier ways to make full use of any @agr parallel architecture. Most of these
systems provide similar functionality but they ladlve their own individual idiosyncrasies.
Therefore if a developer is careful enough to dgveln application applying only the most
basic constructs which are available in most of rttessage-passing systems, a migration

from any particular architecture can be achievetiauit too much difficulty.

Amongst the early developments of message-pasystgms are systems based on

proprietary machines, for example CROS for the d&Chlt machines [Kolawa86b],
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IBM-EUI [Bala94], Intel NX [Pierce94], Meiko CS-2Bprton94] and others. After these
developments came more general message-passiegnsysirgeting multiple-platforms to
isolate the developer from the architectures. Talpexamples of these multiple-platform
message-passing systems are EXPRESS [Flower94Budér92], PARMACS [Calkin94],
PVM [Sunderam90], [Sunderam94] and others. Receatjgint committee of vendors,
developers and researchers has reached a consepsnosa message-passing system
standard to assist the development of more portadlallel applications. This standard is

known as MPI (the Message Passing Interface) [MP194

The selection of the message-passing systems wsdzk for this project was based
upon two basic criteria, availability and simpiyci For the transputer architecture two
message-passing systems were selected, EXPRESBARWPET. For the CS-2 amongst
the available choices there were PVM [CS2c], PARMAACNX2, Elan Elite and MPI of
which NX2 and MPI were selected.

EXPRESS

This system was developed by Caltech directly fOROS (Crystalline Operating
System) [Kolawa864]. It provides the developehvateasy-to-use library of low and high
level communication primitives [Parasoft90a]. Its@lperforms an automatic domain
decomposition to map the physical topology intoogidal topology. A transparent I/O
system is supported by the Cubix library and a lgiagb interface by the Plotix library
[Parasoft90b]. The system accommodates severakreiff parallel implementation
strategies, such as SPMD, Master-Slaves, multitgski is straightforward to use and

provides a reliable system implementation enviramme

PARAPET

ParaPET (Parallel Programming Environment Toollebbage92a] is a set of
tools developed in the Department of Electronia$ @omputer Science at the University of
Southampton to provide message-passing system asi@ipgle Program Multiple Data
Model (SPMD) over transputer architectures [DebB2bé It is based upon the Virtual
Channel Router [Debbage91] which is a lightweighmhmunication mechanism. The tool is

provided in a library format which is linked to a @ogram. The system isolates the



Chapter 2: Parallel Processing 12

developer from any underlying architecture constgisuch as node adjacency. However if
required by the developer the system can providesacto lower-level mechanisms with
improved efficiency. It is in fact a two layer sgst, with both low-level libraries and high-
level libraries. The low-level library provides ffdccess to the virtual channel interface,
while the high-level interface provides simple domsts to send and receive messages from

any node in the network.

MPI

This system is the result of a joint committee floe standardisation of message
passing interfaces [MPI194]. It contains a numbehigh-level communication mechanisms.
As in any standard the objective is to provide amemn message-passing interface for
different parallel architectures and in this wayattcomplish straightforward migration of
parallel applications. However it does not add@ber known problems such as I/O and

multitasking.

NX

This is the message passing system created fointbleparallel architectures and
provides facilities such as topology independemzeraultiprocessing. It is implemented as
a reduced and easy-to-use set of communicationtpra® linked to the parallel application
as a library. The version used in this thesis isranlation package for the CS-2 architecture
[CS2Db].

2.3.2 Development L anguages

Two main languages were used to develop the atalits in this thesis. Because no
existing tracking algorithms were available foragihtforward parallelization, a number of
tracking algorithms had to be developed as patheflearning process and to develop the
final tracking implementations of IMM and IMMPDA.HIS required the development of
simplified algorithms which have been studied w#ghnumber of small experiments.
MATLAB [Matlab93] was an essential tool to this @ééspment and consequently the

overall learning process. Although MATLAB is notristly a computer language,
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nevertheless it is a very powerful mathematicalettgwment tool. All of the algorithms
shown in this thesis have been developed and téstecbrrectness and effectiveness by
making use of MATLAB. The chosen language for theaflel implementation of the
algorithms obtained was the ANSI-C language [Kdraf8], to facilitate migration to
different platforms. Obviously, this does not meaat the identical program written in
ANSI-C for a transputer architecture would run with any modifications in a CS-2
architecture. All of the message-passing constiuaie to be replaced as part of the porting
process. However by using ANSI-C these modificatiovere reduced to the message-
passing constructs and corresponding connectionthis manner most of the algorithms
developed here were carefully designed to indicatésolate the machine or message-

passing dependent components, to make portingtvedly straightforward task.
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Chapter 3: Tracking Systems

3.1 Introduction

Tracking technology has been used in many difteaeeas of science ranging from
physics experiments (e.g. using bubble-chambersyilitary applications such as missile
tracking, space-based weapon systems and civilcapphs such as surveillance systems,
imaging processing, robotics, global position systeand unmanned navigation systems.
The objective of this thesis is to study trackingtems in general as far as possible.
However, a real application has to be selected fimalistic demonstration implementation.
The most-widely known commercial application ofckilg systems is their use in Air
Traffic Management systems (ATM), in particular aaffic control. Therefore ATM was
chosen to be the basic application to demonstrate feasibility of the parallel
implementations. A few concepts are fundamentalrtderstand better the use of tracking
systems within ATM. The approach adopted here stdot with an overview of a general
tracking problem. Next a discussion of ATM systamprovided to identify where tracking
systems are localised. This contains a review efuse of tracking systems within ATM
systems to help select basic applications to bel e a test bed for the parallel

implementation demonstrators.

3.2 Tracking Problem Overview

All tracking systems are highly dependent ontipe of application. However any
tracking system comprises two main problems to ddeesl, namelyFiltering and Data
Association[Blackman86]. Both problems are in fact interdegemt but the following
examples will show them as two separate problemsifoplicity and to illustrate the ideas
more clearly. A more precise discussion about ttierdependence is contained in the

tracking application description, later on in thispter.

3.2.1 Tracking Filter

The first problem in any tracking system is tdam information about the object
being observed and to illustrate this Figure 4esents a target being observed by a sensor

which will deliver information about that specifimrget to the tracking system. For
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simplicity, it is assumed that the sensor is lodatthe Cartesian origin and it rotates at a
constant rate (T = sampling rate). As the senstates it emits a very fine infinite radial
beam that when obstructed by an object (the taigetpmediately reflected back to the
sensor. In this way the sensor detects any movhbjgcb every time its radial beam is
reflected back. Because of imperfections in thesgenand other external elements, the
reflections are corrupted by various kinds of noiter signal processing the information
contained in the reflected beam the sensor delitver@sn element called the “tracking filter”
inside the tracking system, measurements in tefmange () and azimuth #) of the object
being detected. As a consequence of the refleceinbsignal being corrupted, the

measurements delivered to the tracking system érand azimuth) are also corrupted.
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Figure4 - Tracking Filter Problem

The whole purpose of the tracking filter is to yd® a more accurate position, or

estimate, from the corrupted measurements. Atdaheegime the tracking filter will provide

a prediction of where the target is expected toirbeéhe future based on the current
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estimates. The tracking filter performs this estioraand prediction using mathematical
models which are responsible for modelling the @argajectory or kinematics and the
sensor measurement process. In the example shdwenkitematics system model is a
simple Cartesian straight-line constant-velocityvement and the sensor system is a
straightforward conversion from Polar to Cartesidhe filter shown is assumed to be
correctly initialised at; and att; to be already in track. Upon reception of the meament

in t, the filter performs the estimation and gives igulting estimated position foy. At
the same time the filter calculates the expectesitipa (prediction) of the target for the next
measurementtd). In t3 after receiving the new measurement and havingptie®ious
prediction it calculates a new estimation tprand a new prediction fdg . However when
the measurement i3 arrives at the filter the previous predictiorsignificantly different.
As a consequence the calculated estimate,fes poor in comparison with the previous
estimate. This problem continues for the next mesmsants until the target finishes its
manoeuvre. In the above example, such filter cacobesidered as a simpdef filter which

is more precisely described below.

As it was assumed that measurements are deliveremhge and azimuth and the

filter is assumed to be Cartesian then a conveisiorcessary and given by

SURN
8] |arctar(y/x)
which results in the following Polar-to-Cartesiaepasurement conversion function

X, =1 coq6)
Y =1sin(6)

Using these converted measurements the trackiteg fdop is performed at each sensor

target detection utilising the following equations:

current position estimation :

s el
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current velocity estimation :
X, — X
el
VY (WYl T Yn=Ys
current position prediction :
Myt
S, = = |+T
Yol LY Vy

current velocity prediction :

where in the above equatioBsis the position state estimation that containsGhaetesian
positionsx andy of the targetS; is the position state prediction containing thedited
positionsx. andy, , V is the velocity state estimation with velocitigg and Vy in the
Cartesian planey. is the velocity state prediction which is identidca V, and the
estimation gain factorr and S for the estimation of the position and velocitytes

respectively [Gul89].

As can be seen the tracking filter performancgedds on the values af andp. If
these coefficients are independent of the sampéiteg the filter is said to be stationary (fixed
gain) otherwise it is non-stationary. The filtersed to be adaptive if the coefficients depend
on the estimated value, otherwise is non-adaptagija80]. As the filter assumed here is
stationary, it starts to diverge whenever the tabggins a manoeuvre. Because of the very
nature of the filter chosen to estimate the tatgmectory, fixed gain in this case, it is

impossible to expect that this particular filtedlvgive good estimates whenever the target
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manoeuvres. Therefore, the first problem in angkireg system refers to the selection of a
good filter that can cope with most of the situasian the application where it is intended to
be used. A common solution, (i.e. choice of fif@rthe above problem) is frequently based
on a Kalman filter approach [Kalman60], [Kalman64dge also Appendix A for a basic
description. In recent years an increasing numibgrapers have been published to cope
with every possible situation [Gholson77], [Rick&).7More recently a newly developed
technique utilises a multitude of different Kalmfiiters concurrently to try to encompass
most of the manoeuvres found in a specific trackipglication. With this new technique,
calledMultiple Mode| the most suitable filter is chosen adaptivelyoading to the system
state. The multiple model technique has also mamatrons and can be used in different
applications. Amongst th&ultiple Model techniques thdnteracting Multiple Model
(Appendix B) is the most cost-effective implemeitatdeveloped to date and it has been

chosen as the basic filter element of the curresjept.

3.2.2 Data Association

The second problem in Tracking System refers @itfitiation, continuation and
elimination of tracks, which is generally calledalassociation. A typical example of data
association continuation is illustrated in Figur&.9n the figure the two targets are moving
at constant-velocity in a straight-line and it ssamed that two filters are already correctly
initialized and they are each tracking the two etsgFor simplicity the filters assumed are,
as in the previous example, batk filters. While the two targets are well apart thés no
difficulty in selecting which measurement belong®ach track, and in therefore performing
the tracking filtering. In figures Figure 5.B, Figu5.C and Figure 5.D three possible
association problems are illustrated. In FigurB #&hen the two tracks get too close
together and two measurements are received no esiohgtision is possible. A natural
solution would be to associate with a particulackrthat measurement which is physically
closer. However this does not guarantee that tmeecoassociation was made. Another
possible situation ocurrs when there is a missiegaion, as in Figure 5.B. In this case
only one measurement is available to be associatttdtwo tracks. And finally a more
complicated situation arises when alongside thé mesmsurements of the target position
pertubations and clutter are also delivered bystresor. In this case each target might have

more than one measurement to choose from for geciion process.
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Figure5 - Data Association Problem

In any of these examples the major problem iselect a specific mechanism to
assist in the association process. Any simple nresimadepending on the application can
lead to wrong associations which can then degtaeléracking until the track is lost. This is
mainly caused by a divergence in the filter pradictposition. The divergence occurs
because the tracking filter received a wrong meamant from the data association and
consequently the estimate and prediction delivavgdthe filter might not have any
connection with the actual target position now wrthe future. The prediction is then
returned to the data association to determine wioeegpect the next measurements for that
track, however because it is an incorrect prealictho correct measurement can be
associated with the track. If this process consnadter a few detections the filter will be
trying to estimate something that has no resemblamith the real target trajectory and
consequently that track will be lost. In summarstadassociation continuation determines

which measurements belong to which tracks utilisspgcific criteria to minimise the
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problems discussed above. There are two otheedefabblems in data association, initiation
and deletion of tracks. Initiation determines whamea new track has to be established and
hence a new tracking filter initiated. Deletiortli® opposite problem when tracks cease to
exist and hence their tracking filter should benieated. As in the continuation case there are
a number of different possibilities that can comgtié these two processes. In practice these
three data association problems cannot be condide@ependently because they are

dependant on each other.

A number of different techniques have been emplagdrack targets [BarShalom88],
[BarShalom78]. Each one of these techniques isumdecgand possesses its own drawbacks.
Initially the whole process was manual [Shaw86},this can only permit the supervision and
control of a few tracks and it also makes the systatremely limited. The first attempt to
make an automatic tracking system dates from 19&#€gr64] and was a major breakthrough,
establishing the data association process andagkwnamy currently used. The theory was
based on a probabilistic approach, to make theced®m measurement process a more
tractable one for implementation on digital compait8ayesian probabilistic theory has been
used in most of the more recent developments termigte the probability of each
measurement association. Because no "a prioritrmdton is known about the trajectories,
in the case of an optimal solution, it is necessamdetermine all possible associations and
to store them until further measurements arrive.tifey arrive, some associations can be
discarded due to their low probabilities. At thensatime, some of these associations have
to be maintained while new ones are generated kBlaa86]. This method, if fully applied,
results in a computer implementation that is naicpcal because of the exponential-
increasing number of associations. A number ofriggles have already been developed to
reduce the increasing number of associations oothgges. These hypothese-reduction
techniques are based on either merge or prunisgrok of the hypotheses. Amongst these
there are the Multiple Hypothesis Tracker [Reid7®obabilistic Data Association
[BarShalom78] and Joint Probabilistic Data Assacra{Fortmann83], see also Appendix
C.
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3.3 Air Traffic Control asa Tracking Application

3.3.1 Introduction

The proliferation and growing sophistication o¥itan and military surveillance
systems has generated a considerable interesthnitgies to track an increasing number of
objects whose measurements are obtained from ay ch#ferent sensors as possible
[BarShalom88]. Although numerous theoretical arehmécal advances have been made in
recent years, most of them are still classifiednditary purposes as they were 40 years ago

when the first work in this area appeared [Kail&tl6

The theoretical and technological complexity of ttecent advances has precluded
their application to civil aviation. However witleaent advances in aerospace and computer
technology and the continuing increase in civiladien transportation, many improvements
are still expected in the near future for ATM [FABI8[Fischetti86], [Brooker88]. A complete
discussion of all these advances and how they gplied to improve ATM system is beyond
the scope of this thesis. Nonetheless some ofdhenaes in computer technology are being
applied to ATM systems because hardware costsapidly diminishing and computational
power is correspondingly increasing. In fact thedgances have been exploited in recent
years, but always by replacing old, relatively sloemputers by similar ones with faster
processing, preferably from the same manufactiten{87], [Goillau89]. Therefore it seems
that the natural path to make use of high perfoomaand parallel computer computational
power allied with more advanced tracking systenish&ithe next major breakthrough in civil
aviation. In practice, parallel technology has baeailable for some time but applied only to
radar digital processing as described in [Bergl@hddnd more recently in [Franceschetti90],
[Turner92], [Edward92]. On the other hand a m@blem delaying current ATM system
modernisation is the reluctance of ATM regulatard emanagement to replace ATM tracking
systems dating from 1960 and still using vintagp filters for modern systems with better
tracking systems (algorithms and machines) [Bax®h@kb]. This reluctance is caused by two
basic facts: First, because current parallel tddgychas not achieved the necessary maturity
to replace safely the old system in terms of theynstrict security requirements used in ATM,
such as hardware MTBF (Mean Time Between Failuaes) software reliability; Second,
because ATM regulators are extremely conservativé laureaucratic [Stix91]. Next an

overview of ATM systems will be given. The objeetiis to show step-by-step each of the
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main components of an ATM system until the traclksnsystem to be used throughout this

thesis is identified.

3.3.2ATM Overview

ATM systems comprise many subsystems and constyguenumber of different
physical implementations exist [Shaw86], [Farina8&hese physical differences represent
a wide range of choices influenced by a numberdiffierent factors such as the
geographical location of the radars, type of radarployed, quality and type of their
delivered data, communication mechanisms betweematiars and the processing centres,
computational power, technological limitations, eamical constraints, etc. All of these
elements in different proportions have contributedthe wide range of different ATM
implementations. Thus Figure 6 represents a siiegliillustration of a typical ATM

system.
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Figure6 - Typical ATM System
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The multiple sensors depicted in Figure 6 peth@timplementation of mechanisms
to improve the information provided by each senswtividually at the centre level
[Gertz89]. The subject that studies sensor intereotion is known as multisensor Data
Fusion [Blackman90]. Data Fusion in turn utilizeswamber of different mechanisms to
achieve a multiple-system synergy. For examplethm (already ageing) current ATM
systems this synergy is achieved by combining maental reasoning methods using
manual aids [Waltz90] with automated tasks. Ondtier hand in a more modern and up-
to-date ATM environment these mental reasoning arathual aids are expected to be
automated and consequently transferred to computkese are a vast list of possibilities to
achieve such a fully automated system by emplogtate-of-the-art techniques. Again this
will require a more open mind by ATM senior manageirto understand and to realize that
these techniques will be introduced into the ATMWissnment in the near future. Because
of the wideness and richness of this subject isdae beyond the objectives of this thesis
and therefore it will not be treated in detail héMenetheless it is important to note that any
improvements that can be made in any of the stagdee ATM chain is beneficial to the
overall system. It is also important to stress taltisensor data fusion along with high
performance computing using parallel computerswaoeof the elements at the leading edge

of ATM and will probably enable the next technokmjibreakthrough for ATM systems.

