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Abstract

Cognitive systems refer to systems that can learn and modify their behaviors on the basis of
experience. Instead of being explicitly programmed, they learn and reason from their interaction
with the environment in a way that mimics the human intelligeraymalgilities. Unlike the

deterministic programmable systems, cognitive systems are capable of reasoning, creating
hypotheses, making recommendations, acquiring knowledge and refining behaviors in a

premeditated manner, through interaction with the surrogneinvironment.

The purpose of this thesis is to establish the theoretical foundation of cognitive systems, define the
necessary and sufficient building blocks of a hybrid cognitive architecture that holds the capacity
to model different cognitive systenibhe proposed architecture is applied to model two different
cognitive systems to Establish the empirical evidence that cognitive systems can augment ordinary
systems and human thoughts and actions by applying the theoretical cognitive architectures and
models on realife problems.
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Chapter 1: Introduction

Cognitive science has been guided since its early days by the common vision of understanding and
reproducing in computational systems the full range of intelligent behaviors lfithan brain.

However, Cognitive science and artificial intelligence, shsirailar visions that they are
mistakenly consideredsone field of research that aims to duplicate intelligence. This confusion
comes from the common goal that aims to solve problems that require a certain level of
intelligence. And therefore, it is necessary to shed the light on the main differences libveen

two streams and explain how cognitive science approaches intelligence from a different
perspective than Al. Onef the premierscientists thatveredrawn to the potentials of cognitive

science anexplained in a detailed manner how it can differ fildhis Herbert A.Simon who was

a pioneer in the field of Artificial intelligence as well as cognitive science. Through his research
interest in intelligence and decistomaking he helped deciphering the essence of difference
between the two streams as heowre @ Al can have two purposes.
computers to augment human thinking, just as we use motors to augment huroesepower
Robotics and expert systems are major branche
intelligence to understand how humans think. In a humanoid way. If you test your programs not
merely by what they can accompl i sh, but how
cognitive science; youbr e u&ThargforeAHanadeaot clean d er st
thatthe Al streamis concerned about reaching intelligence through artifitiehns essentially

using computers, it is about making computers solve complex problems that require intelligence.

In the other hand cognitive science aims to medk@puters solve complex problems with the

focus on the process not necessarily the result, to do so cognitive science focuses on understanding
the process of human intelligence and duplicate it in computational artifacts in a way that mimics
the human resoning.So, Al is the field of intelligence that is mainly focusing on the result of
problem solving whereas Cognitive science focuses on the process that led to duplicating the
human intelligence. A great example to explain the difference between Alcgymiti@e science

is the Deep Blugroject which was introduced in 1997 and successfully beat the world chess
champion by evaluating around 200 million chess positions per second and thinking 20 moves
ahead. The Deep Blue program is a great example ofpicapion as it solves a complex task in

a way that achieves the desired results, however it used a brute force approach that took advantage

1



of the capacity of computers to carry a big
the human reasing of the game. The Deep Blue program as an application of Al focused on the
result, which is winning thegame,however cognitive science would focus on duplicating the

reasoning processarried by the human player to attain the desired result.

The cognitive science paradigm approaches intelligence from a systems perspective. Unlike the
conservative and limited approach the Al community takes by concentrating the focus on

component algorithm, cognitive science has a broader perspective that fatusekestanding

the different intellectual abilities and their interactions together and deliver artapeut solution

that combines capabilities and work together to achieve a big spectrum of intelligence. Cognitive
science studies broad cognitive atebtures that offer models of mind rather than focusing on

component algorithms.

1.1 Thesis motivation

Cognitive science inherits its challenges fritia human capabilities, the essence of this discipline

is to learn and understand how a human brain walle oroblemsand hence it is defined as the
study of though, learning and mental organization with a broad band of application in the fields of
psychology, linguistics, philosophy and especially computer modelingr the years, many
theories of mind hae merged in an attempt to explain the nature of intelligence of the human
brain. However, most of these theories are abstract and despite having a logical and philosophical
basis, they hold no potential to duplicate the human intelligence in computatrofeadts. The

goal of this thesis is to establish the theoretical foundation of cognitive science by studying the
different theories of mind suggested during the many years of advancement in the field of cognitive
science, investigating the points of egments and identifying the reasons of conflict between
these theories to conclude the necessary and sufficient ingredient that can add the cognitive aspect
to intelligent systemdhenecessary building blocks of a hybrid architecturecgfitive systems

are defined with respect to the proposed theories of mind in literature and a hybrid cognitive
architecture is presented. The proposed architecture is used to model two different cognitive
systems: cognitive radars and cognitive vehitdeSstablish the empirical evidence that cognitive

systems can augment ordinary systems and duplicate human thoughts and behaviors.

n
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1.2 Thesis outline

In chapter2 the different theories of minth cognitive science are studied to establish the
theoretical foundation of cognitive systems. The hybrid cognitive architectilvenslesigned by
deducing the necessary building blocks using observations of the strong aspects of the studied

theories omind.

In chapter 3heproposed cognitive architecture is applied tdel cognitive radar systems which
aresystems capable of interacting with the surrounding environment in the learning process and
adapt itsown parameters as a reaction to #eguiredknowledge.The superiority of cognitive

radars is established through performance comparison against ordinary radar systems.

In chapter4 the proposed cognitive architecture is applied to modifferent type of cognitive
systemscognitive velicles which arecapable of harvesting information from thevironmento
build knowledgeandadapt behavigraccordingly A novel method is proposexs a solution to the
inner process of the cognitive vehicle delfalization also the capacity to assess the driving safety
and the capacity to change its control parameters such as steering angle and dpestchted.

Chapter 5 is a summaof the different findings of this work anids implication with an opening

to the futire scopes and possible improvementhéopresented solutions.



Chapter 2 The theoretical foundation of cognitive systems

2.1 Introduction to cognitive science

The study of cognitive systems aims to investigate the nature of intelligence and duplicate it in
computati onal artifacts. This field of study
set of theories with wekstablished frameworks to protteem right. Conventionally, theories
propose predictions and estimations that will be compared to observations to assess the accuracy
and reliability of these theories. However, theories on their own are not testable, because they are
abstract. Theoriesequire additional assumptions to take the abstract specifications from the
conceptual level to a testable level that can map predictions and prepositions to observations. These
sets of assumptions are the constituents of models. All scientific theotiesjgil come with
valuable abstract assumptions, cannot be taken as reliable theories unless properly tested using
adequate models. As a matter of fact, it is widely accepted that all theories start as hypotheses
which are suggested explanations of someeiesl phenomena or a reasoned prediction of a
problematic topic of intellectual concern. Moreover, there is a common fallacy in this regard where
the two terms Ohypothesesd and &étheoremsd are
are always m&ed with a certain level of uncertainty because it is usually based on a specific
observation that should be further explored and tested to validate it on a bigger scale and generalize
it to theorem level. These hypotheses are considered as theorieswhmmythey prove to be
testable, through experiments and a wide set of data in different circumstances with consistent
match between predictions and observations. Hence, the development of sophisticated models is
very important in the expansion of scierttifheories as it is the most practical way, if not the only

one, to test the reliability and accuracy of these hypotheses. Theorems undergo a huge amount of
testing and experimentation to be proven and yet they can always be falsifiable through one
experirment, hence the wide convection that all science is an ongoing effort. In this context, Albert
Einstein statedi N amount of experiment can ever prove me right; a single experiment can prove
me wr. dtis gedy important to make the difference between these analogous terms, to have a
better reading of the research done over the past 60 years in the field of cognitive science, and to
be vigilant of taking falsifiable suggested hypotheses assubbantiated theories and build upon

it. Another observation that is very imperative to mention is that most theories in the field of



cognitive science are abstract and qualitative in nature, however, it is well established that the goal
of cognitive sciencesito study the nature of intelligence and duplicate it quantitatively. Therefore,

the cognitive architectures and models are in this field as important as the theories and hypotheses
since they present the only hope to take this paradigm from the qualigdistract plan to a

guantitative experimental one that can achieve the goals of this science.

