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Abstract

The problem is detecting and tracking objects at large ranges, when no target

features are visible, with imaging type sensors. A system is developed which

estimates the optical flow of the scene in a parallel architecture similar to that of

an artificial neural network. From the estimated motion of the scene) hypotheses

are determined about the object type. These hypotheses are determined in a

manner which leads to a bounded probability range driven by the data and

which incorporates doubt and allows fusion of information from other sensors

along similar lines to Dempster-Shafer reasoning. An uncertain probabilistic

approach to decision making is employed so that sparse decision spaces and

noisy data don't cause biased decisions due to generalisation. Incorporation of

information from a different sensor type enables false objects caused by correlated

noise sources such as multipath reflections to be removed.

The approach is designed'to operate in a parallel architecture in high noise,

high resolution situations where conventional approaches scale very poorly, conse-

quently it is not envisaged that the approach presented in this thesis will compete

with more conventional approaches which are applicable in different problem do-

mains. The approach is proved and is simulated using both real and artificial

information. The real test data comes from an IR array and a passive sonar

sensor.
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Symbol definitions

0.1 Notation

Attempts have been made to make the symbols and equations in this thesls as

simple and yet general as possible. Nlany symbols refer to vectors or matrices yet

are not labeled as such and mav appear to be treated as scalars since it doesn't

really matter what they are in terttts of the equations.

. Components of the vectors are selected by the application of a subscript.

As an example consider r. i"n".olly r is used to refer to the position of an

object in space or in a structure. If the structure is one dimensional then r is

a scalar, but it is also possible in higher dimensional problems that r has many

components øs, trt. . ., r¡¡. Subscripts have two meanings, they can be used to

reference components of a vector, such as ø¡, they can also be used as an index

to a particular vector. Where this is the case it should be obvious, and a special

subscript such as d, rrray be used to ensure the correct interpretation.

If r appears in an equation sttch as

: : er + 3 + b (0.1)

then evaluation is performed differently depending upon whether r, a and b are

vectors. If r, a and b are scalars bhen calculation proceeds in a straight forward

manner; however, if any of r, a or ó is a vector - if more than one of them is

a vector they must have the same size - calculation is performed on a point by

point basis not using matrix algebra. As an example consider lhat a, b, r
and z are all vectors of the same size then (0.1) can be rewritten as

zs:asrs*3*ö0,

21:Q1r1*3*ór,

zN:o,N:tN+3+bN.

XI
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In a similar way a function may appear without a parameter. The most common

term left out in a function is ú and this normally implies that all terms in the

calculation have the same time indices; only when calculations require terms

from different times does the parameter / need to appear.

IIrnaLrix or vector operàtions ("g ll"ll) appear in expressions then those op-

erations are performed using normal matrix algebra. The result of the operation

is usually a scalar and is used in the rest of the expression in the same pointwise

manner as described previously.

Matrix magnitudes unless otherwise specified are L2 norms.

O.2 Definitions

The following definitions appear roughly in the order of appearance of the sym-

bols in the chapters.

[/¿ represents the highest probability that can be attached to a hypothesis A

tr¿ represents the lowest probability that can be attached to a hypothesis A

Aro,uo represents the range of probabilities for a hypothesis, A. The first sub-

script is the lower probability, L¡, and the second subscript is the upper

probabilitv, [/¿.

á is the set of all hypotheses

r is generally used to refer to a spatial coordinate and is generally of arbitrary

dimension.

y typically represents the response of a sensor at a point. Array sensor responses

consist of an array of ys and are usually represented bV d.

1/ total number of training points.

target(r,y) is the hypothesis that there is a target at the augmented spatial

position (r,y).

/¿ is a label for the ith training point location in z

p is a label for a point located in r
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n¿(p) represents the effective number of training points at the point p caused by

the training point ú¿

G¡(t¡,p) is the Green's function of the training point location ambiguity. If it

is assumed that the ambiguity is due to a noise process such as sensor

platform vibration then G¿(f¿,p) is the probability function of the noise.

X is the set of all possible position indices, ie. X: 10,7,2,fred,anylabel] defines

a space with points porptrPz,,PÍred,,Panytaber. This enables equations to be

formed that are independent of dimension and which are not necessarily

uniform, eg. pJred could represent the point (0.2,4.3) in a 2 dimensional

Euclidean space or the point (0,0, 1) in a non-Euclidean 3 dimensional

space.

n is the number of elements in X.

ú represents time and is always a scalar

C¡ is the set of all training points which satisfy hypothesis j only

&(p) is the total number of effective training points at the point, p, caused by

the training points in the set C¡.

Nl@) is the same as ¡fi(p) except that additional training points have been

added which are consistent with the original distribution of training points.

/¡ (p) ir the relative frequency, which is an estimate of the probability that point

p is a member of class j.

f j(p) t" the same as f ¡@) except that additional training points have been aclded

which are consistent with the original distribution of training points.

Y is the set of possible y values

R is the number of elements in Y and corresponds to the resolution of the sensot.

/ represents the sensor response. It is generally a matrix indexed by r and ú

and is written as $(r,t).

u usually represents velocity
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/ ir utr estimate of / formed from knowledge of / at earlier times.

/ is an estimate of the true noise free S formed from / and noisy measurements

of the true /.

cp is similar to / except that it has been augmented; see Section 2.2.3 and Sec-

tion 4.5

z : (X,Y) is an augmented space which is indexed with an index from X and V

c is used either as a scalar parameter or as a label for a point in either the sensor

state space or the augmented sensor state space. As a label to a point in

the state spaces cv is an element ol the set of indices used in the space so

that the dimension of the space is albitrary. For example in a 7 dimension

space a might equal [0, 1, 1, 2, 1. -t. 2].

B same as a.

7 Same as û.

D represents the set of coordinate axes so that in an n dimensional space D has

n elements.

lnl is the number of elements in D, see the definition of p. In a 3 dimensional

space lPl : g

i refers to a coordinate. For example in a õ climensional world with the coordi-

nate axes p : {dr ,dr,. . .,dr}, i could lepresent any of the axes in D.

J SAme as ?.

k same as i

?¿ is a transformation at time ú consisting of 2 vectors,Tf(a) andT{(a), in D

attached to each point in the augmented state space.

Ti@) is the mean direction vector at the point a at time ú

T{ (") is the variance vector at the point o at time ú
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?¿ As a subscript to a fully labeled point (except possibly for l) or as the subscript

of a label point such as a the subscript changes the term to the value of the

ith coordinate or component in D whether the label is in D or in another

space which must be mapped into D first.

A"(ú) is the prediction error at time l, and is the error between the predicted

matrix, g(ú) and the actual matrix 9(ú).

no represents noise in the measurement process.

n?"¿ represents noise introduced to the prediction process by objects manoeuvring

in the scene.

Xi_A¡ is the expected value (1"¿ moment) of the error between the smoothed

estimate of the matrix, g"(t) and the actual matrix, ,P"(t)'

XT.(qr,Al is the expected value (2nd moment)of the square of the error between

the smoothed estimate of the matrix,, ,,r,(t) and the actual matrix, ?"(t).

X,ro expected value of. no.

Xnr, expected value of. n7r.

X";"0' is the value that a sequence of Xi.lr¡ converge to.

X';;"0' is the value that a sequence olXT.(r)r.1¿; converge to.

p(ø) is a probability function indexed by *.
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Chapter 1

Introduction

l-.1 General

In this document I am interested in tracking moving objects, which are devoid

of features, within a noisy background. The purpose of this introduction is to

introduce the reader to the particular problem. This is critical since engineering

decisions were made in the course of development which can be justified only in

the particular circumstances relevant to the problem.

To make intelligent decisions information is required. As we extend the area

we wish to make decisions over the quality of the information may decrease and

the quantity increase making the interpretation of the raw data, to obtain use-

ful information, more difficult. In some applications we now extend our range

of information acquisition using sensors capable of working day or night, with

ranges and resolutions far exceeding that of the our natural biological sensors.

The need to gather all this information for long periods, and the alien nature of

the information to our brains, means that we can no longer analyze the results

easily. The solution is to automate the analysis process and present only crit-

ical information or conclusions to a human operator, but even this amount of

information can overload our meagre minds.

Complete automation, aside from the moral diiemmas associated with giving

control to machines, is not possible because machines have difficulty making

decisions in a vague uncertain world. Humans have always attempted to remove

doubt by using multiple sensors to gather information; the farmer looking at

the sky notes not just the color, structure and motion of the clouds, but also

the fluctuations in the temperature and pressure. The Indian chief listens to

the reports of all his scouts, and using the information he has learnt through

1



2 CHAPTER 1. INTRODUCTION

experience, he decides what should happen. Machines on the other hand deal

with numbers or symbols. If the data is from several sources and generates

different conclusions then the data must be wrong, yet a decision must be made,

and the conflict between the sources resolved.

Irt our ttrotlertr world one facet of this information gathering is the long range

detection, tracking and classification of objects. This task, commonly known as

surveillance, is the topic of this thesis, which attempts to develop an automatic

approach to the combination of data from different sensors to form decisions

which are meaningful and can be utilized by either humans or further automatic

systems.

L.2 The Problem

The help in the surveillance task, data from two or more sensors is fused to

improve the accuracy and completeness of the information obtained. The solution

apploach has civil and military applications, such as in the detection of missiles

or the tracking of ships. The success of both these applications is limited using

single sensor systems. Surface based radar systems for example suffer from multi-

path limitations for low angle observations, and infra-red (IR) imaging systems

require large amounts of processing to initiate and track objects moving in a

dense clutter or noise environment, which occurs particularly at low angles over

water due to specular reflections from waves.

In the approach presented, knowledge from disparate sources is combined, so

that false objects, which are the result of noise processes that are correlated with

the signal of interest, are removed. This correlated noise occurs in situations

such as multipath reflections, and is removed using fusion since the correlated

noise for each sensor is different, and agreement between the sensors occurs only

at true objects. The assumption that the correlated noise is different at each

sensor is valid because the sensors are located at different sites or are intrinsically

different, for example a radar and an IR sensor view different portions of the

electromagnetic spectrum, and so the correlated noise in each sensor is caused

by different processes and will be different. Conventional approaches to the

tracking and data fusion problem must be ruled out, since they do not provide

conclusions wìth a measure of doubt which can facilitate fusion in situations
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where the information to be combined is conflicting.l This measure of doubt

is necessary if information from multiple sources is to be combined so that the

information from a sensor, which may support or refute the information from

other sensors, can be incorporated meaningfully.

The technique usually used to resolve conflicts between sensors is to assign

an apriori weighting to sensor accuracies based on the confidence in decisions

from a sensor. Unfortunately this apriori weighting generates the problem of

determining the weights, which are often non-stationary and non-uniform over a

sensor field. A new approach is proposed which attempts to avoid these problems

by incorporating data-driven measures of doubt into all conclusions so that sensor

conflicts can be resolved using weights which are a function of the data presented

to each sensor.

1.3 Thesis Organization

This thesis is organized such that a person wishing to understand what I have

done would merely commence reading at the start and pÌogress sequentially.

The review of current and past work has been separated from the main text

and placed in the appendices so that the flow of ideas is not overwhelmed by

review material. This was deemed necessary because of the number of frelds

covered, and because in many instances the review material is not a precursor to

the original information in the chapters, but justifies the effort developing a new

approach. Information about conventional approaches, which are invalid under

the given assumptions are located in the appendices. The distinction between

original and review work is easy, since if the material is in a chapter it's original;

if it's in an appendix other than Appendix A, then it is either a review of others'

work, or analysis of that work. Appendix A represents analysis and additional

1It is important to understand the difference between probability and doubt. A probability
states the exact frequency of an event occurrence, while doubt has no such exact knowledge,
If you tossed an unbiased coin 10 times you would expect the coin to land on each side and
you can determine the probability of that happening since knowledge that the coin is unbiased
gives you information obtained from an infinitely long trial. If you are given another coin,
which may or may not be biased, then there is doubt, since no information exists about the

behaviour of the new coin. Imposing a distribution on the expected probability of the new coin,
based on a small test expresses a form of doubt, yet there is still doubt that the disbribution
is correct. If additional information arrives which conflicts with the results of the short test,
then conclusions are impossible. There are however other representations of doubt other than
statistical distributions which are able to deal with conflicting information and it is systems

employing these forms of logic which are sought in this document.

3



4 CHAPTER 1, INTRODUCTION

explanations of original work in the chapters. Some people may find that reading

the appendix before the bulk of the material will lead to a better understanding

of some of the decisions; however whenever material in the appendix is relevant

to material in the chapters, I have attempted to signify this situation with cross

references.

The solution to the design is in a modula¡ form, which leaves me) as an author,

in a quandary whether to explain the overall structure which is meaningless

without knowledge of the blocks, or explaining the nature of the blocks without

knowledge of their purpose. There is no simple solution to this problem, and I

ask that the reader forgive me, for the necessity to continually flip forwards and

backwarcls through the text. In an attempt to minimize the cross referencing

by the reader, I will commence, in Chapter 2, b5, deriving the structure of the

soiution in an intuitive manner, with vague descriptions which allude to results

presented in the following chapters. The following chapters will give precise

descriptions of the solution components, while the final chapter will cover some

simulations on the entire network.

Chapter 3 and 4 contain the major original contributions of this thesis. The

ideas in these chapters are novel and provide the driving force for the rest of the

work.

Chapter 3 presents a method of classifying sensor outputs in a neural type

architecture which is able to quantify the amount of information used in making

the decision and consequently to assign a measure of doubt to the decision that

was made. Chapter 4 describes a method of extracting information about the

evolution of a sensor signal which leads to information about the objects being

viewed. The information generated is probabilistic so that the next stage in

the overall tracking network, the classifier presented in Chapter 3, has all the

information it requires to make decisions which include a measure of the deci-

sion accuracy based on doubt in the sensor information. Proofs for the parallel

algorithm are left until Appendix A. Chapter 5 presents the results of analysis

of the overall system stability. This brings together many of the results in the

earlier chapters to make statements about the overall performance. Chapter 6

contains the algorithm presented in the earlier chapters in one location with the

general mathematical objects, replaced with specific data structures. This allows

the reader to follow what is essentially an example system. The algorithm, as
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applied to the example system, is used for the majority of the simulations in

Chapter 7. Chapter 7 contains the results and analysis of simulations of the

overall tracking and decision network.

Appendix A contains convergence proofs for the optical flow determination

algorithm presented in Chapter 4 along with some explanation about what the

convergence means in terms of sensor and scene characteristics. Appendix B

contains a brief review of some of the other approaches which are typically used

in the solution of tracking objects in noise. Appendix C lists several of the more

common neural network architectures prevalent today. Although these networks

are not directly utilised in the solution, the architecture and the motivation

behind some of the networks was extended and modified to produce the solution

presented. The Back Propagation neural net isexamined in more detail than some

of the other approaches, and the effecl of some of the assumptions in the approach

and the consequent limitations of the method in the problem under consideration

are considered. Appendix C also briefly considers some possible implementation

technologies for neural networks. These are not explored fully and are presented

just to show that implementation is indeed possible. Some assumptions have

been made through the developnrent of the algorithm, where these assumptions

have been arbitrary the assumption has been made to make implementation

easier. Appendix D contains a review of some typical approaches to data fusion,

along with brief descriptions ol some of the advantages and disadvantages of

each. Appendix E summarises some of the issues and theory of Dempster-Shafer

Reasoning, which is similar to the approach adopted through out most of the

subsystem components that perform reasoning. The rest of the introduction

contains definitions and explanations of the critical background areas for future

chapters.

L.4 Data Fusion

The demand for information from electronic sensing systems often exceeds that

obtainable from any single sensor. To obtain the required amount of information,

data from several sensors must be combined. The combination is termed "data

fusion" and can occur at a number of different hierarchical levels. Approaches

are generally subdivided into three levels.(Labuz, 1988)

5
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1. Alignment, Correlation and Assignment, Tracking, and Attribute fusion.

This is the lowest level and generally involves the fusion of data or low level

information to improve the resolution or accuracy of that data. An example

ol such a system would be the fusion of a TV image with an Infra-red image

to obtain a bcttcr cstimate of the scene. Bach sensc,r detects fea,tures of the

scene with different confidences. The high confidence detections from one

sensor complement the weak detections from the other, so that the resultant

image contains more accurate information about the object's features in the

scene than could be achieved by either sensor alone.

2. Situation assessment and Threat assessment. This level of fusion makes

decisions about incoming sensor information and evaluates the significance

of the information. A fighter pilot seeing an approaching plane on hìs radar

and knowing from intelligence information that there are enemy aircraft

located in that area, will fuse the radar and intelligence information to

estimate the threat the approaching ailcraft represents.

3. Sensor Control. This is the highest level of data fusion and involves the con-

trol of the sensor information itself. For instance, in navigating a course

there will be regions where the amount of information is small, and the

task's success will be threatened. In the previous example, it is unaccept-

able to shoot a missile at every plane, because the pilot knows that there

are enemy planes about, and that he is therefore at risk. What is required is

more information. The pilot must seek more information about the plane's

identity by directing his sensors at the potential threat or by seeking more

information from other sensors.

There are many types of sensors used for the automatic detection and tracking

of objects. The following list contains some examples of systems where the data

could be combined from several sources to obtain improved surveillance.(Selzer

& Gutfinger, 1988)

o IR (Infra-red)

o Conventional R.adar

o Imaging Laser Radar
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o Laser Radar (Vibrometry)

o Synthetic Aperture Radar

o Visual

o Acoustic sensors

In this thesis a general approach is introduced using an example of fusion of

data from different types of visual or IR sensors and radar. The final solution

is compatible with other sensors, and so fusion with other sensor combinations,

using the same approach is possible. It is assumed that the radar information

used in the fusion is simply bearing and asymuth information, which is the same

information obtained by the sensors with which it is being combined. Additional

information such as range and velocity are not incorporated as part of this work

but can be included by simply increasing the dimension of the tracking problem

associated with the radar sensor and deriving a new set of combination rules so

that the fusion of different dimension trackers can be performed.

Conventional radar is commonly used in surveillance systems to detect and

track objects automatically. IR imagers can also be used to perform tracking,

although their normal role is in identiflcation. The performance of trackers using

these sensors degrades when tÈe object becomes faint due to noise or distance, for

example: radar resolution is often insufficient for identification, and IR systems

require large amounts of processing to detect and track targets in noise (especially

since they generally have a narrow field of view and may only view the object

briefly.) To overcome the limited resolution in radar systems a great deal of work

has been performed in the area of radar imaging, and in an attempt to obtain

.the required resolution, modern antenna arrays have become increasingly larger

until their mechanical construction and placement on modern platforms is now

difficult.

An alternative solution involves combining the information from both systems

so that the limitations of each are overcome by the advantages of the other.

In the simplest combination approach a conventional radar generates position

and track information, while an imaging sensor operating in the IR spectrum

attempts identification from the object features. This simple combination fails

to fully utilize the available information. The imaging sensor can also provide

7



8 CHAPTER 1. INTRODUCTION

information about the position and track of the object while the radar sensor

also provides information about some object features, such as the the propulsion

method in the case of aircraft: jet or propeller. In an environment where the

noise is correlated with the target, such as the case with multipath reflections

in low elevation angle radar observations, the use of positional information from

the imaging sensor would improve the performance of the radar sensor. A review

of the field of data fusion can be found in lVhite & Llinas (1990); Waltz (1931)

and briefly in appendix D.2

As the range is extended the benefit of an imaging sensor is reduced since ob-

ject features become unlesolved. The object becomes no more than a noisy dot or

pixel, yet the sensor still collects information. which in conjunction with the other

sensor, gives information regarding the ¡rosition of the object, which exceeds the

performance of either of the individual sensors alone. The object can no longer be

detected by its features contained in the IR sensor data and there is some doubt as

to exactly where the object is. The IR inlolmation must now be processed in an

approach similar to that used in Radar tracking. This is difficult, because when

using Kalman or MHT techniques (see appendix B) on sensors which produce

images, and particularly in noisy situations. the amount of processing required to

solve the data association problem beconres prohibitive(Kuczewski, 1987). Once

an object can be tracked, hypotheses regarding the nature and existence of the

object can be developed, and so by inrproving the range at which tracking can

be performed successfully the detection range of the overall sensor system is

increased.

In an attempt to solve this problenr an algorithm designed for a finely grained

parallel architecture is employed. The resultant performance of the algorithm

may not be as good as conventional routines; however the scaling problems of

conventional routines (Kuczewski, 1987) make them totally inapplicable in the

high noise environments for which the proposed routine is designed. Conven-

tional approaches to the problem are not investigated in great depth, and per-

formance comparisons are avoided because this algorithm is designed to operate

in situations where conventional approaches fail to be practical.

2In this document the fusion of dissimilar data from two sensors is considered for tracking
[argets. The problems of command and control are not considered.
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1.5 IR Systems

L.5.1- The Data

The IR systems considered provide image data at discrete points in space. This

image data is provided to the rest of the system at discrete intervals in time so

that the data is discrete in both the spatial and temporal dimensions. For long

range surveillance systems the task is to track and consequently detect objects

whose spatial extent is less than the point spread function of the imaging system,

and whose features are therefore unresolved. This task, when performed in the

presence of clutter and noise, can be tiring for human observers. When the

problem of data fusion of Radar information is added the human observer may

be overloaded and unable to cope with all the information. This overload may

cause additional fatigue and lead to a suboptimal fusion of the data.

The data to be analyzed will also be subject to omissions or false information,

either through limitations of the sensors or because of active interference. In this

situation the manual task of analyzing the data becomes even more tiresome,

and critical.

It is assumed that the coherence period of the background noise to a temporal

model will be short.

L.5.2 Pre-Processing Techniques

Current techniques for filtering the data (without considering data fusion), to

improve signal-to-noise levels, involve the use of linear optimal filtering using

techniques such as the Wiener and matched filters (Tao, Hilmers, Evenor &

Yehoshua, 1980; Otazo & Parenti, 1980; Takken, Friedman, Milton & Nitzberg,

1979)). One of the problems with these techniques is in determining the filter.

In many cases the optimum filter will change over time, due to a change in scene

or may even vary dramatically over a single scene (as would be the case ìf the

horizon was in the scene.) For any real application the filter must adapt and this

requires a significant amount of processing ability if the adaptation and filtering

a¡e to be executed in real time. The approach presented in this thesis avoids

the use of these filtering techniques, since detection of objects is performed by

recognising a difference between the dynamics of a pixel and the surrounding

pixels. Thus knowledge of the noise is needed, and filtering would only make the

I
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problem more difficult.

1.5.3 Tbacking and Acquisition of Targets

The tracking of featureless targets in an IR image can be done a number of ways,

but the most popular'approach (excepting space based systems) appears to be

Probabilistic Data Associati,on (PDA), or in the case of multiple targets, Joint

Probabilistic Data Association (JPDA). There have been a number of papers

which have demonstrated the success of these techniques (Houles & Bar-Shalom,

1989; Reid, 1979; Fortmann, Bar-Shalom & Scheffe, i983; Colgrove, Davis &

Ayliffe, 1986; Singer, Sea & Housewright, 1974; Blackman, 1936). All of these

implementations are incomplete in that they fail to consider all, or in some cases

any, of the following possible scenarios(Reid, 1979; Kurien & Liggins, 1g88)3:

o Multiple Targets

o Missing Measurements

o False Alarms

o Track Initiation.

o Target Splitting

o Target Termination.

o Unknown Target Dynanics

o Unknown Statistics

o Translation in Data between sensors. (ie. tracks from different sensors, of

the same target, appear to be different.)

In fact JPDA, by itself, is not appropriate for the situation described in 1.2. See

Appendix 8.3 for more information.

To initiate a target track, information from a series of frames in time is re-

quired. This process is difficult to execute in real time, with existing computers,

sReia 
ItOZO¡ provides a table listing which approaches fail to meet which criteria, this table

has not been reproduced, since the deficiencies and features of the individual approaches is
not important, only that a new approach can be justified by the deficiencies of the existing
approaches.
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yet it must be performed continuously if the system is to be useful. Since a time

sequence of frames exists for target acquisition, processing would be less than

optimal if this data was not used in maintaining and filtering a track- neither

PDA, nor JPDA algorithms utilize the information from these multiple frames.

Algorithms exist which make use of the data from several frames(Rauch, Fut-

terman & Kemmer, 1981), but these routines make use of a high target speed

with respect to a slow drift in the background, and are able to extract objects

by comparing successive frames. This approach is valid in a downward-looking

space platform; however in the problem case being considered it is inappro-

priate, especially for a bearing and azimuth only sensor, such as an IR array,

where a target can approach the sensor head on, giving no apparent target mo-

tion relative to the background. Another approach is Multi Hypothesis Tracking

(MHT) which stores information about the probability of all possible tracks (see

Appendix 8.4.2), so that the dynamics of previous frames are stored. Unfortu-

nately this technique has a computational and memory load which grows rapidly

with the number of possible object points, and is consequently invalid, without

extensive modifications, given the problem assumptions. The velocity estima-

tion solution established in Chapter 4 is a modified parallel version of MHT

with a statistical distribution on the family of track estimates, which avoids the

computational and memory load that can occur when using MHT.

Wat is required is a new algorithm, the requirements of which are listed in

section 1.7

1.6 Radar Systems

There are many types of radar systems which process the data in different ways.

For the purposes of this thesìs, the type of radar system is assumed to provide

azimuth and elevation information only. Other information which is available

from most radars can be incorporated into the approach; however this makes the

combination and feedback of global decisions more complex, and has not been

performed. The bulk of the work is performed on data from an IR sensor, while

the radar is included to provide a source of disparate information to demonstrate

the utility of the fusion approach.
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L.7 Tracking System Requrrements

The objective is to create a system that is able to track the data and determine

the existence of targets. It should bc ablc to deal with all of the scenarios listed

in 1.5.3.

The characteristìcs which should be possessed by the tracking and detection

algorithm are:

o The algorithm should be able to determine a level of belief in its conclusions.

ie. track initiation with a bounded uncertainty such as between 70%o and

90% certainty.

¡ Decisions should allow for conflicting or supporting evidence, ie. Shafer-

Dempster reasonìng(Bogler, 1987).

o Decisions should not be forced when using inadequate information, as oc-

curs in Bayesian techniques(Bogler, 1987).

o A degradation in the performance of one of the sensors (due to failure or

counter measures) should be handled by altering the significance attached

to the sensor.

¡ The significance attached to each sensor's conclusions,should not be fbrmed

apriori, but should be a function of the observed data.