This multiplicity consequently has resulted in amber of different logical
architectures to make best use of all of the infdrom provided by ATM subsystems.
Amongst potential logical solutions, a possible oweuld be each radar system
implementing a local tracking subsystem to imprdwe quality of the data received. This
improved information would then be sent to a ATMhitte where fusion of the information
would be done. This fused data would require mophisticated tracking filters and other
mechanisms in order to take advantage of the diyeskinformation being obtained from
several different sensors. A typical arrangementlustrated in Figure 7 and before the
logical distribution of ATM tasks is discussed,istfirst necessary to establish the main
reason why ATM systems possesses such a wide itijvdrise main reason for such variety
in ATM is the wide range of sensors being usedh gamesenting considerable diversity and

at the same time having different geographicaltlooa. In more concrete terms, radars can
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have different sampling rates, measurement preciaia also measure different physical
guantities (e.g. range and bearing versus bearidgfrequency). These sensor differences
make sensor alignment a necessity to bring thethgsame precision and time. Also the
sensors are usually geographically distributed oersurface of the Earth to improve the
target information. This geographical distributisnusually arranged so that two radars

cover the same area in space, providing an overlap.
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Figure7 - ATM Logical Distribution

This overlapping means that one target is meashyetivo or more sensors and
hence it is possible to improve the informationwtibat particular target. Each radar works

almost independent of each other, because theyneidisure a given target using their own
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local system co-ordinates. Now if each local radiormation is sent to a ATM centre a co-
ordinate transformation is required [Shank86] timdpall the sensors target information to a
common co-ordinate system (e.g. stereographic gioje[Mulholland82]). The illustration

in Figure 7 does not give any details about thisasuan example imagine that each radar
measures the targets in its own local co-ordinggéem. Each radar performs its own local
tracking operation by using the local co-ordinat®imation in order to improve the target
information. It would then send this improved fitd information in their local co-ordinates
to the ATM centre. The ATM centre would then needbting all local co-ordinates of each
radar to a global co-ordinate system and then grdjeese global measurements avoiding
any geometric distortion. After that it will neead align all radar measurements which will
then be sent to a global tracking system. A difieeerangement is possible if after filtering
the local co-ordinate measurements, each radamsystnverts this estimate into the global
co-ordinate system prior to sending the data tcAth! centre. In that case the ATM centre
would have only to perform the co-ordinate projgctand sensor alignment. This task
division can vary from different ATM systems degemg on many factors. The list of
factors is extensive, and sometimes the decisionti®nly guided by the best technological
options, but will take into account other constsaihat can limit the final resolution of the

overall ATM system.

In any case, the central tracking system at théViAdentre is usually far more
complicated and requires a more concrete and pragaEproaches to achieve good results
than isolated local radar tracking systems. Bec#usdracking system at each individual
radar site is significantly simpler, such systems the most logical candidate tracking
system for the initial development of the geneacafiel tracking algorithms in this thesis.
Before discussing these tracking system, it is s&smy to provide a brief introduction to

radar systems in general.
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3.3.3 Radar Systems

As indicated above there is a large variety ofaraguipment available (for more
information see e.g. [Giaccari79]). It is helpfal éxplain how data for tracking systems is
obtained within radar systems. In order to do tlhabrief discussion about this type of
sensor is necessary, but the reader should beamith any attempt to separate the whole
system into smaller pieces for a better understendan lead to some oversimplifications.
Radar systems are built for one essential purptzsegontrol aircraft movement. The
tracking system in itself is only part of a contlebp, therefore the full radar systems must
be studied as a whole. However due to the oveoafiptexity, it is inevitably broken down
into subsystems for understanding and design pegpol fact, this aspect has been
forgotten in many descriptions about radar andeinegal sensor-based systems because the
interpretation of these system as a whole is exhgiangthy and complicated in most cases
[Blackman86].

A concise description of radar applications isegivn Table 1 to illustrate a number
of areas where radar systems are employed (see €eJé/6é], [Skolnik81],
[Hovanessian84], [Brookner77], [Carpantier88], [®aB8], [Stevens88] for a more

comprehensive review).
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Long-range early warning
Ground-controlled intercept

Air surveillance Acquisition for weapon systems
Height finding and 3D radar

Airport and air route

Ballistic missile warning
Space and missile surveillance Missile acquisition

Satellite surveillance

Sea search and navigation
Harbour and waterway control
Surface search and Ground mapping

battlefield surveillance Intrusion detection

Mortar and artillery location

Airport taxiway control

Observation and prediction
Weather avoidance
Weather radar Clear-Air turbulence detection

Cloud visibility indicators

Antiaircraft fire control
Surface fire control
Missile guidance
Tracking and guidance Range instrumentation
Satellite instrumentation

Precision approach and landing

Planetary observation
Astronomy and geodesy Earth survey

lonospheric sounding

Table 1 - Radar Applications
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The last factor to characterise radar systemshardasic elements contained in the
system. There are many descriptions about the ledesicents of radar systems [Farina80],
[Barton88], [Farina85], [Hovanessian84], but all them have the same simplified
schematic as in Figure 8. Obviously specific aggians will require different installations.
For example, bistatic radars have two disjoint mmée, one for the receiver and other for
the transmitter. More generally a multistatic systevill comprise multiple transmitters
coupled with multiple receivers, and also monosteddars (transmitter and receiver in the
same location) [Farina82]. A more precise desaipbf antennae, transmitters, receivers
and duplexers can be found in [Wheeler67], [Sk@mhik

Duplexer _
Transmitter
Transm. Param.
Raw
Signal
Reception Antenna
Sgnal Param. Position
ProCessor
Filterin
Video g %?S?él;%l
Signal Threshold
Data
Data Processor
Extractor [ piot Data

Figure 8 - Basic Elements of a Radar System

The signal processor is responsible for procesdimf the signal echoed back to the
radar antenna [Oppenheim78]. This component isi@rt obtain usable information that
will be processed later by the tracking systenwilk filter most of the radar return signal

which is frequently corrupted by spurious returassed by a variety of problems such as
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clutter, JEM (jet engine modulation), and ECM (&legic countermeasures) [Blackman86].
A number of techniques have been incorporated énsistem in order to provide more
reliable measurements, such as pulse compressmringntarget indicator, pulse Doppler

processing, moving target detector, constant falaem rate, etc. [Barton88]. The main
function of the signal processor is to processotitained raw information from the receiver
and to transform it into a more coherent form byangeof digital signal processing. The
scope of this activity is too large to be discuskede (a concise description of the main
components and techniques for radar signal praugssin be found in [Oppenheim78]). It
is also important to point out that radar signabgessors have been using parallel
processing for some considerable time [Bergland@2}il recently these techniques were
based upon building relatively expensive deditaterdware to cope with the

computational demands of signal processing. Regentbre advanced and less costly
parallel techniques have been used to implemerdetrsignal processing capabilities
[Edward92] (in particular for Synthetic Aperture d@a (SAR) as described in

[Franschetti90] and [Turner92]).

The information delivered by the signal processtil contains a large amount of
data, which has to be further reduced in ordeetprocessed by the radar data processor. At
this stage, for example, a aircraft target willdeen as a sequence of detections from the
same object, due to the discrete nature (pulseatilaatenna rotation of most Track-While-
Scan (TWS) radars [Hovanessian73]. The next sthgedata extractor, is responsible for
all necessary packing of related measurementsairgmaller form, or "plot". In the aircraft
example that information will be reduced to a singllot, referred to as a "target".
Obviously some spurious information will also betzoned in a plot, this will be referred to
as "clutter". The data extractor attaches radasrinétion to the plots. This information
refers to range, azimuth, elevation (when availahiadial velocity, and possibly other
details (target signature). These plots togethér thie attached information are then passed

onto the radar data processor [Farina85].

The radar data processor or tracking system, wisithe main object of the present
study, is responsible for all tasks related torpreting and translating plot information into

a coherent set that can be used by other commpitgigly systems/humans operators to
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provide control over the air space being obseriredact the whole ensemble of the radar
system can be seen as a bandwidth compressorae sh&igure 9. This radar information
compression is necessary to permit fast and easpm@hension by operators to provide fast

responsiveness for different air traffic controhdaions.
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Figure9 - Radar asa Bandwidth Compressor

As can be seen the radar data processor is thsté@e in transforming the original
information, raw data delivered by the receivetp ia more concise and useful format. The
radar data processor is also called the radaribgslystem and its basic operation is described

next.

3.3.4 Radar Tracking System

Radar Tracking systems are used to reconstrudtajeetories of moving targets and

to predict their future trajectories from the datavided by the rest of the radar system.
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They have to determine when new tracks need tadmed and old ones eliminated from
the system. Two main elements are crucial in estahb the tracking system requirements,

the target dynamics and available accuracy indtajg measurements.

The dynamics of the targets [Willems90] in airfficacontrol are to some extent
unpredictable, because of unplanned manoeuvresvaather conditions. Therefore, they
can be tracked with relatively short smoothing snaend predictions that are limited to a
time not too far in the future. This is the oppegiase to a target being tracked which obeys
deterministic physical laws, as in the case of &ellg®. The target trajectory is
characterised, at any given time, by its currergitmm and its derivatives [Goldstein80],
[Sen79], [Lanczos70]. The target kinematics charédtion depends upon the target type.
Target dynamics and performance varies enormounslyTable 2 gives an idea of the wide
range of velocities and accelerations that diffetangets can assume. Another important

factor in the target kinematics characterisatiommiget manoeuvrability.

Target Type Velocity Acceleration
Military Aircraft 50m/s - 1000m/s 50nf's 80m/$
Civil Aircraft 50m/s - 300m/s 10ms 60m/$
Short Range Missiles 2000m/s 150mMm/s
Long Range Missiles 7000m/s 600M/s
Satellites 4000m/s 10n/s

Ships 0 - 30m/s 2nfl's

Land Vehicles 0 - 50m/s 4mi/s

Table 2 - Typical Target Dynamic Char acteristics

Modelling the dynamics of a target requires a nembf simplifications to the
original physical model in order to make it feasidor computer processing. These
simplifications depend upon the target that theighes is trying to model. A common

reason for simplification is to reduce the numbfevariables that represent the dynamics of
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the target (the computational costs increase asitingber of variables increases). As an
example, a common simplification for manned velidech as civil aircraft is to assume
that the target follows a straight-line constanbegy trajectory and well-behaved circular
trajectories such as co-ordinated turns [Blom82xj.the other hand, this is not the case
when the target under consideration is a militargraft or a missile. Despite any effort to
perfectly model a target, there are also other ankncomponents that makes the modelling
of target kinematics a difficult task, for exampdedden and unexpected manoeuvres,
unpredictable weather conditions, etc. These unknocewmponents are frequently modelled
as random perturbations that are incorporatedthregdarget kinematics models [Singer70].
The correct modelling of the target dynamics widllghto determine the efficiency and

accuracy of the tracking system.

The target trajectory positions are measured byddar and they are, in general for
the purposes here, obtained in Polar co-ordinat@s)uth () and range). However due
to the characteristics of the measurement proddesagnessian84], [Hovanessian73], the
azimuth measurement error is far more significhantthe range error in determining the
target correct position. These errors, in the sameaner as in the kinematics modelling,
play a major role in the quality of the trackingopess. In other words, it does not matter
how good the rest of tracking system algorithmg the measurement data is excessively
corrupted by noise. It is clear that there is a gamise between the quality of the tracking
system and the quality of radar data. There aretype of errors associated with measured
positions in radar systems [Gertz83]: measurememtss and bias errors. Measurements
errors are unpredictable, uncorrelated, and unabtéd Bias errors are consistent and can
always be removed from the measurements, oncetdétaod mapped (e.g. ground fixed
clutter and mechanical misalignment of radars). @again, in the case of measurements
errors a common solution is to model them as randoors that are incorporated into the

measurement model.

To summarize, modelling is a fundamental taskeasighing a tracking system, and
it consists of separating phenomena into two p#nesfirst associated with the target under
observation and the second that results from thasorement of the observed target. In

other words, the target kinematics and the sereqmorts or alternatively th8ystem Model
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and theMeasurement ModelThis modelling usually requires a variety of neatfatical
tools to establish a satisfactory and convenigoresentation. The overall process is lengthy
and is described in more detail in the followingerences [Schwartz75], [Sage79],
[Gelb74], [Lanczos70], [Goldstein80], [Maybeck79].

Basic Elements
Different authors take different views of the gaot a tracker [Shaw86], [Farina85],
[Hovanessian73], [Blackman86]. A tracking systeng@meral can be broken down into four

main task as illustrated in Figure 10.

Track Initiation
gg;g — > Correlation —> Confirmation
] Logic Deletion
Logic
Filtering
Gating < and
Logic Prediction

Figure 10 - Radar Tracking System

Before any discussion about the components odekitng system can begin, some
assumptions have to be made about the measurenoestsp implemented by the rest of the
radar system. It is assumed that the measuremesmtsoming in time sequence without
interruption. As an analogy imagine a TWS systeitecting and delivering data with some
small delay. A sectorization process [Farina85d@e in order to allow the real-time
processing of the plots into tracks. Sectorizatiefiers to the division of the radar coverage

into identical azimuthal sectors. The number ot@scwill depend on many factors such as
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typical number of plots per sector, computer memooynputer processing speed, etc. All

processing is done on sector basis with the folguWbgical description:

1. The radar was turned on some time ago starting &o@ssumed first sector or sector
1. It is now collecting data from sector 6. Therefplot data has been already stored
for sector 1 to 5. Suppose that the tracking pragsarunning one step behind the
radar data collection, i.e. while the plots fromtee6 is being collected, the tracking
program is processing sector 5.

2. While the radar is collecting plots for sector Ie tracking system is processing the
deletion, initiation and maintenance of tracks)gglots information from previous
sectors (1 to 5). It first removes stationary eutfrom sector 4 by looking
simultaneously at two adjacent sectors (3 and ayvted boundary problems. Sector
3 is processed to associate its plots with existiagks, once again two adjacent
sectors are also looked to avoid boundary probléest sector 1 is used to select

the remaining plots to be used as tentative tracks.

The above description is an example of how a inackystem based on TWS radar
copes with the arrival of continuous data. The inga step for the purpose here is the
association of plots to existing tracks, whichhe tibove example occurs in sector 3. Again
it is important to understand that the descriptiiven here is illustrative only and many
details have been omitted. Also this is only oneomgst many of the possible systems

available to implement a tracking system.

Association (Correlation)

Correlation or association is concerned with #sk tof identifying which plots can be
associated to which established tracks. The whaleegs consists of two stages, correlation
and assignment. Correlation consists of finding mdits that can be associated with a
particular track. If all plots are to be consideme@ssociation with a track, in a very dense or
cluttered environment, this correlation will bdengthy task. A common technique utilised to

reduce the number of possible associations is kresgating Gating consists of creating a
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geometric region around the predicted position dfaak that will provide afirst cut to
selecting the most plausible plots to be associatttdit. Note that the correlation is done on
the basis of a plot inside the track gate. Howethere are many possible combinations that
make the overall process not as straightforwardetsut above. In a very dense environment,
many plots can occur in the same gate. On the oited, a single plot can occur in many
different gates. There are essentially two basithaus to permit the association, deterministic
and probabilistic. Recently new techniques haven b@®posed in order to improve the
association mechanism in dense, complicated @mwients. They are based on neural logic
[Sengupta89] and the Dempster-Shafer method [W@lta&ith the deterministic approach
when conflicts arise a unique plot is sought iedite gate using distance criterion to make
the assignment. The distance can be an Euclidstande or a Bayesian probabilistic distance
based on predicted characteristics of the traekptbt or both. This method is also known as
nearest-neighbour algorithm [Farina85], [Blackmdn@Bovanessian84], and relies on the

assumption that only one plot can be used to ughbatack.

Despite the straightforwardness of this methodimber of pitfalls can occur. As an
example imagine only one plot falling inside twdegafrom two different tracks with the plot
having the same "distance" from both tracks. Anotlase would be having two plots inside a
target gate with both plots having the same distdrmmn the target predicted position (centre
of the gate). A decision for the mentioned anorsaliein general, implementation dependant
and is usually deterministic when there are fewioences. For more general situations where
conflicting situations frequently arise, as mengidnabove a more general method is
employed. This method uses the Bayesian Probabitigory [Papoulis87] to determine the
best solution. An optimal solution is frequentlytractable because of the computational
explosion of possible hypotheses and consequeigty domputational costs. A number of
suboptimal techniques have been developed in rgeam to prevent such a limitation. Three
different approaches are known to daseget-oriented measurement-orientednd track-
oriented [Zhou95]. In thetarget-orientedapproach a measurement is assumed to originate
from a known target otherwise is considered aseslutypical examples are the Probabilistic
Data Association (PDA) [BarShalom75] and Joint Rtmlistic Data Association (JPDA)
[BarShalom88], [Fortmann83].
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The PDA deals with the tracking of a single targéeady initiated, with clutter. The

JPDA and variations as in [Zhou93], [Fisher89], #80684], can track multiple targets very
close together, in the presence of clutter. rieasurement-orientegpproach assumes that
each new measurement originates from either a kriamget, clutter, or new target. A typical
example is the Multiple-Hypothesis-Tracking (MHTy@rithm [Singer74], [Reid79]. There is
also a more simplified version of MHT, known as thranching algorithm [Smith75]. The
essential concept of MHT is to postpone a deciswhenever any doubts about the
association process occur, to a later stage whee mformation will be available. On the
other hand, possible tracks are created and thepevused as soon as the new information
becomes available. As new measurements arrive ypettresis tree would expand and in
order to prevent the explosion of possible hypahkes mechanism based on merging and
pruning of hypotheses is usually included in thehoe. Finally thetrack-orientedapproach
assumes that each track is either undetectedinteed, or associated with a measurement.

This is a recent proposal and not many implememstof this method have been published.