2.2 Thetheories of mind in cognitive science

All research devoted to the cognitive science field have been triggered by an inquiry on the essence
of the mental penomena, or simply to answer the very simple and yet complicated question: how
does the brain think? This prompted a series of questions on the nature of the human mind and its
boundaries because a successful attempt to model and understand the tfaurarofin mind is

the key to decrypt its intelligent behavior and duplicate it in quantitative and computational
artifacts. Four major theories of mind can be distinguished as the most influential ones that played
a big role in the progress made in theldiof cognitive science. The first one is the internalist
theory of mind which is derived from the internalist stream of philosophy and suggests that
sensations and perception are innate processes of the human mind independently of the body and
its surroundings. The second one is the externalist theory of mind. It is the rival of the former
theory as it represents an extension to the externalist stream of philosophy, which proposes that
the reason and sensations are identified with relevance to the arogelde that the mind extends
beyond the human body to comprise its environment. This stream defends the idea that the human
mind is not bounded by the human body. The third theory is considered as one of the most
successful theories of mind evigvelopedthe computational theory of mindavhich holds that

the human brain is an information processor and problem solver and that cognition and perception
are achieved through computation. The fourth and last theory considered in this work is the
connectionist theory of mind. Connectionism eneergs the prominent rival to the former
classical computation stream, it is inspired by the neurophysiology. This theorem suggests that
mental phenomena are resulting from the interconnection between neurons in variable networks
with spreading activationdll these theories are an extension of philosophical and neurological
approaches that have been long debated in the attempt to explain various topics. Although they all
disagree on the boundaries of the mind and the mechanisms through which intelbgeoice i
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they all agree that the human mind is supersized. This is hypothetically a confession that attaining
the full spectrum of human intelligence is surreal unless taken in context and oriented toward

specific problems to solve.

2.2.1 The externalist theoryfanind

This theory is built on the belief that the conscious mind is distributed and extended. This
extension to the surrounding environment is the source of cognition and meaning. This
philosophical stream of thought holds a strong opinion on the stretchedabesndf mind.

Unlike what the internalist point of view would propose, the externalist theory of mind suggests
that the mind and the external world are not separated. In fact, the externalist stream makes the
distinction between the human brain, as thespial substance bounded by the physical human
body, and the human mind which is the conscious product of the neurobiological dimension of
the mind and the interaction with the surrounding world. This emphasizes on the experience
gained throughhe interadion of the embodied organism with its environment in shaping the
sensations and perceptions. One of the very famous models adopted by the neuroscience and
philosophy research community is the model of the extended mind (or extended cognition) which
viewsthat all mental process extends beyond the body to include the surrounding environment
and its interactions. This model describes all mental processes as embodied (not restricted to the
human brain), Embedded (performs in relation to the environment) xedded (the mind

extends to the environment). The theory of extended mind has been the subject of many
influential yet controversial publications because they oppose the classicalttti@igiuggests

that the human brain is the only source of cognitiad perception. In 1998, Andy Clark and
David Chal mers pubITh e hEexdt eamfl]etiichdefemdbdrihe radicale d A
claim back then that the human mind extends t
Once we recognize that the crucial role of the environment in constraining the evolution and
development of cognition, we see teatended cognition is a core cognitive pro¢cass an add

on extrao. IF3, ETmpsdn, et ¥l publesshed eabg@ke nt i t | ed A t he
Mi nd: Cognitive sci e whch detemddd the extemalist paragiggnrande n c e
proposed that our understanding of cognition can be complete only by finding common ground
between mind and erpience ( environment). It is plausible to assume that these thoughts in the

account of the extended mind and the liaison between mind, envirgramentognition, has



been greatly inspired by the early discussions of the semantic externalism, whechiesv that
suggestthat the meaning of terms is determined by the human mind in conjunction with external
factors such as context. This thougli semantic externalism can be summarized with the
statement of the philosaphegsHjluatyaPodbhamnt h
his position, Putnam suggested the famous thoeghp er i ment A Twi n Eart ho
supposing that somewhere else in a parallel universe there was a remote planet, twin earth, which

is identical to our eahntin all aspects with one exception. Instead of water H20O, the twin planet

has twinwater (XYZ) chemically different but has the same properties of water (H20) that no

one on earth or twhearth can distinguish between the two substances H20 and XYZ disagor

to Putnam, when a person O6P6 from planet wear
substance H2O0, however-Pwheseansot her wpe-dsdmwabd
eartho he is referring to t herimsnadithougharitcieed 6 XY Z 06
onmany occasions, proved that the meaning is not only in the head because two different persons
might have two different meanings of the same thing depending on external factors. Meaning
also comes from the external world. Téeernalist paradigm also emphasizes on the implication

of the prior information component in the mental process such as prior experience and context.

A simple example is speech recognition. the human speech signal triggers the neurological
structures othe brain to distinguish the different sounds and map them with adequate words
however to understand the delivered message and attain full perception other components are
invoked such as the preceding words, the context of the conversation and espeeially t
knowledge of the language. This observation sheds the light on one of the requirements of
cognitive systems which is the memory component, which can manifest in two different forms,
shortterm memory (preceding words, context of discussion) andtlemgmemory (language
knowledge). Another illustration of the effect of context and prior bias on the mental process of
perception can be touched by observing the Necker Cube ambiguou$3]glitee Necker Cube

is an example of objects of illusion that can be seen in two or more distinct ways. The depth
relationship between the lines of the cube is ambiguoussequentlythe mental perception
alternates between two distirainfigurations of the cube as illustratedrigure2.1. However,

when two Necker cubes are presented in succession, the orientation of the first cube often
determines the perception of the second. The orientation of the cube is equally likely to b

perceived facing up or down when the cubes are observed in separation. However, when a first



cube is presented and interpreted as facing up, this becomes a context for the second cube which
will be perceived in the same manner as facingRigure 2.1 presents an illustration of the

former observation.

Context

?

Perception

context

Perception with

Stimulus

Perception
without context

Figure2.1: Influence of Context on perception

2.2.2 Theinternalisttheory of mind

In the externalist stream, mental states such as beliefs, intelligence and emotions are formed in
relation to the embodied environment hence the mind is extended. Interoalkisenother hand

defends an opposing philosophy which considers that all theahstates depend merely on the
intrinsic properties of the mind. In the history of philosophy and cognitive s¢ifnsestream

has been defended by many known figures from different perspectives, such as Rene Descartes,
Gottlob Fregeand Gilbert HarmarAlthough the internalist stream is heavily opposing the theory

of extended mind, some cognitive scierstidgte David Chalmers accept the implications of the
thought experiment fAtwin eartho and agree tha
environment. However, they defend that mental contémtsssenceare narrow which means

they only depend on the embedded mind. The radical stand of this stream refuses all implications
and intuitions coming from the externalist paradigm and draw théaigoundaries within the

body andstress out that the source of all mental states from perception to sensation and beliefs
are purely intrinsic or internal. To trigger thoughts and guide intuitions towards accepting the
internalist theory, internalists voke their own thought experiments as well. On the famous
Abrain in a vat fAexperiment a human brain 1is

nutrients to sustain the brain functionality as in normal embodied human brains. The brain in the



vatis hooked to a computénatprovides the same kinds of stimulations an embodied brain gets
from the external environment. The argument is that the brain in the vat and another embodied
brain receiving the same stimulation will have the same perceptpatiences for example if