For the processor to perform all of these functions a brief history of the in-

puts is required. The greater the amount of input history stored, the greater the

amount of data storage required, but from the evidence of previous initiation and

track routines(Houles & Bar-Shalom, 1989; Reid, 1979; Fortmann, Bar-Shalom

& Scheffe, 1983; Colgrove, Davis & Ayliffe, 1986; Singer, Sea & Housewright,

1974) this data is usually required for initiation anyway. It is possible to store

the input history by keeping a copy of the sensors detections; however, this can

require a huge amount of memory, particularly with large array sensors, which are

typical of current IR arrays. Routines exist, such as multiple hypotheses track-

ing (MHT)4, which rather than store the previous inputs, store some essential

features along with the perceived dynamics of those features. These approaches

aRefer appendix 8.4.2
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require less memoryfor low noise, low object count scenarios, but actually require

more otherwise.

l-.8 Neural Networks

Neural techniques represent a method of programming parallel computers, as

well as developing architectures for building and programming new computers

which can even be based on analogue components. Many systems labeled as

neural computers are not new, and similar solution approaches can be obtained

by different methods.

Artif,cial Neural Networks (ANN)5 provide a means of parallel processing, and

are particularly suited to non-linear and statistical problems, which may require

adaptation. Originally the intention was to use neural networks to implement

some of the tracking and data fusion processes; however, there are some problems

associated with conventional ANN, which has led me to develop a new method,

which still exploits the fine grain computational architecture of neural networks

but avoids some of the following problems:

¡ Can a neural network solve the problem? Many conventional networks can

not be guaranteed to solve certain types of problem.

¡ Decision boundaries in neural networks, generally with a Sigmoid shape, are

statistically accurate only when the noise processes have an approximate

Gaussian distribution with constant variance. It is necessary to determine

whether a mix of statistical decision boundaries can be implemented. Refer

to appendix C.1.2

o Neural Networks have been shown to make Baye's optimal decisions (Wan,

1990; Ruck et al., 1990) under ideal conditions. A network needs to be

found which can determine the validity of a decision along with a level of

certainty.

o Due to the massive amount of input data to the network there is a large

number of connections. It needs to be determined whether this large num-

ber can be implemented and trained or whether there is a relationship

sSome neural networks are reviewed in a cursory manner in appendix C
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between connections which will reduce the dimensionality of the training

problem. The reduction in the size of the training problem will also assist

in the adaptation speed of the network to changes in the environment dur-

ing run time, since the dimension and hence size of the solution space that

needs to be searched will be reduced. See Appendix C.86

o One of the problems in implementing data fusion is determining rvhich hy-

potheses should be evaluated. The number of possible hypotheses can be

prohibitively large, making evaluation of them all difficult, or some of the

hypotheses may be unknown at the time of design. Neural networks are

capable of evaluating a finite set of known hypotheses. It is necessary to

evaiuate all hypotheses for each sensor so that disparate information from

clifferent sensors can be fusecl in a manner which is able to resolve conflicts

between sensors. These conflicts can not be resolved when the only con-

clusion from each sensor processing system is the most likely hypothesisT,

rather than a measure of the merit of each hypothesis.(ie. the most likely

hypothesis from all the data, may be different to the most likely hypothesis

from an individual sensor.)

The solutions to the tasks considered use a parallel architecture with a con-

nectivity which is consistent with ANN. The training is different from conven-

tional approaches, which enables conclusions about the network performance to

be made,
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Chapter 2

Fusion using Reasoned Feedback

2.1 Introduction

A consistent approach is presented for the fusion of multi-sensor information.

The fusion process allows for different types of sensors which can be located

at different sites and have no or only partial overlap in their coverage. The

information from each sensor is processed locally to remove noise and evaluate

hypotheses about objects in its field of view. These hypotheses' evaluations are

transmitted to a central location where decisions from other sensors are fused

using an appïoach similar to Shafer-Dempster reasoning (appendix tr). The

reasoned conclusion of the fusion is fed back to the local processing at each

sensor to improve future hypotheses. Although the approach is applicable for

almost any type of sensor system, for clarity the examples presented assume an

imaging system working in the visual or IR spectrum.l

2.2 Network Structure

2.2.t General Network Structures

There are two main architectures which can be classified into either central (fig-

ure 2.1) or local processing (figure 2.2) of sensor data(Maren, Pap & Harston,

1989; Clark & Yuille, 1990; Reibman & Nolte, 1987b; Reibman & Nolte, 1987a;

Waltz & Llinas, 1990). In the central case all information is transmitted to a

central site where it is combined. This case is optimum in that all information

is available for the process of decision making; however the processing requires

a large amount of centralized computation power and high bandwidth commu-

lThis chapter consists primarily of information presented in Payne (1992)

77



18 CHAPTER 2, FUSION USI¡úG REASONED FEEDBACI(

Sensors

Fusion

Tracker

Figure 2.1: Centralized plocessing in a fusion network

nication channels. The local approach l)rocesses the sensor information at each

sensor and sends the resultant inl'ornration, tracks, or attributes, to the fusion

center where information is combined. 'l'his approach requires less communica-

tion but suffers from the disadvantage that conflicts between sensors are difficult

to resolve, In situations where classification of scene characteristics can be dif-

ficult and uncertain, faint or noisy objects, which in the optimal case could be

detected by the central approach are missed by the local technique, since no

single detector has sufficient inforrnation to make an informed decision.

The approach presented here is a conrbination of both the central and local

processing architectures in figures 2.1 anc[ 2.2. Information from the sensors is

processed at the sensor site and a rel)r'csentation of doubt is included in the

information transmitted to the central site. At the central site information from

other sensors is incorporated in a reasoned manner to form a decision which

makes the best use of the available data. The amount of information transmitted

from each sensor will be less than in the central processing case since the data will

have a lower entropy. In a situation where the sensors are distributed and possibly

autonomous, the new approach is robust to system component or communication

breakdown, since each of the autonomous units processes its own data so that

the individual units are minimally affected by overall system failure.

2.2.2 Proposed Network Structure
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Sensors
Trackers

Fusion

Figure 2.2: Localized processing in a fusion network
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Other

Sensors

Signal (/)*

Noise (n,)

Sensor

Figure 2.3: Structure of fusion network
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The structure of the proposed architecture is shown in figure 2.3. The sensor

produces a noisy output which consists of a portion representing the ideal world,

which I shall call signal, /, and a disturbance, which I shall call noise, no. The

noisy output tïom the sensor is the input to the proposed network. The ideal

world consists of a sir.nplificd vcrsion of reality upon which the models are b¿rsed

and the decisions made. The ideal world does not contain errors introduced by

the medium between the viewed scene and the sensor, or by imperfections in

the sensor system. The signal and noise can be represented as a matrix of data

where each location in the matrix represents the intensity of a pixel at a particular

azimuth and elevation. (for a non-pixelated sensor such as a radar the location in

the matrix could correspond to range or velocity while the pixel intensity could

correspond to the signal return strength. The dimension of the matrix could also

be increased so that all of these parameters could be represented.)

In situations where the signal components are continuous they can oÏten be

ìmproved by a process such as optimal filtering if the noise or signal adhere to

some known model. For the proposed sensors optimal filtering is not possible

since even the simple motion of an object moving between adjacent pixels will

produce a near discontinuous change in the value of the signal components at the

source and destination pixel locations (This is explained further in section 4.3).

The signals are not really discontinuous since the sensors are assumed to have

a finite integration time and scintillation by natural processes blurs points, such

that motion produces a smooth change in the components of the signal. This

motion although smooth, is rather abrupt, and leaves only a small potential for

improvement by filtering when the relationships between components are not

considered.

The relationships between components of the mat¡ix are continually chang-

ing, since adjacent pixels only affect certain neighbours and this effect depends

on the direction of the object motion at that location. Although there is a simi-

larity in the proposed approach to that of Kalman filtering the extension of the

Kalman filter equations to allow for relationships between components which

vary continuously as a function of the true input would result in difficult and

cumbersome equations, even if they were stable.

The proposed approach considers the interaction of all vector components in

parallel when forming its predictions. The observed phenomenon (signal) must
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obey some sort of temporal model, such that if the state of the phenomenon 1s

known, prediction of future states to within a tolerable error is possible. Specif-

ically, the case of tracking extremely faint objects is considered, where it is not

possible to detect objects by their attributes. This makes the problem more

difficult than when the objects features can be detected, since the uncertainty

about an object's motion is increased due to the increased number of possible

motions or associations. If the object was easily recognized then there would be

no uncertainty in determining an objects perceived motion. If an object in noise

has no features then it is impossible to locate and recognise the object in its

new position and infer that it has moved from one point to another, hence deter-

mining its motion parameters, since the object could have moved to anywhere.

Recognition of the object also allows a reduction in the dimension of the space

in which tracking will occur sìnce it is possible to assign a label to the object and

attach it to a particular spatial location and track the evolution of the object's

spatial location and motion parameters.

2.2.3 Local Processing

Each local unit modifies the sensor output by its expectation of the signal fr.

This expectation is determined by a mapping function which attempts to predict

what the next signat ó(t + 1) shoutd be from the previous filtered sensor outputs

ó(t) ..d(0).

O(t+\-- f (ø{,),6(t- 1),...,7(0)) : (2.1)

The filtered sensor output / is a weighted average of the sensor output S + n"

and the local prediction /, so that

õ_o(ó+"")+tó. el)o,+o

The function / is actually implemented in a recursive manner so that / is a

function of the current filtered sensor output, /(ú), and a state vector representing

the evolution of these filtered outputs, u(f).

oþ+ 1) : /(a{t),,(¿)) . (2.3)

u(l) is calculated as the expected mapping from /(ú - 1) to /(ú) given u(t - 1).

The history in the function u(ú), and the values of ø and b in (2.2), control the
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Amplitude, y

Spatial
Dimension, z

Figure 2.4: ID signal

sensitivity and temporal bandwidth of /. u(ú) actually represents the velocity

components of all the pixels. The reader is referred to Chapter 4 for more infor-

mation on ,f. Since a probabilistic transformation is applied to the signal, the

representation is augmented to represent all possible values with a probability

assigned to each value. As an illustration of this augmentation consider a one

dimensional signal y(r), shown in Figure 2.4. The signal when augmented to

two dimensions (Figure 2.5) is now represented by p(r, y) which represents the

probability of y@) for all combinations of r, y. The advantage of this represen-

tation is that it is now possible to track a number of possible signals (or objects)

simultaneously.

Some of the objects (signals) to be tracked may result in very low probability

tracks given the information from only one sensor. However when combined with

the information from other sensors, which alone might also have generated a low
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Amplitude, g

Spatial
Dimension, /

Figure 2.5: Contour plot of the augmented 2D equivalent to Figure 2.4. The
contours represent the probability of the signal at the /, y position. Darker
shading represents higher probability.
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probability track for the tme object, the information contributes to finding the

true track. By allowing low probability signals to be tracked and maintaining a
measure of the track confidence, local processing followed by central fusion can

be performed, while still obtaining some of the robustness obtainable when all

the plocessitrg t-rccurs al a cerrtral site. This is only possible if information about

all the tracked objects is available at the fusion site and so local processors must

evaluate all possibilities.

The mapping function / and the velocity u(t) are also augmented so that

/ attempts to find maps between the augmented signals. It is necessary to

understand that the mapping attempts to generate an estimate of the sensor

output. Constraints on the estimation limit the prediction to that of the signal,

since the coherence period of the background noise to any temporal model will be

short, and the mapping function, /, is biased towards models which are consistent

over longer periods of time2. The difficulty arises in trying to determine an

appropriate model, or mapping function from the large number of possibilities.

Analysis in Chapter 4 shows that for a:1- e and b: e in (2.2) the mapping

will converge to the correct model, and that the moments of the probability error

at any of the augmented positions after convergence are given by

llTT"o'll:
(l-e)X^.+eX,

tt
(2.4)I-ek

and

x';;"'
(r - 2e + r,)X'^"^" I e2X|.r,nr,

(2 5)| - e2k2

where Xn"rX'r"norXnr, undX',,rrnr, are the first and second moments of the noise

and target manoeuvres respectively and k < I. The amount of noise removed

and the sensitivity of the filter to manoeuvres are related such that optimization

of one degrades the performance of the other, and since tracking of targets must

be maintained, the amount of filtering available may be quite limited. Although

convergence is guaranteed the algorithm requires time to converge and if the

target of interest is manoeuvring, or the background varying, faster than the

time taken for the algorithm to converge then the procedure will not wor-k and

2Coherent noise is detected and tracked as if it were an object. This noise is removed at
the time of fusion since the coherent noise wilÌ be different at each sensor and will result in
conflicts between sensors when fusing which will invalidate the information.
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another approach should be attempted; however experimental evidence indicates

that the convergence is quick enough for the situations tested in Chapter 7.

Because of the high noise and convergence to the correct mapping function,

which is only guaranteed in the limit as time goes to infinity, assistance is pro-

vided to the tracking modules by feeding back the global conclusions, (fused sen-

sor estimates) to the sensors. This additional information is used, at the sensor,

to bias the mapping function, thus reducing the number of possible models, and

increasing the probability of finding the correct model. In particular the fusion

of information from a central level reduces the noise associated with background

information so that the component due to Xn" is reduced. The consequence of

the selective noise reduction is that the sensitivity to target manoeuvres can be

set at a higher point, while still maintaining adequate filtering, since the trade

off between signal noise and target manoeuvre sensitivity has now been broken.

In addition, k may be reduced bv the fusion of additional information further

improving the filtering.

The noise filtered signal is now processed to extract features or tracks. These

items are extracted in the block labeled as "Classification" in Figure 2.3. At

each point in the sensor fielcl, all possible hypotheses about the nature of the

object at that point are evaluated and assigned a range of probabilities which

are bounded above and below b-v an upper and lower probability, which are anal-

ogous to plausibility and support as deflned in Shafer (1976) (see appendix E).

The probability intervals are determined in a neural type of architecture which

incorporates a representation of its knowledge obtained during training. The

bounds on the implied classification frequency are obtained by searching valid

alternative training spaces. The ¡2 test is used to determine whether hypothet-

ical input spaces are consistent with the real training space. This input space

search network is covered further in Chapter 3. It should be noted that the

probability intervals obtained are not true plausibility and support in the sense

of Shafer (1976) but approximations to it; as the y2 hypothesis test certainty

approaches 1, the functions approach those of Shafer (1976). Typically a value

of 0.95 is sufficient though, and this is used here.3 The reason for deriving a

30.95 is arbibrary. Selection of a value too close to 1 will result in a meaningless result, since

the Gaussian distribution has an unbounded domain and the hypothetical training set would
consist of all sets so that the upper and lower probability would be 1 and 0 respectively, which
reveals nothing.
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range of probabilities is that the space where hypotheses are to be made has

a large dimension, and any reasonable amount of training data must be sparse

in this space. Given that the training information only covers a small portion

of the decision sþace, new decisions, unless they occur at a previously trained

point, must be inferred from existing trained points, yet although we know what

happens at the training points we really have no knowledge about what happens

in between. The process of generalising the results from training to cover un-

trained points involves modeling the decision space. The most common model is

that the probability of a hypothesis being true or false varies smoothly between

training points, yet this is a model which requires additional training informa-

tion to establish, or validate. Without assigning a model apriori to the decision

space) generalization between training points cannot be guaranteed, and since no

knowledge of a model is assumed, determination of a hypothesis at all unknown

points in the decision space would require the hypothesis decision network to

possess an infinite amount of information. In this work the problem is circum-

vented by assuming that the model is imprecise and instead of generating a single

probability that a hypotheses is true, an interval of probabilities is generated.a

Since an interval of probabilities is being used the usual combination rules

for probabilistic decisions are inapplicable. The following definitions and termi-

nologv will be used to help explain the combination of the bounded hypothesis

probabilities. Upper probability U¡ represents the maximumpossible probability

that the hypothesis A may take had more training been possible. Similarly the

lower probability .L¿ repÌesents the minimum probability. The amount of doubt

in the decision is represented by the difference in upper and lower probabilities,

so that in the extreme cases where U¿ - 1 and La. :0, there is no information

about hypothesis A, and when U.¿, : L¡ lherc is no doubt in the probability

that the hypothesis will be correct. Note that this does not mean that the hy-

pothesis is known to be true or false, but that there is no generalisation present,

and that the probability of the hypothesis being correct is known completely.

The representation of doubt prevents uncertain decisions, which are reached by

extrapolating from training information, from dominating the fusion process.

aThis is similar to Fuzzy reasoning except that Fuzzy reasoning goes further and assumes
a model of the doubt rather than just the bounds.
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2.2.4 Central Processing

The upper and lower probability vectors (one upper and lower probability for

every spatial position or pixel) from each sensor represent the view of that sensor

in its own local coordinates. Other sensors may be located in a different spot or

have different sized fields of view which are also represented in each sensor's own

local coorclinate frame. Before combination can take place all of the information

from each sensor must undergo a transformation so that it is aligned on a global

space common to all the sensors. This alignment is not a simple process, and I

have ignored this problem so that the effort can be concentrated on the tracking

and fusion aspects of the network. If a sensor's field of view does not cover the

common global space then the regions that the sensor does not cover can be filled

with the vacuous hypothesis (U : l,L:0), which allows the combination of

the sensors to occur with out varying the combination procedure over the global

space as the number of sensors covering a point in space varies (Figure 2.6). The

operation of mapping the local information to the global coordinate frame along

with padding using the vacuous hypothesis can be performed at either the local

classification or the central fusion site; however it makes more sense to perf'orm

it at the central site, since the amount of information to transmit after padding

with the vacuous hypothesis increases, especially if the sensor coverage is only a

small portion of the global field.

The information from all sensors is combined in the Fusion layer by a process

similar to Shafer-Dempster reasonings, using the following rules (Garvey et al.,

1981) and terminology:

The statements to the left of the -- allow the statement on the right to be

inferred. The probability that the hypothesis is true is bounded by a lower ancl

upper probability, these are written as a pair of subscripts to the hypothesis they

represent. For example A7o,yn says that hypothesis A has a probability of being

true which is bounded below by Lt and above by Ut.

sThe combination rules are also the same as the combination rules associated with Fuzzy
logic, except that only the bounds of the function are combined since nothing is really known
about the shape of the distribution between the bounds. As an extension to this work Fuzzy
functions could be generated by varying the certainty used in the ¡2 test to generate a whole
series of bounds thus synthesizing a surface.



28

where:

Sensor Regions
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Sensor 1 World
Vlew

AC0-*.40,r
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Atn,ro, BL".L.o - (.-l I B)rnu",uou,
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Combined World
View

Figure 2.6: Generation of Mapped hvpotliesis. The figure shows how the regions
covered by each sensor (sensor' 1 in the erarnple) are located in a world coordinate
system and padded with vacuous infolnration to fill the world coordinate space
before combination with the alignecl ancl padded information from the other
sen sors.

(2.6 )

(2 7)

(2 8)

(2 e)

LA: ma*(Lts, Lz,,)

U¿ : min(Ur¡,Urt)

Ltun : rnax(Lt, La)

(J¡uB : min(1 ,LIt I LIp)

L,snn: max(O' L¡ -f LB - 7)

UAIB : rnin(U¡,Up)

d represents the set of possible hypotheses.

(2.6) is the vacuous hypothesis where no information is available.
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(2.7) represents the combination of information from different sensors about

the same hypothesis.

(2.8) and (2.9) represent the combination of different hypotheses from differ-

ent sensors.

The conclusions reached by the fusion layer represent an improved estimate

of the real world over the individual sensors. Correlated noise has been removed

or at least discredited, and faint objects which are improbable to the individual

sensors, are now more probable since they are supported by multiple sensors.

This information can be fed back to the local sensors to aid in the estimation of

an object's motion. One of the problems with the local estimation of the motion

parameters was that objects could not be identified and the consequent associa-

tion problem became extremely complicated. The global information simplifies

this by identifying certain points as objects or background, this enables improved

estimates of parameters to be determined, ie. background velocities should be

consistent, and can be averaged together to obtain an improved estimate. The

global fused information represents the probability that an object exists at a

particular position and has a particular motion, unfortunately this hypothesis

probability is difficult to translate back into a picture that should be seen by

the sensor. To incorporate the information, the local mapping function, u(l), at

each sensor is biased by the global motion estimates. The incorporation of the

information in this way has a number of benefits. The sensor is essentially told

to look for an object moving in a certaìn manner, if the object does not exist

in the sensor's scene then it will still not find it. If an object does exist but is

too faint to be detected on its own, then the bias will provide assistance which

increases the chance of the sensor finding the object and its motion.

2.3 Network implementation

The construction of a fusion network is explained to aid the reader's understand-

ing of the approach. For simplicity a system consisting of only two sensors is

discussed. These sensors are different, so that the detected target possesses dif-

ferent features in the sensors' returned signals. For the example, make sensor I a

two dimensional IR imaging sensor, and sensor 2 a visual imaging sensor looking

at the same scene. Assume that these systems have the same resolution ancl that
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points in the sensor field can be indexed us (d, y). These systems represent the

information, energy in the IR and visible spectrums, in a two dimensional array

which is augmented to three dimensions so that all the possible energies at a
particular (r,y) are assigned a probability. This allows the individual sensors to

track all possible sìgnäls, rathet'lhan jusL high target probability signals.

Target extraction units operate on the augmented signals to determine the

existence of a target at each spatial location and energy in the IR or visible

spectrum, so that a three dimensional set of hypotheses evaluations are formed

representing the probability of a target a,t (x,y) having a particular energy in each

of the spectrums. Where the sensor's spatial regions overlap the information from

the sensors can be combined. Since there may be no correlation between

the energy in the IR or visual spectrums of a target, information about

target position must be reduced to the common two dimensional spatial frame

before fusion can occur. This is performed by combining all the information

about classification in each sensor at the same spatial position with (2.8), such

that if target(r,y) represents the set of hypotheses where a target is present

at position (r,y), the hypothesis is evaluated for the union of all hypotheses

A € target(*,y). The modifications to (2.8) for more than 2 hypotheses is

straightforward so that

L(ArU A2U... U A"): max (L(Ar),L(Ar),...,L(A")) (2.10)

and

U (A'u A2u -.-u A"): min (I,U(A) +U(A2) +...+ U(A,)),

for {,41, Az,. .. , A^I : target(r,U).

(2.r1)

(2.t2)

These hypotheses can now be combined along the lines of (2.7) at each (r,y),
to derive a global conclusion about target presence. This is the information pre-

sented to an operator or successive processing stages. There are three possibilities

for the information, and the effect they have on future hypotheses.

o doubt U > L In this case the sensors enhance each other's decisions err-

abling each to pick up a faint target it may otherwise have missed,

o certainty U : L. The probability of the target class is known
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. conflict U < L In this case the sensors disagree and the conflicting hypothe-

ses are penalized so that the sensors are forced to make their hypotheses

f¡om local considerations.

The global hypotheses at each spatial position is now used to bias the mapping

function to look for objects with the dynamics believed to exist, given the results

of the central fusion. If the object does not actually exist, then the sensor will

still not find it. If the biasing of the mapping function at a sensor allows a

consistency within the noise to be found, then the sensor will have found the

object believed to be there and will reinforce the global conclusion.

2.3.L Local and Global System Interaction

The structural advantages of this system lie in the robustness of the system

organization. It is possible to break the system at almost any point above that of

the local processing, and it will still perform, although less than optimally. This

feature has also enabled anaiysis of the overall network characteristics, which

are formed around the assumption that the local operations are stable and the

feedback is only weakly coupled(Clark & Yuiile, 1990). The actual analysis of

the local structure and the particular nature of its operation are outlined in the

following chapters. Operating independently the local unit forms a mapping

function which is calculated as the expected mapping between filtered inputs.

(see Chapter 4) This mapping is augmented by knowledge from the central site

such that the local velocity state vector (Optic flow) u¡(ú), is modified to the

weighted average of the expected value, given the local data and the probabilities

of the various global target and background dynamics. If we define the local state

estimate u¿(ú), the target state to be u,(t) and the background state to be u6(f)

then the new estimate of the state u(t) at each point in the augmented space is

given by

u(t) : u¿(t) + Ln ,t ar s et(J l,t ar s *u, (t) ! L s,b o.k s r oundU l,ba.k s r oun¿u a(t) (2.13)
7 ! L s,to,s "rU 

t,ro, n ", ! L s,bo"k s, oundU l,bock s, ound.

where [Js, Ls, (Jt, Lt represent the global and local upper and lower probabilities

of target or background existence at a point (r,y). It should be remembered

that the global hypotheses information applies to all signal levels at a particular

spatial coordinate. In a system where the central fusion unit fails, there is still

an advantage in feeding the sensor's own hypotheses back to bias the optic flow
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determination, since use can be made of additional information regarding the

nature of the points. As an example the points hypothesized to be background

should have the same velocity components but due to prediction errors, atmo-

spheric disturbances and other noise the predictions will vary over the scene. The

classification of background points allows an estimate of the true background mo-

tion to be made from all the classified points and to correct the perceived motion

of the background points that are fused back into the mapping unit.

Before the hypothesis determination network has been trained, (2.13) is in-

valid for the fusion of infolmation from a central level back to the local level, since

I¿ arrd Ut are not defined, consequently the operation of the network must be

divided into a training and an operational phase so that each local unit operates

independently until its classification network is fully trained, and the feedback

from the global unit can be applied.

2.4 Network operation

The benefits of this approach to the combination of sensor information can be

demonstrated in a number of examples.

Example ! Consi,der the case where two sensors are looking in a common re-
gion of space. One of the sensors detects a target at a particular positi,on with a
higher probability than the other. Using (2.13) to combine the information the
possibilities itemized in section 2.3 will occur. As a result of competitiue inter-
action between the local sensor systems oaer time, a combined hypothesis will
euentually be formed.

Example 2 Two sensors are looking in a common region of space where noise
is correlated with the objects. Each sensor sees multiple objects because there is
consistent motion of both the object and the noise; howeaer due to different uiew
'points and/or regions of the electromagnetic spectrum that the sensors see, the
noise correlated uith the object may be different in each sensor. [Jsing (g.IS)
to combine the information the possibilities itemized in section 2.3 witt occur.
As a result of competitiue interaction between the systems oaer time, a combined
hypothesis will euentually be formed which eliminates the correlated noise, since
no a,greeTnent occurs between the sensors at these points.