I nitiation/Confirmation/Deletion

This is the process of confirming the existenca tick whenever a certain condition
arises. It is also used to eliminate tracks thasémme reason are no longer valid tracks. And
finally to determine which of the measurements deét considered to be possible new tracks,
namely initiation. In some systems this task i done manually [Shaw86] because of the
complexity of the algorithms. The automatic initat process is not a simple task and in fact
it can be one of the most difficult in a dense aothplex environment as pointed out in
[Blackman86], [BarShalom83]. The Initiation and @onation stages are usually grouped as
a track set-up process. The initiation stage cioes all plots that were not used in existing
tracks (firm tracks) or clutter (stationary trackBherefore, a initiation track can be started in
any observation as long as the related plot doebelong to either a confirmed or stationary
track. The confirmation stage is based on furthseovation and its relation with the initiation
tracks. There are some rules to "confirm" the erist of a track. Again these rules are
frequently based on probabilistic approaches. Apkgrand common technique known as the
sliding window method (e.g. the probability of amhing m successes out @f consecutive

events at least once by tN&h opportunity) is frequently used to initiate ack [Castella76].
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A number of more complex approaches to trackatioh have been proposed based
on integer programming methods [Morefield77] andrensophisticated probabilistic rules
[Blackman86], [BarShalom88]. The deletion processgenerally based on very simple rules
such as unsuccessful detection attempts (e.g.cassecutive number of misses). However,
again more complicated formulations based on piibtiad can help to establish more general
approaches [Sittler64]. There are also many otietofs that should be taken into account, for
example, the quality of the track will possibly eletine the size and shape of the gate, and
also the quality of the plot. As an example consalérack with high quality data and two
plots within its gate. A first plot has high qugliiut is further from the predicted position than
the second plot. The second plot, on the other ,haasl a lower quality. Obviously some
stronger criteria than distance (as Nearest-Neighbd\IN) should be found to permit the
correct association for the above example, othermiéscorrelation will happen and as a
consequence tracking will be poor. These criteria again heavily based on Bayesian

probability.

Gating

As it has been shown in the correlation procesingis a very important phase of the
tracking process. The gates are generated froriltdréang and prediction process (discussed
below) and help to perform the correlation proc€zates are essentially determined by the
variances of the measurement, the system co-oediaaid filter equations. Intuitively a gate is
a region around the predicted position were thé measurement is expected to happen. The
size will depend on the quality of the measuremérassequently their variances) and the
quality is the estimation or prediction processe Bhmape will be strongly influenced by the
system co-ordinate chosen. A more complete amddiodescription of gates can be found in
[Blackman86] and [BarShalom88], where the filtezdty for tracking systems is developed,

in particular Kalman filtering.
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Filtering and Prediction

Filtering and prediction are fundamental elementsany tracking system. These
operations are implemented by means of digitaérBitand estimation theory [Gelb74]. As
discussed above, the design of a tracking filtestiengly influenced by the mathematical
models of the system and measurement. The desityre afacking filter also determines the
overall performance of the tracking system. As aanmgle, take the previous topic,
correlation. The whole process can be jeopardisélaei predicted position is too far away
from where the next measurement is expected, asguimit the measurement is "correct”. It
also plays a very important role in determining iz of the gate. These two models are also
strongly influenced by the co-ordinate model chopdnlholland82], [Shank86]. The co-
ordinate system chosen also influences the dynaquations of the target, because some of
them are not inertial. It is natural to solve tiagkkinematics equations in Polar co-ordinates
(range, azimuth and elevation), because theséharaatural measurements provided by the
radar system (this is not completely correct asvshby [Farina85]). Most radar systems
currently deployed deliver their measurements ifafPoo-ordinates. As a consequence, a
complicated filter is necessary to accomplish theking task. The use of Polar co-ordinates
thus leads to the use of the more complicated HetkriKalman Filters for simple target

trajectory tracking.
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Chapter 4 : Parallel Interacting Multiple M odel

4.1 Introduction

The IMM algorithm has received great deal of attenin the literature [Blom82b],
[Blom88], [Blom90a], [Blom90b], [Vacher92], [BarSlwan92a], [Lerro93a], [Li93a],
[Li93b], [Atherton94], [Lin93a], [Lin93b], [Lin93c] It has been shown to be a relatively
simple, cost-effective method for hybrid systemineation [Blom83a]. Hybrid systems
comprise continuous-valued state elements thatveviml time according to one of the
selected models. The selection or switching from oantinuous model to another takes
place according to a Markov chain with an apprdprigransition probability matrix
[Gillespie92]. The transition is the discrete stafimment in the hybrid system. The IMM has
been shown to perform well in estimating the trgec of very manoeuvrable objects
[Blom82a]. Consequently, one of the main areaspplieation has been air traffic control
and more generally Tracking System, although italan be applied to other areas governed
by hybrid systems [Blom83b]. As described previgushe application framework to be
used to implement IMM in parallel (parIMM) is a gt air traffic control environment.
The main objective of this section is to investigahe processor scalability and
computational load of this algorithm. In a broadense the scalability of the algorithm will
vary, not only with an increase in the numbermicessors, but also with an increase in the
number of models used to implement the IMM filteMtimately, the analysis needs to
determine the internal component computational lambrding to the number of processors

and number of models used to implement the alguarith

In order to develop parIMM this section will notegent the IMM algorithm
equations because they have been extensively detum the literature [Li94]. The
approach here is to assume that the reader isdglf@ailiar with Kalman filters and
multiple model techniques as used in IMM. Only aey& (and as far as possible intuitive)
description will be included to show the developimeha parallel implementation, rather
than concentrate on the mathematical complexitglired in the algorithm. A review of the
necessary theoretical elements to introduce andaiexphe Interacting Multiple Model
algorithm along with its equations in terms of thain components (Interaction and

Mixing, Kalman Filters, Probability Update and Cand is given in Appendix B. This
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review is not intended to be either complete oonogs, being restricted to the introduction
of the basic problems that have led to the deve@spinof a range of multiple model

algorithms and in particular the most cost-effeziiv this class, the IMM algorithm.

The structure of this chapter is firstly to intume the parallel model to be assumed
for the parIMM implementation. It describes the reot selection and matching of the
algorithm granularity to the architecture granuiarWith a particular granularity selected it
will show the minimum set of variables that are essary to be exchanged amongst the
parallel components. It will also show that morarttone strategy exists to communicate
this minimum set of variables amongst processang dommunication strategies are then
explained taking as a reference the chosen artimigegyranularity and minimum data set.
Next an application based on air traffic controfiéscribed to test and validate the parlMM.
The description gives the IMM filter parameters-gptfollowed by a description of the data
test set simulator generation. After implementihg filter, the testing of parlMM s
undertaken on different architectures with an iaseel number of processors. Therefore, the
results are classified according to the architestland presented in terms of the speed-up
and efficiency achieved on each architecture. Alsce the best communication strategy is
determined for each architecture they are furtimadyaged in terms of each of the internal
computational elements to determine their compantati load on the overall parallel
implementation. Finally the conclusion gives a geheverview about the achievements

and drawbacks found during the development of M implementation.

4.2 Paralldizing the I nteracting Multiple Model

A parallel implementation of the Interacting Mpleé Model filter (parlIMM)
requires a number of different steps. Firstlyeduires the selection of the appropriate grain
size for parallelization i.e. small, medium or karggrain. Secondly, depending on the
selected grain size a strategy to obtain a paraltgrithm has to be determined from the
original sequential algorithm. This section desesilthe criteria used to select the grain size

and the approach to parallel implementation ofitieracting Multiple Model.
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4.2.1 Grain Size Problem

The first important issue to discuss before selgcan appropriate grain size to
implement the IMM on parallel architectures is twenplexity of the algorithm. It is not an
easy discussion because IMM complexity dependsnamy parameters and conditions. As
a simple example take an IMM with few models (feav Kalman filters). Although there
are a small number of Kalman filters, they coulddlatively complex and have a relatively
high number of state variables. If this is the ctmeKalman filters can become the most
computational demanding component of the IMM aldpon. Hence, in this example the
Kalman filters become the main element for parakeion. Kalman filter parallelization has
been shown to be cost-effective if made on finengaachitectures [Gaston90], [Lawrie90],
[Lawrie91]. Usually this fine grain architecture amislates into systolic array
implementations of the Kalman filter [McCanny89]n@ther example is to consider the
opposite case to the previous one, where a highbaummf models or Kalman filters are
present and all of them are relatively simple aagteha small number of state variables
[Lin93a]. Clearly, this time the Kalman filters an®t the main component of the overall
computational load and therefore they are not tha&inmsubject of parallelization.
Furthermore, there are many other factors that make the IMM algorithm vary in
complexity, e.g. an irregular transition probapilihatrix [Blom90b], utilisation of square
root Kalman filters [Raghavan93] and high-orderdixted Kalman Filters [Vacher92]. In
summary, the IMM complexity study plays an esseér#ator in determining the parallel
granularity selection to obtain the best compromiBee implementation presented here
assumes Kalman filters that are computationallgtiip-medium weighted and hence they

are regarded as unit block elements around whicdlphzation will take place.

In view of the above explanation it is straightfard to conclude that the correct
granularity is a large or coarse grain. In facg selection of the algorithm complexity and
ultimately the final granularity cannot be done igolation. The granularity of the
architecture is a factor in selecting the apprdaprelgorithm granularity. The architecture
considered in this work is a distributed memory NIIMarchitecture [Hwang87]. This
architecture has a relatively large grain size Wisigggests the selection of a large algorithm
grain size. This correct matching between algoritrain size and architecture grain size is
more likely to produce the best parallel efficiefiegx88]. The selected grain size implies a

distribution of the algorithm largest componentg. iinteraction and Mixing, Kalman
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Filters, Probability Update and Combine, amongstessors. This distribution can be done
using essentially two different techniques. Thetftechnique is thEarm approach and the
second, almost a particular case of the firstaiked Single Program Multiple DatéSPMD)
[Quin87].

In the first approachfdrm) a manager is responsible to partition the dath an
distribute them to specialised workers. In the sdcapproach (SPMD) the same algorithm
is implemented on each processor and it acts dWfrent data without any particular
manager. Thdarm approach depends on a heuristic distribution eftdsks which could
lead to a task being a bottleneck in parallel algor performance [Atherton94]. The
approach here is to implement the IMM algorithm anSPMD way on two different
granularity MIMD distributed memory architecturagmely transputers and the MEIKO
CS-2. A manager-workers approach has been alresety in two different types of MIMD
architectures. In [Averbuch9l1a] and [Averbuch91lldhared memory MIMD architecture
has been used to implement the IMM, while in [Atbe®4] a distributed memory MIMD
architecture was used. Also a very interesting @t using an adaptive IMM (AIMM)
was suggested for implementation on a paralletidiged memory MIMD architecture as
described in [Munir95].

4.2.2TheparIMM Model

For the development of the algorithm it is assuthed the MIMD architecture has a
number of processopsand the IMM filter has a number of models or fit, and with the
only restriction that the number of processorsidbexceed the number of filters, orxp.

The distribution of them filters amongst thep processors is made statically and
sequentially. This guarantees that processors laresa equally load balanced in terms of
number of filters. After the distribution each pessors will haveps filters. The algorithm
performs as in the sequential case until exteratd & necessary from other processors or
internal data needed by other processors has teebeto them. To carry on with the

description of the selected parallel model a fesuaptions are necessary :
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* The Probability Transition Matrix is known by aliqeessors

* All mode probabilities (O ) of the IMM algorithm are also known by all
processors all the time.

« And finally, for further simplification the indeg referring to the processor will
be also dropped and any processor will be assumkdve a set of internal filter
parameters given bpi, and all other parameters corresponding to externa

filters on any other processor as an externalisehdyp out

The following table (Table 3) summarises whereemdl data is needed and where

internal data is ready to be sent to other procedso each IMM step

Interaction and | Kalman Probability Combine
Mixing Filters Update
Imported Xout, Pout Ooéft)’ @out Xoutt , Pout
Values
EXported q Xin , Pin ) Gh anz
Values

Table 3 - parlMM Exchanged Data

Considering the above table, the structure oféalgerithm and its equations the

following elements have to be exchanged amongsessors :

x,P, O, &

In order to reduce the number of exchanged datassiteonsider now the following product

QA=Q 8,

which will be called from now on theartial probability update
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The above analysis has determined the minimum at@iuinformation which has
to be exchanged in order to accomplish the paisitelThis is the estimates, the respective

covariances and their partial mode probability or

n A

x,P, O

These internal values of a processor are geneaatdiferent points in the parallel
algorithms as can be seen in Table 3. On the ¢ttwed, the external values for the same
processor are needed at different points as showimei same table. To accommodate this,

three different methods are utilised to impleméetalgorithm on a parallel architecture.

Asynchronous

This mechanism allows data items to be exportesthier processors as soon as they
have been produced. This approach broadcasts tg etler processor the estimates, their
covariances and the corresponding partial prolghiipdates just after they have been
calculated. This mechanism implies that each pswmewill be interrupted in different
phases of its internal processing to receive data ther processors. However these data
may not be needed inside that processor at the mtoofeits arrival. Consequently, a
buffering mechanism has to be implemented to hio&received data until the recipient

processor is ready to utilise them.

Synchronous

This mechanism allows data items to be importennfrother processors on a
demand basis. This approach requires that a renggstocessor demands data from any
other processor whenever is needed inside it teugufurther calculations. This mechanism
implies that each processor sending a requestdfar id other processors will have to wait
until that data becomes available on the requeptedessor. This mechanism does not

require any special kind of buffering inside thellgiM algorithm.
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Block Synchronous

This mechnism allows each processor to exchangeitéans in a synchronous block
mode. This approach calculates all its relevantii€al filters parameters, namely estimates
and respectives covariances along with their agsegtipartial probability mode updates and
accumulates them internally in a block of data tdt be later broadcast to all other
processors. After all processors reached the sdage ghey engage themselves in a
broadcast of their internal block of data to @#ley processors. In summary every processor
exchanges its block of data with every other prsgesin the architecture. This in fact

implies the creation of a new module as illustratethe Figure 11.
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4.3 | mplementations

43.1parIMM set-up

The IMM has been mainly used to implement reldyiv®mplex tracking filters for
air traffic control systems [Blom84a], [Blom92], §¢her92], [Li93a] that are based on a
limited number of models, usually 2 or 3 (straifjhe and co-ordinate turn movements),
with variations to accommodate different kinematiosl measurements. In order to obtain a
large number of Kalman filters a different approdicm these applications will be taken.
This can be done using different constant accéberamodels covering different ranges of
acceleration. Each of these accelerations models ldifferent trajectory, e.g. straight-line
constant-velocity requires no acceleration whilenteequires an acceleration. It is also
assumed that these accelerations during turnsla@sticonstant. A similar approach is
taken by [Averbuch9la], [Averbuch91b] using a digiet MIMD architecture based on

general-purpose shared-memory hardware.

Kinematics Model

The target considered is describing a trajectorg bidimensional plane (x-y plane).
The trajectory can be modelled as uniform acceddrahovement at any time, but with
different accelerations. This set of different xday accelerations will help to model
different trajectory kinematics states. Despite fiet that the set of accelerations can be as
large as required, it cannot model all types ofetit@ries as in the case of applications
where constant turn rates are normal because thewotl have constant acceleration,
although for the parallel testbed purposes themiscceptable limitation and a fairly crude
approximation to the real kinematics. These caristaceleration models can be generally

characterised by the following general differenéiguation.

where s is the target positiona is a constant acceleration value aMds a zero-mean
Gaussian white noise to account for any small tiana in the acceleration due to system

disturbances (environmental and target). The fiiatrete state equation is obtained by
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writing the above equation in state space form. Stage vector is augmented to account for
bias problems caused by mismatch between true iancete values of the accelerations, as
in [Averbuch91a], [Averbuch91b]. After solving tikentinuous equation, it is then possible
to obtain a discretized state-space equation. Trted dliscretized state-space equation is

given by
x(k+1) = Ax(k) + Bu + Cv

where in the above

10T 00O T% 0 T% 0
0 1 T O 2 2
0 0 g.) 0O 0 ° TA ° TA
0O 00O 1 O 0 T 0 T
0O 0 0 01 0 0 1 0
0O 0O 0O 0 0 0 1
and
! 1 1
x:[xyxyxyﬂ , u:[a q] , .:[.x.y]

The constant acceleratiorss, and ay are going to be selected from a set of
accelerations that will compose the different msedet the IMM filter. The mechanism to
generate different number of models to implemeniMINk straightforward. Given a
maximum (Anax and a minimum (fyin) acceleration and an increment;{d that
divides the range (f\ax- Amin) exactly, a different set of accelerations are oigtdias
follows:

Accelerations are replicated for x and y axis #relfinal number of models is the

combination of the x and y acceleration. Six défar sets of accelerations were used to

implement the parIMM as shown in the table below
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Set No. Max. Acc. | Min. Acc. | Incr. Acc. | No. of Models| Total No. of
(M/2) (m/D) Models in x-y

1 40 -40 40 3 9

2 40 - 40 20 5 25

3 40 -40 10 9 81

4 40 -40 8 11 121

5 40 -40 5 17 289

6 40 -40 4 21 441

Table 4 - Acceleration Ranges

The system noises are assumed constant and emuall fthe models and the

covariance is assumed to be, as in [BarShalom88],
0=enn |-ccn

where./qT =0.2 m/ ¢ is the acceleration rate of change afidis Kronecker’s delta

The variableT = 4 secondgepresents the radar sampling rate and it is aohst

throughout the experiment.

M easurement Model

The sensor is assumed to deliver measurementdan &sordinates [J, 4 ) and given by
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9| qu
H(x(k)) = \/m
S el

The measurement system is the same one for aklsyadd the measurement noises

Wy andwy are assumed constant and equal for all the madtelsovariance is given by

where ¢+ ;= 30m and ¢+ ;= 09mrad represent the errors in range and azimuth respégti

[Stevens88].
Transition Matrix

As previously described in the IMM algorithm thartsition between models, i.e.
different accelerations, is given by a Markov psxcfBlom90a]. The transition probability

values determination is the same as in [Moose75]

prob

p[m(k+1)| m( @] =J1- pir;)b

=]
liij

where prob = 0.95 represents the probability ofistain the same model.