the stimulations led the brain in the vat to believe that it is sunny outside, the embodied brain will
have the same perception. Internalists imply through this experiment that the mental process is
internal, howeverit does not dny the presence of the external world but as a causal element
(stimuli) not as a part of the perception process. One major consequence of this thought is that
the mind can be modeled as a @immensional, inpubutput systemHKigure 2.2-A) that is
triggered by the information coming from its receptors. The mind under this hypothesis is
considered as the information processor and the problem solver. The internalisttmes in

great harmony in this regard with the computational theory of mind, which considers that the
mental intelligence is based on computation and that the human thought is based on symbolic
logic. This implies that all information received by theibia translated into a system of symbols

that can be manipulated through different computational operations to attain intelligent behaviors
and rational believes. The process of symbol manipulation is purely internal, and it is the source
of cognition. Inthis contextthe cognitive scientist Noam Chomsky developed a set of linguistic
theorieq4][5][6] that formed the foundation of the generative linguistitesestablished that the
human language is paganized in the neuronal structure of the brain opposing the externalist
school which proposes that the human mind is blank at birth and progressively shaped through
interaction with the environment. He argubkat the main structure of language is biologically
pre-set in the human mind suggesting that the language perception is intrinsic and internal. This
theory met a good deal of support through many scientific resedrdf&§9] which proved that

babies can distinguish between languages and appeared to have aevelbped inner
mechanism to process the human sounds. A recent rege@ytlasdiscovered that babies have

an early preparedness for visual language discrimination by showing the capability to
discriminate languages just from viewing silently presented linguistic enunciations. This
discovery goes along with another internalist stréfaat considers the mind as a tdinensional

system Figure 2.2-B) insteadof onedimension. The mind is a cognitive and visual system.
Where the cognitive dimensiasa no more an information processor. The visual system is no

more a simple preceptor tife external environment, insteatlis an autonomous computational



system that transfers the information to the cognitive system as a fully processed package instead

of a set of raw data.

input output
— Cognitive system ——

A

output

input . i .
Visual or audio processor Cognitive system —

B
Figure2.2: The internalist models of mind

It is evident that both the internalist and externalist streams of cognitivism have agreed on the
presence of the environment in the perception process. It seems like the major conflict between
both paradigms is formal and is centered around the bounadrieed, whether the mind
extends to the external world and hence the external world is a part of the cognitive process or
else all mental processes are innate and depend only on the intrinsic properties of the mind which
is physically bounded, however litas access to the external environment through sensory
structures because the mind needs information to produce intelligence. Both theories are very
abstract in nature, however they both were the basis of other theories on the mental intelligence
that proved a great deal of success on many applications such as the computational theory of

mind and the connectionist (neuronal) theory of mind.

2.2.3 Thecomputationatheory of mind

The computational theory of mind CMT might be the most developed approacimdoever

proposed. The CMT suggests that all mental processes can be reduced to a set of operations that
are purely computational. The mind is then seen as a computing machine, a problem solver and
symbols manipulator. Some argue that the CMT was inspyete overwhelming advances of
computers, however, this doctrine roots back teacpemput er days with Hobb
mind as fAcal cul ating machinebo. Il n his book @D
Hobbes states t h astanditdmputatioa and @ aompute js tolcollectrthe sum

of many things added together at the same time, or to know the remainder when one thing has
been taken from another. To r eas[dhThérhodarmef or e

computational theory is centered around the same idea as it represemiadhes a sort of
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computer. However, the first appearance of CMT as a well defended theory of mind is linked to
Hilary Putnam in 1967 and his student Jerry Fodor after him. Putnam was inspired by the Turing
machine which might be one of the most successfulesentations of this model of mind. The
Turing machine was the first model of abstract computational machines that exhibited incredible
capacity to manipulate symbols and solve problems. The Turing machine was designed in a way
that mimics how a persomould solve a problem, by defining the different states of the

machine with corresponding instructions. Operations are stimulated by symbols that are stored
on a tape, the operations are executed based on the symbol that the machine reads on the tape and
the current stat&otably,the capabilities of the Turing machine to solve problems are considered

as the basis of intelligence and the features found in the Turing machine such as invoking
memory, the capacity to read and write and take decisions basedertain criterion, are all the
foundation of the cognitive process. The Turing machine (TM) is one of the first steps taken
towards the duplication of the human intelligence in some kind. The TM established thatall goal
oriented behaviors can be téadk on multiple steps or possible states, at each step one operator

is selected to apply on the current state and stimulate the next step. These operators can include
but not limited to retrieving knowledge from the memory, delivering action, ingatd a

stimulus etc.

The Turing machine intelligent behavior is centered around manipulating symbol configurations,
Turing has demonstrated that to duplicate the human intelligent process, it is essential to
transform it into symbolic representation becausesgnmybolic algorithm can be replicated using

the suitable machine. In this same context Allen Newell and Herbert A. Simon introduced a new
concept of a physical symbol system which can reproduce human intelligent actions by
combining the physical patternsto structures and manipulating them through computation
(functions). Newell and Simon wrote AA physic
mean f or gener all2]. iThstingplies thay then Symbal sytsteno i a sufficient
condition to reproduce intelligence which means all information should be transformed into a
symbolic form (physical structures) that can be manipulated through symbolic logic (symbol
manipulation). An example of a generic system that follow the compo&tmodel of mind is
illustrated inFigure 2.3. The information coming from the sensory structures is treated as raw
data that is transformed to physical symbol stmed which can be manipulated to produce

intelligent behaviors. Although this theory has found a great deal of support from the Al and
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cognitive science research community it cannot guarantee the duplication of the full range of the
mental intelligence ,sait can fall short in translating some structures of information into symbols,
a simple example of that is vision as it is very hard to rely on symbols to duplicate the cognitive

process happening in the visual cortex.

CMM

Symbol manipulator:
Physical sensation, memory,

structures attention, language,
control, etc.

Sensory
symbol
processor

suolssaJldx3
[sassasroud

Sensors Actuator

World N

Figure2.3: Example of computational model of mind

2.2.4 Theconnectionistheory of mind

Connectionism is a paradigm of cognitive science that merged from the need to model the mind
in a less abstract form and fraitme biological codes of the brain. The connectionist theory of
mind suggests that intelligent artifacts can be reproduced computationally using an artificial
neural network (ANN) which is a computational model inspired by the biological presentation of
thebrain as it consists @hinterconnected network of computational units (neurons). This stream
was pioneered in the early 1940s when the neurophysiologist Warren McCulloch and the
computational neuroscientist Walter Pifis3] introduced the first computational model of a
neur on. Mc Cul l och an@rn®®Pndd schha&rcagtnerzedf t heunm
means at each instant each neuron in the network can only have one of the two states, fired or not
fired. This implies that the neural events and the neural connections between them can be treated
using propositionalogic and computational means. They also noted that the activation of each
neuron is governed by the amount of excitation from other neurons following a certain logic or
principle. They established that these principles can be described mathematioahyprokied

that the sum of all the neurons in the network and their connections are capable of performing a
variety of logical calculations (intelligent process). A simple example of the proposed model is

illustrated inFigure2.4 where the neuron model responds to the excitation from the other neurons
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foll owing a mathemati cal |l ogic to perform t he
numerical processor. Hower, when massively interconnected can form a network that can solve

very complex problems that the functionalist paradigm failed to tackle.