Example 3 Consider the case where the couerage of two sensors i,s only parti,ally
ouerlapping such as sensor 1 and 2 in f,gu,re 2.6. In regions couered by only one
sensor, hypotheses are unaffected by the other sensor's inforrnation, since it is
uo,cuo'tts and consequently has no affect. The ouerlapping regions are processed
as in the preuious eramples. This consistent approach to the fitsion of sensors
with different uiews is important, especially in the case where the sensor systerns
could be mouing relatiue to each other.
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2.5 Summary

A consistent approach has been presented which handles some of the more dif-

ficult tasks associated with data fusion, in a natural manner. The proposed

approach bases the majority of computation at the local level, thus enabling the

fusion of sensors over large areas by reducing the bandwidth of the communi-

cation required between the sensors and the fusion center, while still allowing

global hypotheses to affect the conclusions at individual sensors. Simulations

and analysis which demonstrate the validity of the proposed approach appear in

chapter 7.
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Chapter 3

Signal Classification with
LJncertainties

3.1 Introduction

This chapter presents an approach lor classification of a signal in noise using a

parallel network which has a connectivity similar to an artificial neural network.l

The approach presented is similar to a probabilistic neural network, except that

the outputs have been modified to give a representation of the level of doubt

(or the amount of generalizalion) required to form the decision. This type of

data representation is important when the classifier represents only a portion

of the overall network. By determining the possible generalization error made

during classification, successive decision makers can use this information to make

decisions which are not biased b5,' the original classification error, which was

caused by improper generalization. or by a sensor failure at a lower level. The

region of uncertainty is a function of the information, so the quality of decisions

from individual decision makers will vary with the input.

3.2 Background

The determination of statistically optimal decisions using the information from

multiple sources is a problem which is significant in a number of fields includ-

ing communication, control, surveillance, and transportation, as well as in large

tasks where partitioning of the problem into modules enables development to be

managed easily.

lThis chapter consists primarilyof informationpresented in Payne (1993) and Payne (1992)

35
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Figure 3.1: Examples of centralized decision makers (DM) and local decision
makers (LDM)

There are a number of reasons why a modular solution is sought for the

tracker (see Seciion 2.2.2) :

o The network could be distributed over a large area,) and partitioning of

the problem into modules allows computational burdens to be distributed.

o The computational distribution improves the operational robustness

o Both the modular design and the distributed computation make modifica-

tion of the network by adding or removing additional sensors straightfor-

ward.

The nature of the network connectivity generally affects performance with a cen-

tralized network having the theoretical optimum decision performance, since it
possesses the greatest amount of information when making a decision. Exam-

ples of a distributed decision network and a centralized system are depicted in

figure 3.1. There are operational disadvantages with a central decision network,

such as a lack of operational robustness, and a high communication bandwidth

between the central site and the sensors. The lack of operational robustness is

due to the optimal manner in which the information is processed. If part of the

information becomes faulty due to sensor failure for instance then this situation

must be identified and the system must be replaced or redesiined given the in-

formation that a component has failed. The identification of a sensor fault is

difficult. The high communication bandwidth is caused by transferring all the

raw data, rather than processed information to a central site. Much of this data

LDM

LDM
DM

LDM
LDM

Central
DM
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contains no valuable information while the distributed system filters out this

garbage and only transmits valuable information to the central site. Distributed

decision networks have been covered in a number of papers, Reibman & Nolte

(1987b); Reibman & Nolte (1987a); Drakopoulos & Lee (1992). These papers

either ignore the implications of the uncertainty in the sensed signal or assume

that there is also knowledge regarding the uncertainty in the decisions made from

a sensor. This uncertainty is generally fixed for particular decisions from each

sensor. In some situations the information from a sensor makes it possible to

assign a level of confidence to its decisions. In this situation a fixed region of un-

certainty unnecessarily penalizes the decision making process. The information

which controls the amount of uncertainty may come from additional information

from the sensor, such as in example 4, where the size of the image contrqls the

amount of doubt in determining what the image is.

Example 4 Consider a teleuision recognition system. Objects which are close

will be presented in more detail, so that better decisions can be made about their
identity. This closeness is easily determined by the decision malcing network, so

that the uncertainty co,n now be a function of what the sensor sees'

The level of uncertainty can also be made a function of the amount of generaliza-

tion required for the sensor to come to a particular conclusion. The uncertainty

caused by generalisation is the.approach dealt with in this chapter, and is demon-

strated in Example 5.

Example 6 If the decision network is trained to recognize particular feat'ures,
and then aslced to classify something with sirnilar but di,fferent features then th,e

ertrapolation of the decision to these similar features is known as generaliza-

tion, and a rnetsure of dissimilarity between the known and obserued features
can modify the leuel of doubt attributed to a decision.

The question remains as to how the region of uncertainty about a decision should

be determined. Conventional decision making techniques including maximumen-

tropy (Zhuang, Zhao k Huang, 1991), ftzzy boundaries (Hunt, Qi & DeKruger,

1992), and smoothness constraints (Joerding & Meador, 1991) are based on as-

sumptions about class boundaries, while the approach presented here enables

decisions to be made from sparse training information, where it is assumed only

that the statistics of the measurement noise processes are known. Consequently

the knowledge required is of the measurement system, rather than the measured

system. The approach is similar to that of probabilistic neural networks (Specht,
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1990; Specht, 1991) except that conclusions are represented as upper and lower

probabilities for each class. The procedure for combining the information is
covered elsewhere in the literature (Tessem, 1992) and shall not be mentioned

further. This chapter concentrates on the classification of the raw data and the

representation of the doubt in the decision.

It should be noted that this approach cloes not generate a specific classifica-

tion, it presents evaluations and determines their significance. The information

could then be used with an objective function, which considers the implication of

a classification error, to form decisions in a manner as presented in Drakopoulos

& Lee (1992).

3.3 Theory

In the proposed approach all possible classifications are evaluated and assigned

a range of probabilities which are bouncled above and below by an upper and

lower probability. The mechanism of how these probabilities are determined is

presented in the next section of this paper. A range of probabilities is determined,

since a single probability would require the classification network to possess an

infinite amount of information. Although the input dimension of the network is

not extremely large (3, 2 spatial and one signal dimension) other sensor systems

can have very large dimensional inputs so that the training information in the

input space will be sparse. The actual state of the input will generally not occur

at a stabe where training data existed. The classifications generated are the result

of extrapolating from known states, and consequently there is some uncertainty

in the decisions made.

A noisy signal can be represented in the signal state space as an impulse

function convolved with the noise density function.

Each of the training points represents a known classification at a known point.

The effect of convolving each training point with the noise function is that points

near the training point can represent a known classification, but with an effective

number of training points less than one.

Let the training points occur in the state space at points x : ti where the

index i : 0, . . . , ¡y' - 1, and N is the number of training points. At a point r : ,p

in the state space the number ni(p) of effective training points associated with a
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Figure 3.2: Effective number of training points

classification from the training point at r : ú¿ is given by

,o(p): G¿(t¡,p), (3.1)

where G¡(to,p) represents the probability function of the noise around the point

r:ti evaluated at the point r -- p. This function has a number of possibilities,

among them is the Gaussian which approximates the actual function of many

natural phenomena. The Gaussian is used in simulations in a later section of the

paper. The Gaussian is a consistent estimator (Parzen, 1962) which allows the

class distribution to be approximated given that it is smooth and that the first

partial derivatives are smali (Specht, i967).

For each class there is a subset C¡ of training points ú¿, where all the ú¿s which

satisfy hypothesis j are members. Let d be the set of all classes.

It is possible to estimate the probabilities of the various classes at a particular

point, p: t, by evaluating their frequencies, ,f¡(p), where

Í¡(p):=]!@=- (3 2)
D¡,ep ÄI,t(p)

and lú¡(p) : Ð "o(p). (3.3)
t¡e.C r

¡ú(p) represents the total effective number of training points of classification

j at the point p: x. (Figure 3.2)

/¡(p) represents the relative frequency, which is an estimate of the probability

that point p is a member of class j.
It is possible that had more information been used during training, then the

function /r(r) would have been different; however assuming that the data comes

from the same distribution it is possible to determine bounds on the possible

f¡@).Using the y2 distribution it is possible to compare the derived frequency

function f ¡@), with another set of frequencies /j(r), to rletermine whether, with
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the given information, they are not significantly different. Compute

x, :ÐN,, D Uo(") - fi(r))'
ieo ieo f;@)

(3.4)

If

is satisfied then the distributions are not significantly different.

k is the number of degrees of freedom, which in the case of no additional

constraints, is given by k: lldll - 1, where lldll is the number of classes.

F represents the significance level required. For example F : 0.9b gives a

95% confidence interval on /¡(r). The 95% confidence interval is arbitrary. The

confidence interval needs to be large enough so that it will almost always bound

the correct solution, but not so large that the upper and lower probabilities

of the class distribution give a possible generalization error which makes any

conclusive decisions impossible. The upper and lower probabilities are not exact

and are only estimates for which 95% of situations will be correct. Had a noise

distribution been used which was zero outside a finite region of its domain, then

it would be possible to use the 100% upper and lower bounds. Using a Gaussian

which has a non zero probability throughout its domain means that the I00%

upper and lower bounds will always generate U¡ : 1 and L¡: 0, which is the

vacuous hypothesis, and provides no information for successive stages.

The aim is to find the maximumand minimumvalue 
"f fj@) for all i at r : p

which satisfy (3.5). These are calculated using (3.2) but substituting .núi (p) for

¡fiþ) where

x'<x'*(r- F)

¡f¿(r) +aj(r), forj:l
l/,(r), for j lm

(3.5)

(3 6)¡/i(z) :

A search is performed for the maximum value of ø¡ which still satisfies (3 5)

The result ant f jþ) is the maximum possible value of f j@) and is associated

with the upper probability. The search ovet a¡ is performed for all 7 € d, so that

the upper and lower probabilities are given by

U¡(r): mq4 , fiþ)a1,x"1xi(t-Í ) '

and L¡(r) - q1in min fi@)Yn a^,\2 1x"t (l- F)

(3 7)

(3 8)
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The Upper probability, U¡ represents the maximum possible probability that

the classification j could take, if more training had occurred. Similarly the lower

probability, L¡, represents the minimum probability. The possible generalization

error in the classification is represented by the difference between the Upper and

Lower probabilities, so that in the extreme cases where U j : I and L¡: 0, there

is no information about classification j, and when U¡ : Lj there is no gener-

alization error. Note that when U¡ : L¡ there could still be doubt about the

true classification since what is known is the exact probability of each classifi-

cation. not the exact classification. By representing the potential generalization

error and transmitting it to successive levels in the decision making structure

subsequent decision makers are prevented from attributing too much value to

an uncertain decision. The combination and propagation of this information is

covered further in Tessem (1992).

3.4 Implementation

Each decision maker has two distinct phases of operation: training and eval-

uation. In the evaluation phase the decision maker implements the functions

outlined in Section 3.3. The training of the decision maker requires the stor-

age of all the training points along with the class that they belong to. In some

situations this may require an extremely large amount of storage, and may conse-

quently require a large amount of computational time to follow the algorithm in

Section 3.3. It is possible to implement this operation in parallel hardware which

has a structure similar to that of a Kohonen neural network. (See Appendix C)

Figure 3.3 shows a possible parallel implementation of the decision network.

Until now the points in the decision space have been indexed by r. In many of

the figures r is a scalar since this makes diagrams easier to draw, but this is not

necessarily true and r could be a vector. The components of the decision space

vectors are shown in the figure using superscripts, while subscripts are used

to enumerate the training points and the hypotheses. This violates previous

terminology conventions and this terminology applies to this section only. The

convention change is required because Figure 3.3 requires both labels for the

vectors (subscripts) and indices to the vectots' components (superscripts, but in

all other sections it is a subscript.) The input vector r is assumed to be constant,
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Figure 3.3: Possible neural implementation of decision maker

and hence reference to it is unnecessary. There are M possible classifications.

The connections to each neuron (processing element) in the second layer (labeled

as "Training examples" in Figure 3.3) represent a trained ciassification center,

such that a signal component is modified on passing through these connections,

to the difference between the signal value and the trained value, in the case of the

first vector component,to - r0. The signal arriving at the neuron from the input

is thus a measure of the distance between the training and input vectors in the

clecision space. The neuron combines the resultant components through the noise

probability distribution function such that its result is n¿, (3.1). Connections to

the next layer connect only neurons trained with the same classification. The

ni are summed at the neuron to 1ú¡, (3 3) f ¡ are computed by the next layer

using (3.2) while fj ur. computed using the modification made to (3.2) outlined

in (3.6). The neuron in the figure labeled as "d" provides a vector output with a

different component, ø7, being transmitted to each,fj neuron. The value of this

output vector controls the search outlined in (3.7) and (3.8) with the y2 test,

(3.5), being performed by another neuron and the result fed back to the "c"

neuron to constrain the search to the valid region where (3.5) holds. The U¡ and

-Lr' neurons in the final layer find the maximum and minimum value respectively
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of their input for all "ø" which satisfy the y2 test in (3.5).

The limitation of bhe neural network type implementation of this classifica-

iion algorithm is generally not speed but the number of parallel processors. If the

number of 'training points Iy' exceeds the total number of neurons in the train-

ing layer then training inf'ormation will be lost. The amount of information loss

can be minimized in circumstances where the training points for each class are

distributed in a smooth and continuous way. In this case all of the information

can be represented by modifying the trained neurons and the noise distribution

functions, so that the modified centers and noise distribution functions approx-

imate all the training data. The amount of information lost will be a function

of the number of training points which are modified and the complexity of the

real training point distribution. If all of the training data is known a priori then

there are a number of optimization techniques for determining the optimal set of

modified training points(Hartman, Keeler & Kowalski, 1990; Park & Sandberg,

1991). The situation of online learning is a more difficult one, since the network

stores all the previous training classifications in the neuron connections of the

training layer. To add another training point the connections must be modified,

so that the 1ú modified neurons in the training layer now approximate the re-

sponse, as well as possible, that a network with l/ * 1 neurons in the training

layer would have produced, without losing any of the information from previ-

ously learnt training points. Iterative approaches to the solution of this problem

are possible but this requires many more training points or representation of

previous training points, which may not be possible.

In the simulations which follow in Section 3.5 each training point is repre-

sented by a single neuron. In Chapter 7 simulations use either one neuron for

each training point or use an offiine training procedure.

3.5 Simulation

To demonstrate the versatility of the decision making process a number of simu-

lations were performed, using the approach presented in this chapter, on trivial

decision tasks, rather than the complete tracking network where it is difficult

to separate the characteristics of the individual components. The problem is

to classify a new point into the appropriate class without knowing the correct
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class boundary. The only information is some sample (training) points where the

correct classes are known. The problem is compounded by the fact that all the

information about each point's location is affected by noise, the characteristics of

which are known. The simulations presented here pertain to a one dimensional

input field, which has been normalized to the [0,1] domain. 'l'here are only two

possible classes, d : {0,1} with the class boundary located at r:0.b. The noise

in the point's position is considered to be zero mean Gaussian, with a variance

of 0.05. To study the classification performance of the algorithm presented in

Section 3.3 points distributed uniformly in [0, 1] were classified. The results of

the classifications are plotted against the points value in the following figures.

Figure 3.4 and 3.5 show the upper, nominal, lower probabilities and the doubt

(or generalisation) obtained after 50 training points are distributed uniformly

between 0 and 1.

There are several interesting points in Figures 3,4 and 3.5 which should be

noted. The nominal probability curve divides the regions as would be expected.

The separation of the upper and lower probability curves, which represents the

amount of possible generalization error, varies despite the fact that the training

information is distributed evenly. This is caused by two factors: firstly the

possible generalization error is larger at the edges, since points near the boundary

have their receptive region reduced by the intervention of the boundary, thus

reducing the number of training points within the noise function about points

near the boundary of the domain (Figure 3.6); secondly there is an increased

generalization error about the point where the class frequency equals 50%; this

is caused by the variance of the relative frequency. If the true probability were

p then the variance of the relative frequency is given UV dP where n is the

number of samples. The variance of the relative frequency as a function of

the true relative frequency is symmetric and attains a maximum at p - 0.5,

and so an estimate of the relative frequency is less reliable the closer the true

value is to |. The generalization error is consequently a function of both the

relative frequency variance and the number of samples, if training points were

not distributed uniformly, then the resultant doubt curve would have a different

shape.

The effect on classification of changing the training set to 5 training points can

be seen by comparing class 0 probabilities in Figures 3.4 and 3.7. With fewer
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Figure 3.4: Classification 0 for a class boundary at r : 0.5 with 50 training
points distributed uniformly over r. The curves are the upper, implied, lower

and generalization error probabilities.

training points the region of doubt has increased. In Figure 3.8 the training

information was not uniform, but Gaussian distributed about I for class 1 and

I for class 0. Since most of the data is clustered about these centers, the cloubt

is lower here.

The nature of the classifications in Figures 3.4 to 3.8 is extremely simple,

yet the approach is also applicable for more complicated regions. Consider the

situation where points are classified as type 1 if the n¿h digit after the decimal

point of its coordinate is greater than the first digit after the decimal point of

its coordinate. (e.g. for n:7, at r:0.3rrrxr4r the correct classification is
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Figure 3.5: Classification 1 for a class boundary at r : 0.5 with 50 training
points distributed uniformly over r. The curves are the upper, implied, lower
and generalization error probabilities.

type 1, at r:0.4rrrrx3r the class is type zero) The result is a complicated

clustering of regions of each hypothesis such that the density of class 1, in a

region which is much larger than the scale at which the classes are changing, will

be equal to the position along the number line. For n large it is impossible to

model the precise boundaries between the classes, since the cell size of the classes

is small compared with the variance of the noise. The best that is possible for

a classification where the sensor sensitivity is insufficient to make a decision is

to assign probabilities to the various alternatives. The result of the simulation

is shown in Figure 3.9, where it can be seen that the region of true probabilities
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Figure 3.6: The number of sample points covered by the noise function centered

at each point is reduced at the edges. This has the effect of increasing the

generalization at the edges since less information is available.

(with a significance level of 95%) includes the true density, represented by the

diagonal line.

Another example of a difficult classifrcation task due to the fine resolution of

the class boundary structure occurs when the class is distributed fractally, but

without a smooth class density structure as occurred in the previous example.

An example of such a classification task is obtained using a Cantor dust to define

the class structure. A Cantor dust is constructed by setting the middle third of

a graph of height 1 to 0. The remaining portions of the graph which are 1 are

then likewise divided by setting the middle third to zero, and so on (figure 3.10.

The result is a fractal which is mainly zero but has spikes at certain intervals.

In this situation classification (Figure 3.11 is poor because the ciass densities

do not vary smoothly, and the network's resolution is inadequate to model the

boundaries.

3.6 Summary

This classification network performs classification of its inputs, and includes a

representation of doubt with each conclusion. The merit of this approach is that

no assumptions are made about the class boundaries to enable generalization to

occur between known classes. The network can be used in situations where the

noise model is known, but the nature of the class boundaries isn't, without fear of

affecting consequential decisions which utilize the results of a classification made

7

6
5
4
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Figure 3.7: Classification 0 for a class boundary at x : 0.5 with 5 training
points distributed uniformly over Í. The curves are the upper, implied, lower
and generalization error probabilities.

with a large, possibly incorrect, generalisation. This is particularly important in

distributed decision networks and makes this classification scheme useful in such

a situation where another network which does not incorporate a measure of the

classification doubt may produce unreasonable results.
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Chapter 4

Optical Flow Determination

4.L Introduction

A parallel algorithm is presented for the extraction of the optical flow in an lm-

age which contains a noisy background.r An optical flow represents the motion

of pixels in a scene so that every pixel in an image has an associated velocity

in the image plane. The approach generalizes to higher dimensional spaces so

that it can also be used to model the evolution of a noisy n dimensional signal.

It is assumed that valid signal points adhere to a restricted domain of tempo-

ral models, while noise points don't. By analyzing the flow2 it is possible to

evaluate hypotheses about target existence (Chapter 3). These hypotheses are

fused with other sensors' hypotheses (Chapter 2) and the global result is fed

back to the predictor unit (Section -1.5) to improve the determination of optical

flow(Figure 2.3).

4.2 Background

A lot of work has been performed in extracting optical flow from images which

have structure. Konrad & Dubois (1992) impose smoothness constraints on

the motion field of regions which are bounded by motion discontinuities, so that

lThis chapter consists primarily of information presented in Payne (1993b)
2Including information about the sensor scene would improve the hypothesis determination

considerably; however, this type of information is variable with operating conditions and sensor
type. Including information about the scene at the time of classification would have raised a
doubt over the features being used to classify the object. One of the intentions of this work is
to extract objects buried in noise, which means that they have no sensed features which are
visible, thus the only feature of an object which can be used for classification when the object
is buried in noise is the velocity characteristics which are derived from a sequence of images.
Including only the velocity characteristics of the scene forces the fusion to be driven by the
velocity characteristics only.

55
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optimization for multiple objects in the scene can be facilitated - the assumption

is made that motion boundaries will coincide with an intensity edge. This is quite

reasonable since "in general, a 3-D scene giving rise to a motion discontinuity will
also contribute to an intensity edge."(Konrad & Dubois, 1992). Various other

approaches are used to h¿r,ndle the discontinuities at motion boundaries (Horn &

Schunck, 1981; Nagel & Enkelmann, 1986; Hildreth, 1984), for instance Hildreth

(1984) performs smoothing only along intensity contours. Unfortunately these

approaches rely on global optimization of the motion field and are consequently

useless when dealing with objects which are so distant that they appear as a

point, particularly when large amplitude noise is also present. The present work

uses a different method when finding the optical flow in images by ignoring the

structure in the image, and looking for temporal consistency in the flow field.

As a result it is possible to handle situations where the background is extremely

noisy.

The approach is designed to be implemented in a massively parallel architec-

ture, similar in structure to a neural network. This parallel architecture has many

simple processors arranged in layers which communicate between each other to

lesolve the more complicated global functions.

One of the limitations of conventional trackers which has motivated this work

in an attempt to avoid the problem, is the increase in computational load which

occurs as the number of points required to be associated increases. The probìem

of data association arises in tracking problems when attempting to determine

which points are related to other points at a different time. To solve the problem

it is necessary to recognize and label all the points. (See Appendix B) Points

within the signal classes discussed here cannot be identified, and so eveïy point

must be associated with every other point. Since no filtering or thresholding oc-

curs, the large number of points prevents a realistic solution to the problem using

a standard approach to data association and tracking such as Joint Probabilistic

Data Association (JPDA)(Fortmann, Bar-Shalom & Scheffe, 1983; Bar-Shalom

& Tse, 1975; Colgrove, Davis & Ayliffe, 1986). Tracking is performed by model-

ing the evolution of the entire sensor field rather than individual elements.
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4.3 Definitions

For simplicity we will lestrict the tracking (modeling) problem to 4 dimensions;

two spatial dimensions, u, one temporal dimension, / and a signal level y at each

spatial and temþoral location. This 4 dimensional system corresponds to the

output for a two dimensional sensor, such as produced by a television camera.

The output from the sensor is a matrix, ó, of signal levels at discrete points in

space and time given by

/(r,f) e v where r € x. (4 1)

X represents the valid set of n matrix indices (the matrix has n elements.) V

is bounded and will be considered to be quantised to rB levels, since even if the

sensor generates a continuous output,, noise limits the effective resolution.

The values in a matrix can be viewed as coordinates in a geometrical space

(state space) with the number of dimensions of this space equal to the number of

elements in the matrix. Each value in the matrix represents the position on an

axis, so that a matrix is now represented by a point in this high dimensional space

rather than as a matrix or image in a lower dimensional space which is much

harder to analyse. The state space representation provides an easy mechanism

for viewing the evolution of a matrix by studying the path of the point over time.

As an example consider a vector u with 2 elements, u1 and u2.

U

[;;]
(4 2)

(4 3)

If the vector is modified over time and the position of the vector is plotted in

a geometrical space such as a simple cartesian space then a trajectory of the

vector's motion in the cartesian space is formed. As an example consider the

situation where

u(t¡: r't'- 'u!- t) + 1]

and u(o) : 19 e.4)
Lbl

This situation is depicted in figure 4.1. Unfortunately as a visualisation tool this

approach is only worthwhile for vectors with 3 components3 It should be noted

3This is not quite true since often a subset of the vector is all that is of interest, or a slice

can be taken through a higher dimensional space to get a cross section of what is happening.

The fact remains that 3 dimensions is the maximum number of components that can be viewed

in a single plot.
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Figure 4.2: Image matrix with a subset of components shown displaying the
manner in which components of the matrix are treated as coordinate axes in a

geometrical space.

that the space need not be cartesian but that there is generally a transformation

between valid spaces so that although the trajectory may appear different when

plotted in a different geometrical space, the relationship between points in the

trajectory is constant.

The state (or position in the geometricai space) of a matrix, d, it represented

in an n dimensional space where each pixel (represented by a location in the

matrix) represents an orthogonal coordinate axis with the coordinate given by

the pixel intensity (or value in the matrix). Figure 4.2 iilustrates this poìnt by

displaying a subset of the coordinates of the matrix. In the figure only 3 of the

n dimensions ate shown.

4.4 Theory

If the evolution of the system represented by a point in the state space can

be predicted consistently so that the position of the point corresponding to the

sensor measurements is within a closed region about the predicted point, where

the size of this error is small and a function of the sensor noise levels, then

the underlying model of the signal has been discovered. This model contains
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information about the flow of objects within the sensor's view.

The clifficulty that arises in determining transformations between successive

matrices arises out of the way simple motion in real space becomes complicated in

the representatioir of the matrix state. For instance a simple motion of an object

from one pixel to another is equivalent to a 90o rotation in the state space, and

a successive move to the next pixel results in another rotation, but ìn a different

hyperplane. (Figure 4.3)

With multiple objects and noise, the complexity of the transformations re-

quired to map a matrix to the successive matrix becomes overly complicated. The

situation will be simplified slightly by exploiting typical sensor characteristics.

Realistic objects will appear to be blurred to adjacent pixels in the sensor image

by natural processes) such as scintillation or vibration of the sensor platform.

Since the data acquisition occurs over a finite period of time in which the sensed

scene is subjected to scintillation, vibration and scattering, the sensed scene is

actually the convolution of the instantaneous noisy scene and the distribution

of the scintillation, vibration and scattering. This convolution effectively blurs

objects to adjacent pixels. See Figure 4.4 and 4.5. This causes the error in

the estimated state matrix to be smooth with respect to the pixel displacement

error. ie. the error in the estimated target position, in the embedding real space

(number of pixels between the true location and the predicted location), is a

smooth function of the error between the matrices representing the true (/) and

predicted states (ô) ut the same time.