4.3.2 Data Test Set

To test the application described above it is ss@ey to simulate the measurements

produced by the sensor. In order to do that adi@ajg simulator software [Farina86] was
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implemented using MATLAB [Matlab93]. This softwarakes as input the trajectory
segments, such as straight-line constant-velositrgight-line constant-acceleration and
co-ordinate turns, and sensor information sucheas@ sample time, sensor error azimuth
error, maximum range. The trajectory comprises aber of different input kinematics

segments as described below.

. Initial conditions: Position = (10000m,25000/Elocity = (1.0m/s,1.0m/s).

. Straight Line Constant Acceleration: Accelenatit8.0m/$, 8.0m/$ ); Distance=2400m.
. Straight Line Acceleration: Acceleration=(4.0m40m/$ ); Distance=1200m.

. Coordinate Turn: Turn Angle=(2% Turn Rate=(1.9/s).

. Straight Line Constant Velocity: Distance=10000m

. Coordinate Turn: Turn Angle=90 ; Turn Rate=3.0/s

. Straight Line Constant Velocity: Distance=5000m.

. Coordinate Turn: Turn Angle=45°; Turn Rate=50°

© 00 N oo 0o~ W DN P

. Straight Line Constant Velocity: Distance=10000m

=
o

. Coordinate Turn: Turn Angle=45° ; Turn Rate8%5.

. Straight Line Constant Acceleration: Accelenati-2.0m/2 ; Distance=10000m.

=
[ERN

. Straight Line Constant Acceleration: Accelenati2.0m/g : Distance=10000m.

B
w N

. Straight Line Constant Velocity: Distance=10®00
. Coordinate Turn: Turn Angle=270° ; Turn Rat&=A.
. Straight Line Constant Velocity: Distance=5000m

T
o 0o b

. Coordinate Turn: Turn Angle=45°; Turn Rate=&0°

. Straight Line Constant Acceleration: Accelenati-6.0m/¢ ; Distance=6000m.

=
\l

The trajectory simulator software generates twesfil

» Cartesian Co-ordinates (X, y) real data, containiregx and y position and Vx and Vy
velocities and the Ax and Ay accelerations. Thitada uncontaminated or has noise
added.

* Measurement data file containing Polar co-ordinatesined from the real Cartesian

position according to the prescribed conversionadqn. Measurements are then
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contaminated with noise to simulate the radar nreasent process. Added noise is

obtained randomly for each new measurement cororersi

4.3.3 Optimisations

Because of the particular transition probabilibyniat some simplifications of the
total number of operations can be achieved. Thesitian probability matrix has in
practical terms only two elements, namely the items probability to stay in the same
model and the transition to change to another madein the equation described above in

the transition matrix section and assuming thefailhg notation

I:Ltay = prOb
..., = (1- prob)/m
Eljif‘f = ELtay - Dchng

As has been shown [Atherton94] and can be condirimg analysis of the IMM
equations, in particular the Interaction and Mixstgp, an increase of the number of models
to implement the IMM filter imposes a substantialedead in that step. However the
above, particular format of the transition probipimatrix simplifies the IMM Interaction
and Mixing equations considerably in terms of tluenber of floating point operations. In
order to make the explanation of the simplificasiantroduced more straightforward the

following two new variables are introduced into tbembination step.

N m N
Xcomb = Z QXi
i=1

A m

F)comb:z QE)|

i=1

Now returning to the Interaction and Mixing stepdamwriting it in terms of the two

variables just shown results in
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qu!ﬂffO] +thgzq

i=1

Consequently using the results from the Combinp ated those from above with some

manipulation the mixed estimates and its respeciwariances can be further reduced to

n 1 n n
Xoj = — qiiff Xj + qhnchomb
9

ot = g[ﬂpkg( o) || +
q(P +Z[(X } X) (X ) Xj m

i=1

This simplification brings a reduction up to alrh66% in the floating point number
of operations performed in the Interaction and Mgxstep. This reduction reaches its peak
when the number of models used is more than 2Bgalith a state vector with elements
between 4 and 8. On the other hand if a small numbfters is used, typically between 2
and 5, along with a state variable with the sammber of components, 4 to 8, the
percentile gain is modest or almost negligible. ldegr the important point here is the gain
obtained when the number of models used in ther fi#t increased. It is important because
as noted previously the Interaction and Mixingpstethe dominant computational element

as the number of models increases.

4.4 Results

4.4.1 Introduction

The parlMM has been implemented in two differerdtrdbuted memory MIMD
architecture, as previously described. Resultsreeefore presented by architecture and the
final format of the graphs presented is explainetbw. Because the parIMM has been

implemented using three different communicatiomatsgies where each one was tested
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against six sets of different acceleration randkésdawith a variable number of processors
there is a considerable amount of output data tarf@ysed. In order to keep the results
presentation in a concise format initially only gpeed-up and efficiency graphs for each of
the architectures is shown. Next the best commtioitatrategies are selected for further
analysis, based on this results. This analysis stibw the computational contribution at
each of the algorithm components in relation tofih@ computational cost according to the
number of processors and ultimately the numberadets. Finally the two architectures are
compared to determine the overall performance arsliect which one is more suitable for

the parallel implementation of IMM.

The speedup and efficiency presented throughoist ttiesis are given by the

following definition [Fox88]:

Sequential Processig Tin{é,)
Parallel Processing Tin(ép)

Speeduésp) =

where on the abovg; is the execution time for the sequential prograecating on a single

processor. Andy, is the execution time for the parallel programaerig onp processors.

The efficiency is defined as

Speedu(JSp)

Efficiency =
Number of Processofs)

4.4.2 Validation of Tracking Results

In order to ensure the IMM filter tracking capdlyil the sequential filter was
initially implemented with MATLAB. Validation of ta filter was performed for each of the
deterministic acceleration sets. Each set was deatginst the trajectory specified in
Section 4.3.2 perturbed with noise defined usinghtdaCarlo techniques, for a total of 50
different executions. The results for each set waralysed in terms of the RMS errors

against the true trajectory for the x and y poritand velocity. The criteria adopted to
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define an acceptable level of tracking was set Eval comparable to that presented in
[Averbuch91la], [Averbuch91b] and [Atherton94]. Eaekecution of the filter was then
evaluated to ensure that acceptable tracking wastaivged throughout the trajectory and
the RMS error calculated. Finally, the RMS erramsdn 50 execution were summed and an
addition evaluation performed to confirm that theemall performance of the filter was
satisfactory for that data set. Once the sequsiiitied had been validated over all data sets,
the MATLAB simulation, was again used to output éstimated, predicted and RMS errors
values for position and velocity. These values wanaduced for each of the 50 different
executions and stored for use during the parailigr fexecution to validate the parallel
implementation against the sequential resultsvémeexecution the results generated by the
parallel filter were identical to the sequentiamnsiation (to the accuracy of the 64 bit

floating point representation used)

4.4.3 Transputers

The implementation for the transputer platform wesle using the architecture and
message passing mechanism described in Chaptammkelynan hypercube and EXPRESS.
The efficiency graphs are shown in Figurel2 aneé@pe graphs in Figurel2. First let us
analyse the transputer parallel implementationMi¥lifrom the efficiency side. As can be
seen the efficiency drops quite dramatically foraial implementation where the number
of models used to implement the IMM filter is lemgual than 25. In particular for a 9
model implementation there is a loss of almost 40%ificiency when the implementation
goes from a single processor to two processoisalso noticeable that for implementations
with less than 81 models there are a few anomatesslts, which are caused by the
message passing system being used (EXPRESS) fitierady for 3 processors is slightly
better than for 2 processors in a 9 model impleatant, with a similar result occurring for
81 models and also with 25 models but this timén\Bipprocessors). Now a similar analysis
can be done by looking at the speed-up. In FigGres Llear that after the introduction of a
second transputer to solve the problem no realdsppas in fact achieved. Despite the fact
that again when a third processor is introducednallsimprovement is reached, no real

speed-up is gained for a 9 model implementation.
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Amongst the communication strategies bhack mechanism has been shown to be
the most effective, particularly when the number mobdels is high. Therefore this
mechanism was chosen to be analysed further adétesmine the computational cost of
each IMM component as a function of the number oflets and number of processors.
Figure 14 shows the contribution of each IMM comgn per processor for each
implementation using different numbers of modets. iRstance in the single processor case
for a 9 model IMM implementation, the InteractiomdaMixing component is responsible
for 68% of the overall processing which is consistavith the results presented in
[Atherton94]. The graphs confirm the results pregly shown in the efficiency and
speed-up graphs for implementations with a smathler of models. It is the Data
Exchange component which is responsible for the lnsefficiency. The increase of the
number of models minimises this problem, but thieran increased contribution from the
Interaction and Mixing component. Because of this optimisation discussed in Section

4.3.3 was introduced to reduce the number of thogpioint operations.
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Many other different implementations were evaldaiteing this architecture in order
to determine the main differences with differerghétiectures and different message passing.
Although they are not shown in detail the resutesdescribed next. In order to compare the
experiments that follow the block strategy oveuldyflogical connected architecture using a
physical hypercube with EXPRESS as the messagenpgasygstem was taken as the
reference implementation. A first experiment wasdenady using the most effective
communication mechanisrblock, and by taking advantage of the hypercube ardhite¢o
implement the communication amongst the SPMD thisted IMM. Therefore there was a
correct matching between the logical and physicahitecture. The results obtained were
essentially identical with almost negligible di#eices in efficiency and speed-up when
compared with the reference implementation. A sdeopasurement was done by removing
all software optimisations included in the paraliM implementation and by using the
fully connected architecture with the block strgtebhe suppressed optimisations consisted
of removing all Interaction and Mixing optimisat®escribed above and the replacement
of all scalar operations by a general-purpose matyperations package [Press88],
[Golub83] (addition, multiplication, inversion, etcThis implementation was 5 to 12 times
slower than the reference implementation. A thirdasurement was made by utilising a
different message passing philosophy based on itteal/Channel Router and PARAPET
environment. The results showed that EXPRESS ghth)i faster than PARAPET by about
10%.

444 MekoCS-2

The Transputer implementation can be considerdgtton a low cost, small MIMD
architecture and has been shown to be suitabl@dallel implementation of a parallel
SPMD IMM implementation as long as the number oMMilters is medium to high. Now
a significantly more expensive and potentially &ariylIMD architecture, the Meiko CS-2, is
analysed for the parallel implementation of IMM. &g the efficiency and speed-up are

shown in Figure 15 and Figure 16 respectively.
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As can be seen the efficiency drops quite dravallyi for

the parallel

implementations in almost all the cases independérthe number of models used to
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implement the IMM filter. In particular, for modehplementations with a small number of
filters, less than 121, there is a strong lossffadfiency when the implementation goes from
monoprocessing to dual processing (e.g. in the cA® models the efficiency drops on

almost 70%). It is also interesting to observer#wilts for implementations with 81 models
or more, which show that whenever a parallel im@etation goes from 4 to 5 processors,
there is a noticeable drop in efficiency. This lassefficiency is probably caused by the

unevenness of the processors in the CS-2 archige€sealar and vector processors). A
similar analyses can be made by looking at the dsppegraphs in Figure 16. It clearly

shows that now reasonable speed-up is achievedendent of the number of models used
to implement the IMM filter. The situation is ontginimised for the 441 models case until
the fifth processor is introduced, when by theadtrction of the vector processors the drop

in efficiency is noticeable.

Despite the poor quality of the parallel implenagioin of IMM using the Meiko
CS-2, the block strategy has been shown to be ¢se df the communication strategies.
Therefore as in the previous case, it was chosdretanalysed further in terms of the
computational load for each of the IMM algorithmngmonents. Figure 17 shows the
contribution of each IMM component per processar dach different number of model

implementations.
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For instance in the single processor case fornao@el IMM implementation the
Interaction and Mixing component is responsible 6@f6 of the overall processing which
again is in accordance with the results presentedAtherton94]. There is in fact a
difference between the contribution of each congpwfior a single processor in each of the
architectures (Transputers and CS-2). For exampléhé above mentioned 9 model
implementation the contribution due to Interactiand Mixing for the Transputer
architecture is 68% while in the CS-2 it is 61% s#vilar disparity occurs for the other
algorithm components. This difference in the petaga contribution is caused by the
different compilation optimisations inherent to leasystem. Once again these graphs
confirm the results previously shown. The Data Exae component consumes most of the
computational time and consequently reduces thengiat parallel efficiency. It is also
noticeable that for implementations with more th2h models, the Data Exchange is
increased when the architecture goes from 4 todggssors, or in other words by the

introduction of the vector processors.

Two other experiments were made with the CS-2 itciure to evaluate the
performance of parallel implementations of IMM this architecture. A comparison was
made against a reference implementation. The referevas the implementation based on
the block communication strategy. The first expemisuppresses all optimisations made
into the algorithm, as in the transputer case. fEsealts has shown a similar increase in the
overall processing time, which again is 5 to 12esnslower. A second experiment was
made by changing the message passing softwaresdlaeted message passing software
was the new standard Message Passing Interface (MPI194] (this MPI implementation
is derived from CHIMP [Alaisdair94]). The resultas shown a loss in performance of 4 to
6 times worse than when using the MPSC messag@passulation software. In addition
the overall CHIMP-MPI implementation system is aégent inconsistent and extremely

unreliable as it is still under development.



Chapter 4: parIMM 66

4.5 Conclusions

The results presented above took a long time tivelevhich will be first justified
before discussing the IMM parallel implementationhe main elements that have
contributed to such a long delay in concluding thegallel IMM implementation are
identified. On the other hand this long learningl atevelopment process has, to some
extent, introduced many beneficial factors to tlemegal understanding of the two main
topics being researched, namely tracking and mhralistems. The main reason for the
delays were caused by a number of drawbacks fouridgithe development of the project.
These can be divided into three distinct classeproblems, theoretical, systemic and

algorithmic.

The first problem refers to the inherent theosdte@omplexity of the algorithms. As
a matter of fact a detailed understanding of tle@yinvolved in estimation is essential if a
successful parallel implementation is desired. Timgplies that the parallelization goes
beyond the simple translation of IMM equations iptograms. It is also part of one of the
main objectives of this research, which is the tulterstanding of the theory involved in

the development of the IMM algorithm. In that setige objective has been fully achieved.

The second problem refers to the idiosyncrasiethefparallel architectures and
message passing systems. A detailed descriptiail oflated drawbacks goes beyond the
scope of this thesis and besides, it is not helfgidiscuss individual problems faced with
different platforms and message passing systentisegscan be seen as part of the overall
development process. However, some of the majaresshave contributed to the long
development time taken to obtain a parallel impletagon of IMM will be identified. On
the architecture side, the main problem was harelwastability. In the case of the CS-2
case this is quite noticeable because there idmosatotal lack of system support, or at
least a very long response time to problems regoi@n the transputer case the main
problem was initially very difficult to detect. Tharigin of the problem was unknown and
unpredictable which led to a considerable amouritneé reconfiguring and setting up the
system to ensure that everything was all right.eRélg one of the problems was localised
and the appropriate corrective action taken. On dbiéware side (the message passing

systems) the main problems were the software tefew inconsistencies found in all the
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packages used. This for instance can be illustrtethe absence of the asynchronous
results for the transputer implementation, whespde the fact that the algorithm functions
perfectly for 9 models it could not be made to tiorc for any other case. A large number of
corrective actions were tried but the system alwagsponded in an unpredictable

behaviour.

The third problem has to do with the actual impetation of a parallel algorithm.
Again, different problems occurred that preventeglfinal version from being completed in
a shorter time. Amongst those, a typical one wadltating-point round-off problem. This
problem refers to different numerical results aiali in the probability update step. Here if
the probabilities summation is done in differerdearon each processor different results are
produced. This example is particularly true withe tlasynchronous communication
mechanism implementation. With this implementatiba partial probabilities arrive in a
nonordered way. If the summation of the partialealis done in order of arrival time, each
processor eventually ended up with different prdiigbmode updates. This difference is
small initially but it can grow as the algorithmopgresses resulting in the estimates

diverging on each processor.

The three classes of problems described are intherdifficult by themselves.
However when they occur simultaneously (which wasmally the case), any attempt to
detect and to correct the problem becomes a lgngtid painful process. The above
problems also brought a particular insight intoheatthe mentioned problem areas. From
the theoretical point of view it has helped consat¥y in the general understanding of the
many different aspects of such complex theory asdapplications. From the system
problems a deeper understanding of the parallélitastures and message passing systems
was achieved. From the parallel implementation,db@prehensive analyses of the IMM
algorithm has led to an excellent understandingliofhe components of the algorithm and
their interaction. As a result different approach@sthe parallel implementation of this

algorithm can be now explored, if a more efficiarghitecture is chosen.

A number of conclusions can be drawn from theentrparlMM implementation on
two different platforms, namely the Transputer #mel Meiko CS-2. These conclusions can

be divided into two different levels. On a highewrél the conclusions will focus on a
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general approach that combines both implementatiOnsa lower level, conclusions will

focus on each particular architecture implementatio

Initially parIMM discussion establishes the minimset of parameters necessary to
be exchanged to obtain a IMM parallel implementatidhis minimum set includes the
local estimates and respective covariances angaftél probability mode update. It also
determines the three possible communication meshenito implement IMM in parallel

using the selected granularity over the chosenteathres.

This experiment has also provided a successfulleimgntation of a parallel
Interacting Multiple Model which explores theseeipossible communication mechanism
alternatives when implemented over a MIMD architeet with distributed memory.
Amongst the three communication mechanism used, elyamblock synchronous,
synchronous and asynchronous, the first has beewnshito be the most efficient

independent of the platform used.

Also a new set of equations was created in oaenihimise the number of floating
point operations in the IMM filter. These new edoas$ could bring a reduction of up to
nearly 50% compared with the original version akefaction and Mixing step equations.
This assertion holds true provided that a large memof models is used along with a

reasonable number of state variables to implenmenparallel IMM.

In cases where the time taken must be minimiseterf implementations could have
be achieved by utilising a simpler message passygiem. However development,
implementation and debugging time would have bé&sreased. In fact it was noticeable,
independent of the message passing system usddcdhamercial packages still lack
adequate reliability, and if the application is e¢hwritical, the use of a simplified special-
purpose communication mechanism is recommendedaidsdf general-purpose message

passing tools.