X1

y€{0,1}
X2 o g(6)
X, 0= x , s@-[31020

Figure2.4: M-P Neuron presentation (‘And' function)

Although the classical conception of cognition has been-os&pd in philosophy and cognitive
science, the connectionist method succeeded
new paradigm of cognitive science that holds great capabilitiesdge lowlevel neuroscience

and highlevel cognitive goals. 1ilL4][15][16] Dreyfus Hubert criticizes the classical paradigm

of cognitive science and artificial intelligee and especially refutes the necessary condition of
symbolic systems to duplicate human intelligence. He defends his stand by noting that a wide
range of human cognitive behavior is dependent on unconscious instincts and intuitions rather
than step by sp algorithmic approaches. This criticism can easily inherit legitimacy from the

wide range of applications that the classical stream of cognitive science failed to solve, and the
examples are many from speech perception, to visual recognition and sgmassitig.Figure

2.5 illustrated a simple example of the classical problem of classification, although complex if
tackled through the means of the classical computational theories, it can be easily solved by a
relatively simple network of neurons. In this contélxe cognitive scientist Paul Smolengky]
defended the new paradigm of connethdgreatesi sm f c
contribution of connectionism is to open up the possibilities for cognitive modeling beyond
systems designed t o i mpl ement l ogi cal reaso
detachment rather than excitement and recognize that the hogwtian has a wide spectrum

and it is strategically important to refer to connectionismonlyforsvelli t ed t asks: A a
matter, connectionism would likely be better served if it simply explored cognitive tasks to which

itiswell-suitedeveras t hese take us beyond the traditio
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Input image Input Layer Hidden Layer Output Layer

Figure2.5: Example of neural network structure

2.3 Thehybrid architecture of cognitive systems
2.3.1 Motivation

Although Cognitive science holds great premise to duplicate a wide range of human
intelligence, a big scope of the work done in this field is abstract and theoretical in nature.
Therefore, it is essential to develop architectures that can translate the theories of cognitive
science into radels that can duplicate the human intelligence in computational artifacts.

In this work, we studied the most influential theories of mind to understand the process of human
intelligence andise it to design a hybrid architecture that can satisffitiengs andchold a great
potential in duplicating cognitive processes.

Through the different theories of mind, many aspects of human cognition have been theoretically
explainedunder the different observations of the different streams of cogsitieace Taking

the example of visual cognition, the connectionist paradigm suggests that all aspects of the human
cognition can be duplicated and reproduced through neural netwarkgalilate the theory
researchers following this paradigm have successfully proposed many models such as the
convolutional neural network (CNN) to address this problem that has been very problematic for
the computational paradigm for many years. Howeverthe other hand, the computational
stream proves to be more optimal and efficient to model some other aspects of cognition
especially if they are not visual. It is rational to propose a hypothesis suggesting that the structural
architecture of the mind ibybrid, where problems can be solved adifferent basis using
symbolic logic or interconnected neural networks. This hypothesis has three implications, first

the intelligent behavior is not centralized, rather it is solved through different modules, whi
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connected, form an optimal problem solver. Second, Different modules follow different
structures (neural, symbol i c, computational é)
efficient and better solutions for certain problems than others. Therdaforduplicate any
cognitive behavior, we have first to observe how it is constructed and distinguish the different
intelligent artifacts that can lead to it. The best way to do so is to observe how the human brain
comes to exhibit such aspect of cogmiti&or example, catching a ball midair; although it might
sound like a simple task, it involves myttiocesses. Firsthe human brain must detect the ball

and recognize it through the visual cortex, keep track of its trajectory and estimate the best
postion at which the hand can intercept it. The human brain performs this cognitive behavior by
performing the subprocesses harmonically and synchronically. To replicate such smart behavior,
each subprocess must be modeled in the most efficient way, whiethéogan perform in
harmony to attain the desired aspect of cognition. Generally, some processes will have a parallel
connection (Happen simultaneously), whereas some others have a serial connection (happen
consecutively) or even a combination of bothe Thay each sulnodel performs can affect the

entire proposed model, and the failure of one-mgallel might lead to the failure of the entire

system.

2.3.2 The hybrid cognitive architecture

Based on the proposed hypothesis, the human cognitive process can be modeled as a hybrid
system. A generalized architecture is then necessary to take this hypothesis from an abstract level
to the pragmatic level that allows it to be tested. By studyintpthations of cognitive science

from the different streams that were covered in the previous sections, the necessary and sufficient
building blocksof every cognitive system can be extracted

First, Although the cognitive process is mainly internal, highly affected and guided by the
external environment. Per definition, cognitive systdeen at scale from experience and
interaction with the environment and adapt to different scenarios in a way that allows the system
to exhibit intelligent processe$herefore, it is obvious that means of communication with the
external environment ar@n importantomponent of cognitive systanmrhese communication

means are responsible for the stimulus that evokes changes in the system status or deliver
important nformation for the system decisianaking. Thestimulus in cognitive systems

represents the senses in the human body. It can take different forms and evoke the environment
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to gather different types of information that can be translated into intelligemoagth
manipulating operations done by the cognitive system. Some possible forms of the stimulus are
visual, tactile or auditory. Note that the auditory stimulus is not limited to the physical audible
sounds like in the case of human beings but also cdudmelectromagnetic and ultrasound
wavesAl t hough the different streams of cognitiywv
the scene perception through the stimulus signal happens, there is an implicit agreement that for
the stimulus, to evoke the system and contribute in the cogmitiveess, it has first to be
processed and converted from the raw form to a format that can be understood by the system such
as a symbolic format as proposed by the computational theory of mind or as a set of neural
reactions according to the connectiosiseam. Hence, a perception block is a necessary building
block of each cognitive system. The perception block is a signal manipulator and processor which
allows the cognitive system to perceive the stimulus and make conclusions and decisions
accordinglyfor example for radar systems, the perception block is responsible for deciphering
the echoing signahnd processing it to detect potential target, also for visual stimulus, the
perception block can perform real time object detection to distinguish tlezediffelements
forming the scene

It has been established also that all cognitive systems should have a reference to a memory
componenthat can be used to access previous knowledge or to save some progress or hew
information. This condition has been eraplzed by the externalist stream of cognitive science

and stressed even more by the computational theory of mind for example through the physical
symbol system. Take the example of the Turing machine which used a tape as a readable and
writable memory. Theonnectionist model also comes in harmony with the memory condition

as it is highly based on learning patterns and features from previous experience and keeping it in
remembrance to make inference about new instances. For example, for artificial newmddse

a learning process results in updating and saving a set of weights which is then used to make
inference about the new stimulus. Memory can be gbar, which can be referred to for
transient information such aise context of speech or the syst@rprevious stateor longterm

memory which involves longasting knowledgethat guides the system to perception and
cognition such us language knowledge, shapes, objects recognition

Cognitive systems stimulated by the environment ro@mipulate the information received to

adapt in two different behaviors, first, A reactive behavior which is aceotered suclas
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avoiding an obstacle, redirecting some type of a pointer asighradar antenna or a weapon
system, in shoriall behaviorthat require stimulating a controlled motor processor to perform a
certain action. The second behavior is the premeditated behavtwmught centered behavior
which basically doesndét require any péangesi cal
or information update, for example, updating the location of a target or describing traffic
condition based on radar feed

From stimulus perception to the reactive/premeditated behavior the essence of the cognitive
process is performed. We propose drock that performs reasoning, guided by the goals of the
system and the stimulus to make its adaptive changes. The reasoning block must have at least the
three following capabilities; First, information manipulation. Cognition goes beyond just
perceivirg the scene from the stimulus through the perception block. Information collected from
the environmenis manipulated in the way that the system is designed to perform. If we take the
example of radar systems, Cc 0 n vt ¢he peicaptiva blockr a d a r
where the intercepted bouncing signal is processed and the target is detected, however for a
cognitive system, the information manipulator block can use the perceived picture to track the
target and adapt the entire system accorgdinigk better performance. The information
manipulator is not bounded by certain tasks; however, it includes any operations performed on
the data perceived from the stimulus and directed towards a controlled behavior. Second, each
cognitive system should ha the possibility to learfrom previous experience and from the
environment and therefore should have a read and write access to the memory block. And finally,
it is essential for every cognitive system to weigh the effectivenessoamattness of its changes

for example through comparing observation to system estimation and keemkgtrthe
estimation error which allows performing corrections for future instances. In a nutshell, the
following building blocks interacting togethfarm the necessary and sufficient blocks that can

build all cognitive systems:

1 Stimulus:represents the different senses that connect the system to the environment
9 Stimulus processor (perception)
1 Memory: can be long term or short term
1 The cognitive reasong block:
o Information manipulator: uses the received data to attain the cognitive process

through a reasoned approach.
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o Learning block: allows the system to learn from previous experience
o Cost calculator: allows the system to evaluate performance antiveffess to
make corrections for the future.
1 Reactive behavior through motor processor
1 Premeditated behavior by regulating the system state and update the system
hyperparameters.