Example 6 Without the blurring the ercor between a predicted state of the ma-
trir,

010

0

where all the ualues not shown are considered to be 0. The true þ,

ó:

ó:
100

(4 5)

(4 6)

0

ol¡tained by subtracting the estimated matrir from the true matrirresults in an
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Figure 4.3: Simple motion in the image results in complicated motion in the
matrix state space. In this example a constant motion between adjacent pixels

results in a 90o rotation in the /61 plane followed by a 90" rotation in the drz
plane.
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Figure 4.4: Effect of blurring on image smoothness
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0

X

(4.7)

I -l 0

001

(4 8)

(4.e)

(4.10)

Howeuer this has the same L?-norm as lhe error obtained if a different estimate
of the matrir

ó

0

had been used. Despite resulting in a matrir enor that has the s&rne Tr¿o,gnitude
as the error obtained, using 4.5 , the predicted location of the object in the inr,age
(r domain) has an error, S', twice that of the original estim,ate.

Example 7 To illustrate the significance of the blurced input if the aboue errors
are recalculated after blurcing using an estimate of

ó:
0.6 1 0.6

0

0

and the true $,

ó:
1 0.6 0.1

(4.11)
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Figure 4.5: Simple motion in the image results in complicated motion in the

matrix state space. In this example blurring has occurred between pixels so that
the complicated motion in the matrix state space has been smoothed. Consider

for example the /e coordinate where successive values are now 1,0.6,0.1 while in
figure 4.3 the sequence was 1,0,0 for the same image translations.
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then the error is

which has an error of

0.4 -0.4 -0.5
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ó":

ó":

0

(4.r2)

which has a smaller error'rno,gnitude than is obtai,ned for the estimate

0.1 0.6 1

0

ö: (4.13)

(4.r4)

0.9 0 -0.9

0

Errors in predictions are therefore measurable in the / space after blurring and

allow the following analysis.

The evolution of the matrix is modeled by attempting to predict future ma-

trices. This is done by finding a transformation operator, T¡, which adapts so

that an estimate ø(t + 1), of the matrix ö(t + 1) given by

ø(t + 1) : r,(ó(t)), (4.15)

is such that the magnitude of the matrix prediction error ll/"(t + 1)ll, given by

lló'þ +1)ll : lld(¿+ D - óQ* 1)ll < e,

is small. The transformation 7¿ is dependent on time and evolves so that

Tt+t: f (r,,...,To,ø(t + l),...,d-(o)) ,

where

ó(Ð : E {óØløØ, o(t) + ""} .

,r, ,"or"r"nts noise in the sensing process introduced either by the sensor or by

the medium being sensed. The time dependence of the transformation has some

important implications for implementation. The original intention was to use

a form of feed forward neural network, such as the perceptron or neocognitron

(see Rumelhart et al. (1986); Fukushima (1g87); Nguyen & widrow (1990);

Touretzky & Pomerleau (1989) and Appendix C); however these networks are

impractical in this application for a number of reasons depending upon the man-

ner in which the network history is stored:
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o A conventional back propagation network encodes the information about

Tt,...,7s and ó(t),..., d(0) in the neuron connections, so that the history

of the inputs and the required transformations make up the training history

of the network; however the adaptation of the neuron connections is slow

with respect to the speed at which the input changes, so that they are ef-

fectively time independent. If the operator, T¿ is independent of time such

that 7¿ : ? then it must also be independent of the spatial dimensions be-

cause it is possible for an object of interest to be moving in any direction at

any point in space. This total invariance results in an inadequate mapping

since the best transformation possible is one that assumes an object can

move in any direction with eclual probability and hence a blurred input is

the best estimate of a future signal.

o It is possible to give the network all the prior information at its inputs

rather than encoding it in the neuron connections, or even a certain amount

of the signal history, i.e. ót+t,...,ór-s and this approach will work, with

longer sequences of input history producing better estimates of the scene

motion; however this is also impractical since it will make the already large

network several orders of magnitude bigger.

If velocity vector information is available then the transformation has some tem-

poral information and meaningful predicbions can be made. Velocity information

is not available from the sensors and must be deduced. Alternatives such as re-

current back propagation (Pearlmutter, 1990) are capable of determining the

required velocity vector information and processing it as required. The Recur-

rent Back Propagation algorithm replaces the input history of the network with

the vital information extracted from the input sequence, so that instead of a set

of inputs ór+t,. . . , ór-u, which require a large amount of memory, the dynamics

of the objects within the input are presented which describe the evolution of the

input sequence. In the case presented, the dynamic history of the objects in the

scene is actually the transformation ?¿ so that the transformation update pro-

cess can be imagined more easily when the transformation update rule is written

in the form of (4.16). However, there is no guarantee that a recurrent neural

network's training will ever converge for the mapping determination problem,
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since there are many false minima in the neuron weight space.a For ease of

implementation 7¿ is actually implemented as

Tt+t:f(r,,/(t+r;) ,

since ?¿ encodes information about ö(t),.. ., d(0) and ?¿_1 ,. . .,,To

4.5 Transformation Determination

There are a large number of transformations, ?r, between a matrix /(ú) and

ó(t + l) . There are also a large number of transformations, 4+r , between /(ú ï 1)

and þ(t-12); however, only a limited subset of the transformations 7¿ and 7¿..,.1 are

related by an acceptable set of rules. As more matrices are determined the set of

transformations which are consistent across the entire sequence is reducecl until

there is only one valid sequence. At this point tracking has been estabiished.

Consider as an example of consistency the three sequential signals in Figure 4.6,

nlrmerous mappings exist between any pair of signals, although very few are

consistent across all three. These consistent mappings are what is sought.

Since the knowledge of the signal is uncertain it makes sense to classify pixel

values with a level of confidence. To avoid placing a statistical model on the

signal levels in each pixel, a multinomial distribution is induced by augmenting

the sensor space, so that for each pixel, every possible level has a value attached.

This value represents the probability that the sensor would have seen that level

in a noise free ideal world. The augmented state space has nr? dimensions, since

the sensor has n pixels each of which can be resolved into -R levels.

Thus the representation of the matrix is modified from (4.1) to

p(r,t) € [0,1] where z €z

(4.16)

(4.t7)

Z represents the set of indices for the spatial and amplitude coordinates, Z :
(x,v). This multinomial representation has a number of advantages because it
is now possible to handle objects and backgrounds which have an unknown pixel

probability distribution and structure. It also allows objects in the field of view

aThe solution architecture is consistent with that of a recurrent neural network; however
the structure of the network and the meaning of the "hidden" and "recurrent nodes" has been
carefully established to incorporate all the prior knowledge regarding the problem. In effect, a
network to solve the transformation determination problem has been created explicitly rather
than by training.
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ór+,

,L9t-r

Spatial coordinate, r

Figure 4.6: Acceptable relations between mappings.

to be obscured, since the tracking network will continue to update the object's

track (providing the obscuring object is a different color or intensity, which is.

a reasonabie assumption since their ranges are different), instead of forgetting

'about all non visible targets. The obscured object's confidence will be gradually

depleted since uncertainty in the object's motion will increase, thus distributing

the probability of the object's location over a successively wider region until the

object can be assumed to no longer exist. Now since the vector, gQ), actually

represents the returned signal, the sum of the probabilities of signal strength

must sum to 1 for each spatial position. In the following, variables a, B, and 1

are labels of points in either the state space or the augmented state space, while

variables i, j and k refer to coordinates in the real world (see Section 0.2). For

generality in the following it is assumed that the real world has coordinates which

ó,
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are members of D. This means that the following equations are equally valid in

different systems that have a different number of dimensions. In the example

pursrrecì throrrgh orrt this ilocument the number of dimensions, lDl : 3; however

other values are possible with other sensors. For a particular spatial coordinate,

¿€X.

D Pa:r (4.18)
a€(r,Y)

The above expression is summed over the signal level components at a spatial

point, r. If the sensor has a resolution of r? levels then ,R terms must be summed.

Over the entire input space

De':, (4.1e)
a€.v,

Input information to the network is actually embedded in noise, so that the

input to the network is actually ó(t) + n,. This signal can be represented in the

probabilistic representation of (a.17) by considering the sensor system charac-

teristics, which will tend to blur the input, distributing the probabilities. The

predicted matrix will also be affected by the noise on the inputs, and errors in the

expected transformation. As a result of the smooth error surface the predicted

state will be confined to a closed region of the surface about the true state.

Since each point in the space Z can move independently, there is a transforma-

tion operator T attached to each point. The nature of this operator is uncertain

and so a family of operators are considered with a probability assigned to each

member. This operator could be represented as in the Markov case; however,

to reduce computational requirements the operator is modeled as a statistical

family. The transformation consists of a mapping with parameters which are

distributed in a Gaussian manner, and need only be represented by two vectors

attached to each point in the augmented space, an expected transformation, ?p,

and a variance about that expectation, ?". This means that there is a matrix

of 2nR vectors each with the same number of dimensions as the real embedding

space and signal amplitude( in the example , lpl : 3.) Future matrices are pre-

dicted by summing the probability transmitted to them from the previous field

via a transformation ?¿ shown in (a.15). The operator T¡ over the entire matrix
can be expanded to show the effect of the mapping at a single point and how the
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Accumulated Probability freld ../

t+

Probabilìtv Transmision

/

Spatial

Figure 4.7: Probability transmission from the augmented space at time ú to
¿ + 1. The probabitity at time I and ú + I is shown by contours, while the

mapping functions are shown as cones. The probability at time ú is distributed
by the mapping functions to time ú * 1 where the probability is accumulated to
form an estimate of the next input, the probability density of which is shown by

the contours at ú * 1.

individual mapping parameters affect the result

,þB(t + 1) : t e,(t)T¿(a, B) Ø.20)
a€,Ø

:re,(t, (,SW) Ø2,)

B; represents the value of the ith coordinate in the real embedding space of the

point referenced bV þ. (See Section 0.2)

(4.20) represents the probability transmitted to xÞ(t+ 1) from z.(l) through

a collection of transmission functions with Gaussian spatial extents. This is

illustrated in figure 4.7.

If it is assumed that the transformation is very close to the correct transforma-

tion for the motion of the objects and background (this is shown in Chapter A),

then the resulting estimates will have a smaller error than the noisy inputs. Since

the expected value will have a smaller error it makes sense to determine the next

t
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estimate from this estimate. Unfortunately this approach will propagate small

errors in the transformation so that successive estimates possess a bigger and

bigger error. If .the transformation operator is not known precisely then the

noisy input may be closer to the true input than the estimate. One approach

to estimating the true input g(t + 1), is to combine the estimated signal with

the measured signal. This means that there is a trade off between the amount

of improvement available by correctly estimating the transformation, ancl the

sensitivity to changes in the viewed object's motion. The new matrix, ,ra(t + l) is

combined with the latest noisy measured matrix to produce an estimate of the

matrix, 
"(t 

+ 1) without noise,

e(t + r) : E {ç(t + 1)1,þ(t * r), e(t + 1) + n,}

: (1 - ,)(p(t + 1) + n") * etþ(t + r).

(4.22)

(4.23)

The estimate of the matrix ç(t + 1) is determined by tracing a trajectory along

the geodesic between the augmented equivalent point , ó(t + r) + n. and cp(/ + 1)

by a ratio e e [0,1]. The value of this parameter will control the dynamics of the

tracking process, such as convergence time, noise rejection and will also control

the sensitivity to target manoeuvres.

The transformation is updated in a probabilistic manner so that the transfor-

mation represents the expected mapping given the current smoothed estimate,

the previous smoothed estimate and the transformation between them, which

contains information about estimated signals in the past, since it was formed

from the expected mapping of earlier signals. The transformation update equa-

tions are given by

Tl*t@)o: t l2on - p,lp@,0)

D^,ezP(d,''l)
and (4.24)

þez'

Tf+r(o)o: t (lzqL- 0¡l2n(rt' ß\\/' ?r,\ D^,rnpËiÏ) - Qi+,(a))2 where (a'25)

p(o, þ) : eB(t)p.(t + 1) lI+^"-(';-rl@))'n(rip¡¡' Ø.26)
iç' t/2nTt çB¡

(4.26) is the product of the probabilities at a point 0 1n ç at the current time,

ú, the point a at the previous time frame, t - 1 and of the probability that a

transformation between the points o at time ú - 1 and B at time I exists. Since

the probability of the mapping between a at ú - 1 and B at time Í was clerived
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in an identical manner at the previous time frame, (4.26) actually represents an

iterative determination of the product of all the points along a straight path, of

which the mapping between o and B \s a portion at the last timeinstant. Some

weighting, which is caused by the normalisation of probabiiities in (4.24) and

(4.25), is applied which increases the significance of the more recent probabilities.

For example if the probabilities of a points existence in the paths, which are

consistent in Figure 4.6, are multiplied together in a weighted manner, along

with other points which are also consistent with those paths from previous frames

then a probability will be determined which represents the probability that the

consistent path exists. (4.24) and (a.25) are simply the expected values of the

transformation given that (a.26) represents the probability that a particular path

exists.

(4.20) fo (a.26) represent two coupled evolutionary systems that are shown

to converge in Appendix A.

4.6 Information Fusion

To fuse information together from multiple sources it is necessary to represent

the information from each sensor in a common format. In a situation where the

sensors view different parts of the electromagnetic spectrum, and the objects

of interest are featureless, direct comparison of the sensor data is meaningless.

Comparisons must be made at a higher inference level, ie. target, background.

An inference of this type requires a classification of object type, and so to keep

with the methodology of this work and avoid the errors caused by incorrect

generalisation, a decision is made about the degree of similarity between points

and trained targets or background objects while still maintaining a representation

of doubt. The similarity decision is made using the calculated flow field only, since

the sensed ímage field, / or cp, has no information regarding the nature of the

point. Since the data is vague and the training incomplete, the result is an upper

and lower probability of target existence. (Chapter 2) This representation allows

combination of data from multiple sensors with both conflict and agreement. The

resultant global conclusions from a range of sensors are fed back to modify (4.24)

and (a.25) so that the flow field update is biased with the global evaluation of an

objects dynamics (Chapter 5), as well as knowledge that the object is background
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or target.

4.7 Summary

The material in this chapter presents a procedure for determining the optical flow

of a sequence of scenes. Once the optical flow has been determined it contains

information about the motion of objects within the scene. Proof of the procedure

outlined in this chapter is contained in Appendix A.
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Chapter 5

Combined System Dynamics

Analysis of the network components in Chapters 3 and 4 has shown that each

is stable or performs satisfactorily in isolation; however, when feedback from the

global fused results is fed back to the local processing modules (Section 2.2.2)

the nature of the overall network described in Chapter 2 changes. Of particular

concern is the optical flow determination module in Chapter 4. It would also be

nice to know what improvements ale possible as a result of multi sensor fusion.

Under certain conditions outlined in Section A the optical flow determina-

tion converges to equations 4.12 and 4.17. This is the result for an individual

sensor working without feedback. What happens when numerous sensors are

fused together? This chapter deals with this question by making assumptions

which enable the conclusions bo be found more easily. The result of making

these assumptions is that the final result represents the qualitative nature of the

combined system performance.

5.1 Assumptions

Equations 4.12 and ,{.17 represent the statistics of the pixel errors at equilib-

rium. The size of this pixel error will be a monotonic function of the optical

flow error assuming that convergence has indeed occurred and is maintained de-

spite object manoeuvres. The optical flow field generated by the approach in

Chapter 4 is clasbified via the approach in Chapter 3 so that an upper and lower

probability for each object type at each location is generated. The simplification

that the classification probabiiity (The probability that the true classification is

believed) made by the classification module (Chapter 3) is a monotonic function

of the velocity errors determined from the optic flow (Chapter 4) is true in a

75
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Probability of correct classification being true

IJpper

Lower

Prediction error

Figure 5.1: Assumed relationship between velocity prediction errors and the
probabilitv of the true classification

region about the true classification and fails only away from the classification

where probabilities are small and have little effect on the combined classifica-

tions. This means that as the error in the optical flow increases, the probability

associated with the correct classification is reduced monotonically (Figure 5.1).

This assumption would appear to be reasonable since training insbances about

the classification boundaries are distributed in what is assumed to be a Gaus-

sian distribution (see figure 7.7 to 7.11.) Classification probability refers to the

lower probability; the upper probability is a function of the lower probability

and the amount of effective training at each point (Section 3.3). The density of

training points is certainly not uniform, but for the purpose of this analysis it
is assumed that the upper probability also has a Gaussian like shape, with the

same mean but possibly with a different variance, and a vertical offset, so that

the upper probability of classification will have the same type of relationship

with the velocity error as the lower probability.

5.2 Fusion performance

Using the fusion rules listed in Section 2.2.4 in particular (2.7) 1t can be seen

that the global upper probability is a minimum of the local upper probabilities

and the global lower probability is the maximum of the local lower probabilities.

Since the local probabilities, L¡ and (J¡, are a function of the velocity prediction

errors, the distribution of which is known, the global classification probability

distributions, p(Ln) and p(U), can be determined by integrating the p(L¿) or

p(U¿), where the maximum of the lower probability functions Ltr, . .. , -L¿" or the

minimum of the upper probability functions equals the global lower probability
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Fused lower probability, trn relative to true position in standard deviations

Figure 5.2: The distribution of the fused global lower probability, P(Ln), when

no combination occurs, two sensors are combined and three sensors are combined
respectively. All sensors have an identical p(Lt).The horizontal axis represents

the value of the error in the lower probability, Ln, after fusing relative to the

correct position for the information for an individual sensor, L¿, in terms of the

standard deviation of each sensor's distribution. As the number of sensors fused

increases the center of the distribution of probability ,ú, shifts right and reduces

in variance.

Ln or global upper probability Lt.

As an example take the situation where each sensor provides the same amount

of information. Assuming that the relationship between the local classification

probabilities and the velocity prediction error probability functions for all the

sensors to be fused are identical and give a local classification probability for
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each sensor which is a Gaussian, p(L¡) : G(r), then the probability function

of the global lower probability function, p(Ln), as more and more sensors are

combined can be calculatcd analytically and an example is shown in Figure 5.2.

Por n sensors

p(Lò: [ [ , G(I,,)G(L,,)...G(Lu)dLç...d;t, (b1)' J Jmaz(Ltt,...,Ltn)=Lg

where ,L¿, refers to the lower probability attached to the classification from sensor

i. The assumption that all sensors have the same classification distribution and

that the distribution is gaussian is not necessary and the calculation can be

performed with any combination of relationships. The relationships depicted in

Figure 5.2 were chosen to show the effect of combining sensors which provide

the same amount of information. For sensors which contain different amounts of

information the most informed sensor will tend to dominate irrespective of the

number of sensors combined.

The distribution of the upper classification probability is similar given all the

assumptions, except that it is mirrored about the zero vertical axis, since the

upper classification probabilities are formed from the minimum of all the sensor

estimates rather than the maximum as was the case when generating Figure 5.2.

The result of these distributions is that as the number of sensors is increased

the degree of doubt has been reduced since the bounded range where the true

probability exists is now smaller. The question must now be raised as to whether

this new smaller region of doubt does include the true value. The answer of course

is that there is a small probability that this will not be the case, the actual

bounds are only confidence limits, which in the simulations were set at 95%. By

combining the information from several sensors additional information can be

included and it would be expected that if the information from different sensors

was independent (different parts of the electromagnetic spectrum and different

view points) and the conclusions agreed, then there should be a reduction in the

doubt.

5.3 Feedback

Along with the reduction of doubt in the classification there is a reduction in

doubt in the predicted motion of the object. The global prediction of motion cor-
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responds to a weighted average of the sensor decisions. The weights are derived

from the lower probabilities associated with each of the motion estimates.

This global estimate of motion parameters is used in (2.13) to bias the esti-

mate of motion locally towards the global values. This will consequently reduce

the size of the prediction error, which will in turn reduce the size of the classifi-

cation error and so on. The amount of improvement is limited by a number of

factors.

o Even perfect estimates of the scene motion do not result in precise classi-

fications, since doubt regarding the classification always exists unless the

amount of training information available is unbounded.

o The error in prediction resulting from target manoeuvres can not be avoided

Given sensors which provide similar classification accuracies (similar p(L¡)

distributions as in Figure 5.2), the improvements possible are small (unless the

variance of p(L¡) is large) and probably not worth the effort. The main ad-

vantages of the work become evident when the information and the p(,[¿) from

the sensors are different which will generally occur when the sensors are remote

from each other or view a significantly different portion of the electromagnetic

spectrum. In this case the method provides a mechanism for selecting the most

appropriate classification from the collection and biasing the sensor prediction

units in an attempt to find the best overall result. The results on conflicting

evidence can be seen in simulations in Chapter 7.
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Chapter 6

Algorit hm Implementation

This Chapter contains an example implementation of the algorithm presented in

earlier chapters. The algorithm is identical to that used to generate the majority

of simulations presented in Chapter 7 (The sonar simulations differ only in the

geometry of z).

6.1 The Signal

The signal, /, is a 2 dimensional matrix containing 32 rows and 32 columns.

Each of the values in the matrix corresponds to the intensity of a pixel in a

32x32 image (n : 32 x 32 : 1024 pixels). The image (matrix) is indexed by

r and ¿, (4.1), where the range of values of z, X, are the coordinate ranging

from (1,1) to (32,32). For notational ease the components of the vector r will

be represented by 11 and 12. The sensor which produces the image produces a

discrete output with 32 possible levels at each pixel (i.e. R : 32), thus the range

of the values in / is Y, which consists of the integers 1,. . . ,32. Unfortunately

this image is noisy and to avoid making assumptions about the distribution

of the noise an augmented signal also needs to be defined (Section 2.2.3). The

augmented signal at each instant in time, g, (4.I7), is a three dimensional matrix

which is 32 x 32 x 32 since there are 32 different discrete levels possible at each

pixel. Each of the values in cp represents the probability that the image will have

a pixel at that location with that intensity.

An image formed by the sensor has an unknown noise distribution so the

noisy image, $ I no, is augmented to the matrix, g + no, by assigning all the

probability to the point in g which corresponds to the intensity of the pixel in

ö, ".g.if the pixel at location (4,7) in / has an intensity of 2I, then the value at

81
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(4.,7,21) in rp is 1 and all the other values at (4,7,y),, where y is the intensity, are

6.2 Initialisation

The initialisation of the transformation vectorc, Tp and ?" will vary from sit-

uation to situation; however, in the situations simulated it is assumed that the

platform is stationary and since the bulk of the scene will be background the ex-

pected motion between frames is 0. i.e. Tp -- 0. Since this value of 0, although

generally true, is not true at all locations in the scene, the variances, ?o, are

made large to minimise the bias introclucect by the initialisation assumptions.

The smoothed estimate of the image. p. is the same as the noisy input, g for

the first pass, rather than (4.23) since p does not exist and p represents all the

knowledge available.

6.3 TYansformation

The expected value of. g at the next time frame, g(t + 1), is calculated using

(4.20) and (4.21) which for the example above can be written as

(Þr'r,r'2,v,(t + l¡ : Ð
ø1 €{1,...,32}

"2e{7,...,32}
ve {r,...,a21

X
¿- (,1-T! (,, ,,r,v¡)2 ¡z(r; þ, ,,r,ù)"

,/Znf; 1rr, rz,, a)

s- (u' -T { (, r,, r,y¡)" ¡ z (r¡ @ r,, r,ù)"
X

l/Ztrfg 1rr, rz, a)

The dash on (r", r'zry').does not mean anything except that we are talking about

a different point to (r1, rz,y).The smoothed estimate is calculated using (4.23)

which for the example above can be rewritten as

?,,,",,0(t +1) : (l-r)(v",,,",0(t +1) + n")1eQ,,,",,o(t+r). (6.1)
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The transformation can now be updated using (4.24) ø (a.26) which can be

rewritten to

12"| -, tlp(r\, r'2, u', r t, r z, U)Tl*r@\,r'z,a )t : D
'"';:i! 

':#j

Tí*r(r'r,r'r,y'), 
;;:1il::33Ì
y€ { 1,...,32}

Tl*r(*'r,r'z,y)z: t
"r e{r '" ''ez}
xze{t'""zzl
yÇ { 1,...,32}

Tf*r(''r, t'2,Y')2 : D
l'1 €{1,...,32}
xze{\,'..,22}
y€ {1,...,32}

TT*r@\, *'r,v')" 
;;:È
ve{r,."

Tí*r(*\,x'z,U')s - t
t1€{1,"',32}
x2ç{t,...,32}
g€{1,...,32}

where

X

X

Ð'r" €{r,...,s 2} P(r\, r'2, A', rr", 12",, A" )'
r2" e{l,...32}
v" e{r,...,s21

l2*', - ,tl'p@\, r'z,a' , xt, x:z,a)

(6.2)

- (Tl+r(r'r, r'r, a'))',
(6.3 )

(6.4)

- (Tl*t@r, *'r,a'))' ,

(6.5)

\-
ZrI 1 €{1

€{1
32
32

¡ p(rl, r'z,a' ,, r:," ,:r2" ,U")
ÌI2

v" e{r,...,s21

l2*', - ,rlp@|, r'r,v' , rt , rz,g)
D'r"e {r

c2" €{1
v"€{1'

32
32

...,32Ì

¡ P(x\, r'2, U', rt", r.2", U" )'
Ì

l2r', - *rl'p(*'r, r'2, a' , xt , rz, u)

D p(xl, r'2, U', r t",, xz", U" )11" € {1,..,,32}
q" e{L,...,s2}
v" €{t,...,s21

l2y' - ylp@'t, r'2, u', rt, rz, u)

ly' - yl' p@\, r'2, u', rr, rz, a)
p(r\, r'2, U', rt", xz", A" )

(6.6)

- (Tl*t@'r, *'r,u'))'
(6.7)

and
..rr-, D',"a{1,...,32} P(x\, r'z', A', r1", rz", U")
..szi rz" e {r'..',sz}
,3zi v" e { r," ''szl

D"r"a{t,..
12" e{L,..
e" € {1 '...