Despite the fact that transputer execution timesewnuch slower than CS-2 times,
this architecture provides a better match to théMi algorithm than the CS-2. In the

transputer case some improvements could still heeaed using the same message passing
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system and the hypercube implementation. Fasteesticould have been obtained by
simultaneously exchanging information over all &afale physical communication links. In

the case of the CS-2, in particular the implemémmatwith a small number of models, no
obvious improvements can be identified becausbeéktremely poor performance on most

of the parlMM algorithms.
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Chapter 5 : Parallel Interacting Multiple Model with Probabilistic Data

Association

5.1 Introduction

In the previous chapter the IMM was parallelizathg the SPMD approach instead
of the more usual farmer-workers approach [Athé&#dn[Averbuch91a], [Averbuch91b].
In order to pursue the investigation of trackingoaithms implemented on parallel system a
different approach is taken here. The approachepted here differs from the previous
chapter in two ways. First, instead of using a iude of similar system models differing
only in their plant noise, a two model IMM filterilvbe implemented. Second, an heuristic
approach will be used to implement the filter. Ttveo system model IMM to be
implemented is well known and discussed in theditee [Li93a]. Such systems have
proved to be amongst the best ones developed srfair traffic control applications
[Baret90]. In order to improve the quality of thiger in adverse conditions the IMM filter is
coupled with the Probabilistic Data Association Blaalom75] technique to permit the
tracking of targets in clutter environments. Thsuigng filter is, therefore, an IMMPDA,
which is initially investigated in relation to itsacking effectiveness in air traffic control
applications. Next the IMMPDA filter is implementet a parallel system to determine its
scalability. The resulting parallel implementationsarlMMPDAs, are presented and
analysed to show the obtained parallel efficienay speed-up. In summary this chapter has
two objectives: firstly, to investigate the trackinapabilities of a two-system-model based
IMMPDA algorithm with different clutter densitiesecond to investigate the resulting

scalability on a parallel MIMD distributed architece.

As in the previous chapter the resulting algorittm&chanisation and equations will
not be reviewed as they are extensively presentedhé literature [BarShalom75],
[Blom82a], [Houles89] and [Li93a]. Once again #ygproach is designed to demonstrate
the important points to obtain the final filter sgt. A brief review of the basic equations for
a simple Probabilistic Data Association problenshewn in Appendix C and for the IMM
in Appendix B. A brief discussion of the importgints to be considered when coupling

these two widely accepted techniques is also irdud
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The structure of this chapter is initially to imduce the problem of coupling the
Interacting Multiple Model with the Probabilisticalta Association. It briefly describes the
necessary formulation to combine them conveniehce the structure of the final filter is
determined from this coupling it is then possildesélect the heuristic task distribution and
consequently the parallel approach to be takenaBerof the nature of the filter and the
parallel implementation strategy to be used vewy d@tions are possible as will be shown.
After the determination of the possible implementabptions there follows a descriptions
of the filter set-up and the data set to be usetksd the final filter. The filter set up
describes the necessary parameters and constadsimughe filter. The data test set
description explains, initially, how the clutter svagenerated followed by the clutter
densities used during the filter test. The filleplementation results are then analysed at
two different levels. The first level is at thedking level where the filter effectiveness in
real air traffic control situations with differectutter densities will be demonstrated. The
second level refers to the computational implententawhich is made on parallel system.
The results are also presented in a two-level fgrnfisst the algorithm tracking
effectiveness in different cluttered environmentdioived by its parallel speed-up and

efficiency. Finally a conclusion is given basedtla results obtained.

5.2 Parallelizing the Interacting Multiple Model coupled with Probabilistic Data

Association

Because a limited number of filters are now usetinplement this tracking filter, it

IS not necessary to look at the granularity pnoblas it is assumed from the previous
chapter results that a coarse granularity will sedu The problem, in order to select the best
parallel strategy, is to select the task distribmutin an heuristic way. However, this begins
with a general description about the filter majomponents, namely IMM and PDA, in
order to show how the coupling of these two wetlesated techniques is achieved. This
section describes the coupling criteria and thealfgr model used to implement the
IMMPDA filter.
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5.2.11MM and PDA Coupling

The IMMPDA is essentially almost identical to thdM model presented in the
previous chapter. However the PDA mechanisationtisduced into the Kalman equations

as described in [BarShalom88] with the followingtather important features:

1. A gating mechanism
2. A PDA-based likelihood calculation.

The gating mechanism is used in conjunction witie filter to select the
measurements to be taken into consideration byiIMMPDA Kalman filters. The basic
gating equations are given in Appendix C and npéated here. The two models used in the
IMM are producing two different measurement praditd and associated covariances as
part of their IMM Kalman filter mechanisation. Agesult the predicted measurement to be
used in the gating mechanism should be a mixturahgf measurement predictions from
both filters. The mixing is based on the assumptiiat the measurement prediction is given

by the following estimate :
Akik-1) = Hz(K) 2]
:ZZE[Z(kHMi(k), M, (k-1) ,zk-l] F{ M(K, M (k-1), |zk-l}

2
i=1 j=1

To conclude, the gating mechanism is necessaryletiermine the associated
predicted measurement covariance. The choiceusddhe one with the largest determinant
to guarantee that a large number of measuremelhtsgale the validation region which

corresponds to the worst case, or a more widesp@aatiance [Houles89].

Si(k) defs,(k)] = de}s, (k)]
S,(K) otherwise

B

In the conventional IMM algorithm the likelihoodrfction is calculated assuming a
Gaussian distribution for only one measurement. the IMMPDA algorithm all

measurements used in the filter must be used terrdete the likelihood function. To
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establish this, we start from the essential assiommoncerning the likelihood function,

which is

A, = p{Z(K)I M, (.27}

and for the IMMPDA case this results in

_ ¥o(m) , &N(v;;0;8)
/\i - Vm(k) +;Vrr\(—l PG l(rn<)
where in the above
1 .
—P, B, =1,...,
Vi(”L): m, be ! m
1-P, R, , i=0

and all other parameters are described in the Agipe€ and in more detail in
[BarShalom88].

As a result Figure 18 resents a essential decdtigosf the resulting IMMPDA
components already broken down with a view to palrahplementation. Based on Figure
18 a strategy to implement the algorithm in palalien be established. Once again, as in the
previous chapter the targeted granularity is cograa. The reason are essentially identical
to the SPMD case. However as shown in Figure 18 twd models (filters) are present in
the IMMPDA implementation which makes an SPMD apgio attainable in only two
processors in a parallel architecture. Although toarse granularity will be used to
implement the parlIMMPDA, an heuristic approach vii# applied. This approach will
introduce a limitation in the breaking up or distriion of tasks amongst processors. If the
overall IMM is divided too much, the resulting grdarity will be too small, contradicting
the initial coarse granularity principle describedthe previous chapter. By observing
Figure 18 it seems possible using a straightforveguoroach to distribute each component

in a processor in the parallel architecture. lbkwious that this will cause a mismatch
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between the architecture granularity and the algarigranularity, as a consequence of not
extracting the best from the MIMD parallel architee being used and thus inevitably
resulting in a poor parallel efficiency. To thioptem the heuristic distribution needs to be
made with caution. The simplest approach is td stah minimal heuristic distributions as

described next.

A A VAAN
X],P] X29P2 u
Interaction
47
and Mixing
VAN A AN VAN
x0,,Po, x0,,Po,
Kalman Kalman
—— — Gate
Prediction Prediction .
Filter 1 Filter 2 Prediction
|
v
7g Gate
Y v Mechanism
Kalman Kalman
Estimation Estimation
Filter 1 Filter 2
\m—> e
Probability
A Update
Combine gisplay
VASIVAN
X, P
VANEVAN VANVAN
X,,P, A4 X,,P, v H v

Figure 18 - IMMPDA
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5.2.2 The parIMMPDA models

The heuristic task distribution approach was attexeh only for two and three
processors as described below. The gating mechasissponsible for selecting only those
sensor measurements that are taken into consmer&di be processed further by the
IMMPDA filter. Because of that, in heavy cluttervionments the gating mechanism will
receive many measurements from the sensor. It wbeldunwise to have the gating
mechanism separate from where the sensor measueearersent. Therefore, it has to be in
the processor where the sensor measurements aresped. This will also reduce the
amount of measurements that eventually will be serthe other processors for further

processing. Two possible task distributions hawenlaevised.

The first distribution utilises 2 processors ame task distribution is done by
allocating each of the filters to each processdsoAn order to reduce the amount of
information exchanged between the two processbes)rteraction and Mixing module is
present in both processors, as well as the Pratyabipdate module. In this manner the
Data Exchange module presented in the previousig@aMM implementation is used once
again. Its utilisation permits both processorshtam the minimum set of data, determined
in the previous chapter, that is necessary to partbe IMM mechanisation independently
on each processor. The gating mechanism beingenfitst processor will also require
information about the predicted measurement conegi@enerated in the second processor.
In turn the first processor after performing thdirgh over the measurements sent by the
sensor will send only those measurements lyingdenshe validation gate to the second
processor. By allocating the gating mechanism te finst processor the amount of
measurement sent to the second processor is rediicedalso convenient to have the
system model with less computational overhead alémt the same processor. In the
IMMPDA filter implementation the less computatiofiatensive Kalman filter is the one
corresponding to the linear target kinematics moalestraight-line constant-velocity, while
the more computationally intensive is the non-Imeedel or constant co-ordinated turn.
Therefore, the linear model along with the gatingchanism is allocated to the first

processor (processor 1), and the non-linear madéhe second processor (processor 2).
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Both models are described in more detail in thet sextion. Finally the task distribution

over two processors is illustrated in Figure 19.

The second task distribution makes use of threegssors. The gating mechanism is
allocated entirely to the first processor (procesgp while the two filters are allocated to
the two remaining processors (processors 2 an@r®e again in order to reduce amount of
information exchanged between the two processocgssors 2 and 3, the Interaction and
Mixing and Probability Update modules are presarttath processors. The Data Exchange
module is again used in processors 2 and 3 to dilmv processors to obtain the minimum
set of data to perform the IMM mechanisation inaej@ntly on each processor. The gate
prediction in processor 1 requires the estimatamd probability modes of the two Kalman
filters running in the other processors. As prooes? and 3 are both producing these data,
processor 2 has been chosen to send them to poocks3his selection has not been
arbitrary, it has been determined by the Kalmaterfibeing used in that processor. The
Kalman filter in processor 2 is the one with lesmputational intensive that corresponds to
straight line constant velocity model or linear rabdAs in the previous implementation the
gating mechanism will require information about thvedicted measurement covariance

obtained in processors 2 and 3. The final filtstridution is shown in Figure 20.
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5.3 Implementations

5.3.1 parlMMPDA Set-up

The two system models to be described have begelyvaccepted as a reasonable
compromise for implementing tracking filters in &iaffic control applications. They have
been shown in [Barret90] to perform well in variowsal air traffic control tracking
situations. This filter will also be used in the &iaffic control system which will be
implemented in the next generation of ATM [VactgroA similar filter has also been
implemented in other air traffic control applicat®as in [Lerro93a] and [Blom92] (the
former is also going to be part of a future aifffitacontrol system). All of the elements

necessary to set-up the resulting IMMPDA filterlwibw be described
Straight-Line Constant-Veocity Kinematics Mode (SLCV)

The straight line constant velocity trajectory ¢tenmodelled as an uniform constant
velocity movement in the x-y Cartesian plane witimg small variations in velocity that are
modelled by a Gaussian white noise. They are repted by the following first order
discrete time state equations

x(k+1) = Ax(k) + Cv

where in the above

T2
0100 o
Ao 0 1 T/ C:OTg
o T4
0 0 01 0 0
and

x:[x V., vV, |, l:[lX ly]|
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where in the aboveT is the sensor sampling period, x and y denote Ghetesian

co-ordinates, ¥ and \{ the velocity, and)x andvy are zero mean Gaussian white noise
sources used to model small accelerations causeg@nyyexternal disturbances such as
turbulence, wind change, etc..[Li93a]. The proaasise variances in each co-ordinate are

assumed to identical and their values given by

U'VX =va = 4m/ 52

Constant Co-ordinated Turn Rate Kinematics Model (CCTR)

The constant co-ordinate turn rate trajectorylmamodelled as an uniform constant
velocity, constant turn rate movement in the x-yt€aan plane with some small variations
in velocity that are modelled as a Gaussian whitesen They are represented by the

following non-linear discrete time state equations
x(k+1) = A(x(k)) + Cv

where in the above

L sin(wT) 0 1- cowT) 0 _T_z . 7
w w >
0 codwT) O =-si{fwT) 0 T o0
= - i = T2
A 0 1-coqwT) L siwT) of C=|, e
w w
0 sin(wT) 0 cogwT) 0 o T
0 0 0 0 il L0 0]
and

x:[x Vo v N, wf o, .:[.x.y]
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where in the abové@ is the sensor sampling period, x and y denotirey @artesian co-
ordinates, ¥ and \{ the velocity,w the constant turn rate, angd andvy are zero mean
Gaussian white noise used to model uncertain aatigles in x and y caused by any small
variation inw|[Lerro93b]. The process noise variances in eaebrdmate are assumed to be

identical and their values given by

Oy

=0, = 2m/ &
X y

M easurement Model

The sensor considered delivers measurements ar Botordinates (3, 4 ) and

given by

The measurement system is the same one for aklsyadd the measurement noises

Wy andwy are assumed constant and equal for all the madtelsovariance is given by
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where ¢+ ;= 30m and ¢+ ;= 09mrad represent the errors in range and azimuth reségti

[Stevens88].

A second order extended Kalman filter (see Apperdiis also used to cope with
the non-linearity in the measurement model. The RGiler also utilises a second-order

Kalman approximation to linearize its non-lineasteyn model equation.

The switch from a manoeuvre model (CCTR) to thestant velocity (SLCV) is
possible by setting the turn rate state variabledm. Conversely, the switch from the
constant model (SLCV) to the manoeuvre model (CCiBRjossible by changing the turn

rate from zero to a value which is a random vadablodelled as Gaussian with a

distribution N(,uw,ag)). Note that other jump techniques could be usedis=issed in

[Lerro93a]. The Gaussian distribution assumedvsmgby

u, =0°/s
g,=021/s

Transition Matrix

The model switching probabilities are represerttgda Markov chain transition

matrix given by

ﬂ_|:7TSLCVa SLCV ITSLC\L CCTj

]TCCTRa SLCV ]TCCTR SLC

where in the above a transition probability , represents the probability of going from

model 1 to model 2. The following probabilities weaused for the above matrix for the

filter implementation:
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Tlgicy. siev= 09
TMsiey. corr= 01
TMeerr. corr = 08

]TCCTRA SLCV = 02

The initial mode probabilities for both models e@ssumed to be :

mu ¢y =10
Mugcre = 0.0

Probabilistic Data Association Parameters

The gate is normally a g-sigma ellipsoid [Fortm@8jnand theP¢s is the probability

that the correct measurement lies inside the Jdtte.probability of a measurement falling
inside the validation region is given by

P, =098

and the corresponding g-sigma for a two dimensiagetle (extract from chi-square
distribution table) is given by

g’=y =921
For simplicity, the probability of detection is assed to be equal to 100 percent or
P, =10

Track Initialisation

The track initialisation is done assuming a nartteked environment with a two-

point difference technique [BarShalom88]. The teluis introduced into the experiment

after the third sensor measurement sample simalatio
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5.3.2 Data Test Set

To test the application just described it is neagsto simulate the measurements
produced by the sensor including also the generaifoclutter. Once again the trajectory
simulator explained in the previous chapter wadlusegenerate in an identical fashion
simulated measurements from sensors. However anoibule was introduced to generate
clutter around the obtained simulated measuremeniés module was built using
MATLAB and the clutter generation implemented ire tame manner as [BarShalom75].
The simulated trajectory in a clean environmentti&sting the above filter comprises 3
constant-velocity segments and two constant-tu aa illustrated in Figure 21. In order to
perform Monte Carlo testing on the filter a se606fidentical trajectories but with different
real position perturbations were generated. Therfils initially tested against the clean
trajectory using Monte Carlo testing, to demonsttae filter quality in clean environment
and to compare and validate with results alreadgented in [Barret90] and [Vacher92].
Such comparison is possible because the IMMPDArfilthen used in a clean environment

is identical to an IMM filter.
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The clutter module built utilises the noise meamgnts obtained above to generate
simulated clutter. The module generates new meammns including the original ones with
added spurious measurements in any particularecldénsity desired. In order to test the
effectiveness of the IMMDA filter in different cher densities, three densities clutter were

simulated, their values are shown in Table 5

No Light Medium Heavy
Clutter Clutter Clutter Clutter
Density
[ points l 0.0 0.000001 0.000013 0.0006
meter miliradian

Table5 - Clutter Densities

5.3.3 Other Considerations

In order to evaluate the parallel performanceheffilter, two different sets of clutter
were used. The first set contains the clutter dieissshown in Table 5 and they are called
from now on LambdaO, Lambdal and Lambda2. Thergkset also contains the same
clutter densities as the previous set, howevergetanumber of points has been generated
by the simulation. This increase correspond toop@rtional increase in the area over which
the points are spread in order to keep the dessifigis does not introduce any alteration to
the tracking results, it permits the parallel sbdiy to be analysed as the number of
measurement increases. The second set containsubsets Lambda3, Lambda 4 and
Lambda5. Both sets are designed to replicate thidly tracking environment that the
IMMPDA filter will have to cope with, Figure 22, ure 23, and Figure 24 show the typical

cluttered trajectory for the first set.