The cognitive process is performed through the sum of connections between all the necessary
building blocks of a cognitive system. The proposed architecture can use a wide variety of
proposed solutions to speci fi andmaekaicalsneanr a s
for auditory signaprocessingThechoice of the solution type is applicatibased as some
technologies proved to be more efficient than atrecertain applications.
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Figure2.6 summarizes the proposed architecture and articulates the nature of connections between
all the building blocks.
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Figure2.6: The hybrid cognitive architecture

Chapter 3: Cognitive radars
3.1 Motivation and model

The concept of Radars has been elaborated as early as 1888 when the Scottish physicist James
Maxwell discovered that the radio waves can be reflected from metallic objects and refracted by
dielectric mediumHowever, Radars have not received a great deal of interest due to the lack of

its applications until the 1930s to allows the early detection of military machines such as bombers
and navy shipsising radio waves. Although radars played a big role in adf¢hie way battles

have been fought during the second world war, they came with several limitations. The first is
the signal noise and its relation to the range of detection. Signal noise represents the random
variations in the signal generated by the ddfe electronic components as wellwasvanted

signals originated from external sourc&aie to the drastic decline of reflected signals as the

distancancreasesthe noise can cover up the signal and hence prevent the detection of objects.
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To improve thesignal to noise ratio, it is possible to integrate multiple radar signals. An
integration of N pulses results theoretically in a multiplication of the signal to noise ration by N
times. However, the choice of the number Nrigblematic, and the ideal nler of pulses varies
according to the faced scenario especially dependent to the target range. Therefore, the number
of pulses N should be adaptively changed according to the detection scenario. Another concept
that has been proposed and shown to be eguitvip a maximization of the signal to noise ratio

in improving the radar probability of detection is adaptive r4di8{f9] . Adaptive radars use
phased may antennas with an adaptive processor that produces a separate coherent output from
each element of the phased array antenna. This process is done by multiplying the output of each
element by a complex weight to adjust its amplitude and phase whict tamiglther form a
dopplercompensated beam. The choice of the complex weights is controlled by an adaptive loop
and hence the name of adaptive radé@se more limitation of the conventional approach to
Radar systems, is the Rarfglling, which is a missnterpretation of the bounced echforange

folded echo happens when the radar pulse repetition frequency is fixed, and for certain long
distances the signal bouncing of target is intercepted after one or more signals are transmitted
which results in misiterpreting the distance at which the target is intercepted. The solution to the
range folding problem is to extend adaptability to the PRF parameter and change it according to
the scenario. One more limitation is that conventional radars lag the taggseinse that when

the received signal reports past position of the target, even though this limitation was not
problematic in the early applications of radar systems which is limited to detection of objects, it

is problematic when it comes to weapon canamod defense systems which require a high
precision and anticipating the target to control the weapon system in the most efficielbway.
address this problem, the radar must estimate the target position and direct the transmitted beams
towardsthetarge whi ch doesndét only allow the radar s
increase the target revisit time and the target. For radars to improve the performance and
overcome the limitation of conventional radars, it is essential to extend atjafuivine radar
parameters and change it according to the detection scenario to guarantee better results.

This precept is the foundation of cognitive radars where the main idea comes from the necessity
to develop radar systems capable of interacting Ww#lstrrounding environment in the learning
process and adapt its parameters as a reaction to the knowledge acquired. From this perspective,

cognitive radars are mimicking in a way how the biaiarns,and acts based on the senses,
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following a similar cycle: sense, learn, adjust, and act. Cognitive radars (CRs) continuously learn
from the environment and make decisions autonomously to improve the tracking performance by
optimizing the waveform paramesefThis concept was introduced for the first time in literature

in 2006 by S.Haykif20, wher e he wrote and we quote: WAFor
has to be extended to the transmit tcegnitivé 00 0.
model that holds great potential to model different cognitive systems including Cognitive radars.
In this work we use the proposed architecture to propose a model for cognitive radars and
compare it to conventional radars using different metaocassess the alleged superiority of
cognitive systems. A cognitive radar cycle starts with illuminating the environment following a
predesigned schedule. Here phased array antennas play a big role; also known as electronically
scanned arrays (ESA), thegn create a beam that can be electronically steered to point in specific
directions in a fast and precise manner. This gives cognitive radars the capacity to rapidly and
continuously interact with the environment. The received signhal, having informdimurt a
potential targets along with noise and clutter, is then processed and useful target information is
extracted. Up till this step, cognitive radars are performing in a similar way to conventional
radars. The di ff er enc e orinaiontrdmahe trabfndtasd signalechd h e
to track the intercepted targets and optimize waveform for the next illumination. This emphasizes
on the closedoop of the proposed architecture, where the stimulus has the potential to change
the output of the stem. To model the cognitive radar system, we use the system functional
description of each cycle to define the system specifications. Hence the following points must be

addressed by the cognitive system in question:

1 CRs can illuminate thenvironment using electromagnetic waves.
CRs can redirect the transmitted waves as needed
CRs can interpret theeceival waves from which it can extract useful information
from the environment (target detection)
1 CRs can track targets (positiestimation) and keep remembrance of its previous
positions (memory)
1 CRs can change its parameters autonomously to guarantee a better target detection

and tracking
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Using the desired system specification and referring to our proposed architecture, eecoayiati

model is proposed iRigure3.1 Where the system is continuously interacting with the environment
through the auditory stimulus ( electromagnetic waves from the phased array antenna), and the
waveform parameters are optiniizé a reasoned manner in response to the information extracted
from the intercepted signal. The implementation of the different building blocks is detailed in this
chapter. First, the phased array antenna is introduced as the auditory stimulus fonitineecog
radar and the design criteria of the phased array antenna are investigated. Second, the waveform
optimization block is presented as the premeditated, thought centered block which is responsible
for recalculating the optimal waveform parameters basethe reasoning block outcome. third,

the reasoning block implementation is detailed by introducing the multiple model tracking
algorithms which can perform the designed tasks of the reasoning block which are target tracking,
learning and performance dwation. The phased array antenna control process is explained in the
introduction to phased array antenna which explains how to steer the beam toward a desired

direction. Note that in the proposddsign,the system is not required to have accessltmg

termmemory as it doesndét require a prshoterm kno wl e

memory access is required to keep track of the past system state.

3 - Waveform |
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N
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o ong-term 1 =
g S (unconscious o
E Audito = | > Learning o
5 > ry 5 k= h 4
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o @ Short-t.e.rm _ ) P Motor processor
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Figure3.1: Cognitive radar model

3.2 Introduction of Phased Array Antenna
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Phased array radars have merged as an innovative concept in the world of radar tracking for its
capacity to rapidly and precisely steer the beam which allows pointing to the direction of a moving
target with a high péormance. Phased array radars are substantial to our design of cognitive radar
for that a continuous interaction and awareness of the environment mestidbied. Aphased

array radar, also known as electronically scanned array is mainly composed of many radiating
elements equipped with phase shifters. The shape and direction of the radiation pattern is
determined by the phases and amplitudes of the currents applesth radiating element. A
variable phase is applied at each radiating element in a way that the effective radiation pattern of
the array is constructively amplified in a desired direction and destructively attenuated in the
others.