.,32\

.,32j
,32)

p(*'r r r'r, u', r r, n z, u) : Q 
" 

r.,, 
",0(t) 

g r\,ri,y' (t + r)

t/z"ri çrr, rz,u)
1

Jz"r¡ ç"t, rz,u)

¿- (r', -T | (r r,, 2,s¡)2 ¡ z (r 7 @ r,r r,s))t

¿- ('L -rl @,,, 2,s¡)2 ¡ z (r; @,,' ",ù)'

1

1 - (u' -r{ 1rr,," ù)' l z(r¡ 1,' "r,v))' 16. 
g¡
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6.4 Hypothesis Determination

For each point px1,:t2,st two parameters are determined, a divergence, diurr,,r,o,

and a velocity contrast, ucr.,.,rz,a

(diu"r,,r,o)2 :

(u,rr,"",0)':

I rl@'r,''z,ll')fu' - a)
€{c1-1,r1 ,c1a1}
Q.{xz-I,xz,xz+I}
ate{s-l,s,y+I}

t Tl@r,r'z',a') @\ - ,t)
r/, €{r1 -1,r1 ,c1}1}
xtre {x2-1,x2,r2}l}

ate{y-l,y,a+t'}

Ð ri@'r,"'r,y') (*', - ,r)
r/, €{cq -1,ø1 ,r1{1}
xt €.{r2-1,r2,r2t1}

Yt€{a-1,a,a+t}

2

)

+

u

+ (6.e)
L7

xl,

1

I t rT@\,*'z,u') - 2Tl(ryrz,a)
øl C{21 -1,ø1 ,ø1f 1}
dr€.{t2-1,r2,r2!7}

at€{a-1,a,a+t}

t Ti@\,r'r,y') - 2Tl(q,rz,a)
{u 1-1,r1 ,r1{1}
{c2-1,r2,r2}l}
€{v-1,s's*1}

2

,)

t r!@r,r'r,y') - 2T{(r1,rz,u)
€{ør -1,ør,ør *1}
€{x2-7,c2,t2¡l}

(6.10)

Et€{a-7,a,u+t}

6.4.L Training

A number of alternatives are possible for the training of the hypothesis determi-

nation module. The training of this network will only be covered briefly, since

the training schemes are not novel, and the emphasis is placed on the structure

+
1

I
:x\
L2
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and operation of the network which is original. For completeness however, the

training must be discussed, but for the sake of simplicity, and because some of

the simulations were performed using the off-line approach, the off-line approach

will only be presented.

The operations performed in Section 6.3 can occur without the rest of the

network. These operations should be allowed to continue until the velocity esti-

mates have stabilised. Once stable the network should be allowed to continue;

however, in addition to the previous operations, diu and uc parameters should

be derived for a selection of points where the true classification is known. This

will lead to a plot such as Figure 7.7, which shows the distribution of the classes

in terms of their diu and uc coorclinates. Ideally each one of these points should

be represented in the network, but to speed up simulations the clusters of points

are synthesised by a function which models their density and numbers. In the

simulations performed in this thesis, each class was represented by a gaussian.

These gaussians were determined by examining the plots and calculating the

center (at point t) and radius of each cluster. The ith gaussian, ú¿, is represented

by a mean value, which is a vector consisting of two components, tfti, and tf¿,

and a variance which also consists of two components, tl;, and ti¿

6.4.2 Probability Determination

The training information is now represented by /ú (Section 3.3) 2 dimensional

gaussians. For each point p in g, i.". p: (rr, xz,U), the diu and uc parameters

are determined using the expressions in Section 6.3. For each of the i : 1, . . . , ff
gaussians, (3.1)

n, ( n\ : -J-' "- 
(a;u, - tl!")' / rçr|i,¡'

' \r / {2rt'o;"

,-)="-ç"'-t"t)'l'('îz)", (6.11)
t/2ntl¿

is determined. The value of n;(p), is simply the value of gaussian i at the point

p. If all the n¿ generated from gaussians representing data from the same class

are summed, then ¡f¡(p) is produced, (3.3),

¡úo(p) : Ð "o(p)t;€.Cx

(6.12)
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The symbol ,t is the class name and C¿ is the set of all the gaussians used to

model the class k. (3.2),

l¡@):_ ¿þi_. (6.13)
D*.r 1{r(p)'

uses these ¡fu(p) to form a nominal frequency, f¡@), for the different classes.

The set of all possible hypothesis is represented by d. The N¿(p) are perturbed,

(3.6), by adding an amount a; to each hypothesis ¡fi(p) to form trj(p) and then

checking for consistency using (3.4) and (3.5).

x, :Ð¡ry f Un(*) . flþ))'
ieo o"' Ít(r) 

(6'14)

// is formecl in the same way as f, except that the 1Vj(p) are used instead of the

¡/¡(p). If

x' < x'r(r - F) (6.1b)

is satisfied then the perturbed Nj(p) are consistent with the original training

information. X\(l - F) is obtained from tables depending on the number of hy-

potheses and the degree of certainty required (see the comments in Section 3.3).

The li¡(p) are perturbed to find all the possible consistent Nr(p), and from those

consistent ¡/¡(p), the highest and lowest frequencies, (3.7) and (3.8), are found

for each class hypothesis. In reality it is not necessary to evaluate every possible

perturbation. In the simulations it was assumed that the training information

given could not change and that perturbations could only be made by obtain-

ing more information. Given these assumptions the determination of the upper

probability for a class j is simple, since it is necessary to perturb the value of ¡/j
only. The value of ø¡ is increased until the value of ,À/j leads to values of / which

no longer satisfy the y2 test. This one dimensional search is performed for every

class so that every class has an upper probability. In the process of increasing

l/¡ to Nj the value of /j is also increased from /i; however, even though the N,

for i I j are not altered the /, are minimised when the /¡ are maximised. The

lower probability is the lowest fl, obtained by maximising the other /js one at a

time.

6.5 Fusion

The above procedures are performedfor every sensor (Figure 2.3). These results

are then fused. The fusion rules, that apply to the upper and lower probabilities
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determined in Section 6.4.2, for each hypothesis, vary depending upon the nature

of the decision. For the example, with two electro-optic sensors which view the

scene from the same location but in a different portion of the spectrum, objects

should have the sârre Í1 and 12 position in g, but very little can be said about

the relationship of an objects y position from the two sensors. Consequently it

only makes sense to fuse hypotheses regarding the existence of an object at a

particular Í1 and ll2 position. The probabilities determined in Section 6.4.2 can

be modified to hypotheses about existence at 11 and 12 positions rather than

at 11, 12 aîd y positions by forming the union of hypotheses at the same z1

and 12 positions. Lef Ar be the hypothesis that there is a target at a position

in g at (4,7,I) and A2 be the hypothesis that there is a target at the position

(4,7,2) then the hypothesis that there is a target at a position in $ at (4,7) can

be determined by finding the union of all the hypothesis in g with the same 11

and x2 positions. i.e. AlU A2 U . . .An. If L(A1) is used to represent the the

lower probability of hypothesis ,41, and t/(,41) the upper probability then the

union of the hypothesis Al to A¡¡ can be represented by, (2.10),

L(A) : L (A, tJ A2U. . . ¡ An) : max (L(Ar), L(Ar),. .

U(A): U (Atu A2u " ' ¡'An) : min (I,U(At) + U(A2) +

, L(An)) (6.16)

. . + u(AR))
(6.17)

with in each sensor. After this is performed in each sensor, the sensors will have

compatible hypotheses, so it remains only to combine the information using (2.9),

where hypothesis A represents the hypothesis that sensor 1 sees a target at (4,7),

and hypothesis B represents the hypothesis that sensor 2 sees a target at the

same position.

L(AÀ B) : max(0, L(A) + L(B) - r)

U(An B): min(t/(A), U(B))

(6.18)

(6.1e)

Global estimates of target and background velocities (21 and 12 components only)

need to be determined to allow the fused estimates to affect the local trackers.

The background velocity is estimated from the weighted average of all velocities,

weighted by the amount of support for that point being background. ie. for the
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background velocity in the u 1 direction

Ð", e{r,...,¡z } T' (r r, r 2, y) 1 L(r 7, ix 2, U is a background point)
"ze{t,...,12}
s€ {1,...,32}

D're{r,...,¡z} L(rrt12¡U is a background point)
(6.20)¡z e {1,...,¡z}

ve {r,...,s21

The target velocity is simply the velocity of the point in g from all sensors at

the same z1 and 12 positions which has the highest lower probability that it
is a target. The values or Tþ in each sensor are modified by (2.13). For the

component in the 11 direction this is expressed as

T'(*t,rz,A)t: 
j

where gt and gb arc the global target and background hypothesis at the point

(rt,rz)./l and lb arc the local target and background hypothesis at the point

(tr,*r,y). Global hypothesis refer to the hypotheses formed by combining the

hypotheses from multiple sensors, while local hypotheses are the results of clas-

sification of the signal at a sensor.

This completes the operation of the fusion network. The processor will repeat

the algorithm for each new image arriving at the sensor.

Ubackgroundl



Chapter 7

Simulation of Tracking Network

7.t The fake world

There are a number of reasons why only limited real sensor data has been used

in this evaluation. The first is a political justification since the inclusion of some

of the available real data would have imposed constraints on the publishability

of the worì.<, and the second is due to practical limitations in processing. The

artificial world created for the simulation is simpler to process than the output

expected from most modern sensors since the resolution is small, which keeps

computation time low. The artificial data is also controllable, and so training

information is easily obtainable. Obtaining training information is a big problem

when processing real data as will be explained later. The artificial data although

simpler than the real world can make the problem more difficult to solve because

the lower resolution used for simulations causes less distinction between an object

and the background; however it is for these critical areas, where objects are

close to the noise floor, that the approach is designed, and where conventional

approaches fail. Where possible, noise has been added to the artificial data to

make the problem as realistic as possible.

The simulated world as seen through an imaging sensor is discretised to a

spatial grid with a resolution of 32 pixels in both the u and y directions. The

value at each pixel is discretised to 32 different possible levels. The world model is

continuous, although boring, since the background is uniformly blank. There are

four objects which move around on this world, some of them maintain a constant

motion while others are continuously manoeuvring with some even changing

their color. Onto this simulated world look two sensors, which have different

characteristics. The background and the targets obtained from each sensor have

89
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different return strengths. Two of the objects appear at a different place in each

sensor to provide a discrepancy between the sensor scenes to test the exclusion

of false objects by the fusion process. The other two objects appear at the same

location in each sensor, although at different return strengths, and simulate real

objects which should be detected.

7.2 Comparison \\¡ith other approaches

Direct comparison with alternative approaches is difficult and unjustified for

a number of reasons. The main alternative approaches to this technique rely

on tracking through processes such as Kalman filtering and Data Association

(Appendix B). These approaches rely on preprocessing, ad hoc decisions and

parameter selections, all of which have been deliberately avoided or at least min-

imised in this work. (The only parameter required in this work is €) see (4.2J)).

The conventional approaches are also serial in nature and consequently scale ex-

tremely poorly when objects are concealed within noise, whereas the approach

presented in this work is designed to be implemented in a parallel architecture,

and in a custom parallel architecture performance would be extremely quick.

Comparison of this work, which is in its early stages of development, with

conventional trackers, which are a mature technology, is unfair, and there are

many improvements which could be applied to this approach to improve perfor-

mance. Improvements could be made by using a better model of targct motion

(instead of looking for all consistent motions, the model would be biased to look

for certain types of motion). The approach presented requires almost no tuning

for specific applications so can be used for different tracking problems with very

little modification.

The final difficulty in comparing the approach in this work to conventional

approaches is the manner in which the approach presents conclusions. One of the

dificulties in using a representation of probability that incorporates doubt is that

it is no longer possible to make a simple (although potentially faulty) decision

based purely on a probability threshold since a range of probabilities now exist.

Before a decision can be made, cost functions need to be known about the cost

of making correct and incorrect decisions so that bounded ranges of probability

that stradle the usual probability threshold can be processed meaningfully. This
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Figure 7.1: Speed of Super Computers(Catlett, 1992). For 1992, 2 figures are

given 131 billion floating point operations per second for a 1024 node CM5 and

16 billion for a 16 processor Cray Y-MP C90.

type of problem is dealt with in Drakopoulos & Lee (1992)

7.3 Computational considerations

The procedure carried out in this simulation requires on the order of 20,000 op-

erations per augmented pixel. In the simulations which follow a serial computer

would require 6.5x108 computations per input picture.

Given the speed of modern super computers, (Refer to Figure 7.1.) with

the current top of the line super computers performing 131 billion operations

t,
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per second, it would be possible to process 2015 frames per second; however

modern sensors are easily reaching resolutions of 5l2x5l2 with 8 bit resolution

giving 512 levels. This would result in a computational demand of approximately

2.7x7012 operations per sensor scan and with a frame rate of 20 frames per

second a machine is required which is 400 times faster than existing machines.

If you can assume (and it is a bad assumption since it ignores the possibility of

new architectures) that the speed of computational increase is consistent then

by extrapolating from the graph in Figure 7.1, machines capable of this power

should exist within the next 15 years.

The assumptions upon which the feasibility has been done are wrong. The

computational power of the super computers listed is for floating point opera-

tions, while the algorithmic precision recluirements are satisfied using integers.

The performance of these machines is generally better on integers than on float-

ing point mathematics although the majority of development is dedicated to

increasing the floating point speed, often involving special modules for floating

point operations. This means that there is no colrelation between the predicted

increase in floating point computational s¡reecl and integer computational speed.

Another point which should be noted is that in a multi sensor environment one

of these super computers would be reqtrirecl for each sensor, and for the robust-

ness of the entire operation all computation of local information should occur

at the censor site, especially if the sensor network is destributed over a large

area. For the algorithm to be feasible the computer must not only be able to

perform the required calculations but it should be small and light with low power

requirements.

There is an alternative computer architecture based on coherent light. The

simple nature of the processes in the algorithm, make implementation in an

optical computer possible.

7.4 Trained decision points

Since the space which is being classified has been augmented (Chapter 2), three

classifications are possible: object, background, and nul. The meaning of the first

two classifications is obvious, the nul hypothesis is used to train points which

are part of the augmented space and do not represent any real featu¡es. The
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network is trained to recognise the objects accurately, and the selection of all the

training points is focused on this objective. It is assumed during the training

process that the nature of the points is known, which is not a problem in the

simulated environment, but would have been a major complication in a real task.

After each time step in the training process, training points are selected at points

where the objects exist. A similar number of training points are selected for the

background and the nul hypothesis; however, there are many more of these points

and so a selection process is implemented where points are chosen giving priority

to those with similarity to object points. This has the effect in the decision space

of concentrating the trained points around the boundary of the object points.

The classification of points has been carried out using only the velocity in-

formation from a small region about a point. To simplify and speed simulations

the information from each point in the augmented space has been reduced to two

parameters which represent roughly the divergence of the surrounding points and

the velocity contrast of a point from the average of the surrounding points. The

selection of these two parameters for use rather than many other possibilities is

not rigorous, and there ale sure to be many other systems; however the opera-

tion of the network appears to be robust to these variations. During development

coding errors caused classification to be performed using other parameters, and

although the decision space was altered the overall network response appeared

to be consistent.

7.5 Tracking Results

Four simulations ,ffere run, on various types of data both real and artificial,

on two different machines. Each simulates both the full system (Closed loop)

and the system where the fused results are not fed back to the sensors (Open

loop) so that each sensor effectively operates alone. The open and closed loop

simulations are performed with identical object motions and noise statistics and

come from a common initial state with an identical classification network. The

initial state simulations were carried out in the open loop configuration to allow

convergence to occur. The first two simulations were performed on a CM2 super

computer and the last two were performed on a DEC5000 after characteristics

of the training space were determined allowing the evaluation module of the
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Figurè 7.2: Information format in simulation figures 7.72, 7.73,7.I4, 7.15, 7.24,
7.25,7.26 and 7.27

network (Chapter 3) to be simplified and the computational load reduced.

The simulation output which is represented by a series of figures show six

columns (or strips) of information (refer Figure 7.2.,7.3,7.4,7.5 and 7.2) from

the two sensors and the global level. These strips represent various information

about the status of the trackers and their decisions. The information contained in

each strip needs some further explanation since some of the information is only
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Figure 7.3: Information format in simulation figures 7.16,7.29,7.28 and 7.77



96 CHAPTER 7. SIMULATION OF TRACITNG NETWORI(
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a subset of the augmented information. The strips labeled as input and true

input are complete since the information is two dimensional and so is pictured

completely. The velocity, velocity variance and the expectation (The expected

value of the input) are all augmented spaces so that they are actually bhree

dimensional and only a slice of the information can be shown. The image of the

expectation shows the pixel at each spatial location with the highest probability.

The intensity of the pixels in the velocity and velocity variance strips corresponds

to the magnitude of each of these parameters at the point with the highest

probability in the expectation image. The pixel intensity in the upper and lower

probability images depict the maximum value of upper or lower probability at

a spatial location. Each row in the diagram represents the state of the network

and its parameters at the same time, so that successive rows represent the state

of the network at successive iterations.

The velocity, velocity variance, and upper and lower probability images are all

normalised between their maximum and minimum values to show the maximum

amount of contrast. This is particularly important when comparing the difference

between the open and closed loop upper and lower probabilities, which appear

similar, but in some cases the maximum value attained differs by a factor greater

than 2.

7.5.t CM2 simulations

If the'return from the sensor has intensities ranging from 0 to 1, then the back-

ground of sensor t has an intensity of 0.5 while the intensity of sensor two's

background is 0.7. A. zero mean gaussian noise with a variance of 0.003 for sen-

sor 1 and 0.002 for sensor 2 is added to the background and targets to produce

a noisy input. The targets are represented in the simulation as points of varying

intensity, which change intensity as they move through the scene. The intensity

of the points varies from zero to one so that the signal-to-noise ratio varies for

each target from scene to scene.

After convergence of the program a sequence of 25 time steps were used to

train the classification network as described in Chapter 3. From this point the

simulation of the open and closed loop sequence diverge and the sequences shown

occur 25 time steps after this separation.

Figure 7.7 shows the distrìbution of training points in the decision space.
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Figure 7.7: The lill decision space, object training points are represented by
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Rather than use all the information surrounding each point in the image in the

classification module a trade off for computation speed has been formed where

only two parameters are processed by the classification network for each image

point. These parameters are the 'divergence'of the optical flow about each image

point, and the difference between the velocity at a point, and the average of its

neighbors, which shall be called the 'velocity contrast'. The manner in which the

null training points surround the object points should be noted. The resolution

of this plot is insufficient near the origin at this scale so it has been expanded in

Figure 7.8. To further clarify the distribution of the points figures 7.9, 7.10 and

ú !-- ôEl o

o
ootr c

o
e

o

o
tr

6

o trpDoo
E I.J

e
p

rb o
o

o

DD

oo

o

c
tr

øo
oo

o
å

oÆ.

o

Em
o

oo oo

g ooo oo
IO

o

o
o

o
a)

o
o

o oo
o

o

vog o U-@roov
@ €g

Ë
o

o o
o

o

.o #

o
oo

tr

@o

ilæ

Boo

oo

o
6

I

3ô/
d
)

o
oo

o

o

l
ú
HEÆ

o
o

o
o

o



7,5. TRACKING RE,SULTS 101

o
'l
o

n
N

o

o
N

o

q)

to
bo,
þo
Ê

o

o

o
o

o

o
o

o-oo o. os o- 10 o. 15
Velocity Contrast

Figure 7.8: Enlarged portion of decision space, showing the region near the origin
of Figure 7.7

o
o

o
o

tr

( tr

tr a

)
tr

l

o

o

o
(

o
tro

D6

.o
b-o. l,n

o

%
o

#

o

of
trE

%õ(
oE}.o.

o.'qÞtro
r-r o

trO

g'

tr . .F'o

'tr'

o

oo
o
I

g

o
tr

n

o

tro

) oÇE
CE¡ ,.o8

E

tr
)

t
Eo

ntr
tr

o

o
tr

o



t02 CHAPTER 7. SIMULATION OF TRACKING NETWORI(

o

o-5 1.O 1-5
Velocity Contrast

Figure 7.9: Null training points
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Figure 7.11: Background training points
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Figure 7.12: Open loop sensor 0 response. (input, true input, velocity, velocity
variance, upper probability and lower probability, see Figure 7.2)
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Figure 7.13: Closed loop sensor 0 response. (input, true input, velocity, velocity
variance, upper probability and lower probability, see Figure 7.2)
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Figure 7.14: Open loop sensor 1 response. (input, true input, velocity, velocity

variance, upper probability and lower probability' see Figure 7.2)



110 CHAPTER 7. SIMULATION OF TRACIilNG NETWORT(



7.5, TRACKING RESULTS 111

Figure 7.15: Closed loop sensor l response. (input, true input, velocity, velocity
variance, upper probability and lower probability, see Figure7.2)
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Figure 7.16: Open loop response. (sensor 0 input, sensor l input, sensor 0

true input, sensor 1 true input, sensor 0 expectation, sensor 1 expectation, see

Figure 7.3)
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Figure 7.17: Closed loop response. (sensor 0 input, sensor l input, sensor 0

true input, sensor I true input, sensor 0 expectation, sensor 1 expectation, see

Figure 7.3)



116 CHAPTER 7. SIMULATION OF TRACKING NETWORI(



7,5. TRACKING RESULTS 117

Figure 7.18: Open loop response. (sensor 0 input, sensor l input, sensor 0 true

input, sensol 1 true input, global upper probability and lower probability, see

Figure 7.4)
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Figure 7.19: Closed loop response. (sensor 0 input, sensor 1 input, sensor 0 true

input, sensor 1 true input, global upper probability and lower probability, see

Figure 7.4)
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At first glance there appears to be very little difference between the open

and closed loop responses of the individual sensors (Figure 7.12,7.L3,7.14 and

7.15.) It should be remembered that these pictures display only a slice of all

the information available, since the augmented (three dìmensional) data can be

displayed only by sampling the three dimensional space in a way that a two

dimensional space is achieved. For lack of a better sampling criteria the expec-

tation probability is used as a selection tool, so that points in the same position

in the augmented space as the point with the highest expected probability at

each point in the two dimensional space are displayed. As Figure 7.16 and 7.17

show the expectation is not the same as the true input. Many of the objects

are not shown, yet they still exist at a lower probability, this is demonstrated by

comparing the object probabilities in Figure 7.L2, where objects are definitely

detected, and the expectation of sensor 0 in Figure 7.16, where the objects are

not visible. The feedback biases the velocity determination routines, so that they

have a greater chance of rejecting false objects and acquiring true objects. Con-

sequently, an object entering the scene is recognised as an object more quickly

when fusion is occurring (unfortunately this is difficult to show in a plot,) also,

when the object probabilities indicate false objects, the probability assigned to

these false objects is lower when the loop is closed than when it is open. Exam-

ination of sensor l's closed loop response, Figure 7.15, indicates that there are

fewer false objects than there are in sensor 1's open loop response, Figure 7.I4,

particularly in the first couple of time steps, where the other sensor's (sensor 0)

objects are distinct.

In the final frames of sensor 1 (Figure 7.14,) three objects of similar color,

and different velocity vectors cross close to each other. Since the points are

close the association of a point with a particular track becomes significant. This

is the problem of data association which has been avoided in this approach;

however, the limitations and trade offs in data association routines for manoeuvre

detection vs. track accuracy are also present in this routine. The result on the

velocity estimates is that they become multimodal since there will be several

consistent possible velocities. The velocity is modeled as a Gaussian distribution

for computational convenience, the Gaussian is no longer a good estimate of

what is actually happening and the result is an increase in the velocity variance

estimate.
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In the last few time steps several of the objects in sensor 0's view appear to

collide, of particular significance is the collision between the objects of the same

color. When more than one identical ob ject (same color) exists at the same point

then they become a composite object so that the resultant velocity estimates

become that of the group rather than the individuals. In the case presented the

velocity of the group is different to the velocity of both individuals.

The reduction in the velocity estimate accuracy in the final time steps reduces

the consequential probability of object detection, which can be seen in both

figures 7.16 and 7.17 where the object vanishes from the expectation. Sensor 1

does maintain some confidence of the objects velocity and this knowledge can

be seen in the effect on sensor 0 that occurs in the final time step (Figure ?.13)

where at the position of the correct objecl there is a faint but distinct increase

in probability in relation to its neighbours. This is not seen in the open loop

response (Figure 7.12.)

7.5.2 DEC5000 simulations

To reduce the computational time required in simulation the hypothesis net-

work's training, as depicted in Chapter jJ, was modified so that class distribu-

tions were assigned manually. This has the advantage that many training points

can be replaced by a function so that the number of evaluations needed to be

performed is reduced. It has the disadvantage that the fine detail in the class

boundaries will be lost.

The class boundaries were determined b,v running the network on the simu-

lation in an open loop mode and plotting a random selection of points from each

class. The results are shown in figures 7.20, 7.2I,7.22 and 7.23.

The noise processes in this simulation are identical to those in the simulation

performed on the CM2. The targets however are represented as points which

are blurred in a gaussian manner with a variance of 0.09375 if the width of the

spatial frame is 1.0.

The results obtaineil are presented in Figures 7.24 fo 7.3I
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Figure 7.24: Open loop sensor 0 response. (input, true input, velocity, velocity
variance, upper probability and lower probability, see Figure7.2)
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Figure 7.25: Closed loop sensor 0 response. (input, true input, velocity, velocity

variance, upper probability and lower probability, see Figure 7.2)
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Figure 7.26: Open loop sensor 1 response. (input, true input, velocity, velocity
variance, upper probability and lower probability, see Figure 7.2)
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Figure 7.27: Closed loop sensor 1 response. (input, true input, velocity, velocity
variance, upper probability and lower probability, see Figure 7 '2)
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Figure 7.28: Open loop response. (sensor 0 input, sensor 1 input, sensor 0

true input, sensor 1 true input, sensor 0 expectation, sensor 1 expectation, see

Figure 7.3)
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Figure 7.29: Closed loop response. (sensor 0 input, sensor 1 input, sensor 0
true input, sensor 1 true input, sensor 0 expectation, sensor 1 expectation, see

Figure 7.3)
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Figure 7.30: Open loop response. (sensor 0 input, sensor 1 input, sensor 0 true
input, sensor 1 true input, global upper probability and lower probability, see

Figure 7.4)
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Figure 7.31: Closed loop response. (sensor 0 input, sensor l input, sensor 0 true
input, sensor I true input, global upper probability and lower probability, see

Figure 7.4)
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The simulations on the DEC5000 have produced slightly different results, as

a consequence of both the different hypothesis information and the blurring of

the object point. Most noticeable is the effect on the upper and lower probabili-

ties. The upper probability gives a good indication of the location of the object

while the lower probability indicates almost nothing. The results of fusion as dis-

played in Figure 7.31 indicate that the common objects in the sensors has once

again been detected with the objects which are at different locations between the

sensors being rejected at a global level although they persist at the local level.

7.6 Simulation vvith Real Data

7.6.I IR Data

Information was obtained from an IR array of a distant object. This information

had a resolution which would have made processing impossible. To solve this

problem, a 32 by 32 pixel subimage containing the object was extracted and

quantised to 32 levels so that the simulator used in earlier parts of the experiment

could be utilised. This quantisation unfortunately removes a large amount of

information. Two streams of data were obtained, so that in one image the object

is twice as distant as in the first, unfortunately no other information regarding

the image sequences can be reveaied. The simulations were performed using the

classification network developed on the simulated data.
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Figure 7.32: Real data. range -R, (input, expectation, velocity, velocity variance,

upper probability and lower probability, see Figure 7.5)
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Figure 7.33: Real data, range2R, (input, expectation, velocity, velocity variance,

upper probability and lower probability, see Figure 7.5)
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It is quite difficult to analyse the results in Figures 7.32 and 7.33 since unlike

the simulations the upper and lower probabilities are a totally different shape.