Chapter 5: parlMMPDA

4.5

3.5

2.5 o

0

o ©
0 °
0 °
Q [
0 0 0
o
0 o 0
o o
o o 0 0
000%0800000’00 0 g
o
0 ° 9
0
0 o ) 0p 0
0 Q
0 °
0 o0 0 ©
0
0
0 0
)
0
< o 0
o 8
0 0 0
0 o
> 0
0 N o g
0 0 0
0 o 0o O
0 0 5
000%0000000080000000 °
o © 0o °
0
0o 0
0
o 0
0
0
0
0
0
[
o o0
00 o
0 o
N 0
000 0 0 0 9 o 0 ¢ [
o o
o 0
0 0 0 00 0
0
0
o 0
o
0
0 0
0 0 o

1.5

Figure 22 - Light Clutter




Chapter 5: parlMMPDA

o ©0o° o o 0O 0, 00
8 % 00 °© %% %9 o ° 98 %% %00
o
oo o 0 4 Loy o © ° o0 00 o o 0
o o @ @ 0 o
P g o oo%c %92;06):0 0% o 30 Q009
o 000 ¢ o 0o 800% % 6q 0o 0 8 0%
4 o 8, o® 0o %0 o Al $ 00000 o o
- 0 0 009 0 o0 0 900 09, 20000 & o o@omgoooo
o 0 3 8 ©00° 4 ° © © 00 0
0 ©0 0% 8 ' o9y & o o o 0,% oo
o5 Q 0o ® o 00 o 0 0 0 o o
0 o Ochf)EQ’ 00 © 2 900 o ob o R0 0
o 0 0o
° o [T 0 04,00 ¢ 00° I 093 ° od
o O 00 oo 0 WPoo @0 & %90
o o200 0o o ° 8° 0% 9o 0 D qpoo. o
0 o ° & o o O %ﬁ °9 8
)
3.5, ©95% 04 %
0 o 000 %00
© %0 Q 0% o o © 0909
o S0 0 00 o 0 009 °
© ° 0% & o LR % 0p 0d%2 @Oc% 00 o o ©° o ©
o} 0 07000 Qo 0 oaxp © £00 00 d)d7 0 06 o
° ® 00(59000 % 00.%0 go  ©0Q o c% 84 9® 9 °
o 00 o 6 o 0 © 9] %0
%% ©% 06 o 8Oogoo 02 Qo Q & o ° )
0 60 4009090 0°g 000" ¢ _0 0 & ,0000 0 0 %0 0 ¢ 8 o
L 0 o Qo 00" % 0 0 o
o o 000 070 % 0 o o 0
00 o o ) 08° "40 B o~ 0% 0 o
o 0 9o o o 0®
00 000 0o go B 09 @ o%Pe 050 0 %0° 00 © ° 0
& of 50998 S 0 a0 % 0% 00 %0 o 0 o
o° g 820 88 %50 000 & % oo 0(:73{90 °
o R%o0 , ® °p0 O 080 gc o aQ 00
@00 o o Qoo © o o
Ooo o % 00 o o
)
2 5 0 oS8 8
DL 5 Bo0
0 % o
000 050 g00° 900 @A &2 0% o
o 0
° 0&00 o o 000 o 0 %o 9?’ %omoooo% 00 o
° o o3eo O(C)BO 0 0800800 0040 o 80 %% Oog o°
S o o o0 o o
o ® 0 @® o0 o %’00 o © %og Q @
0 Py oW 00 g
o 00 YL 0 Ooj & ® ® ] Q0 °
2 o 020 O ® o o Ogac 2 50 dbgozﬂép@cc%coo 090 g ® 0 9o o
L 00 4 ° c%mo%‘mﬂﬁgo % 00 o 00 ® PV of o o
99590 0l o © 0 g, © 08¢ 09%0% o0
§ 0 ? o‘%? o o "R @0 o o
9¢ o 00 o 0 0% 9 oo 8 o
o © ‘g®0§ ® §8° 008, 0 o0 & 8o
& o ooo”” 8709 o oo So
o o o 0 ©
1 | | |

Figure 23 - Medium Clutter



Cha
pter 5: pariMMPDA

9

OO o
o 6, £o°%°%o° Q)OOOOm T
o o © % % ®
w0000 %ggoao%oe@%»%@%@go Eb O‘é %o, %D%% 1
0 ©° )
4 0063 8173570%% %g%@oo&‘p Q)O %O&oo@ (% %Od’ ;o % o 0
r 0% 8 0y 0@ 00000«:00%%0‘700 Oodaq,oo{%zjqp %)%O ° 00490 o %
¢ 00"%0 g oo 0000 0 @mom% Q ‘Z)g;%"g o 8@@&0 0. g5 °°
o008 %%00 20, o %o 255000 500060 % %o ?g@o &0 o0
Q)OO O§Qﬁg 0 PpLdo © 600%?{’0 000060
o0 @%’%oome%oeoﬁ @oo@w@@oooo B 58
o O %o’ O o %’ Pt @° o© @ [l 905 % © o
00 %Oooooo 00 908 5)060 %gpo Q%OOOQ’@(% 8 090%)0 o OOO o ®0%Q8 0 0 %900 o 00
0 0o’ R O(g%og 5?%%%0%@’@ 6,0%0002 0000@§@0000%§%o%o%§£000«@ oy OZO .
0 o o d00 Oﬁmg)o oo 08 °g@>go 0 B9 9 o g9
3 [y 9 ap §>% °90%;§°° °d<90080°@°§8000 ogéﬁ%fﬁgm%g m%‘;@(fg, agoog‘izf? IR o o
e ) o & o8 By o %50 o w@ﬁog% 0 @ 0f 20070 00g% o @ 0%
o' 00 gioon 0.0 © o 0 0%0 0 oS° LS Oco
o 0" @ 0800" 630@058 8 3 0g O &Y ° o B g0 0, %0 & J
é’m% © o o % ° ® 0 0 bt Q@ 0f o%
@;dbe @ g% %&gﬁo@otgg’@ 0 0§00
0 @ o0 °§ Q 06&06’(%)&?0%088&
900 o oo g0 o RB° @ o @ © oS °
o o 0% 0%, 209 o 0 Odl’guﬂ )
050 & 0’ 00(8 °o O‘%O‘“ 0008 &
00%0 0 @ogg) O%C{%%Om‘bn ©0°2° @06 @d%o 0©
oo %@OQ? o 080% 89 % o O 0% 0%@@0@%‘30
& © o o °
@ 80 g 0 % B Zgg.'ee" % 6000 3083;’% ooe"?;‘*? 5800 © O%ogwe o0
3* 6000<§ %gdzéj (’O%"Qg%g?" &U%,o @EQOO %:: Boe 050;3‘%@@ Boo5 . i Ooe" o
6%0% o 050 82, 83%"(%?9 2035, & 500! mogga o 8 5 8 égj@%oo(@ooo 5 o O° ago db"@"
360%0800 89’0:%&30 g&g@ﬁ@o{? o% O%P %;;w onoo %O(%%Ogo&m%pog)?% o% 8 %Og () %o‘§8(}§7 Oogggm‘ﬁ °
0 0 0
H o&@o 09 & éﬁgo&%om 083%%(&)&% g@z@%ﬁgg“%(’ 909@0 5’&00800&803000% ogs, e o 08&05% 0%,
0o i 958w 5 0% 90 %“9%90(8 @ @ 008> AP0 B ° 090 o
@ od’og 088§°C9 o% g%;%gj?& g B 8, & egtgo omsnogoﬁgo&épo ¢ g0 ’ 009% L
9 0% ° 903 © %889 % 008 9 o )
g@ °°°°09%§§o §Oo°§%90§g%000 &m.‘ig% 0,000 O?%"%‘%% u@gogv%dg%o%%ooéjog &0, o®
I e HERATR T B g 0B o ad ® g g 8o’ i 50, °
25 - o0 w8 ey eid S 5875l Serp oo 0 5
"\ 8 8‘70 o & o OO O%%éoé’ 00 g o g’ o o
50 d’ooé%o 3 0 o &g Om gg o %0
B g o % dn? Tl
0o ©
[ oo O%g;i) ° 0
Ooo Og &0 000 00 ° o o O
% 00 000 o
0 o0 mm(& o 08 908 09 %0?0008
o el 8 20 oo © o8 LR &% o0
agth e P s 1 & ool o %@‘%&?@% oH oo, 58
o 0 8%300& ® %o §%% o $6, °l@7o&78%
WP Qo o 8 A OOQ’% T 0% Qg% :93 o0 P © 0
- ° m%ﬂg?“éo@" mgo% 99 9,0 o 09 69 qu K
00 w0 80 oi% §zo ) ‘70&605? O o $ fraay 00
P o B %%Ogé’;ogogﬁzf pLY Ay o Y
rog” Sodnc 8 ég@&’%@m ot @e;aa@%mgoow : °
o @2 ©°
O%"O 54 %,” gg%%é’a% PBE, 3od
5
5800 Beo'o %“’@ %%éo;u@@%
0 Q
o oo oé§ moéod’ %Q’ﬁ%‘?ﬁ 8
agbogel o e R
1 e og%o&;%g%g% 8
. ° 200 Fug ‘Z%ooo
|
|
|

Fi
gure 24 - Heavy Clutter




Chapter 5: parlMMPDA 90

5.4 Results

5.4.1 Introduction

The first part of the results has the objectivel@inonstrating the tracking quality of
the filter. Consequently, for simplicity, the fittés initially configured and tested over a
single processor and tested against the simuled@gttory and its effectiveness determined.
The second part of the results refers to the mratiplementation speed-up and efficiency.
Therefore the two parallel implementations previpssiown are tested, and their speed-up

and efficiency calculated utilising the previoudlscribed set of measurements.

5.4.2 Validation of Tracking Results

In a similar fashion to the methodology explainedSection 4.4.2, the algorithm
IMMPDA were first simulated in sequential form ugiMATLAB. These simulations
confirmed that there was a possibilitytadck lossunder some circumstances. Two different
types of problems occur that can be considerddaak loss The first type is characterised
as puretrack lostand the second amsack divergenceFor the first type or purgack loss
again two possible alternatives occur and this liyshappens at the end of the first turn. In
the first alternative the track is lost when théegaechanism generates such a small gate
that no measurements lies inside the gate. Thendguossibility occurs during the switch
from one model to another, in this case from CC®RSLCV which is too slow and as a
consequence generates a bad predicted positionp@amid mode probabilities. As these
values are used in the calculation of the new gas#ion and dimensions wrong values for
the gate are produced, this results in a gate kemdar from the next real measurement
with a wrong size. The second typetiafck lossor track divergencean be characterised as
loosing the track by increasing the number of @loeing incorporated by the filter. This
becomes critical again at the end of the firsh taind the beginning of the second straight
line movement where more and more points are usedptate the filter. This can be
translated as an increase in the uncertainty alwbete the real trajectory measurements
actually are. This in fact just reflects the prabstic nature of the filter, that whenever
there is an uncertainty about the correct positibthe track the gate size is increased in

order to obtain more information.
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In the simulation, for a given set of filter pareters satisfactory tracking was
maintained as the clutter was increased until @écalilevel was reached, when tracking
would then be lost. The main direction of the resle@roject was to investigate the parallel
implementations of the state-of-the-art trackindtefi rather than to improve the
effectiveness of the filtering results. In this text it is sufficient to ensure that adequate
tracking is maintained over the range of data setetor the performance tests. A careful
matching of the filter parameters and the levetlatter was therefore conducted to ensure
that tracking was maintained throughout the 50 ettecs with random data used for each
evaluation.

The detailed checking of the parallel implemeptatresults was identical to the
method described in Section 4.4.2, thus again dsetraiing correct operation of the parallel

filter against the sequential MATLAB simulation.

5.4.3 MMPDA Effectiveness

Initially the IMMPDA filter was run against a tegjtory without any clutter to
determine its capability to detect the manoeuvresits overall tracking qualities. Next the
three levels of densities were used to test therfiracking capability. The results are
presented in 4 sets of graphs. Each set contaspeeific parameter which is analysed
against the 4 different clutter density environmsenosed, i.e. no clutter, light clutter,
medium clutter, heavy clutter (LambdaO, Lambdal lazathbda?2). In the first set of graphs
the mode probability for each of the models, th€8lmodel and the CCTR, is shown. It is
followed by the square error position in x and gars, and finally the square error velocity

in x and y graphs.
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M ode Probabilitiesfor ModelsSLCV and CCTR
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Square Root Error in x Position
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Square Root Error iny Position
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Square Root Error in x Velocity
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Square Root Error iny Velocity
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5.431MMPDA Transputer | mplementations

This is the second part of the analyses and ceegprithe two parallel

implementations previously shown. The implementetiovere made using one, two and
three transputers using the task distribution shprewiously. The message-passing system
utilised to exchange data amongst processors was again the EXPRESS package,
although this time the more lower-level functionekchange data provided by the package

were used in order to obtain better performance.

As previously described the tests were realisehing each experiment 50 times.
Table 6 shows the average time in milliseconds xXecete the IMMPDA filter for the

available implementations

No. of No

Transputers | Clutter | | ambda0 | Lambdal | Lambda2 | Lambda3 | Lambda4 | Lambda5
1 2374 2388 2395 2460 2386 2442 3078
2 1831 1841 1847 1893 1841 1896 1926
3 1571 1582 1588 1635 1582 1638 1668

Table6 - IMMPDA Execution time (milliseconds)

Next by using the same criteria as in the previchepter to calculate the speed and
efficiency the following speed-up and efficiencyutis are obtained from the Table 6.

First the speed-up.
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No. of No
Transputers | Clutter | LambdaO | Lambdal | Lambda2 | Lambda3 | Lambda4 | Lambda5
1 1.000 1.000 1.000 1.000 1.000 1.000 1.000
2 1.297 1.297 1.297 1.299 1.296 1.287 1.598
3 1.511 1.509 1,508 1.505 1.508 1.491 1.845
Table7- IMMPDA Speed Up
and second the efficiency.
No. of No
Transputers | Clutter LambdaO | Lambdal | Lambda2 | Lambda3 | Lambda4 | Lambda5
1 1.000 1.000 1.000 1.000 1.000 1.000 1.000
2 0.771 0.771 0.771 0.770 0.772 0.777 0.626
3 0.661 0.662 0.663 0.664 0.663 0.671 0.542

Table8- IMMPDA Efficiency

As it can be seen from the above tables (Tablable 7 and Table 8) there is little

difference in the results for almost all cluttendigies, with the exception of the test based
on the data set in Lambda5. In this case processi®gis above average, and consequently
its speed-up is higher and efficiency lower. Néxt)lustrate the speed-up and efficiency for

the parallel implementation of the IMMPDA Figure d8d Figure 46 show the above tables

in a graph format. Because most of the values@otose together it is almost impossible to

distinguish one from the other, with the exceptioin the one for Lambdab.
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5.5 Conclusions

The conclusions presented here will follow an tdeh structure as used in the
previous section where the results were shown. €fbi, initially, the IMMPDA filter
effectiveness is discussed followed by a discusalwut the parallel implementation of the
IMMPDA.

In the previous section the filter effectivenessults were shown for a particular
filter parameters set-up selection. As previoushgatibed during the selection of these
parameters the IMMPDA filter demonstrated a straegsitivity to small variations in
parameters such as, the process noises for botblsn&@L.CV and CCTR, the values in the
transition matrix and finally the gate probabiliffhis sensitivity could be observed by
fixing all the other parameters and changing omlg of the above mentioned variables. In
most of the cases this change could cause the tidteliverge or in other words to loose
tracking of the target. In fact, the set up valpessented are the best ones found after many
interactions. This selection took many interactiovisere these parameters were carefully
changed until the best result was achieved. Oblyiahss sensitivity is most pronounced
when clutter is present. It seems clear that th@ pr@blem is caused by the transition from
the CCTR to SLCV models. Therefore, a more reliditter for any possible turn situation
should be considered, and also a more careful sinaiould be made in the corresponding
filter for the CCTR model. One possible solution ander to reduce the number of
approximations caused by the use of traditionaredked Kalman filter is by using a similar
technique as described in [Lerro93b] to improvefilher corresponding to the CCTR mode.
In the reference a different approximation is usethe non-linear measurement model that
performs better, within certain conditions, thae thaditional extended Kalman filter. Other
solution for civil aviation would be to use differteturn models with fixed turn rates, each

one corresponding to typical civil aircraft turrssia [Vacher92].

In the second part of the previous section thalf@implementations results were
presented in terms of efficiency and speed-up. GAlgh the efficiency and speed-up

achieved in practice for this very cost-effectivacking filter in this particular set-up is not
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very large, it is necessary to remind the readet transputers offer a very attractive
cost-performance relation. For a two transput¢erfiimplementation an efficiency of 65%
was achieved, while in the three transputer implaateon an efficiency of more than 50%
was obtained. This means that the utilisation thfegitwo or three transputers to implement
the IMMPDA filter is an economically viable optidgaken into consideration the low prices
of this type of hardware and the comparatively dyoprice-performance relation. Also
assessing the results from a different perspectivansputers have been shown to have a
very good overall performance in the processingMPDA filters. For instance the three
processor implementation took about 1.6 secongsdoess information which in real life
would take about 6 minutes to acquire and prodessng into account that the sensors
sampling rate is 4 seconds and 91 samples were.dadey a simple extrapolation this is
equivalent to estimating that this particular immpéntation could handle up to 240 targets in
real time (obviously no track initialisation ovedtk is included). However these figures are

reasonably close to the ones that could be expé&oedan accurate analysis.

In summary, despite a large number of variatiohdMM filters found in the
literature, the filter presented here is the fatempt to couple the IMM as described in
[Barret90] and [Lerro93a] with a well-known subap#él Bayesian technique for data
association known as the Probabilistic Data Assiocigechnique. At the same time this is
the first attempt to have the resulting filter implented over a parallel architecture based
on transputers. As a result the filter effectivenelthe obtained IMMPDA tracking filter is
good, given certain specific conditions, althoughd more general situation an improved
turn model should be incorporated into the finaMWMDA. On the parallel effectiveness

side the IMMPDA filter has demonstrated a very goost-performance characteristics.
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Chapter 6 : Conclusions

6.1 Summary

As set out in the introduction this thesis is dwoectly related to the evolution of
high-performance parallel technology itself, buthex to the application of parallel
technology to a specific and practical applicatibnacking Systems. Therefore the main
objective of this research has been to selectldaittate-of-the-art tracking algorithms, for
example the IMM, to create a parallel algorithnb&implemented over distributed memory
MIMD architectures. The investigation shown hereas hproved that tracking filters,
essential elements in any tracking system andriticp&ar the IMM algorithm, can and have
been successfully implemented on parallel archites. It also demonstrates that it is
worthwhile to undertake further development to iempént more sophisticated and
functional tracking filters and ultimately entiraatking systems utilising parallel

technologies.