Phase
shifters

Transmitter
Receiver

}
TAAAAAAAAL

Figure3.2: Phase shifted arrays

Consider a linear array of n radiating elements uniformly spaced as preseRigdr@8.3. d 6 6

presents the element spacing parameter of the antenna.

The total radiated field of the array is the sum of the radiated fields of the n elements:
Q B O (o) & O (3.1)
Let (P, (B, é)B &P be the currents exciting each radiating element, where
VB=@ P (3.2)

@ is a complex number (magnitude and phase):
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® =0 .Q (3.3)

whered amd are the respective magnitude and phase of the excitation current applied at the

a radiating element.

~

Figure3.3: Linear phased array of n radiating elements

The radiated field of thé& radiating element is defined as:
Q o8& °W (3.4)

WhereQ is the radiated field of the first radiating element of the array. Replacing (3.4) in (3.1)
the total radiated field is then defined as:

Q B ® B &o& °MP 508 (3.5)
Hence the array factor is defined as:
66— B o& "B HA (3.6)
Replacing (3.4) in (3.6) :
b0— B & & & =B & ™ (3.7)

Wher e y-=¥K dsahe otal phase shift from one element to the next.
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The direction of the maxi mum radiati 6§nthecorres

direction of the main lobe is then:
— HEi— (3.8)

It is therefore possible by variation of the phase shtft modify the direction of the main lobe

(=

Figure3.4 illustrates the influence of the phase ghifin the direction of the main beam.

Directivity (dBi)

9 -

6 =433

Figure3.4: I nfluence of phase shift O on the ori

array of 10 isotropic elements with 0.5 m elements spacing.

Now we consider a planararray antenna system with elements on the-axis direction and

elements in the-yaxis direction as illustrated B¥igure3.5.
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Figure3.5: Linear phased array of n radiating elements.

Let i b be the excitation current applied to the antenna eletnent :

h R h

(3.9)

To obtain a maximum radiation in th#rection (—H ) the excitation phage 5 takes the

form:
1 K ad MOEF+ ATIO & ™M OE+ OETN (3.10)

In a uniform planaarray,all radiating elements are excited with a current of the same amplitude:

O ‘0. The array factor is then written as follows:
6 GH OB 0O B 0Q ! (3.11)

The normalized array factor is obtained as:

. _ _ 3.12
0 "GH - ( )
Where:
¢ Mi Q& Lafé i (3.13)
¢ Mi Q¢ LwQe (3.14)
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Note that the array factér "G-H  of such a configuration is the product of two linear array factors

along the x and y axis:
o "OH O 0H & 'CH (3.15)
The major lobe and the grating lobes are locatezhgles— € 'Q such that:

mMi Q¢ Lod i cd“h G TipB o w (3.16)
Mi Q¢ L M ¢t “he mPB I ®

To steer the beam to the desired directipectfied by (  the progressive phases andf

must satisfy:

I Mi Qweli (3.17)
f mMi Q§ 0t

One concernn the design of a phased array is the appearance of grating lobes. The grating lobes

can be located at the directions specified-by § such that:
ol — (318)
0 We
P | P
:;E . Fol — R —
N, i Qe R | |

A good design avoids the appearance of grating lobes, to do so, the elements spacing must be less

than the wavelength:

Q (3.19)
Q

As illustrated inFigure3.6, an element spacing exceeding the wavelength leads to the appearance
of the undesired grating lobes whereas the satisfaction of (3.19) grants a good beam shape

characterized by the absencdlwd grating lobes.
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Figure3.6: Influence of the choice of element spacing.

3.2.1 Microstrip Patch Antenna design
The number of radiating elements used to form the planar array antennastepéreddimensions
of these radiating elements. Also, the performance of the phased array antenna will depend heavily
on the dimensions of the microstpptch. Amicrostrip patch is composed of a dielectric medium
called the substrate, having a certain dielectric constant value, and laying in between a conducting
patch and ground plane as illustratedrigure3.7.

The antenna opating frequency, the radiation efficiency, the microstrip patch dimensions, the
choice of material (dielectric constant), are all interconnected parameters that can affect the
performance of the radar.

In [21] a performance analysis was performed to search the optimum parameters in the design of
a microstrip patch. Quotin@1], The study proposes the following considerations to attain higher
radiation efficiency:

T "nThe rel ative dielectric constant of the d

order to get higher radiation efficiency a

1 f Tehoperating (resonant) frequency of the microstrip antenna should be less than 10GHz
or higher than 50GHz (10GHz O 4a4ar O 50GHz

efficiency. o
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T AThe height ( h) of the substrate smoul d
efficiency. Again, at the higher operating frequency, for the lower height of the substrate,
surface wave increases that in turn increases the losses and reduces the radiation efficiency.
Thus, when the operating frequency is greater than 30GHz, theadthBon efficiency of
the microstrip antenna increases with the increasing height of the substrate. Therefore, for
the operating frequency | ess than 10GHz,
operating frequency greater than 30GHz, the heightdhod e h O 1.5 mm. 0o

Patch

Microstrip Feed
o hl.ll.ll..llll \IIIII............

Figure3.7: Geometry of Microstrip Patch Antenna

The considerations suggested[B¢] will be adopted to choose the resonant frequency and the
dielectric medium for which the antenna is to be designed. Meiipibstrates are usually used in
the design of microstrip antennma®l¥itbmaakl gc

of the following substrates is considered:

Substrate | Dielectric Constant

AR4 4.8

Teflon(PTFE) | 4.5

Fr-4 2.2

Rogers TMM 4| 9.4

Taconic TLY-5 | 2.08

Alumina (96%)| 5.1

Table3.1: Substrates Dielectric constants table
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The practical dimensions of the patch can be calculated as follows:

, 5 T (3.20)
"Q R
Where:
where:
i 322
R — — P P& ( )
— 8 (3.23)

Yo T8 pE——8

The dimensions of thground plane define the dimension of the microstrip patch antenna.
Knowing the dimensions of the patch antenna, the length and the width of ground plane are
calculated using the following equations:

O @Qb (3.24)

Where

W= width of the patch

L= Length of the patch

w = width of the ground plane
0 = Length of the ground plane
0 = speed of light

R =dielectric substrate constant
"Q= operating frequency

R = Effective refractive index

h=height of substrate

3.2.2 Planararray Antenna design criteria
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To guarantee the best performance of the cognitive radar an optimal design of thanpégnar

antenna should bavestigated. An optimal design will provide a higher gain, absence of grating

lobes andanarrow beanwidth. &

Figure38i nvestigates the effect of chpattegAmMmg t he e
increase in the element spacing prompts an increase in the array gai{8\iBis satisfied.

The resulshown inFigure3.8 validates the hypothesis proposed earligBia9)which suggests

that the el ement spacing mutsavoidrthe appdamanceohf er i or

grating lobes.
Array Pa_unm (Elevanonin 0 deg) :
[—d=0.1x |

—d=N2
d=0.75)

ol /’\‘\ |—d=1.61 |

80 10
Azimutt {deg)

Figure3.8: The effect of elements spacing on the array pattern

Element spacing Array Gain(dBi) Grating Lobes
0.1y 6.5 Absence of grating lobes
0.5¢ 13.27 Absence of grating lobes
0.75¢ 15 Absence of grating lobes
1.5¢ 11.38 Presence of grating lobes

Table3.2: The effect of elements spacing simulation results

These results suggest that @ptimal design of the planar array should satisfy the following

conditions:

- The ratio d/_should be greater than 1: d¢1
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- A higher element spacing corresponds to a higher gain.