To aid understanding two sets of new images are generated which represent the

doubt in the image, and the target believability.

doubt : (Jobject - Lobject¡ (7.1)

belieuabilitU: (Joaj""tLobiect. U.2)

Target believability is not based on any statistical reasoning and is just a measure

which shows when there is a reasonable level of both Uobject and Lo6¡""¡. This

measure has the efiect of weighting target belief by classiflcation knowledge.
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Figure 7.34: Real data, range ,r?, (input, upper probability and lower probability,
doubt, believability, see Figure 7.6)
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Figure 7.35: Real data, range 2-R, (input, upper probability and lower probability,
doubt, believability, see Figure 7.6)
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7.6.2 Sonar Data

As a test of the versatility of the approach for use with different sensor types

simulation was performed on some measured sonar data. The information was

available in the form of a time sequence of FRAZ diagrams which are plots of

frequency verses azimuth. The first FRAZ diagram is shown in Figure 7.36. The

intensity in these diagrams represents the power of the return at the particular

azimuth and frequency. The information I received for simulations was quantised

to 255log power levels, so processing was forced to process log powers to avoid

any further information loss by converting to power and then discretising again.

The information in Figure 7.36 is power, all other processing was performed

on log power information. Due to the amount of information contained in a

FRAZ diagram and the computational load of the tracking algorithm, tracking

was performed on individual frequency lines rather than over the full spectrum.

Tracking was performed on two different frequencies which were significantly

different and the results fused together as if they were different sensors, thus

allowing correlatecl noise associated at each frequency to be removed.

The result of processing log power is that noise characteristics are modified

extensively, yet this has not been allowed for. The only change made to the al-

gorithm for this problem was a change in the dimension of the tracker, from the

three dimensional tracker used in the IR simulations to a two dimension tracker

for each frequency line. The features used for object hypothesis were originally

Ieft unchanged; however this actually created target hypothesis next to the tar-

gets rather than at the correct location so the trained centers were modified. The

new centers were created by assuming that bright pixels corresponded to targets,

which is a reasonable but incorrect assumption and the resultant training is far

from perfect. The training distributions used for each of the classes are Gaussian

functions with the distributions shown in Table 7.1 Despite the lack of fine tun-

ing, the results show that the tracker does detect the objects. Figures 7.37 and

7.40 show the sequence of inputs presented to each of the trackers. Figures 7.38

and 7.41 show the conclusions about object presence from each of the frequency

trackers, while Figure 7.43 shows the combined conclusions formed by fusing the

hypothesis from both frequency trackers. Only the upper probabilities are shown

since the information from the lower probabilities is meaningless. This is caused
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Class

target

Velocity Contrast Divergence
mean,vallance mean,vartance

0.0,0.00032 0.03,0.006
background 0.003,0,006

0.0,0.00000001
0.025,0.025

0.0,0.00071
nul 0.003,0.006 0.025,0.025

Table 7.1: Assumed parameters of Gaussian distribution of training points used
in tracking simulation of sonar data.

40
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115

140

0

Figure 7.36

time zero
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frequency

Fraz diagram representing the return signal of a sonar sensor at

by the lack of tuning in the hypothesis features so that very little evidence is

implicitly associated with a single hypothesis.
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Chapter 8

Conclusion and Future
Directions

8.1 Conclusion

The problem of tracking unresolvable objects has been addressed in this thesis.

Because these objects are unresolved they are difficult to distinguish from the

background and consequently conventional approaches which label each point

such as MHT and PDA have difficulty associating points from one time instant

to the next. The approach presented in this thesis is designed for a parallel

architecture to reduce the computational time involved in processing after each

sensor update. Because objects cannot be selected using their features Chapter' 4

presents a procedure which models the evolution of the signal without knowledge

of the objects in the sensor scene. The model for the signal is a restricted

statistical mapping and is determined in an iterative way so that objects which

move through the image consistently over a period of time are modelecl well,

while temporally inconsistent objects such as noise are modeled poorly. From

the model of the evolution of the signal, information about the motion of objects

can be determined.

The model of signal evolution is used to classify the nature of each point in

the input fleld. The classification is a vague process relying on incomplete prior

knowledge (training) to perform the classification. Therefore to avoid jumping to

conclusions when inadequate information is avaiiable a parallel procedure is pre-

sented in Chapter 3 which represents the decision with a measure of uncertainty.

This representation of uncertainty allows information from multiple sensors to be

combined consistently when the information is supportive, conflicting or vacuous.

161
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The results of fusion of the information from the multiple sensors is fed back

to each of the sensors to bias the adaptive signal model to the global model which

reduces the model's sensitivity to coherent noise (if the sensors are located at

different positions or are fundamcntally diffcrent.) The feedback of information

to bias early processing results in a network which is potentially unstable. The

analysis of this possible instability occurs throughout the thesis and is finally

brought together in Chapter 5 where the stability of the coupled system and the

performance benefits are considered.

A modular network has been presentecl to track distant objects using noisy

signals from muìtiple sensors. The true ','alue of the approach is difficult to de-

termine due to the scarcity of real inforrnation, and the lack of an ideal computer

of adequate size and architecture to perlornr the calculations. The motivation

of the approach was to derive a solution to the tracking problem which avoicled

some of the assumptions made using conventional approaches and this has in-

deed been done, but the solutions from the tracker no longer have any certainty

and are really only probabilistic descriptions of target location and motion. This

means that comparison with conventional approaches can at best be qualita-

tive; however the question remains, is this approach better than conventional

approaches? Although the appropriate theory and procedures have been devel-

oped to construct and evaluate the perfornrance it has not yet been practicable to

demonstrate conclusively the advantages of the approach over other procedures.

I would prel'er to say that the approaches are different. The approach presented

in this document makes some tradeoffs which allow it to work in an environment

where conventional algorithms are impractical. In situations where conventional

approaches are indeed practical then the tradeoffs in my approach mean that

conventional approaches are indeed superior.

8.2 Future Directions

In a practical application this approach must be improved, and there are a num-

ber of improvements which could be incorporated. Target models throughout this

document are simple and improvements could be made by determining more ac-

curate models thus improving the velocity predictions and consequently all the

associated hypothesis. A conventional tracker should also be incorporated onto



8.2. FUTURE DIRECTIONS 163

the top level of the network so that tracks can be determined and labeled allow-

ing higher level knowledge of target characteristics and consequently reinforcing

some tracks and suppressing others. The addition of a conventional tracker

means that possible target points, obtained from hypotheses on the optical flow,

can be presented to a conventional tracker, so that the network presented in this

thesis merely selects points of interest. The incorporation of such a tracker would

also aid in the detection process because the resultant tracks can generate ex-

pectations which can be fused back into the overall network to bias the velocity

estimations, since the track information is indeed another source of information.

Comprehensive and rigorous testing will require a means of measuring per-

formance against other approaches. The probabilistic answers derived using the

approach presented here are difficult to compare to conventional answers because

of the representation of doubt. The representation difficulty can be resolved by

making a decision from the probabilistic information. The doubt can be incor-

porated in the decision process by associating costs with correct and incorrect

answers, so that when doubt exists the decision can be biased to the decision

with the lowest cost. These costs are likely to vary from application to applica-

tion and the performance benefits of the algorithm will also vary along with the

costs so the value of this testing procedure is questionable.

The hypothesis determination network should be trained for each problem

and in the case of real data this training information is difficult to obtaìn. To

evaluate the true performance of the approach in a real application sufficient

data with known classification must be obtained.
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Appendix A

Convergence of Optical Flow
Determination

This Appendix contains the proof of the optical flow determination algorithm

presented in Chapter 4. The proof shows that the smoothed estimate of the

scene p converges to the true scene g.

Given the true state of the matrix 91 and knowledge of how the targets are

truly moving it is possible to calculate the distance between the calculated and

actual matrix in a probabiiistic sense. It is also possible to compare the calculated

transformation with the desired transformation. To evaluate the performance of

the technique it is necessary to represent the true signal, and the noisy input

in the augmented state space. Since the space is smooth, the noisy signal will

represent a connected region (assuming that the distribution of the noise is con-

tinuous) about the true signal. To show convergence it is necessary to determine

that p(ú) converges fo g(t). The components of the distance between the re-

quired value of a vector g(t) and the estimated vector p(f) can be expressed

as

,p"(t)-ç"(t): (1 - e)n.+ eA"(t) (A 1)

where A"(¿) is the prediction error given by

A(¿) : e'(t) -,þ(t). (A.2)

The convergence of this algorithm can be shown in a statistical sense so that the
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first and second moments of the error between g(t) and g(l) are given by

Xi.u¡: E [p.(ú) -,p.U)] (A 3)

: E [(1 - ,)no + 64"(¿)] (4.4)

undT']_ç¡e_(t): u [{,,r"(r) 
_ç.(t))r] (A.5)

: p[(r-e)z(n"), +rr(a.(¿))r] . (A.6)

The elror expressed by A"(ú) is a function of the magnitude of the previous

prediction errors, A(¿ - 1), and uncertainty in the target manoeuvres which are

modeled as a noise, n7,. We can bound A"(/) above so that

A"(¿) < rllxi^,,_,;ll + "r, (A z)

When the expectation is taken with the assumption that llXi.(¿_rill and nrt are

uncorrelated, which is usually valid since they are caused by different physical

systems, the following identities can be derived:

X t.þ) 3 kllXil,-,¡ ll * X,., utrd (4.8)

xX.1,¡o.1, ) < k'llX\rr-r¡ra-t) lX'n,,n,,. (4.9)

Substituting (4.8), and assuming equality since this represents the worst case,

into (4.4) the following expression is obtained after some rearranging,

Æ ff- :Q-l,Y*""+ix", +,t . (A.10)llX|1'-'¡ll llXiu-,t ll -
For a stable poirrt

llxlr'!]- : r, (A.11)
llt(,_Ðll - ''

therefore the expected error equilibrium moment, llXT"o' ll, is given by

llxT"o'll:
(I-e)X,"teX

(A.12)I-ek
The equilibrium point can be shown to be conditionally stable as follows. Con-

sider the sequence ol llxi(Ðll expressed by rearranging (A.10) to

llXit|l : (1 - ,)x^" t eXn,, ¡ ,kllXi1,-r'll. (4.13)

(4.13) can be differentiated so that

dll4trtq : ek. (A.14)dllTffi:.".
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The sequence is convergent if -1 < 4fu.!)JJ- ( 1 (Moon, ; Andronov et al.,dllXrlr-r;ll
1966). ek I 0 by definition and so it needs to be shown that ek ( 1 for conver-

gence to be guaranteed.

For the second moment, substituting (4.9), and assuming equality since this

represents the worst case, into (4.6) the following expression is obtained after

some rearranging.,

llX',Ía¡ra¡ll - Q - e)'?X'?,"n" * 
"X'n,,,----;--

llxfp-r¡rp-r¡ll llxii,-,¡r1,-r¡ll 
'r' ¡ e2lc2' (A'15)

For a stable point

llx',Íut,atll t, (A.16)
llXTa-,va-,rll

therefore the expected error equilibrium moment,

(I - 2e + r')X',"," + r'X',
(A.17)llN';;"''ll : 1- e2lcz

This equilibrium point can be shown to be stable in the same manner as

was used for the first moment of the error. llY';;"i' ll is a stable equilibrium if

-1 < e2lc2 < 7. To show convergence it is therefore necessary to show that

ek<I.
The problem with these convergence proofs is that there is a singularity at

the point where ele : 7. e is a defined constant whiile k is a measure of the

convergence of the prediction error to 0 (4.7). The analysis of this convergence

is complicated and is affected by the blurring of objects with in the sensor field.

The shape of this blurring function will determine the rate at which convergence

is obtained.

Assuming a linear approximation to the blurring function around the equi-

librium point, so that the effect of the blurring results in a linear relationship

between the mapping error, llXo.t,lll and the predicted scene error, ¡lXi1r¡ll

Substituting (4.4) into (A.7) and taking the magnitude gives

llA"(r + 1)ll : €llA"(ú)ll + nr,* (i - e)n, (A.18)

Figure 4.1 shows this pictorially by plotting the separation between the ma-

tricies (images) in a state space representation as the matricies evolve. The
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?(t + 3)
,?(t + 2)

P(ú + 1)

e'(t)

P(r + 3)

a(¿ l-e

,P(/ + 3)

l-

€

1

aØ I-e T"(t + t)
1-e

,þ(t + 2)

Q(t + 1)

Figure 4.1: Pictorial representation of the mapping function and its errors in
the state space

representation in the state space is simplified from a point in an nA dimensional

space to a point in a one dimensional space which represents the distance be-

tween the points in the n-B dimensional space. The evolution of the states is

shown progressing to the right under the influence of the mapping functions to

show the relationship between the errors and how they evolve. T'(t) represents

the error in the mapping parameters ?. This error can be bounded so that

T"(t) € feT"(t - 7),T'(t - 1)] These bounds correspond respectively to the sit-

uation where the mapping function is corrected perfectly to the current input

sequence or is not modified at all. Using these limits and (4.18) it is possible to

determine the error with respect to an initial error 7'(0).

a(ú + 3)

eA(¿ + 1)

a(¿ + 2)

€.

P(

eA(t)

a(¿ + 1)

P(

e
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Forperfect correction, we have ?'(t) : eT"(t - I),

A ú +' 

r :ïll 
tT;\' 

{;rïi;l'j'.,,/i- .,,

: €n*r A(¿ - n) + (n + 7)e"7"(t)

*(."+en-t+ +1)(1 -r)ro
erroo0*0-lnr.

For ?"(l) :7"(t - 1), which represents a situation where mapping errors are

not corrected,

A(¿ + 1) : eA(¿) + T'(l) + (1 -')'o
- r' L(¿ - t) * (e * 1)7"(¿) * (e + 1)(1 - e)n,

: e3A(l - 2) + (r' +, + 1)?"(ú)

+ (.'+ e + l)(l - e)no

: en*LA(¿ - n) + (e" + e'-1 + ... + I)T"(t)

* (." + e'-1 + ...+ 1)(1 - r)ro

1n-*o*-l-t"(t)*n".
I -€

The result of these equations is that in the limiting case

T'(t + t) . 
fn,, 

r"(o)* * r,] .

The right-hand limit of T'(t * 1) is the situation where no correction for mapping

errors occurs, while the left hand limit is the situation where perfect correction

is made for the sequence of rps. The true situation lies somewhere in between

these cases. This demonstrates that

X¡.(¿) <Xr64 ¡ kXi.p¡

---+n . ^Tî,^,-]-+oo /1"(o) 
1_ e 

.

Since Xi-fo¡ does not equal zero, k ( 1 so that ek ( e ( 1 and the singularity

in the expressions for the equilibrium point of the error does not occur. Under

the assumptions given the algorithm is stable.
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The assumption that the blurring function causes a linear relationship be-

tween the mapping error, x t.ç¡, and the pixel error , Xi.(r), is only true for

extremely smail errors. In fact there are multiple possible equilibria, all of which

are stable, but which exist for only finite periods of time duc to thc tcmporal

inconsistency of any tracks generated by noise processes. Since these equilibrium

states degenerate, tracks will not become trapped here.

The question remains, will the tracks converge correctly once a false equilib-

rium degenerates. Tracks are always formed in the vicinity of the correct track

since mappings are attached to every discrete point in the space, so that af-

ter a false track degenerates, formation of the correct track is always possible.

The true track does not degenerate so that given a probability, a of forming

the correct track after a 1älse track degenerates, it is possible to determine the

probability of finding the correct track after -Ä/ tracks have degenerated.

P(true):o*û(1 -a) +o(t -o)' +...+o(1 -a)N
-l-(1 -o;ru+t
--+ 1 as ly' --+ oo.

4.1 Interpretation of Convergence Proof

The convergence proof determines the convergent point for the algorithm; how-

ever the terms in the solution do not have any apparent connection to the sensor

and scene characteristics. This section establishes a connection between the pa-

rameters in the convergence proof and the sensor and scene characteristics.

It is possible to represent X,, X'^n,Xnr, u.'dX'rrr^r, in terms of parameters

which have significance to the measurement system. Consider the situation where

the sensor point spread function, G"(o), distributes the probability from the true

position, c, to a. It shall be assumed that

G"("): á(a - c).

X;:Ðr"@)1G"*,(o) - G"(")l where
Yr

^-r-L l

p.(r) : l' 
' za 

-)-"-(u"-u\2 lz"2-¿,.' J"-ìn t/2ro.

Consequently

(A.1e)
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þn and on ate the mean and variance of the noise process in the real world. Using

(A.1e),

X

nR nR

th,'s I X; : fXf; : 2n - 2np*(o)
a=l a=l

In the case of the prediction error, the objective distribution can once again

be represented by G,("). The actual mapping error is gaussian due to the model

defined for the transformation. Thus define the distribution

lI"(a): ['*]u -L "-ta-þ+ul)212(7')'d!J. (A.20)' J"-]a t/2rT"

Now

Xnr,,o: D pr(r)lí"+,(o) - G"(a)l and
Vc

:2sX:^ : ) pr(")lil"+,(o)-G.(o)|,
"Tt,o"Tt,o It

where pr(r) : ["*T ]-"-u"'-ù' /2oTd'v.
' J'-ìu 1/2ro7

There are two parameters,X,p.(¿) and, X2r.1r)r,(t)r which have not yet been

given any physical meaning. They represent the true scene statistics; however

they are defined over the augmented state space, so that they are not simply the

first and second moments of the scene but the first and second moments of the

evolution of the multinomial distribution representing the scene, ,P"(t).

^.2 
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Appendix B

Initiation, Tracking and
Association

8.1 Introduction

The initiation and association of tracks are readily acknowledged as difficult

tasks. Initiation is the problem of determining the existence of a track given

the information from a sequence of sensor outputs. Association is the problem

of assìgning information from sensors to current tracks. This chapter contains

a very brief and incomplete summary of some of the more common approaches

to the problem. For the purposes of this chapter it shall be assumed that the

information has been filtered and then thresholded so that the returns from the

sensors are points, representing possible object locations.

The review of this information has been limited since the size of the available

literature is enormous, and features of the problem and the methodology chosen

to tackle these problems mean that the information is of dubious usefulness' The

main motivation for avoiding the approaches presented in this literature is the

computational expense of scaling these algorithms to deal with the level of noise

or false detections which are prevalent in the problem description.

8.2 Initiation
8.2.L Basic Approach

A box is generated about a return point based on velocitylimits (figure 8.1),

if in the following sensor acquisition a new point appears in the box then these

two points will constitute the start of a track. Only initiate a track if there is

one point in the box. This approach has numerous limitations(Evans & Mareels,

173
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Figure B.1
initiation

Correlation box for next sample using the basic approach to track

1ee0)

o generation of false tracks from noise

o missed tracks when multiple tracks or noise cause multiple detections within
a box

Several alternative approaches are based on similar reasoning, with modifications

to remove some of the limitations

8.2.2 Transition Matrix

This approach is an improvement on the previous approach because it decreases

the chance of spurious track generation. States are assigned to each point as

either hit or miss, along with an index. This enables schemes to be developed

such that muÌtiple hits are required to establish a track. As an example, 4 suc-

cessive hits might be required on a particular path to establish a confirmed track,

rather than the one hit required in the basic approach. Refer figure 8.2(Evans

& Mareels, 1990)

8.2.3 Staircase Integrator

This procedure simply counts up and down depending on whether a point was

detected in the appropriate box.

count:count*oifhit,

count: count - 6 if miss.
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Miss Confirmed track

Figure 8.2: State transition diagram for the transition matrix approach to track
initiation

When count becomes larger than a certain number a track is established. If

count is less than zero then the path is not a track.(Evans & Mareels, 1990)
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8.3 Tracking

The process of tracking involves the determination of the motion characteristics

of an object from a series of observations. These observations are generally

noisy so that the determination of the motion parameters is essentially a random

variable estimation problem. The approach which has found the greatest use for

this type of problem is the Kalman filter.

There are two ways in which the information observed by sensors can be

tracked.

o The sensor information points to the existence of an object at a particular

location so that a label may be assigned to that point in space (ie. range

and azimuth for a radar system or azimuth and eievation for an IR sensor.)

The location of this label in space is then tracked by a process such as

Kalman filtering. Since objects in the sensor field are indistinguishable

from the background, in the application dealt with in this thesis, assigning

the existence of an object at a particularly point is impossible.

o The information from the sensor varies through time so that it is possible

to track the evolution of the sensor signal components. This does not as-

sign tracks to individual objects in the scene but filters noise and providing

the evolution model has sufficient parameters will determine the motion
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of objects in the scene, just as the network presented in this thesis claims

to do. unfortunately the Kalman filter is linear in naturel which makes

it inadcquate for the problem tackletl in this thesis. The manner in which
objects can move from one pixel to another, which can result in a step

change in a signal component as a function of the object's motion parame-

ters (see example 8,) means that a linear assumption about signal evolution
is inadequate.

Example 8 Consider a simple system with three pirels arranged, in a line with
the object in the center pirel such that a position uector representation is giuen
by

':l:] (8.1)

If the rnotion of the object is downwards then the motion uector is

(8.2)

If the motion of the object is upwards then the motion uector is

(8.3)

The evolution equation for the first item of the position vector is a nonlinear

function of the second item's motion parameter, since for the first item of the
position vector to change the second item's motion parameter must be negative.

This is true even if, as pointed out in Chapter 4, the object is not located at
a single pixel but is distributed to its neighbours due to noise processes dur-
ing transmission through the medium (unless the blurring function is a linear
function of the distance from the center which is unlikely.)

A derivation of the Kalman filter is given in many texts, such as Anderson &
Moore (1979) and shet & Rao (198b). The resultant equations are

rk+!: Fx¡ I Gwn

and y¡ : Hr¡ ! u¡",

lEven the extended Kalman filter relies on linearising using Taylor's expansion about the
current point



8,3. TRACKING 177

where u is the target state vector, y is the measurement vector and u; and u

represent the process and measurement noise respectively. It is usually assumed

that u and u are zero mean mutually dependent white Gaussian noise vectors

with covariance matrices given by Ç and .R respectively. k is the discrete time

index.

The technique relies on the conditional probability density Prxlc which is

derived using Bayes'Rule(Anderson & Moore, 1979) (8.6)

rr Pr(B) l o,Pr(Al"l : I{3åT@ (B 4)

lf. A¿,i :1,,2,. . . ,n are mutually disjoint and U A¿: {'1, (8.5)

Pr(A¡ lB) :. P:(9!4),1'lÁll 
. . (8.6)

f ¡Pr(BlA;) Pr(A¿) 
'

The result is that

E{rly}: E{"} I o,aolyt@ - ø{v})

and orp : 0xr - orooroloyt,

where ø¿ó represents the covariance between a and b.

The trackers estimate of the target state r¡ at time k, given data up to time

i is designated by â¿¡¿ and similarly for fi¡,1¿, the error in the estimate is given by

it"l¿ 1rx - î*l¿ with error covariance matrix P*þ ! E{r¡pã¡,p}, where E denotes

expectation. Using the discrete time Kalman-Bucy filter the state and covariance

estimate become

ãnV,: irp-¡. tW*ún (8.7)

- Fãn-tl*-r I W*ú4 (8.8)

and P¡¡¡ : PtV,-t -WkSkWi (B.9)

: F Pt -tlt,-rF' r GQG' - wkskwi, (B.10)

respectively, where the innovation vector,

ú* 1y* - ûr1*-t,

Sn + E{anyL}

: HP*l*-tH' + R

has the covariance matrix
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and the filter gain matrix is

W* : P*W-.H'S;'.

The resulting state estimate, t¡nder the above assumptions is the conditional
mean

â*w: E{r¡lYk},

where YÀ denotes the set of all vectors y¿ for i < k. The m canclidate measure-

ments at time ic will be denoted as lJ j, j : I,. . . ,m ie.

Yk -- {yr, . . . ,a^} u Yk-' ,

and the corresponding innovations are

ú¡ 1y¡ - a, i :7,... )m,.

8.4 Association

Once a track has been established there needs to be a mechanism for deciding

whether future points belong to a particular track or are the result of some noise

process. If the point is deemed to belong to a particular track then the track
information can be updated.

8.4.1 Simplex Approach

This approach merely associates each track with the closest point. The ap-

proaches major failing is that it is far from optimum, and in a noisy environment
will generate almost useless results.

8.4.2 Branching Algorithms

This approach generates a track for each point in the correlation box associated

with the previously known track point, and assigns a measure of closeness of
this new track to the original. By following the alternative branches a number
of possible tracks are generated; however many of these tracks are generated

by noise and the measure associated with those tracks becomes small. As the
branching process proceeds the unlikely track branches are eliminated to reduce

the computational load. As an example consider figure 8.3
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Figure B.3: Multiple hypotheses tracking. Tracks are numbered in order of
probability of existence. Track 1 is the most likely, track 5 is not continued.
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This approach can become computationally expensive since the branch points

may branch again and again leaving lots of potential tracks which must be up-

dated; howevel it.does have the atlvanlage l,hat manoeuvring targets wiìl gener-

ally be unable to escape from the tracl<er.

8.4.3 Joint Probabilistic Data Association

One of the major techniques used in tracking is Probabilistic Data Associa-

tion (PDA), this approach can have limitations in situations with multiple tar-

gets and has led to the development of Joint Probabilistic Data Association

(JPDA)(Fortmann, Bar-Shalom & Scheffe, 1983).

In the PDA approach the estimate of â is obtained from (8.8) using the

combined innovation,

E + | giúi,
j=l

where 0¡ : P{X¡lYr},j : 0,1, ...,ffi.

X, denotes the event that the 7th measurement belongs to a target, and ¡6 the

event that there is no detection. B¡ is the probability that the 7th measurement

is the correct one. A full derivation is shown in Fortmann et al. (1983) along

with the derivation for B¡.

8.4.4 SME Filter

The Symmetric Measurement Equation (SME) filter attempts to avoid the data

association problem "by converting the measLrrement data into measurement

equations by defining new measurements that are symmetric functionals of the

original measurements."Lee & Kamen (1993) This approach utilises Kalman fil-

tering to track objects with out requiring an association between data and tracks.