6.2 Achievements

The main achievements of this thesis can be fauride two experiments described
in Chapter 4 and Chapter 5. These experiments eimghted, in two different approaches,
the state-of-the-art tracking filter, the InteragtiMultiple Model. The first experiment
considered a filter comprising similar systems ni@dad an SPMD strategy was used to
obtain a parallel algorithm. The second experimeorisidered a two-model IMM filter
coupled with the Probabilistic Data Associationht@que. The main achievements of these

two implementations are set out below separately.

In Chapter 4 the IMM was implemented using the esamodels as in
[Averbuch9la], [Averbuch91b] and [Atherton940]. Thmplementation shown in this
thesis differs from those above because of theafisea more straightforward parallel
strategy to implement the algorithm over a MIMDhatecture. This strategy is based on a
SPMD approach while the ones mentioned use the geatveorkers approach. This strategy
is not only more straightforward but also progidgood performance and speed-up when

compared with the more complex alternative apgreacAn exact comparison is difficult
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because each implementation has approached thkeprdrom a different perspective. For
instance, the nine models case implemented ovee tiprocessors, which provides one of
the best efficiencies cannot be compared with [Bueh91a] and [Averbuch91b] because
they do not vary the number of models, despiteguinee processors in a shared memory
MIMD architecture. They have obtained their resblysvarying the number of processors
but using a fixed number of models (12 models).t@n other hand in [Atherton94] two
different numbers of models are used, nine antetrmodels, however in this experiment
the number of processors is not varied, althouglalerost-identical MIMD architecture
(transputers) is used. Also in [Atherton94] an resting approach (time-slipping) was
introduced to increase the efficiency and speed\gvertheless, a simplified comparison

with these results is shown below.

parilMM [Averbuch9la] | [Atherton94] [Atherton94]
(time-slipping)

No. of Processors | 3 3 4 4
No. of Models 9 12 9 9
Speed-up 71% 67% 59% 78%

Table9-1MM Comparison

The experiments detailed in Chapter 4 used 3rdiftetechniques to exchange data
amongst processors. Amongst those the blocking amesim has been shown to be the most
cost-effective for the SPMD strategy. The SPMDtstyg requires processors from time to
time to exchange information in order to complétrttasks. This experiment demonstrates
a clear and concise minimum data set necessargdonglish the SPMD strategy by
exchanging this set amongst processors. Finallgessribed above, none of the other
implementations have explored implementing the IMith a large nhumber of models to
study the parallel issues related to this. The ex@nt in Chapter 4 have shown that by
having a large number of models efficiency and dpge are greatly influenced by the
Interacting and Mixing module. As a consequence wmerical simplification was
determined that can provide a reduction of up t865@d the number of numerical

operations. This simplification is a particularrf@t of the transition matrix [Mouse75],
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and it has been incorporated into the most timesaming component of the IMM

mechanisation, namely the Interaction and Mixingdoie.

In Chapter 5 IMM was implemented coupled with EBH2A technique by making use
of two well-accepted system models [Barret90] drehtthe resulting filter (pariMMPDA)
was implemented on a distributed memory MIMD amtture. First, the parlMMPDA was
analysed in terms of its tracking capability whéutter is present, and finally the efficiency
and speed-up were analysed. The filter implemeogeguhot be easily compared with other
filters implemented in the literature. For instannegBarret90] and [Vacher92] the IMM
filter is implemented using the same system modslthe parIMMPDA, however it is not
coupled with a PDA technique. Also in [Li93a] IMM ibuilt utilising similar systems
models but again no provision is made to cope wititter which is handled by the PDA
component. Once again in [Lerro93a] IMM is builings very similar system models as
used in parIMMPDA, but in this case the final fikecomponents of the IMM use more
information provided by the sensors (debiased mé&dion) to improve the tracking
performance and in addition the resulting filtemt coupled with the PDA technique. In
[Houles89] the IMM is coupled with the PDA, althdugn this experiment the resulting
filter utilises different system models. Therefoaecomparison between pariIMMPDA and

the above references is difficult.

The parIMMPDA shown here appears to be the fit&napt to couple the IMM
utilising the system models described in [Barret®@h the PDA technique. Because of this
particular characteristic the first analysis isedted to the filter tracking performance when
clutter is present. The results have shown thafitia filter effectiveness has proved to be
sensitive when high density clutter and manoeueioat the same time. This sensitivity
needed a fine tuning procedure to adjust theltreguparlMMPDA filter in order to
maintain target tracking under heavy clutter envinents. The parIMMPDA is therefore
not suitable for applications where heavy clutgemprobable. Nevertheless, the filter has
good performance when light to medium clutter issent and, as expected, it has an
identical behaviour to the filter described in [Bda®0] when there is clutter. This filter
could be used in civil aviation where high-densitytter is extremely unlikely. In this case
the parIMMPDA filter would provide a good compromiswhen clutter could lead to a

simple IMM failing to maintain target tracking. Bees, the computational overhead
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imposed by the coupling of the IMM and PDA techmgus almost negligible which makes

this implementation even more attractive.

The final aspect analysed from the parIMMPDZAefiltvas the implementation on a
distributed memory MIMD architecture. As before qmarison now is further complicated
because, as far as it is known, there are no dr@illel implementations of IMM coupled
with PDA. Therefore, the parlMMPDA presented in @tes 5 is also the first attempt to
parallel implement the IMM coupled with PDA. The plamentation is made on a
distributed memory MIMD architecture based on tpaners. Because of the reduced
number of filters comprised in the parlMMPDA, aruhistic strategy is used to exploit the
parallelism of the filter, in contrast with the pireus experiment where a SPMD strategy
was tried. The parallel results presented have shbat either the two or three transputer
architecture represents a good balance between utatigmal efficiency and
implementation costs. A parallel efficiency of 6%#d 50% is achieved for two and three
transputers configurations respectively. Also, lnoat independent parallel efficiency was
achieved despite the increase in the clutter dendihis reinforces the concept of
parIMMPDA for civil aviation applications using afallel implementation. Obviously this
filter should be part of a more complete trackiggtem which would comprise features for

track initialisation as well as the capability anfdle multiple targets as suggested next.

6.3 Future Work

This section takes a wider perspective and conglie next steps to be taken if
further research in this area is to be continudwerd is a large number of possibilities to
research further in this field. However, takingoiriccount the main objective of this thesis,
i.e. Tracking System, a natural evolution of thereat work would be to extend the

experiments to multiple targets and afterwardsnaltiple targets and multiple sensors.

As a continuation to the work carried out herefttat step would be to improve the
tracking capabilities of the IMMPDA filter to copeith heavy clutter environments, as it
has been shown that the mentioned filter is notptetaly effective in such circumstances.

A direction for such an improvement would be tovide a better mechanism to increase
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the filter convergence when a turn is detecteds Thuld be either achieved by using more
sophisticated models to improve the overall tragldapability of the IMM filter or by some
empirical technique that will depend on the appiaa If more sophisticated models are to
be used, then the final resulting filter will beibéfom implementation on a parallel system.
Another possible solution could be to have 4 d#fé models as suggested in [Lerro93a].
Again this also will work in favour of increasinpet parallel efficiency factor. In all cases
this filter should be provided with a mechanism ti@ck initiation. As already mentioned
this can be a time consuming mechanism, and allgarmplementation would be
desirable for such a mechanism. This initiation na@éism could be done as suggested in
[BarShalom92]

All studies carried out in this thesis consideaezingle target and a single sensor and
therefore further work could address the multtplget tracking problem [Atherton90]. As
a first step to a multiple target tracking systéne parlMMPDA filter could be used in an
environment where individual tracks are kept digjoi(non-crossing). A simple
configuration for such a multiple tracking systeould be based on the Caltech multiple
tracker [Gottschalk87a], [Gottschalk87b], [Gottd&Badc], [Baillie87], [Cao088],
[Gottschalk90], which is widely available. This ¢dbe done by substituting the Caltech
initiation component and the steady-state Kalmdterfifor our previously suggested
initiation mechanism and the IMMPDA filter. One tife early studies in this research
project resulted in the Caltech algorithm being natigd and modified for the transputer
architecture used in Chapter 4 and Chapter 5 using EXPRESS message passing

system.

In order to cope with the problem of crossing keadhe Probabilistic Data
Association mechanism would have to be replacedth®y Joint Probabilistic Data
Association mechanism (JPDA) [Fortmann83], [BatSim88]. This filter implementation
is an attractive tracking choice, although the clexipy is significantly higher when
compared with alternative related works alreadys@néed in the literature for multiple
target tracking such as [Gul89], [Atherton90], [Kun86], [Pattipati90]. There are relatively
few related works on this subject (IMM+JPDA) amdearch to determine the capability of
this filter along with the parallel implementatieggsues would be an interesting area for

further research. Again, as in the case of the INMAPthe IMMJPDA would have to go
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through the same development cycle. Initially agenfilter with simple models would have
to be implemented to determine the filter trackiogpability in different clutter
environments. At the same time a parallel implemgon should be developed to determine
any bottlenecks in the system. Improvements wohéh tbe incorporated to improve the
tracking capabilities. A tracking initiation mechsm is also necessary, to complete the full
tracking system utilising the IMMJPDA (a more sailiated mechanisms because of the

multiple targets).

As a final development the inclusion of multiplensors capability should be
included. This feature could be achieved by usirgjraple approach as used in [Houles89].
The resulting multiple sensor IMMJPDA filter (mylte targets and multiple sensors)
would then be implemented on a parallel systentaBge of the complexity of the filter
this parallel implementation would be a very ingtiegy research topic, where many
different aspects of the implementation could balysed in order to provide a highly cost-

effective solution for tracking systems.

6.4 Conclusions

The issues of implementing reliable and improveacking systems are not
straightforward and require careful implementatifotihe resulting filter is to be used for
real applications. The work presented here has dstraied that, despite this inherent
complexity and intricacy, reliable approaches carutilized to implement tracking filters
on parallel systems. The parIMM has demonstratatl straightforward SPMD technique
can provide good parallel efficiency within certalimits. The parlMMPDA has
demonstrated two different aspect of the implententa Firstly pariMMPDA does not
introduce any computational overhead at the expaisamproving the tracking filter
capability in clutter environments. Secondly a Iiar approach to parallel implementation
can also lead to good parallel efficiency. In sumyrthis thesis has shown that the two
different strategies to implement the state-ofdhetMM and IMMPDA tracking filters
have both provided good parallel results, and boffilementations have been shown to be

cost-effective when implemented with compatibleafial architecture granularities.
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Finally, as suggested above, the work developehisnthesis can be used in further
developments towards a more complex and completkitrg system. Such a tracking
system would comprise features to cope with muti@rgets and multiple sensors. To
conclude, the thesis provides a demonstrationghsdllel technology is certainly a viable

solution for future tracking system implementasion
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Appendix A
Kalman Filters

A.1Introduction

The sole purpose of this appendix is to presenK#iman equations, without taking
into consideration many of the theoretical comgleziand passages involved in the process
to reach its final algorithmic format. This partigau approach is taken because Kalman
filter theory is vast and comprises many aspettielwwould make a full derivation of the
filter a tedious and lengthy exercise, beyondstt@pe of this thesis. This assertion can be
simply illustrated by looking at the number ofated research and publications in this field
since its introduction. Therefore, for simplicitynda conciseness only the final filter
equations are shown together with initial prinegplNonetheless, in order to illustrate the
wide range of research around this well-acceptiering technique a review of related
Kalman work is given in order to demonstrate taige spectrum of research. After this
short revision the two most-used Kalman mecharuratiare presented. A first version
deals with the linear case, the original formolabf the Kalman filter. The second version
is an approximation to deal with particular caseaan-linear systems which is commonly
known as the Extended Kalman filter. It is also artpnt to mention that these two Kalman
filter summaries are heavily based on the treatmen{BarShalom88]. Because the
equations are presented in their final format aeyernishing to understand the basic
principles should refer to [BarShalom88], [Bozic,/8] [Gelb74] for a simple and practical
approach. If a more rigorous approach is sougtg ¢iain be found in other references
[Blakrishnan87], [Maybeck79] and [Chui87]

The Kalman filter [Kalman60], [Kalman61] is a resive filter that does not need to
store previous measurements to perform an estimdiioe to this characteristic, it has been
widely used in a range of applications [Hutchisdn®#®tably in the control [Maybeck79]
and signal processing [Schwartz75] fields, paréidyl for aerospace applications
[Pearson74], [Singer71]. In fact the Kalman filterpart of linear estimation [Kailath80],

and has its roots on the initial work of GaussUys&s%3]. A very good historical perspective
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of this intricate theoretical evolution can be fduimm [Sorenson70], [Kailath74]. Also a
good source of information to establish the intarmxtion and theoretical evolution of
linear estimation can be found in a sequence oferagKailath68a], [Kailath68b],
[Kailath71a], [Kailath71b], [Kailath73a], [Kailatl8b], [Kailath73c]. Since its introduction
in 1960 a number of improvements and modificatibase been devised to permit the
utilization of this filter in a wide range of aseaDespite the effectiveness of the filter in
providing good estimates for linear systems théwaly, unfortunately in the 60s and 70s
computer implementations were not very reliable doelimitations of the available
processors and related technological issues. Amseguence a number of simplifications
were initially introduced to make use of Kalmannpiples viable. This was the case
described in, for example, [Bierman73], [FriedlaBH{Castella74]. These simplifications
still hold true for current implementations whersimple processors are needed for

economical reasons as in the case described irefB&h

Another related problem with the early implemeiotad of complete Kalman filters
was the lack of processing units with high-precisifboating-point operations. As a
consequence many algorithms were also developeavéocome this precision problem
which caused the filter to diverge. Kalman filtkvergence [Fitzgerald71] is mainly caused
by the lost of covariance matrix properties (pwositsemi-definitiveness) [Bierman77]. In
order to avoid such instability problems a numieslgorithms have been generated, most
of them based on matrix factorization propertieslf@toni67], [Andrew68], [Carlson73].
All this effort was necessary to permit the utitina of the filter in an increasing number of
more complex applications. However some specifial-tieme applications require
complicated and complex Kalman filters. For sucBesathe demand for computational

power of the Kalman filters can be high as showjMandel71].

This has stimulated much research in recent yeaapplying parallel processing to
solve these computationally-demanding Kalmanrfigeplications. This research has been
carried out in order to understand the paralleicttmes present in the filter as demonstrated
in [Jover86], [Hashemi87], [Lee88] and [Rhodes98}. the same time many different
parallel architectures and granularities have besed to implement the Kalman filter
ranging from large architectures to VLSI implemdioias. An early example of a large

architecture can be found in [Ohallaron88], [BaB@&}tiwhere the Warp [Annaratone87]
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computer was used to implement the filter. In cast{ for very demanding applications a
VLSI implementation of the Kalman filter exists aBown in [Sung87]. However many
other approaches (heuristic and systolic) exishsag [Lawrie90] and [Lawrie91] where
three different types of platforms were used to lement the filter. Also the systolic
approach has been widely accepted as a good métiggdm implement the filter as
demonstrated in [Gaston89] and [Gaston90]. Desthite high precision floating-point
operations present in most of the platforms culyeavailable factorized Kalman
algorithms were also implemented in parallel adesd in [Carlson90]. There are other
Kalman implementation descriptions utilizing difet processors and languages, as in the
case of [Tan88] where the filter is implementedairdigital signal processor, or as in
[Kee91] where a transputer is used instead, arj8nmth91] where Matlab has been used
to implement the filter. As in can be seen frome #ihove discussion there are a large
number of publications and research in the fieldkadlman filter theory and applications.
This is the main reason why the Kalman equatiomsesented here in very a highly

condensed form.

A.2 Summary of Kalman Filter Equations

The Kalman Theory is applied to quantities thai/\dynamically with a time-linear
deterministic/stochastic model of a system [Lawdie§Gelb74], [Chui87], [BarShalom88].
Consider a discrete-time, linear, dynamic systerscideed by the state space equation

[DeRuss066] given by

System model

x(k+1) = F(Kx(K) +G(ku(k + T(Rv(K

wherex(K) is the system state-vector at tilkd-(k) is the state transition matrig(k) is the
input matrix,u(k) is the system forcing function or deterministintrol input knowny(k)
is the system noise sequence with zero-mean, wBaassian distribution with covariance

given byQ(k), or

Hv(K] =0
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Ev(i)v(i)] = Qlk) &
Now, consider also that measurements are relatdgktabove equation by

Measurement Model

z(K) = H(K)x(K + w(K

where H(k) is the measurement matrix, amgk) is a sequence of zero-mean, white

Gaussian measurement noise terms with covariggigeor

Also the initial statex(0) is assumed to be Gaussian with estiméﬂ*@ and its covariance

P(0]0) is assumed to be available.

One of the main uses of the Kalman filter is tdaob the optimal estimation

[Deutsch65], [Gelb74] of the system state-vectorditioned by all past measurements,

k|k E[x |zk]

along with its associated state estimate covarigian by

P(k I K) = {(x(k>—%( )8 -x(3) m}

where in the above equatioB% denotes the measurements up to and including sample k, or
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The above is simplified to (k) when only one measurement is available.

This optimisation is performed in the least-squares senseeaalts in the Kalman
filter. A complete description of all the steps in obtaining thifing updating structure
or, simply, the Kalman filter formulas can be found, for eplanin [Chui87], [Miller87],
[Blakrishnan87].