Figure 3.9 investigates the effect of changing the number of radiating elements on the array
paten. For the same element spacingT@=u. , an increase in the number of the radiating

elements leads tan increase in the array gain.

Array Pattem (Elevation = 0 deg)
20 v T T T T T T

) . N .

-30

Directivity (dBi)

l l

Number of elements 5
Number of elements 10
Number of elements 20

40 r

-50

0 20 40 60 80 100 120 140 160 180
Azimuth (deg)

Figure3.9: The effect of the number of radiating elements on the array pattern.

The choice of the optimal waveform depends heavily on the good choice of the following
parameters; The EIl ement spacing 6dé, the numb
and the wavelength.whether the design of the planarray imposes a specific operating
frequency/the wavelength or a specific element spacing, the choice of the other should be defined

in the light of the previous results. In other words, if the requirement is to design a planar array

with a specificelemet s pacing 6dod6 the choice of the oper
‘T where x<1.Taking x=0.75, the operating frequency of the radar is"then- T v

,where C is the speed of light.

In the design of the planar array, the choice ohilmaber of elements is important as deduced
form Figure3.9. The number of radiating elements depends on the dimensions of the microstrip

antenna elemeés (radiating elements) and the desired size of the planar array.

32



3.2.3 Planararray design

Consider the design of a planar array with the following specifications:

- Array size: 2m by 2m

- Elements spacing: 5cm

The radar operating frequency can be chosen suchfat.- 1 uv- =4.5Ghz (considering
d=0.75_). Using the equations (3.20), (3.21) , (3.24) the dimensions of the microstrip patches that

will form the planar array are calculated:

- W=19.39mm
- L=14.82 mm
- =20 mm
- 0 cuwa
- Q paa
Note: The substrate considered is FR4 with Dielectric Congtant 8 .
Now that the dimensions of the microstrip antenna elements is known, the number of radiating

elements can be defined in the light of gi@nararray antenna size (2m x 2m) and the element

spacing (5cm).
Let0 and0 such that the plannar array antenna i® aby 0 matrix of radiating elements.

The number of elements w ¢ ® can be found by solving the following equatitwat takes in

consideration the planar array size and the element spacing:

0O b0 Q60 p (3.25
O w0 Q 0 p

Where,

O wO represents the planarray size O O ¢ mmm).
Q HQ = the spacing between two adjacent elemefits ( 'Q =50mm).

W= width of the patch. ¢ =14.8mm)
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L= Length of the patch.{{=19.4mm)

Solving {29}, 0 ¢ ®wO o0 @B

2m x 2m Planar-Array of patchMicrostrip antennas

patchMi

"

Figure3.10: 2mX2m planafarray antenna design.

Parameter Value
Array size 2 meters by 2neters
Operating frequency 4.5 GHz
Wavelength 0.066m
Number of Row elements 29
Number of column elements 33
Row elements spacing 0.05m
Column element spacing 0.05
Microstrip antenna specification Substrate used | FR4
R 4.8
Patch length 19.39 mm
Patch width 14.82 mm

Table3.3: The planar array antenna design parameters.

3.3 Waveform optimization
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Cognitive radars by estimating the target next position can anticipate the target maneuverer and
illuminate the target again with the optimal waveform that can grantee a continuous detection of
the target and the most optimal tracking performance. Thea nadaeform parameters are
determinedn the light of the target tracker estimation of the target position. The main waveform
parameters that will be taken into play are the radar beam schedule, where the scan area will be
reduced and defined precisely toiqt the beam to the exact direction of the target instead of
scanning the entire scan area. The scan grid is to be adaptively changed by estimating the azimuth
and elevation angles of the target. Also, the pulse repetition frequency, the number df puides

the duty cycle will be adaptively changed based on the estimated range of the target. The pulse

width and sampling frequency depend on the range resolution.

3.3.1 Pulse repetition frequency
The pulse repetition frequency (PRF) of the radar is the nunfilb@msmitted pulses per second.
We define the pulse repetition time (PRT) as the time between two consecutive pulses. To avoid
interference between the target echo and the next pulse, the radar must wait long enough until the
first puls& escho returns tdhe receiver. As illustrated iRigure 3.11, the pulse repetition time
must exceed the time it takes the first pulse to travel thewayopath between the radar and target.

Hence the PRF of the radar will be adaptively changed acgoialitne estimated target range:

5 om0 (3.26)
'Y Oc‘Y

WhereY s the estimated target range @ the speed of light.
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Figure3.11:Pulse repetition frequency optimization.

3.3.2 Pulse width
The radar pulse width is defined as the time the radar transmitter is active during each cycle. It is
inversely related to the radar pulse bandwidtlo ——. The radar pulse bandwidth defines the
radar range resolution which is the radaility to distinguish the echo coming from two close

targets according to the following relatiah® ¢ ——, where'Y the range resolution is the

distance between two targets under which the radar can not distinguish the two targets and wi
treat them as one target. The cognitive radar can adaptively choose the PW in case two close targets

are detected such that:

~ .. GO (327)

WhereO is the distance between the two targets.
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Figure3.12Range resolution

In Figure3.12 for the same pulse widtthe radar can distinguish the two different targets when
the distance between them is higher than the range resolution specific to that pulse width.
Whereas withoutdapting the pulse width in the second scenario the radar is unable to

distinguish the two targets and treats them as one target.

3.3.3 Duty cycle
Duty cycle is defined as the fraction of time that the system is in active state, hence we can define
it asthe product of the radar pulse width and the radar pulse repetition frequency. By adaptively
changing the radar PRF and the radar PW as explained earlier, the duty cycle is adaptively changed

as well.

3.3.4 Number of integrated pulses N

To distinguish the echbouncing of a target from a random noise, the signal to noise ratio must
exceed a certain level that can be derived from the radar receiver operating characteristics (ROC)
curve(Figure3.13) .Based on the design specifications , for a specific radar probability of detection

(0 ) and probability of false alarmb() we can find the required Signal to noise ratio at the

receiver’YO 'Y .
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Figure3.13:Radar receiver operating characteristics curve.

However, often radars cannot achieve the required signal to nois&ratig for detection with

a single pulse. To solve this problem several pulses are integrated. For this design a coherent pulse
integration is considered. Ideally the integratdiN pulses multiplies the signal to noise ratio by

N. Figure3.14 illustrates the principle of coherent integration. By adding N coherent pulses (the
amplitude and phase of signal is the same from pulse to pulse), the resulting signal is N times
greater than that of one signal pulse. The noise signal however has a random amplitude and phase
therefore the noise signals can add up constructively or degéiy.
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Ideallythe Coherentintegration of N pulses multipliesthe Signal
to noise ratioby N

Figure3.14:Principle of coherent pulse integration.

The signal to noise ratio (SNR) can be calculated and compared to the required signal to noise

ratio”Y0 'Y using the radar range equation:

G Y 0 "O='t'5 ] (329
™Y
Where:
0 Transmitter power
G Antenna gain
_ Radar wavelength
N Number of integrated pulses
» Target radar cross section in square meter
R Target range

YO 'Y The minimum required signal to noise ratio at the receiver.
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In case the Signal to noise ratio is below the required threSkoldY ,a pulse integration is
required. For a certain range R, knowing the transmitter power anéh& from the ROC
curve we can solve for the number of pulses that shoslohtegrated to achieve a good radar

detection performance as follow:

“OYG Y (3.29)

Hence the cognitive radar can adaptively change the number of integrated pulses in the light of the
estimations of the target rangdoreover, we develop an expression for a quantitative test that
makes a comparison to the minimum SNR required at the receiver and decides the number of

pulses to integrate accordingly:

~

. Lo_¢0, o (3.30)
Y T —— n YO h
T S—S
Where ROC () is a function that takes® £ © as an input and returns the convenient SNR,

AND s—sis the estimated target rang¥. can be summarized in the following algorithmic

steps:

..............................................................................