It does however require that the number of valid tracks be known and that po-

tential target points can be selected from the sensor returns via thresholding or

filtering of some type. In Kamen & Sastry (1993) this approach is shown to per-

form fusion with no real increase in complexity. The SME approach is superior

to conventional PDA filtering since by avoiding the association problem it scales

in a polynomial manner rather than a factorial manner.
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8.5 Optical Neural TYacking

In many instances tracking information from optical sensors is identical to the

conventional tracking used in many radar systems. There are a number of al-

ternative systems which have been developed and which were inspired by the

animal visual system.

8.5.1 Visual Pursuit

This approach has been used by many early radar systems, where the intention

is to maintain a signal on the tracked object. If the object moves from the center

of the observation beam then there is an amplitude reduction in the returned

signal. In an optical system inspired from the human visual system the sensor

foveates on the object of interest. Any errors in the visual tracking will cause the

object to move into the peripheral region of vision, which will indicate the size

and direction of the tracking error, and enable correction. Papers by Lisberger

et al. (1987) and Deno et al. (1939) explain the operation of such a system;

however this approach is not capable of tracking multipie objects simultaneously

and so shall not be discussed further. Gerrissen (1991) presents a mechanism

of modeling the human visual search mechanism, which enables the tracking of

multiple objects; however in the problem tackled in this thesis, human search

strategies are far from optimal and are carried out in a serial manner, which

is not desirable if rapid solutions are sought and the number of alternatives to

search is large.

8.5.2 Motion Perception

Gìven sequences of images, animals are able to derive an apparent motion. Mar-

shatl (1990) shows an approach of generating neural networks for detection of

motion given only local information from each sensor. However this relies on the

objects of interest having some structure. Other papers such as Foldiak (1991)

and Grossberg & Rudd (1989) perform recognition which is invariant to motion,

while Marshali (1991) determines shape from motion boundaries. The essential

feature of all these papers which I would like to note is that all the motion de-

tection relies on some form of structure imposed on the object to be detected,

and as such these and the many other papers on similar topics are not reviewed
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further. Bouzerdoum (1993) develops an approach for determination of velocity

fields modeled on the insect visual system which does not require the objects

of interest to have any structure; however the objects considered are binary in
nature and so oncc again this type of paper is nc,t cover.etl lurLher.

8.5.3 Recurrent Neural Networks

Many papers have been written about recurrent neural networlcs (RNN). A good

basic example is Elman (1990). The optical flow determination network I have

proposed is a RIVN; however to avoid the questions of convergence which can

arise when training such a net, I have specifically assigned connection weights.

It should be noted that I did not set out to design a RNN; however the soìution

turns out to fit into the general model. The majority of the literature is concerned

with the capabilities of the networks and the training mechanisms. Since I have

avoided these considerations an indepth review of the literature is not important.

8.5.4 Multi-Target rracking using rnterpolative Proba-
bility Fields

Neural networks have been forced to attempt solutions of almost every problem,

and the problems of tracking and association are no different. The idea of using

neural networks is founded on the idea that the human brain does this type of

task very well; however many of the artificial networks which have been proposed

for the problem solution fail in any but the simplest cases. The work of Kuczewski

(1987) I believe is noteworthy and is similar to my own in some aspects of its
methodology for tracking.

Kuczewski specifies a network which generates what they refer to as an In-
terpolatiue Probability Field (IPF). In this approach a processing element (PE)

represents a point in the sensor feature space. The value of each PE is a proba-

bility of that point being included in the global solution. The probabilities are

updated as a function of the correlation of all other points in the network with
each point.

The network connectivity defines a relationship between neurons i and j
which is simply the probability that an object exists at (r¡,uj,0j,r;) given that

there is an object at (r¿, y;,0¿,t¿). These connections are established from a model

of object and noise dynamics. The approach undergoes a competitive interaction
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between neurons such that given a particular sensor input a global solution is

reached.

The approach I have developed is different to this technique in a number of

ways, some of which are motivated by implementation practicality, and others

which are due to slightly different detection problems. The first difference is in

the level of detection noise, which appears to be absent in the simulated examples.

In Kuczewski (1987) there appears to be some track noise but very little noise

related to the detections, as distinct from my problem where the existence of

the object is the problem. This is not a problem since I believe the network

in Kuczewski (1987) is capable of dealing with such situations, given that its

assumption, that the number of tracks is constant does not change. My network

does not determine track existence, and so such an assumption is not possible,

and indeed is insupportable since I am seeking the generation of new tracks, not

the maintenance of old ones. The IPF approach could be forced to seek new

tracks by looking for one more track than actually exists. The other differences

arise due to implementation shortcuts that I have taken to make the network

presented in this thesis practical. Firstly the approach in Kuczewski (1987)

maintains a history of sensor inputs which are used in the optimisation. This

optimisation in time, is time consuming and the storage required to maintain

such a large volume of data given the resolution of current sensor technologies

is prohibitive. In essence the front end optical flow determination processing I

carry out is a one step non competitive version of the approach in Kuczewski

(1987), with the additional constraint that I have no knowledge of the targets

approximate velocity component, and must derive such components myself from

the noisy information.
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Appendix C

Basic Neural Network Structures

Conventional (Von Neumann) computing architectures, although having under-

gone massive advances in recent years, are still inadequate at solving certain

types of problems that our brains can often solve unconsciously. In an attempt

to develop a computer which is capable of tackling these problems researchers

are turning towards networks which are based on the brain's functionality. These

networks are generally not models of the brain at all, but are constructed from

numerous elementary processors, called artificial neurons, arranged in formations

which are optimizedfor individual problems, or implementations. None of these

formations model the total complexity of even the simplest brain segment.

This appendix is not intended to be a complete review of neural networks,

indeed given the proliferation of network types, this would not be possible in

the space. Several books are dedicated to the topic, and further information

should be obtained from such sources (Rumelhart, McClelland & the PDP Re-

search Group, 1986; Andetson & Rosenfeld, 1988; Ripley, 1993). The information

presented here is not complete but explains the features of some artificial neural

network architectures, which give them both desirable and unclesirable features.

C.1 Backpropagation

Back propagation neural networks perform a mapping function in a parallel man-

ner. The network structure consists of an input layer, an output layer, and pos-

sibly one or more hidden layers, as in Figure C.1 The input layer is simply a

fan-out layer, while the other layers perform all the processing. The output of
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(c.2)

(c 3)

each neuron performs the function

out : /"(Ë wiri).
i=O

The function /"(r) represents a non-linearity, normally the sigmoidal function,

r"@):- (c.1)I¡s-"
Importantly for implementation ease

Íi@): rtll-,r
/"(r)[t - /"(r)]

C.1.1 Decision Boundaries

The typical recognition task involves dividing the input space into decision re-

gions, so that the outputs specify which of the regions the input belongs to. The

locatìon of the decision regions are formed during training. Training is performed

by presenting the network with samples which are known to be either inside or

outside the regions. Often a large number of training examples will need to be

used, especially near the boundary.

In the first hidden layer, each of the hidden neurons represents a plane in the

input space,

z : lDo I wtrt * wzxz+''' + 1d,NitN (c 4)

Figure C.2 shows an example of a system with two inputs, where z : 0

represents a decision boundary, since z ) 0 on one side of the boundary and

z 1 0 on the other. The output plane combines these decision boundaries to

form regions.

Proofs exist which state that a backpropagation network with one hidden

layer is capable of learning any continuous mapping (Hecht-Nielsen, 19; Cybenko,

1989; Funahashi, 1939) In some applications where the inputs and outputs of

the network may be more complex, more hidden layers can be added, these

new layers act as feature extractors, and can often reduce the overall size of the

network (Nguyen & Widrow, 1990) or the time required to train (Touretzky k
Pomerleau, 1989).1

1By adding more ìayers, prior knowledge about the complexity and/or structure of the
decision task is being encoded in the network structure
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r2

ix1

Figure C.2: Decision boundaries in a two input BPN

The role of the sigmoid function is to threshold the planes formed by the

hidden neurons. On the plane f "(z) the locus of z : 0 is still a straight line.

However at the intersection of two or more planes, the locus of points where

z : 0 becomes a curved approximation to the boundary. This approximation

can be controlled by altering the slope of the sigmoidal function.

C.L.2 Decision Boundary Statistics

Decision boundaries will be located in such a way that they divide the hyperspace

into regions. If the inputs are noise free and the only information that is required

is which region of the classification space the input belongs to, then any shaped

decision boundary that can be used during training is appropriate. If on the other

hand the input signal is noisy or the probability that the decision is correct is

required, then the decision boundary shape, (ie the Sigmoid) must be chosen to

match the statistics. If the noise near the boundaries is Gaussian then use of the

sigmoid gives a good estimate of the posterior probabilities (Robinson, 1992).

Bayesian Boundaries

Historically, the preferred approach to statistical decision making has relied on

Bayes' theory (Bogler, 1987) which offers a highly formalized and rigorous ap-
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proach to the assignment of probabiliiies. This is indeed the case in neural

networks up to this point. It should be noted that a Bayesian Decision Net-

work reduces to that of a perceptron if all of the hypotheses probabilities are

multivariate normal density functions with identical covariance matrices, and

means.(Mitiche, Henderson & Laganière, 1988) Unfortunately Bayes' approach

is unable to express itself in all sensor specific levels of abstraction. In other

words "Bayes' theory forces each sensor to respond with a Bayesian family of

beliefs over a common level of abstraction, although most tactical sensors are

inherently incapable of contributing information to this level of detail."(Bogler,

1987; Shafer, 1976) This can be demonstrated by an example.

Example I Consider o, co,se where a sensor locates 6 targets, of which one is
lcnown to be a type 'r'. From intelligen.ce information it is lenown that there are

100 types of atrcraft in the area, l0% of which are type 'r', the rest haue not
been identif,ed. Bayes'approach will assign a prior probability of 0.6% to each

type of craft(Bogler, 1987; Shafer, 1976) (since all probability must be assigned

specif,cally,0.6yo:60%1100). The result of cornbining this data will be that
craft 'r' will be identified from the selection of 6 targets with a probabi,lity of
e3%.(e3% : a=*Ios )

This seems unreasonably large considering the amount of information actually

supporting the conclusion, and is caused by the need to normalize. In the ap-

proach presented in Bogler (1987); Shafer (1976) a level of ignorance is main-

tained so that the craft is detected with a lower (more reasonable) probability.

Unfortunately the type of function presented in Bogler (1987); Shafer (1976)

cannot be represented in conventional neural network architectures. What is

required is a new type of network where each connection represents two values,

the probability and the ignorance.

Gaussian Boundary Statistics

If two adjacent classes are located with Gaussian probability then the probability

of a point at r being a member of class ø is given by

Pr(r) : ,!"(*),,. (c.5)
ó"(r) + óu(r)'

where /(r) is the Gaussian probability density function

óc(*): (c 6)
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The result of merging (C.5) and (C.6) is

obPr(t):1ffiry' (c'7)

II it is assumed that a : oo: 06 a1d that ¡; - þo - -l_¿¿ the¡ (C.Z) reduces to

1

Pr(r): j --,,I I e---
which is simply the sigmoid function of (C.1).

The result, is that the sigmoid is only correct for gaussian distributed signaìs

with identical variances. The steepness of this sigmoid is also a function of the

difference of the means, so that it is possible that the shape of the sigmoid should

vary between ciifferent boundaries.

Mixed Gaussian and Exponential Boundary Statistics

The Exponential density function is given by

ön(r) :
a€-o',
0

for

for
0

0

x)

r

When this is combined with the Gaussian probability density function (C.6)

using (C.5) the resultant probability that a point at r is a member of class a is

, forr)0,
*ae-o"

forz(0.

As can be seen from this example the expression for the correct boundary non-

linearity can become overly complex when different statistic types are mixed.

C.1.3 Training

Training occurs through an adaptation of weights using error signals.(Fu, ushima,

1987) For each of the input patterns presented the internal weights wi are altered

to minimize the errors between the output producecl by the input and the required

output. For example the output to the training vector i : frt,r2¡...,r¡¡] is

ù : [A1,Uz,. . . ,:xM]. The required output vector however is ú-: ltr,tr,. . . ,tul,
training occurs by attempting to minimize an error function, the most common

of which is the Mean Squared Error (MSE) E : Il2ÐY=rGo), whêre e¿ :
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t* - A*. This is averaged over the entire set of training examples according

to the probabilities of their occurrences. The size of the training set may be

very large, and so it will often be easier to minimize the error vector for each

pattern. This has been proven to produce the same results if the patterns are

presented randomly, since for a large number of training samples the errors form

a statistical approximation to the MSE. Note that this assumes that the samples

presented are either noise free, or that the noise is Gaussian.

Numerous schemes exist for the numerical solution of the weights. The first

and possibly most used rely on gradient methods, the most common of which

is simple gradient ascent, although more sophisticated approaches can rely on

conjugate gradient approaches for example. These approaches have been shown

to be slow, and possibly suboptimal.2 The advantage of these slow, suboptiinal

adaptive routines is in the simplicity of implementation. The gradient of E with

respect to the weights from the hidden layer to the output are given by

dE dE dar

durj dy¡ du¡,¡

: fit, nþu " - v "Yt.3;t/,(Ë unt zu)l

H
: (Yn - ùf;(P-u¡626)z¡'

If no activation is used in the output layer, then the output is linear, fz(r) : ,,,

and

dE
(v* - tx)z¡.

suki

The gradient of ffi can similarly be defined as it is in many references.(Attikiouzel

&'Godfrey, 1990) The value of. u¡,¡ and w¡; are updated by

6u
dE

ki: -d.-;-." dukj

The choice of a is critical since it determines the learning characteristics. If o is

small then the network will learn slowly, or not at all; however if a is too large,

then the network may oscillate around the correct solution,, or actually diverge,

so that learning will be inefficient.

2Other approaches such as simulated annealing may yield optimum solutions but are rarely
used in practice and are not discussed here
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One of the disadvantages with the Backpropagation network is that it can be

overtrained so that it will recognize patterns too exactly. The result is a degra-

dation in the generalisation performance, which means that similar patterns to
those rrserì rluring training, but not identical, will not be classificd correctly. The

problem of generalisation between trained points requires additional knowledge

about the shape or smoothness of decision boundaries. These constraints can be

built into the objective function of the neural network so that the problem of

overtaining can be overcome. The fact that generalisation performance is nor-

mally good in the early stages of training (before overtraining) is not a feature

of the neural network approach and is generally a result of smooth objective

decision regions, and low network weights, so that generalisation is certainly not
guaranteed.

C.2 Kohonen's Self-Organizing Feature Maps

In a Kohonen layer each neuron receives a copy of the input pattern and compares

it with its vector of weights. These weights are subtractive (as distinct from

backpropagation where the weights are multiplicative.) The difference at the

j-th Kohonen neuron is

¡¡
d¡ :l(r; - -¡.,)'

i=0

The node with the lowest error is the winner and represents the classification of

the input pattern.

The network is trained by determining the winner for a given input pattern

and modifying the winners weights towards the input vector. It is also advan-

tageous to update surrounding neurons since this will lead to an ordered spatial

relationship between processing elements.

This ordering will mean that similar inputs will be classified in similar regions

of the network, so that the addition of noise will produce an output, which if not

correct, will be close to the required output.

Under certain conditions Kohonen self-organising feature maps can be shown

to give the same clustering as the K-means algorithm(Wu & Fallsìde, rgg2).
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Figure C.3: Mexican Hat Function. r is the dìstance from the center of the hat.

C.3 Counterpropagation

The counterpropagation network is composed of three layers, an input slab, a

Kohonen slab (which acts as a template or a look up table) and a Grossberg

slab(which acts as an output pattern generator). This network effectively works

by looking up the input pattern in the Kohonen layer and then producing the

required output by multiplying the selected pattern with the Grossberg layer.

C.4 Lateral Feedback Model

The previous techniques have relied on a teacher to supply the network with the

inputs and the appropriate outputs. Other structures exist which are capable of

organizing themselves. In these networks neural cells are interconnected wìthin a

layer so that they receive inputs from the input layer and from adjacent neurons.

This interconnection within the layer often takes the form of the Mexican hat

function, as shown in Figure C.3, which contains both excitatory and inhibitory

areas. The response of each neuron is given by

+L
zj: r, dj(t) + D oo"j*,

p=-L

where Z : neighborhood size. The result, after applying an input to this net-

work, is a clustering of activity around the area of maximum excitation. This

technique produces a similar network to the Kohonen network, except that the
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organization produced is arbitrarily decided by the neurons during learning, and

there are lateral connections within each layer.

C.5 Hopfielcl Moclel

The Hopfield model is one of the simpler (early) models of neural networks

designed to perform a computing function. The model "consists of a number of

mutually interconnected nonlinear devices called neurons.(Takeda & Goodman,

1986)" This network performs functions norrnally implemented in the major

hemisphere of the brain. In some cases the advantage of rapid computation is

offset by the large programming time and complexity, and conventional computer

techniques may be more efficient.

The basic structure is shown in Figure C.,1

dU;

dt
:ÐT,,\/, I It

j=t

V: J,(L;¡),

where % characterizes the state of the neuron) N is the number of neurons,

T¡¡ are elements of the interconnection matrix and /"(r) is a nonlinear function

whose form is usually that of (C 1)

Hopfield (1984) has shown that if T¡¡ : T1;, neur ns in the continuous model

always change their states in such a way as to minimize an energy functiul

defined by

(c.8)

and then stop at the minima of this function. The same is also true (Hopfield,

1982) for neurons in the discrete model if it is also assumed that T¡j :0.
The programming of the network is performed by finding a cost function

for the problem involved and by equating terms of the cost function to the

energy function (C 8). This will determine the values of the connection matrix

4¡. There is normally more than one possible matrix as some variables may be

assigned arbitrarily. The solution also depends on the number representation

chosen.(Takeda & Goodman, 1986)

lNNN
E = -;tt r;¡V¡V¡ -Ðt,U,

' i=l j=l i=l
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C.6 Adaptive Resonance Architectures (ART)

Adaptive resonance architectures self-organize stable recognition codes in re-

sponse to arbitrary sequences of input patterns.

ART networks consist of two adaptive filters. A bottom-up filter, which

encodes patterns by changing the weights or the long term memory (LTM) traces

and a top-down filter which assists with code self stabilization. The bottom-up

filter links a feature representation field (F1) to a category representation field

(F2). These fields undergo cooperative and competitive interactions in a process

of competitive learning.

There are two distinct subsystems within the ART architecture. The first is

the attentional subsystem which contains the fields F1 and F2, along with the

top-down and bottom-up adaptive filters. The other subsystem is the orienting

subsystem which becomes active only when a bottom up input to F1 fails to

match the learned active category representation at F2. In this situation the

orienting system forces a reset of the active category representation at F2, and

causes the attentional subsystem to proceed with a parallel search, until either

a match is found or it is established that there are no matching categories.

Learning involves either the refining of a previously learnt state or the creation

of a new state on previously unused nodes. The search through the recognition

categories adapts as learning proceeds so that the search does not become more

time consuming as the learned code becomes more complex. Search takes place

only as a recognition code is being learned. The criterion for a match is adjustable

by the variation of the vigilance parameter p, which controls the activation of

the orienting subsystem. By adjusting the vigilance parameter it is possible to

control the fineness of the categories. ie. by raising the vigilance the inputs will

be divided into finer categories.(Carpenter & Grossberg, 1987) Figure C.5 shows

a typical example of an ART1 network.

The node structure for ART networks is complicated; however the equations

representing the functions at each node are relatively straight forward. For a de-

scription of the operation of an ARf network and the controlling equations refer

to Carpenter & Grossberg (1987). For more information on the theory behind

the ART networks consult Carpenter & Grossberg (1987); Cohen & Grossberg

(1983); Ellias & Grossberg (1975); Grossberg (1980a); Grossberg (1980b); Gross-
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berg (1969); Grossberg (1972); Grossberg (1g23); Grossberg (1g7Sb); Grossberg

(1e78a)

C.7 Distributed Associative Memory

"There are no memory locations f'or stored items in the neural realms; all inl'or-

mation is superimposed as specific state changes on the same memory medium,

and the coding of these items is distributed over a large area. Such a distribution

was previously only encountered in optical holography."(Kohonen, 1987) 3

It is possibÌe to create a network based on holographic theory and imple-

mented as a hologram.

Long range connections are time variable and distributed all over the network.

A matrix l{ represents all the feedback of synaptic weights. With an input the

matrix l/ is modified by

t
¡/(¿) : ¡r(0) + "la&)v(k)r,É=0

where y(k) is the value of y, assumed to be constant over a period indexed

by k. and a is a constant. Thus the changes in the matrix .ly' represent the

memory traces stored in the network. Reading this memory can only be done

associatively. By partially activating the network (key) which then spreads into

the other parts (recoliection).(Kohonen, 19S7)

C.8 Neural Implementation

A great deal of work has been performed in an attempt to implement neural

networks, since to gain the benefits of the neural algorithms special parallel pro-

cessors are required. The implementation of these massive parallel architectures

in VLSI, has been made difficult by the interconnectivity of each processor and

the planar technology which is prevalent in today's integrated circuit manufactur-

ing. One of the solutions to this problem is the use of optical interconnects, and

if the processing elements can be replaced with optical elements then a complete

optical neural network will be possible.

3This has been shown to be only partially correct since certain types of knowledge are located
at specific locations in the brain; however in that position the information is distributed over
a number of neurons.
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Figure C.6: Optical System for associative memory

It is now possible to implement many of the conventional logic functions using

optics, thus implying that digital simulations can be implemented optically by

replacing digital components with optical ones. Optical implementations have

the additional advantage of being able to perform some complex operations such

as Fourier transforms with simple components. The remainder of this appendix

addresses some of the ways in which neural nets can take advantage of optical

devices.

C.8.1 Holographic Associative Memories

Figure C.6 shows an Optical System for associative memory. Assume that

the input patterns are

o(r,y) * ó(r - rs) and

b(*,,y)xó(rlrs),

where * expresses convolution.

The hologram is then exposed in the process known as memorizing, its trans-

mission 7 is
T(f,, fò : lA(f", Tòl' + lB(.f", fòl'

' + A(r,, TòB(f,, fo)e-ia"'oÍ"

+A(f,, fògj,, fo)sia"'of ", (c.g)

where /, and f, arc spatial frequencies. The notation A, B,A and B are the

Fourier transformation and its complex conjugate of patterns ¿ and ó.
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If B(t,y)x6(rlrs) is applied to the input plane then the following information
is obtained:

o(*"y') : F-l{Tff", rògj,, r')e-iz",of, i (c.10)

: þ(r,y) * {a(r,y)x a(r,y) (C.11)

+b(r,y) * b(r,y)j * 6(rt -¡ ro)

+0(r,y)* {ã(r,y)*b(r,y)} x 6(r' * 316)

la(x,y) * {b(r,y) * þ(x,y)} * 6(r'- ro), (C.12)

where F-l is the inverse Fourier transformation, and * represents correlation.

Consequently the pattern â will appear on output- plane ø

à:a*(bxþ) (C.13)

This is the third term of (C.12). Similarly

b:b*(â*a) (C.14)

if o is incident on input-plane ¿. if the output ó is used as the input B the
following expression is obtained.

à:a*{ó*[ó*(â*o)]] (c.15)

hence by a two step process the recalled pattern matches the initial pattern
programmed at a.

This process can be expanded so that there are more than 1 pair of patterns

stored on the hologram. In this case the pattern returned is the one which has

the highest correlation with the input pattern.(Mada, 1g8Z) lbr a binary coded

input pattern constructed of n dots the capacity of the memory should b" *.

C.8.2 Optical Resonators

Various associative memories are possible using optical resonators, one of these

is the ring resonator in which information is stored in a holographic medium.

This medium may be a photographic plate (for read only) or a photorefractive

medium (which enables dynamic learning).

An information bearing coherent light beam (called an object) is incident on

the recording medium. The object is transformed to O' by the 7 operator which
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Figure C.7: Optical ring resonator

then interferes with the original beam at the recording medium. The medium

records this interference pattern and effectively becomes a diffraction grating,

which scatters O'back into the path of O. Thus O is reconstructed from O'.

An example of this type of system is an optical ring resonator, which is shown

in figure C.7. The holographic recording medium performs the actions of the

neurons, while the operator 7 determines the connections between the neuÌons,

but not the strength of the conñection. Thus the nature of ? determines the

the group properties, such as rotational symmetries, of the stable states of the

network.

By using several inputs, several modes can be stored. With the addition of

the photorefractive gain medium, modes will compete and cooperate. Oscillation

of one mode tends to inliibit oscillation of all other modes. Recall of an object

is achieved by biasing the competition with an input signal. The result is that

the stored object most resembling the input will be recalled.(Anderson, 1986)
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Appendix D

Data Fusron

"It often happens in science that while data are scarce, interpretation seems easy,

but as the number of data grows, consistent argument becomes more and more

difficult"r

D.1 General

Data Fusion is generally divided into three levels(Labuz, 1988; Waltz, 1981;

White & Llinas, 1990)

1. Alignment, Correlation and Assignment, Tracking, and Attribute fusion

2. Situation assessment and Threat assessment

3. Sensor Control

In this document I am interested primarily in the process labeled as level 1. The

advantages of the fusion process can be

¡ Robust operational performance,

o Extended spatial coverage,

o Extended temporal coverage,

o Increased confidence,

lThe quotation is from p. 180 of Debate about the Earth: Approach to Geophysics through

Analysis of Continental Drift (Revised Edition), published in English in 1970, Hitoshi Takeuchi'

Seiya Uyeda, and Hiroo Kanamon.
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o Reduced ambiguity,

o Improved detection,

o Enhanced spatial resolution,

o Improved system reliability,

o Increasecl dimensionality

D.2 Fusion Techniques

The fusion technique should be capable of dealing with uncertainty. Table D.2

shows how each of the requirements in table D.1 is handled by the various tech-

niques. For a {'riller description of the methods see Waltz (1931); Llinas (lgSg);

Waltz & Llinas (1990); White & Llinas (1990). Some of the basic fusion method-

ologies are explained briefly here. The terminology used to refer to aspects of

data fusion approaches has varied throughout its development with different re-

searchers using different terminologies. Waltz & Llinas (1990) contains a good

description of many of the terms and their historical development along with

brief explanations and examples.

D.3 Positional Data Fusion

The state of the network is deduced using an optimal estimator which is intended

to minimize the error with respect to some optimality criterion, using knowledge

of:

o the system and measurement dynamics,

o the assumed statistics of the system noises,

o the measurement errors and the initial conditions

This technique has the advantage that

o Minimization of error in a well-defined statistical sense

o Utilization of all measurement data

o Utilization of prior knowledge
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Table D.1: Requirements used in table D.2

Table D.2: Success of various techniques to requirements, Y:Yes, N:No and

E:Either Yes or No

Requirement

1 The combination d not assume independence of evidence

2 The combination rules should not assume exhaustiveness/exclusiveness of
hypothesis.

3 There should be explicit representation of the amount of evidence support-
ing/refuting a hypothesis.

4 There should be explicit representation of the reasons supporting/refuting a

hypothesis
5 The representation should accommodate varying levels of detail in uncertainty
6 There should be explicit representation of consistency and detection of conflict
7 There should be explicit representation of ignorance.