State Prediction

x(k + 1K) = F(K)x( kI K + G( Ru( §

State Covariance Prediction

I

P(k+1/k) = F(KP(KIKF(R +Q(

Measurement Prediction

;(k+1|k) = H(k+1)>A(( k+ 1/ K

Residual or Innovation

vk+1) = Ak+ 1K) = 2 k+1) - 2 k+ ] R

Innovation Covariance

S(k+1) = H(k+ 1) P(k+ T KH(k+ ) + R( k+ 3
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Kalman Gain

W(k+1) = P(k +é|(';)+"'£)k+1)

State Update
x(k +1[k+1) = x(k+ 1K) + W( k+ v k+ 3

State Update Covariance

P(k+1/k+1) = P(k+ 1K ~W(k+ IS k+ JW (k+ ¥

A.3 Summary of Extended Kalman Filter Equations

Consider, as in the previous section, a systemdemthat for simplicity has no

control input and which can be expressed by aineat relation of the form
System Model

x(k+1) = f[k,x(K] + T (kv (K

with measurements defined by

Measurement Model

2(k) = h[k.x(K]+w (K

Again to apply Kalman filter theory, system andasierement noises must be white
noise and have a Gaussian distribution with knomwadance matrices as in the linear case.
Similarly to the linear case, the main purposeoibtain the optimal estimation of the

system state-vector conditioned by all past measemés. This time the functions are non-
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linear, although there are complicated methodop® avith this a more simple approach is
sought [Jazwinski70]. A typical solution is to appimate the non-linear functions by linear
ones. Although there a different number of waysot@rcome the above nonlienarity

[Miller82], a common method is to expand the nogdinfunctionsf(.) and h(.) in a Taylor

series [Kreyszig88] around the latest estima(tmk). As a consequence, different filter

orders can be obtained upon truncation of ternthenTaylor series. Thus, for example, a
filter that truncates the series in the first Taykeries term is known as a first order
extended Kalman filter (FOEKF). Identically a filtevith truncation on the second term is
known as a second order extended Kalman filter (§€)Eand so on. Because the filters
used in the thesis are either FOEKF or SOEKF, ¢tersd order filter is presented. The first
order filter follows as a particular case of them® order. The following elements are

necessary to understand the extended Kalmanrigshanization:

1. Cartesian basis vectors for a n-dimensionalespac
e1
e2
e =| . | = Identity Matrix(nxn

en

whereg has i-th component equal to unity and all othem&nts are zero

2. Gradient operator
_7 _
IX,
7o
X,

Jox

3. Jacobian of a functiof(x)

f 9= =0, 1]

X
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4. Hessian of a functioffx)

f(x)= 9? f(x)

XX

= 1.0, ()

Thus the Extended Kalman filter equations can lpensarised as :

State Prediction

§(k+1|k)=f(k,§(k||<)j Ze traCE ( (NB P u@

State Covariance Prediction

x(k+11k) =1, k(K K P(K B +

Iljl

+23 See mm{xgo&uwﬁﬁuan;(&<u@ﬁ(a%+Q<a

Measurement Prediction

Ak +1]K) :h[k,;((k+1|k)} +%§1ei trac%hxx‘( kx( ke1] )aﬁ( l¢1|)<}

Residual or Innovation

k+1) = A k+ 1K) = 2 k+ 3 - 2{ k+ 4 R

Innovation Covariance
S(k+1) = h, (k+ JP(k+ 1K, (k+
+ %ZZeiej'trace{hXX‘( x(ker 2] B)P( ke 21 k! (e ke 11 P( e 1] )%

R(k+1)

all the other equations to evaluate the Kalman filter remaisaine, i.e.
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Kalman Gain

W(k+1) = P(k +é|(t)+"'£)k+])

State Update

x(k+1k+1) = x(k+ 1K) + W(k+ I k+ )

State Update Covariance

P(k+1/k+1) = P(k+ 1K ~W(k+ IS k+ JW (k+ ¥
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Appendix B
I nteracting Multiple Model

B.1 Introduction

The Kalman filters previously shown provide an optimum estimsitioreg as the
object being observed behaves according to the prescribed model. iHowdhe real
world, quite often system dynamics cannot be translated intbofgsmodel, but require
several different models corresponding to different system regimegleal system would
have a finite seM = {1, 2,..., m}of different models to cope with all possible regimes and
it would obey one out of the m available models at any time. Tfezatice in these models
is related to previous system equations in Appendix A by assufiffegent parameters
for those equations. In the particular case of the measurementmatple sensors can be
achieved by using a mapping functidnfor the linear case, or h(.), for the non-linear case,
for each of the type of sensor being used. However in the thesisranlype of sensor will
be used, therefore the measurement equation remains as in t@rexpreviously shown
for the linear and non-linear cases, although multiple sensa@s almo possible
[Blom90Db][Li93a].

An aircraft trajectory being detected by a scan radargisoal example of a system
that fits the above description. The trajectory comprises a seguaf different flight
modes, such as left and right turn, uniform motion (straightdorestant velocity, straight
line constant acceleration), climb and descent motions. Thecpihdtols when and how to
change from one model to another. Nevertheless the pilot decisidmecguided by some
basic rules (e.g. the flight plan) and from the Air Tra@iantrol point of view the switch
depends only in the current mode of flight. This type of mode switchibgst characterised
as a Markov process [Blom83b], [Gillespie92], [Papoulis87]. A Markaxcgss can be
simply described as a process that “its future is conditionmadlgpendent of its past given
its present”, in other words to change from a current modehéwamodel the process only
depends on its present model. The Met={1,2,...,mof models in a Markov process is

known as a discrete Markov chain. The switch from any currentInmday future model
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is governed by probabilities. These probabilities are stored imteixnformat known as

transition matrix where the elements are given by
p{mj ( k+1) I m( @} = ﬂi,-

where 75 is the probability of changing from modeat instank to modelj at instank+1.
The determination of these probabilities can be obtained thedlyebgathe studying the
mean time of stay on each particular model [Barret90]. Anothepapipris to assume that
the probability of stay on the current model is as any "a prnoebability value, for

exampleprob and the probability to change to any other possible model equal [Moase75]

prob =
7, = M 7]
(m-1)

A system composed of a system model as described in the aboveresjaad a Markov
chain is also known as a hybrid system [Blom82a]. The purpose hereagaiceas in the
Kalman case, is to obtain an improved estimate and its raspecivariance using all
models on this hybrid system. An optimal hybrid system solutionnfanodels has a
growing number of hypotheses at each new measurement arrival. iypEgbeses grow

exponentially with time as h{Tugnait82] and this is illustrated in Figure 47.
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Figure 47 - Multiple Model Approach

Such a growth is obviously unacceptable for computer implementatiothianitlhs
generated a number of different techniques in order to make sudiplenuhodel
approaches viable for computer implementation. These techniquessatedrahypothesis
reduction by making use of either pruning or merging of hypothesisufidherlying concept
in both approaches is to prevent the explosion of the total numbepathlegis and to keep

them at a fixed or nearly fixed number as in shown in Figure 48.
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Kalman Xn(K)
n

Figure 48 - Multiple Model Reduction

Pruning methods are based on discarding hypotheses that are be&leraia
probability level. Again the selection of this level has origitda number of different
pruning algorithms [Tugnait82]. The merging method is based on bindipgtheses
together that are within certain probability levels [Chan82].il8g to pruning, it has
originated a number of different merging algorithms [Moose75]. Amotigstmerging
algorithms the most important one, until recently, was the @ksed Pseudo Bayes (GPB)
[Chan79]. The GPB algorithm merges those hypotheses that havar sirotbabilities given
some fixed time window (fixed depth hypotheses merging). ConsdgueRB with m
filters and a depth ok past measurements will have Kalman filters at any time. A
common notation to show the GPB depth is GPB(k) or GPBk. A GRBK§Iman filters)
has been shown to be the best choice when compared to the algorithviacgishye
mentioned in terms of performance and final precision. However anymeal time
applications GBP2 can still compromise the final performandéngats use unacceptable.
The Interacting Multiple Model (IMM) developed by H.A. Blom [Blom3Zmlved the
performance problem. The IMM algorithm performs as well &P82 but with the

computational cost of a GPB1. A more precise description about fdNbrmance in
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practical applications without making use of Monte Carlo sinaiatican be found
in [Li93a].

The IMM has been successfully used in implementing airidratintrol system
[Li93b], [Vacher92], [Blom84b] and in other problems where multiple diffdrent sensors
along with highly-manoeuvrable targets are present [Blom88], [DufoufBRIm92]. The
IMM is a recursive algorithm which consists of four steps #r@ cycled at each new
measurement arrival. The algorithm is shown in Figure 49 andiarpl below. For a fully

detailed description of the IMM algorithm, see [Blom90a].

B.2 ThelMM Algorithm

Step 1- Interaction and Mixing

This step is the key element that distinguishes IMM from oEB algorithms. The
merging of hypothesis is done in this stage to prevent the explogienirst step in the
Interaction and Mixing is to calculate the predicted mode prabalol probability
normalisation constant for each model. The predicted mode probabilitg particular
model is obtained by summing all the multiplication of the previnade probability for
any other models by the corresponding transition matrix probabiiityn going from any
other models to that particular one. Based on the predicted modéiptplihe mixed
probability can be easily obtained by dividing the product of the previageinprobability
and correspondent probability of changing to that specific model by tmesponding
probability normalisation constant. Using the mixed probabilitiespossible to mix all the
previous filter outputs, namely estimates and its covariamyesixing them, a previous
mixed estimates and covariance is obtained for each model andahdye now used as

input to the next filter step (Kalman Filters). This carsbemarised as :

My (k=1k=1) = p{ M k—])||\/!(k)Zk} (using Baye$
p{lvl K)IM (k-1),27 d M( k-2 27}

p{lvlj )/ 27
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With the new mixing weights one can now calculate the new dstnfar each of the
models by mixing all the models estimations from each of theique Kalman filters

outputs weighted by their correspondent mixed probability.

Xoi(k-1lk-1) =iz::;<i(k— k-3 1, (k- k= )

The covariance corresponding to the above estimation is also givire lsame mixing

principle, thus

P (k—1k—1) +

Po, = iZ::ﬂ‘” (k-11k-1) [)A((k—1|k—]) - xo; (k- 11k~ :I)} .

I

P(k—uk—]) - xo; (k= 1k~ :I)}

Step 2- Kalman Filter

The previous mixed estimates and their covariances are useypuwsto each of the
correspondent Kalman filter. This is done together with the inptiteoturrent in the same
way as a single Kalman filter. Because there are atoustof filters these calculations can
all be performed in parallel. The Kalman algorithms to be usedfoeeach model j can be
either of the two Kalman mechanisations previously shown:

Kalman Filter (KF).

Extended Kalman Filter First Order (FOEKF).

Extended Kalman Filter Second Order (SOEKEF).

For the IMM algorithm the necessary Kalman filter outputsnateonly each model current

estimationx; (k) and correspondent covarianBg(k) but also the filter likelihood\ ;. The

likelihood function of each filter is calculated using the innova&j@) and its covariances

S(t) and given by
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A1:44@Mm@z“ﬂ:|(ﬁmﬂ&psj

As a result this likelihood calculation is incorporated in the ipress set of Kalman
equations and the Kalman filter performing in parallel should retuenthree variables

mentioned above.

Step 3- Probability Update

Using the likelihood function of each filter the model probabilitigglate can now be

determined by

)= o w (912} = A48

Step 4- Combination

The final step calculates, for output purposes, a unique or combirtecestanate and its
covariance. The output is based on adding all models estimated weighted with their

model probability, or

x(kIK) = 3" i (KIK

i=1

and its corresponding covariance is

m

i=1

The algorithm returns to the first step and proceeds to thecyebd with a new

measurement. The IMM algorithm representation is shown in Ffure
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Appendix C
Probabilistic Data Association

C.1Introduction

As described in the previous two appendixes, the objective herdepict all of the
formulae necessary to understand the parallel implementatoriedcout in this thesis.
Once again the probabilistic data association equations will ésemed in a summarized
way, with references to the further comprehension of the tieraspects involved in
using these equations for real life applications. Both methobls fmesented are based on
the Bayesian approach [BarShalom78]. The method presented refetsbimpéimal method

to track one known target in a cluttered environment.

C.2 Probabilistic Data Association

The main advantage of Probabilistic Data Association techniqi® rieduce the
computational overload that would result if a more general approactove used, such as
the Multiple Hypotheses [Reid79] approach based on an optimal Bagssiarator where
the number of hypothesis grows exponentially as the measurementscaived. In that
sense the PDA is a suboptimal Bayesian estimator [BarShalomhi@} takes into account
all measurements that may have originated from the targetfiffdeform of the PDA
algorithm (PDA) was first presented in [BarShalom75]. Tiygo@thm is intended to track
one object of interest, “the target”, in the presence of spudbjexts, “clutter”. The first
step of the PDA is to select amongst all measurements thatséie inside a validation
region (gate) whose centre was predicted by the filteringitigo(Kalman). This phase is
known as the gating phase [Blackman86] and it is used to reduce the rafmpossible
target association measurements. Those measurements thataakdahalanobis distance
sense less or equal than a threshold distance (inside the gatenaidered to be the most
probable candidates for the track update. Once these gated meadsardrave been
determined, they are all taken into account to update the rheknext phase and the core
of the method consists of establishing a probabilistic weightafiothose validated
measurements. Each measurement will have a different weahtsponding to its

likelihood in the updating process according to its probabilistic ridistaln summary the
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essential elements of the PDA are the gating determinatidnmeasurements weight
selection. A major limitation of the PDA algorithm is theck of a track initiation
mechanism, which has to be provided separately and this has lb@en ® be not
straightforward  [BarShalom90]. The PDA mechanization is incotpdranto the

estimation filter as described below (extracted from §Batom75] and [BarShalom88])

PDA Gating
Before the PDA can be applied a gating process is performedativexceived

measurements at an instant k. The gating process is usddcdotisese measurements lying
in the neighbourhood of the target predicted position. It has been usedstnomthe
tracking algorithms developed up to date [Kurien90]. A precise equatiothdogating

process is given by

This type of gating is commonly known e@lfipsoidal gating although other simpler
gate shapes exist [Blackman86]. The ellipsoid is in fact aghitty concentration or a
statistical region around the target predicted position. The p#eapis obtained fromX®

(chi-square) distributions [Kreyszig88].

After the gating, fewer measurements are taken as caeslitatupdating the filter,
which means only those lying inside the gate. These measurernemitative up to time k

can be represented as
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where in the abovey is the number of measurements lying inside the validation gate.

It is also assumed that the state is normally distributad$§ian) conditioned upon

the latest estimate and corresponding covariance, or

o{x()1,2%} = N x(R:x( Kl k-1)P( K 1)

PDA Weidhts
Amongst those validated measurememig)(there is possibly a correct one and the
others are false measurements and/or clutter or alternativaly of them is correct. This

events can be expressed as

Xi(K) ={z;(K) is the correct measureménit
and

Xo(K) ={none of the measurements is coryect
with probabilities given by

Bk =g x(KIz"]

Based on the above assumptions about the evenys atee mutually exclusive and

exhaustive, thus

éﬁ =im2 pLx(Kz] =1

=0
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The best estimate for the target position is gibgra conditional mean based upon
all measurements that with some non-zero probgliidy have originated from the target

of interest. This can expressed as

x(kIk) = Ex(Qz*] = Zp{x. B ] Bx( By ( kz¥]

Therefore, by making use of the Bayes’ total prdiiglvule [Papoulis87] yields
x(kIK) = 28K (k¥
i=0

where xi(k|k) is the update estimate conditioned on the eveat thone of the

measurements is correct. Making use of the abapetmns and assuming that

measurement is the correct one results in
xi(k[k) =x(klk-1) + W(K (B

with

-4 klk-]
Assuming that when none of the measurements isdori.e. i = 0, the estimate is given by

xo(k[K) = x{ k|k=1)

by now combining the equations f(xr(k|k) and xo(k|k) in the equation forx(k|k)

makes the final expression for the combined esé@raat
x(Kk|k) = x( k| k=1) + W( R v( B

where
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In a similar way the corresponding covariance caolitained and it is given by

P(KIK) = £, P(KIK=1) + [ 1-A][1 -W( RH( B]P( K k-3
() 3K (9w (§ (A Ru(Y ) (i

The main objective now is therefore to obtain egpiens for the posteriorior association
probabilities or PDA weightg (k). A complete description of how they can be debeech
is detailed in [BarShalom75] and [BarShalom88],yathie final form is shown here. The

association probabilities can be written as
B, (K)=P{x (1Z(K.m 27}, i=012,..m
from Bayes’ rule the above is rewritten as

=HZ0m 2 el (g1 2}

B, c

whereC is the normalisation constant. The probability &omeasurement being the correct

one is given by

Vi (k);O;S(k))

Pe

2 ()Lx, (K. m Z*]= N(

where Pg is the probability that the correct measuremells finside the gate (gate
probability). Therefore the total probability assoghthat one of the measurements is the

correct one and all the others are incorregt (1) results in
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_N(v;;0,8)

oz (¥.m 2 ]= TR

1=12,...m,

The total probability when all measurements fallimgjde the gate are incorrect is given by

p[Z(K)1x: (K),m ,Z“]:Vier i=0

The probabilities of the event conditioned on the number of measurements falhsgle

the gate is given by [Bar-Shalom88]

Pxi (K m.2"} =P{x, (K| m} =

miPG P{PG %+(1— P %)%} i=12,..m,
: e B
He My He mk—l
{PG P, +(1-P PD),UF(mk—l):|

In the above equatiddy is the probability that the correct measurememetected
(detection probability). The functiog=(my) is the probability mass function for the spurious
measurements and it can be either Poisson or omifistributed. These distribution results
in two different models for the probability massétion that can be represented by

1. Parametric Model

(v)”
m,!

yF(m):exp(—A V)

which is a Poisson distribution.

2. Nonparametric Model
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1
IUF(mk):W

which is a Uniform distribution.

Because only the nonparametric model is of intemesthis thesis, after some

manipulation the resulting association probab#gitee :

Blk)=—3 i=1,2,..m,
b+iej
=1

b
Bolk) =—F—
b+iej

where

_ my (1_PD PG)

V. BB
and
o - N(v,;0:8)
PG
with Pg as the probability of the correct measuremenketinbide the gatd)p as the target

detection probability and V is the volume of thigpgical validation region (gate) or

V(K) =¢, y"72JS(K)]

wherenz is the dimension of the measurement vector z ardcorresponding,; is the

volume of thenzdimensional unit hypersphere (c1=2, c2=,c3=418.,) [Fortmann83].
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