8 d be a clear distinction between ignorance ct

I There should be a second of measure of uncertainty
10 The representation should be natural, and understandable to the operators.
11 The representation should be a closed form.
72 Pairwise comparisons of uncertain knowledge should be feasible.

13 able to explain the reasoning/combination processThe system

Method
Requirement

1 2 3 4 5 6 I 8 I 10 11 t2 13

Modified Bayesian
Confirmation

Upper/Lower Probs
Evidential Reasoning

Probability Bounds
Frzzy Logic

Evidence Space

Reasoned Assumptions
Endorsements

N

Y
Y
Y
Y

N N N N N N N N Y Y Y N
N E N N N Y N N N N Y N

N Y N Y Y Y Y Y Y Y Y N

N Y N Y Y Y Y Y Y Y Y N

Y Y N Y Y Y Y Y Y Y Y N

Y Y N Y Y Y Y Y Y Y Y N

Y Y N Y Y Y Y Y Y Y Y N

Y N Y N Y N N N Y Y N Y
Y N Y N Y N N N Y Y N Y
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The disadvantages are

¡ Sensitivity to erroneous statistics

o High computational demands.

D.4 Attribute Data Fusion

These types of fusion do not rely on the existence of a metric or closeness of fit as

in Positional Data Fusion. The approaches are inferential in nature and can be

divided into two categories, statistical and heuristic, where statistical methods

(e.g. Bayesian Inference) are defined as those requiring numerical interpretation,
while heuristic approaches (e.g. Expert Systems) don't.

D.4.1 Classical Statistical Inference

This technique is based on empirical probability, the technique selects a "null"
hypothesis f1, makes observations of the input data and determines two error

probabilities

pr : Pr(Pr(Observationslfl) < alfl) and

pz : Pr(Pr(Observationslfl) > al - fI).

ie. The variable p1 is the probability of rejecting fI when -Fl is in fact true, and

¡;2 is the probability of accepting Ë1 when f1 is in fact false. The value of ¡r1 can

be decreased by varying a but at the expense or p,2 and vice versa.

This technique has the advantage that

o Any known distribution of data can be exploited fully.

o Either þt or þz can be decreased but not both.

The disadvantages are

o The population distribution function must be known or at least approxi-

mated.

o Only one hypothesis, and its negation, can be considered at any time.

o Joint distributions become complex.

¡ Prior probabilities are not taken into account.
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D.4.2 Bayesian Statistical Inference

Bayesian inference is based on Bayes'formula which can be stated as. Let H;,t :

0, . . . , n - I, be disjoint sets with nonzero probability, and

Pr(H¿lfI) :

C Ç U¿<,H¿

then

P'(¡1,)Pr(HlH¿)

D¡a" Pr(II,)er(ølø¡)

The multiple hypotheses and event version of this expression can easily be deter-

mined; however unless certain independence assumptions regarding hypothesis-

event and event-event relationships can be made then the number of probabilities

which need to be estimated becomes excessive. See Mitiche et al. (1988); Brown

et al. (1989); Waltz & Buede (1986); Waltz (1981); Selzer & Gutfinger (1988);

Thomopoulos & Okello (1988); Nahin ,k Pokoski (1980) for examples.

This technique has the advantage of

o Probability of a cause can be computed from observed evidence

o Analysis of an exhaustive (and exclusive) set of causes can be performed

(This is required)

o Multiple events can be handled

The disadvantages are

o Defining prior probabilities of causes can be difficult.

o Numerous potential causes result in a heavy computational load.

o The multiple event situation is difficult to handie unless independence as-

sumptions arè made.

o Uncertainty is not represented.

o The Hypotheses must be mutually exclusive and mutually exhaustive
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D.4.3 Dempster-Shafer Statistical Inference

The Dempster-Shafer technique generalizes Bayesian inference by associating

each hypothesis with a "plausibility" factor. See Garvey et al. (1gg1); Bazzi

(1988); Bc,glel (i987); Selzer & Gutfinger (1988); Chatterjee & Huntsberger

(1988); Cohen et al. (1985); Huntsberger & Jayaramamurthy (1gsz) for exam-

ples.

Let O be a set (space) of primitive hypotheses fi and Prod(@) be the set of

all subsets of o. A probability assignment over the space o is a mapping

b: Prod(@) --+ [0,1] uch tha !41ø; :rS t
tlco

The total amount of belief in a hypothesis fI in O is Bel(H): Dxc¡¿ á(X). The

"Plausibility" of -FI is defined as P/(fI) : 1- Bel(@ -,É1) or the amount of belief

not currently assigned to "not f1", which is the same as the maximum amount

of belief in fI which might be assigned at some future point. The belief interval

of fI is lBel(H),Pl(H)l
The advantages of this technique are

o A general level of uncertainty is represented

o Probabilities range over intervals rather than points.

o Hypotheses need not be mutually exclusive.

The disadvantages are

o There is a potential for weak decisions

o Multi-Sensor, multi-target situations are complex.

o The initial data requirements may be difficult to realize.

D.4.4 Fuzzy Set Theory

The advantages are

¡ The approach is very flexible.

¡ It is definable within formal mathematics.

The disadvantages are
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¡ The membership functions are generally defined heuristically for military

problems.

o Appropriate data bases have yet to be developed

D.4.5 Cluster Analysis

This technique determines a classification based on similarity of data vectors.

See Stewart (1988); Rajapakse & Acharya (1991); Maren et al. (1989); Lindgren

et al. (1986).

This technique has the advantage that

o The need for knowledge or estimation of the underlying processes is re-

duced

o lJseful in the development of new systems where no knowledge is available

The disadvantages are

o A Training cycle is often required

o Computationally demanding

¡ There are many techniques of clustering from which to choose

D.4.6 Figure of Merit

Features are collected, organised, weighted and then summed to form a number

representing the merit of a particular hypothesis. See Cain et al. (1989).

This technique has the advantage that

'o It is simple.

o Flexible formulation of correlation measure.

The disadvantages are

o It is not founded in formal process models

o Development and validation are cumbersome

o Not sensitive to environmental observations.
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D.4.7 Templating

Observations are comparecl to established templates to determine the support
for an event or conòlusion. see Miltonberger et al. (1ggs); Garvey et al. (19g1);

Shaw et al. (1988); Vogel & Chan (1983); Durrant-Whyte 0.
This technique has the advantage that

o It is simple and straightforward to develop template structures

o Data representation is straight forward as is the integration of large amounts
of data.

¡ Granularity of templates is selectable.

The disadvantages are

o The construction is inflexible.

o Data bases are complex and difficult to manage.

¡ Ad hoc weighting strategies can make interpretation difficult

D.4.8 Artificial Intelligence Methods

These techniques generally employ some form of pattern matching, and use

heuristic rules to evaluate hypotheses. see sikka & varshney (1gg9); capoc-
accia et al. (1988); Eggleston & Kohl (19ss); Johnson et al. (1989); Garvey
et al. (1981); Waltz & Buede (1936); Rauch (1934).

D.5 The Fusing Process

One of the problems associated with fusion of multiple sensors, is that of align-
ment of the data. One way of solving this problem is to use multiresolution
techniques (Stewart, 1983). This technique applies a coarsening of the data so

that only the most significant information from each sensor is resolvable. If the
significant features that are resolved by each sensor are the same then the data
spaces can be aligned. Once alignment has occurred the coarsening is gradually
removed with successively finer adjustments being made to the data alignment
in a relaxation type process.
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D.5.1 Parameter Fusion

The simplest method of fusing data from two sensors is to increase the dimension

of the network by providing all the inputs from the sensors to the network. This

approach has the advantage that all the data is available to consider, but it

increases the computational problems associated with implementation since there

is now more data, some of which may disagree, so that multiple alternatives will

need to be evaluated. A greater problem exists if any sensor fails since bhis will

change the inputs such that the evaluation network will need to be changed.

An alternative approach will fuse the data from various sensors to generate a

probability function. This unfortunately increases the data which is connected,

or stored, at each neuron, but the system can now have sensors added or removed

from it without destroying operation but only changing the level of certainty.

Another alternative is to form filters or logical functions between the different

sensed data and then fuse the operated data prior to processing. This can be done

by adding layers within the network which perform this filtering. This type of

network is biologicaliy inspired. The optic tectum of the Rattle Snake appears to

have six types of bimodal neurons used to fuse visual and infrared information,

these neurons form the following filters (Ajjimarangsee & Huntsberger, 1988;

Newman & Hartline, 1982)

oOR

o AND

o Visible Enhanced Infrared (VEI)

o Infrared Enhanced Visual (IEV)

o Visible Inhibited Infrared (VII)

¡ Infrared Inhibited Visual (IIV)

This type of approach can be extended for other fusable sensor types. Statistìcs

of the sensor certainties may be incorporated either by weighting the results

from different filters or possibly by incorporating the statistical decision making

network mentioned earlier into the filtering networks.
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Input Images

Figure D.1: Fusion Network Employing Filtering

D.5.2 Symbolic and Parameter Fusion

In surveillance systems the measured clata is often incomplete and noisy. Intel-

ligence information is also often incomplete, or uncertain. One possible way of

lising these types of data is to take advantage of the recollection and noise im-

munity of a Bidirectional Associative Nfemory (BAM) network. If the network is

trained to convert measured data at the first port into a symbolic representation

of the intelligence at the other then, if the measured data is presented at one port,

and a symbolic interpretation of the intelligence at the other, then the network

will attempt to find a consistent result. If there is no consistent result then the

network will try to determine the best soitrtion from the presented information.
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Appendix E

Dempster-Shafer Reasoning

To many people Dempster-Shafer Reasoning appears to be unfathomable. This

is partly due to the nature of the reasoning, partly due to an evangelical support

or rejection of the approach by some authors which leads to a misleading, obscure

or even incorrect explanation of the topic, and most importantly because there

are several techniques used to determine the parameters (the labeling of which is

of course also inconsistent.) All the techniques generate identical results, which

appear different, and leave the reader wondering which approach is correct.

8.1- Dempster-Shafer Problem Formulation

8.1-.L Dempster-Shafer Theory Summary

A derivation and proof of most of the topics listed here can be found in (Shafer,

1976; Kyberg, 1987; Tessem, 1992; Pal et al., 1992; Bouchon & Yager, 1986;

Pearl, 1988). Consider a set of hypotheses, At... A4, orr some information. It

is possible that the information may be vague and may not specifically indicate

which hypothesis is true. For example the information may not be adequate to

determine that Ar is true or that A2 is true, but may provide enough informa-

tion to state that the combined hypothesis, A1U A2 is true. The set of all the

hypotheses, and all the possible combinations of hypothesis is called the frame

of discernment and is signified by 0. To each of the elements in 0 a weight rn

is attached which represents the relative mass of evidence explicitly supporting

that hypothesis or group of hypotheses. If a percentage of the evidence supports

hypothesis A1 then that is reflected in the weight attached to that hypothesis,

rn1, this specific evidence does not affect the weight attached to the combined

hypothesis, At U 42, represented by *r, since the evidence has already been

22t
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attributed. If another portion of the evidence supported either .4.1 or A2 or both,

but was not precise enough to determine which, then it would not affect the value

ol m1 or TrL2 but the value of mp. Not all the knowledge needs to be attributed,

where eviclence cannot be attributed to any subset of the frame of disccrnmcnt

the evidence is attributed to the frame itself, rnB. The sum of the ms should

be 1. Table E.l contains an example with four hypotheses. It can be seen that

the weight is aitached to each hypothesis or when there is some uncertainty it
is attachecl to a combination of hypotheses as is the case for rn12, The lower

measure which shall henceforth be known as support or belief (and labeled as

^9(.)-some texts use Bel(.)) is the amount of weight which can be attributecl

specifically to a hypothesis. The upper measure, henceforth known as plausibility

(and labeled as P/(.)-some texts use P.(.)), is the amount of evidence which

can not be specifically attached to the negation of the hypothesis, or in other

words the amount of evidence which may support the hypothesis.

If two independent sources of information are to be combined which are given

by tnar) - . ' )rnAk and mBr¡ . . . ,ffiBt where the sum of the masses for each informa-

tion source is 1 then the evidence can be combined using Dempster's orthogonal

sum defined by (tr.2). This is shown pictorially in Figure E.1 where the lightly

shaded regions represent AÀB while the black region represents some contradict-

ing evidence. The information can be processed in the same manner as Table E.1

by defining a new frame of discernment, C and normalising for the conflicting

evidence. Before normalisation the values of mç, are equal to the area of the

rectangle in Figure E.1

To give an example of what Figure E.1 might mean consider the hypothesis

it is a plane (A a B) given the evidence from two sources ,4 and B, where A2

and 83 represent the existence of wings, 81 the existence of propellers and ,4a

of jets. Since it is not possible to have both propellers and jets, Aa À B, : 6.

.9(An B): S(A) o.9(B),

: Dl,,nnrcAn7 TnA:TTLB j
I - D¡.n¡-4TTtA¡¡TzB,

The denominator of this expression renomalises the result to ignore the effect of

conflicting evidence.r Orthogonal sums of multiple frames can be formed in any

lThe renormalisation is perhaps the most controversial aspect of Dempster's combination

(E.1)

(E.2)

rule and has come under a lot of criticism
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Hypothesis weight lower measure, S(.) upper measure, PI(A)

A1 Tfl,1

0.2

TfIl

0.2

I-mz-Tr¿s-Thq
-TkzZ - TflZq - TTLZ+ - TTtrzz4

0.4

A2 Tft,2

0.2

Tft,2

0.2

7-mt-rfts-TTLq
-TfLtZ - Tfltq - TTIZ4 - TTlt3q

0.4

A3 Tfl,3

0.1

Tfl,3

0.1

I-mt -TTtz-TÍùt
-TfLt2 - Tflt+ - TflZq - rfttZq

0.1

Aq Tfl,4

0.2

Tfl,4

0.2

l-mt-Tkz-Trr3
-TfltZ - TfltZ - ffiZz - Tft.tZz

0.4

Alu A2 Tfl'l.Z

0.1

mt*mz*rntz
0.5

L-mz-TTra-Ttlzq
0.7

Art-t A" TTItZ

0.0

mt*mztmtz
0.3

l-mz-Trta-Trtz¿
0.5

AlU A4 Tflt+

0.1

mt*rn¿lrnu
0.5

I-mz-TfL3-TTrzz
0.7

AzlJ Az TTIZZ

0.0

mz*mzlrmzs
0.3

7-mt-Tfr4-Trttq
0.5

A2U A4 TflZq

0.1

mz*mq,trnz+
0.5

I-mt-fi13-Tttrts
0.7

AstJ A4 TTISq

0.0

mg*mqirnsq
0.3

l-mt -Tkz-Trttz
0.5

A:'LJ A2u A3 TfltZZ

0.0

mtlrnz*rnz
*mtzlmtzlmzz

0.6

7-m+

0.8

AlU A2U A4 TTùt-ZA

0.0

mtimz*rmq,
*mtzlmu*mz+

0.6

l-ms

0.8

AttJ AstJ A¿ TrtrtZ¿

0.0

mt*msirnq,
lml: I mtq,l msq,

0.6

l-mz

0.8

AzU AzU A+ TflZZq

0.0

mz*ms*m¿
*mzz I mz+* mea.

0.6

l-mt

0.8

0 rno

0.0 1 1

Table E.1: Hypothesis combination using Dempster-Shafer theory
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Figure 8.1: Orthogonal Sum of Belief Functions

association ie.

,9: ^9r O." O ^9,",

: (St 6,92) O Ss O "'O S,,

: ((.. .(s' o sz) ... ) o^9,-') o s"

A vacuous hypothesis represents complete ignorance ie.

0, if A+0
if A:0^9(,4) :

1

A Bayesian hypothesis has the property that

S(A) + ^9(A) : 1. (E,3)

Some properties of Dempster's rule for two belief functions ,9r and 52 over 0 are

o if ,Sr is vacuous, then 51 and ,S2 are combinable and

,9rO^92-Sz.

o if ,Sr is Bayesian, then 51 and 52 are combinable and ,gr O ^92 is Bayesian.

The big advantage of Dempster-Shafer reasoning over Bayesian inferencing is the

representation of a range of probabilities. The upper probability, or plausibility
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of a hypothesis I1, represented notationally by PI(H) is the maximum amount

of probability that could be associated with fI,

Pl(A): t TTI,B )

BîA+ó

while the minimum amount of support available for a hypothesis is given by

s(A) :I-Pt(A) (E 4)

It should be noted that for the Bayesian case (E.3) and (E.a) imply that PI(A) --
S(A) so that there is no doubt in the association of the probability.

8.1.2 Combination Rules

Multiple hypothesis can be combined by the process of Dempster-Shafer reason-

ing, using the following rules (Garvey et al., 1981). Considering the case for

two hypothesis, A and .8, the hypothesis A is denoted by AsØ),ptçq), where the

subscripts represent the support of A, t(A), and the plausibility of A, p(A). In

(E.6) the subscripts ,9r(A), Sr(A), Pl{A) and PI2(A) refer to the same hypoth-

esis from different sources. In all the other cases the hypotheses are different and

may or may not come from a different source. The statements to the left of the

---+ allow the statement on the right to be inferred.

Ac0--+AoJ,

Asrçq),ptr(q¡, Asrçt¡,etz(A) + Asg¡,etçn¡,

AsØ),ptçÐ , Bqe¡,e4a¡ -+ (AU B)s@up),pr(AuB),

AsçÐ,ptçq) , Bs@),pt(a¡ ---+ (A fì B)s1lna),rr(anr¡, and

Asçq),pt(¡), Bsp¡,er1ø¡ - (AlB)s1a¡r¡,rr1.a¡r¡

(E.5)

(8.6)

(8.7)

(8.8)

(E.e)
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where
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S(A) : max(,S1(A), Sr(A)),

PI(A): min(P/r (A), Pl2(A)),

- 1 _^g(A),

.e(A u B): S(A) + s(B) - S(An B),

Pl(AuB):t-.9(ZuT),
S(A n B) : s(A) + s(B) - S(Au B),

Pt(AÀ B): t - S(Ã¡-B).

(8.10)

(E.11)

(8.12)

(tr.13)

(8.14)

(tr.15)

(tr.16)

s(AlB) : .9 AUB -'(B)
and (E.17)

AUB

Pt(AlB) : p A. B)
(E.18)Pt(B)

(E.5) is the vacuous hypothesis where no information is available. (E.9) is not

uniformly accepted due to some ongoing arguments over the nature of belief func-

tions and probability. If Belief is seen from a frequentists approach then this is

almost certainly \¡/rong (Shafer, 1992), while if the frequentist view of probability

is abandoned then the combination rules can be almost arbitrary. This type of

combination is separated by some authors as a special case, sometimes called

conditioning, and because of the variety and arbitrariness of the combination

strategies often leads to paradoxes, and consequently to lots of criticism of the

entire approach.

Often the information is in a form which enables simpler combination rules

to be used, for instance the data may be consonant. Consonant hypotheses arise

when propositions imply other propositions are also correct. In this case it makes

sense to commit all the support attributed to a hypothesis to the hypotheses

which it implies. As an example consider a contour map of a hill. The contours

bound a region where support can be given for the belief that the ground is

higher than the contour level. Obviously any support that the ground is higher

than a particular level implies that the ground is higher than lower contours.

Consequently support for the higher level is committed to the lower level as well.

1-s
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With this simplification (E.10) to (8.16) can be simplified to

S(A u B) : max(.9(.4), ^9(B)),

Pl(Au B): min(1, PI(A) + Pt(B)),

S(A n B) : -u*(0, S(A) + S(B) - 1) and

Pt(An B) : min(P/(A) ,Pt(B)).

The modifications to (E.7) for more than 2 hypotheses is straightforward so

that

s (,41 u Azu . ..t-) A.) : t (-t¡lrl+tt (À¿qA¡)
1({r,...,n}

: max (S(At), S(Ar),. . . ,,S(Á"))

(tr.1e)

if the hypotheses are consonant.
(E.20)

E.1.3 Statistical Representation

One of the major difficulties is in the nature of the statistics for tracking.

Dempster-Shafer reasoning relies on set theory, yet the information from tracking

sensors is continuous in nature, so that there are effectively an infinite number

of infinitely small hypotheses. (The frame of discernment is infinite) There is no

problem in generating the orthogonal sum of belief functions since the summa-

tion of the products between two frames can be altered to an integration. The

problem occurs when both the level of support and plausibility are required. It

is possible to select the most plausible point2, for the track algorithm; however

since the frame is continuous, it is not possible to use (E.a) to determine the

level of support for this choice since A represents the entire space excluding a

point. This problem can be overcome if it is assumed that the sensors have a

finite resolution, thus imposing a coursening to the frame.

Another property which could be used in the generation of track information

is consonance. Even if consonance is only local to a portion of the frame, then

given that portion of the frame, new expressions can be constructed for P/ and

2It may be that the most plausible point is not actually the best point to use. The most
supported or possibly some combination of supportability and plausibility could be used to
determine the optimum point.
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hence S.

Pt(A): 13X""4 Ó(") 
'

maxteo Ó(")'

S(r)=t-max"Á'þ(").
rnaxx:€g Ó(r)'

These expressions are far easier to deal with, but as was pointed out, they are

relevant only in particular situations.

8.2 Dempster-Shafer Validity, To Believe or not
to Believe

The use of belief functions has not become wide spread due to a number of

unresolved issues. These are summarized in Pearl (1990); Shafer (1991) with

a number of examples where the theory is reported to fail. This paper has

stimulated many responses such as (Dubois & Prade, 1988; Smets, 1g92; Wilson,

1992; Wasserman, 1992; Pearl,1992; Shafer, 1992), where discussion of both the

theory and the examples in Pearl (1990) are refuted. The common reasons for

the rejection of the belief approach to reasoning will be presented in the following

subsections.

8.2.L Probability and Belief

There is a distinction between knowledge and evidence which is pointed out

in Pearl (1990) and Dubois & Prade (1988) where knowledge is defined to be

"judgements about the general tendency of things to happen," while "evidence

describes one situation in its peculiarities." The application of belief functions is

often aimed specifically at the treatment of incomplete evidence, while it is per-

ceived to be deficient in the treatment of incomplete knowledge. Shafer (1992)

opposes this distinction as misleading, and points to some basic misunderstand-

ings of what probability and consequentlybelief functions actually are. In Dubois

& Prade (1988) it is pointed out that this is not necessarily true since it is possible

to consider the determination of the belief function as an optimization.

What is questionable is that "everything relies on the postulate that proba-

bility theory is relevant for expressing subjective uncertainty, independently of

any frequentist interpretation."(Dubois & Prade, 1988) In Smets (1992) this ar-

gument is pursued further by expressing knowledge as a double level structure,
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where belief functions are used to express knowledge at a credal level, and where

probability functions are used at a pignistic level. The credal level precedes the

pignistic level, where beliefs are maintained and updated, with mapping to the

pignistic level occurring only when a decision must be made. This argument

certainly makes some sense when comparing it to the way we think intuitively,

our beliefs are generally held with very little regard for probability, and it is only

when forced to make a decision that we may map our beliefs to a probabilistic

frame of reference.

Wasserman (1992) and Shafer (1982) make reference to a notion of exchange-

ability between belief and frequency, which has not apparently been pursued

in the notion of belief functions but which applies in Bayesian analysis in the

situation when an infinite sequence of observations is exchangeable'(DeFinetti,

1e64).

8.2.2 Updating Beliefs

Another major source of opposition to belief functions is in the dubious way

that evidence is updated. The normalization factor used in Dempster's rule of

conditioning is readily seen as a point of contention (Pearl, 1990; Dubois & Prade,

1988; Smets, 1992; Wilson, 1992; Wasserman, 1992). Someauthors (Smets, 1992)

choose to disregard the normalization completely by defining problems to be of

an open world type, rather than a closed world formulation where the knowledge

of the frame structure is complete, but this may not be the best approach since

although this will certainly form belief functions which bound the true result,

precision may be lost which causes the effective region of doubt to be large

making conclusions impossible.

8.2.3 The Consequence of LJncertain Flames

Bayesians "use the principle of indifference or a generalization, maximum en-

tropy"(Wilson, 1992) to allow for the incorporation of incornplete knowledge.

However, one very common type of ignorance is in the nature of the frame of

discernment. It is possible to define frames which are well known such as consid-

ering the result of a die; however in some cases the frame may not be well defined,

consider the classification of a bird. Should the frame consist of a class for each

type of living bird, or should it also consider classes of birds which are now ex-



230 AP P EN D IX E. DEMP STER-SHAFER REASONI¡{G

tinct. The selection of either frame and then the distribution of probabilities via

the process of indifference will produce different results. In the same situation

using belief functions, the evidence will be allocated identically irrespective of

the frame chosen. The situation of complete ignorancc may appear extreme but

extremely complex classifications are almost certain to present some ignorance,

such that estimation of the priors may be in error by an order of magnitude,

which means that the posterior probabilities can be trusted at best to be within
an order of magnitude to the correct values (Wilson, 1gg2).

8.2.4 Coherence

The propagation of wayward priors in the Bayesian case has analogies in belief

theory due to the non-uniqueness of the belief functions. This is why it is believed

that belief functions are not coherent. Coherence essentially defines the efficiency

of a model. If a number is assigned to an event, then that number makes sense

if actions taken from the results of the number lead to sensible results. These

assìgnments are correct if and only if the the number assigned is a probability

measure (Wasserman, 1992). As pointed out in Smets (1992) it is possible to

form maps between beliefs and probabilities, but how are these maps formed?

As more information is obtained the posterior Bayesian distribution converges

to the truth. Information about the asymptotic nature of belief functions has

not as yet been determined although it has apparently been claimed by Eddy

(1990) that only probability measures and limited types of belief functions are

possible as limits.

8.2.5 Implications

Many of the issues regarding the use of belief functions is yet to be determined,

and in some respects the use of the theory at all is controversial. The theory

does lead, in the simplified cases in which I am using it, to nice implementable

functions. The belief functions I am using are really upper and lower probabilities

so that the credal and pignistic representations are equivalent. Also since the

beliefs are probabilities they must be consistent. The representation of the frame

is such that it is known exactly so that normalizabion procedures make sense.
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