1 Find SNRmin: ROC (P, Py,)
Calculate SNR for the known Pt and the estimated range (3.28)

2
3 Compare SNR to SNRmin:
If SNR>SNRmin = N=1.

4 N

! 1
! |
: 1
l
: 1
1
! 1
! l
! |
! |
: |
l
! 1
|
w i
I
| N=N+1; < !
! 1
: |
l
! 1
! 1
I |
! 1
! 1
! |
! 1
! l
: |
l
! 1
! 1

Compute the new SNR using (3.28)
Else (SNR<SNRmin) < >

If SNR > SNRmin = Break (N)

3.3.5 Radar scan schedule

One of the aspects of the cognitive radar is its capacity to locate the target and to keep track of it

through its capacity to estimate its next position. By knowing the tagjghaged position
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precisely, the radar doesndédt have to scan the
the scanned angles, instead the cognitive radar can focus the transmitted beam on the estimated
angle of the target. Taking advantagehs phased array to rapidly and precisely steer the beam
towards a specific angle, cognitive radars focus the time and energy on the estimated direction of
the target. The estimated scan angle can be deduced by converting the target cartesian coordinates

to the spherical coordinates system.
(. v I (3.31)

k. (3.32)

Figure3.15:Target estimated angle.

3.3.6 Detection threshold
In radarapplication, processing the received signal often means deciding béivedgypotheses
one suggests that the received signal consists of noise only whereas the secorsitsagtest
received data consists thfe signal bouncing @ from a target plus noise. In 1933 Jerzy Neyman
and Egon Pearsd@2] introduced for the first time a theory that was named after them and sets a
foundation for hypothesis testing. Using the NeysRaarson theory, the required threshold for
detection for a radar can be decided for a given probability of false alarm.
The NeynanPearson lemma theory models the system observation according to one of two

distributions:
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Odo 0x N dﬁ’ov (3.3

Odgo i 0xnaho
wherery (ii0 @ ¢ RafiO  are the probability distribution of X und@® andO hypothesis.
"O is considered as the default model and is called the null hypotl@smiggests that the data
present at the radar receiver consist of noise only. Wh#eigscalled the alternative hypothesis
and suggests that the data at the receiver consists of more than noise, it consists of the noise plus
a signal having valuable formation about the target. The NP goal is to decide a threshold that
maximizes the probability of choosifi@ when the data were in fact generated®yhence the
probability of correctly choosindO is the subject of investigation, which is denotedttses
probability of detectionD 0 OO . Furthermore, if the test choosS& whereas the data
were actually generated k9 is called a false alarm or falgesitive:0 0 "'ONO . Our goal
is to maximize the probability of detection under the constraint of a given probability of false
aarm0 by choosing the opt i madgured3.16.r exs heaod hdi ev eass tih
0 under the constraints . Once more, we work under the assumption that the noise (W) follows
a normal distribution with a zero mean and a varignce

w* 0 ™, h

) off0 x & T,

sy e 1Y

Figure3.16. NeymanPearson Hypothesis decision.
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The likelihood ratio test takes the form:

n oo Nt (3.32)
n o -
Under theprevious assumptions the likelihood test is expressed as following:
P_Ag E) W (3.33)
MC“ b1] c”‘ n r
P Agp P
I/IC“ ” c”
Which we can simplify under the previous assumptions to the form:
on = (3.33)

Thed andd can then be expressed like follows:
- - @ . 3.34
5 Gie rno P Aagp®0n bl (3.34)
VIC“ ” ” I/Iu
Where the Gunction is an invertible function called the tail distribution function of the standard

normal distribution andefined as follows:

~ ~

IfY<x 0 ‘R, the standard normal distributionds —andd i® & 0i® & 0 ®
where
. W 3.35
0 ® \L_A IB— Q® (3:39)
ng” S
Similarly, the probability of detection can be expresseilasvs:
. . () . ‘ 3.35
5 Oie [ Mo P R 05— (3.35)
I/IC“ ” c" I/Iu

Using 3.34 and 3.35 the probability of detection can be expressed in a more general definition:

5 5oy MO 5 o (336)
0 Viw [ MNO DL U —

Where — the signal to noise ratio.

Hence, for a fixed , using the Neymafearsortheorem the optimal thresholfl is decided
such that the probability of detection is maximized. Furthermore, if N signals are integrated,

the probability of detection is:
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o Cg 5. (339)
P _rgpl 00 b ——r0 5 2
MCU “" CU ” M” ”

(@]
CR

0 Oiw [ MO

This implies that the probability of detection increases if N increases which again agrees that
higher probability of detection is attainable for higher signal to noise ratio as illustr&gplire
3.17.
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Figure3.17: Receiver operating characteristic for different SNR

On the light of the previous results, in our waveform optimization algorithm, the detection
threshold will be adaptively changed for each cycle, to maximize the probability of detection under
the constraint of a fixed probability of false alarm and taking in consideration the number of pulses
integrated N which affects the SNR threshold of deiact

3.3.7 Waveform optimization approach

It is clear that the optimal waveform should be adapted to the tracked target location. By estimating
the target next position, the above waveforms parameters are changed accordingly which might
guarantee better targegtdction, tracking, target loss avoidance or even a reduction of system
energy consumption. Therefore the cognitive radar workflow depends on three main phases , an
active scanning phase in which the radar keeps looking for a target to track, secorstgstease

once atarget is locked where the radar system starts a new track and provides accurate estimations
of the target position and the third phase is the waveform optimization where the radar system
optimized the radar waveform parameters for the nexsson cycle. The described approach is

summarized irFigure3.18.
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Figure3.18: Flowchart of cognitive radar cycle.
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3.4 Multiple model tracking algorithms
3.4.1 Introduction

The Multiplemodel tracking algorithms tackle the tracking problem with a realistic assumption
by modeling the target as a moving object with random motions and behaviors. The MM approach
is based on the idea that describing the dynamics of a maneuagey using one model may

not be resourceful. Therefore, the maneuver scenario is depicted as a hybrid system where multiple
motion models are combined. In twerk, the multiple model tracking approach is considered to
implement the reasoning block ofetiproposed cognitive model. It is hard to predict the motion
behavior of flying targets especially in the military practices where airplanes are fast, acrobatic
and hold a great capacity to perform abrupt and sharp maneuvers. Therefore, counting on one
kinematic model to describe the target motion will result in erroneous target state estimates and
could even lead to the target loss. Hence multiple kinematic models are derived to describe the
different potential target maneuvers and motions. Muliptelel tracking algorithms run on
multiple filters that model the different possible maneuvers and then fuses their estimates into one
accurate target state estimdegure3.19 describes the scenario where a flying target goes over
three different kinematic models; it startdf with a constant velocity motion followed by a

coordinated turn to end with a constant acceleration motion.

Target Trajectory
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Figure3.19: Target simulated trajectory.
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Based on the target trajectory description, it is obvious that modeling the target motion using one
ki nematic model wondét be descriptive of al/l
using a multiple model approach holds better potetdgi&rack the target with higher precision
during all the target trajectory portions because it is capable of accounting for the different possible
maneuvers of the target. To validate this intuition, two trackers are considered, the first runs on
one moe@l assuming that the target is governed by a constant velocity movement however the
second accounts for three models of motion, the constant velocity motion, constant acceleration
motion, and a coordinated turn maneuver. The interacting multiple model J28/lis used to
simulate the second tracker. The simulation target tracking error in meters is stogure3.20

which confirms the intuitive assumption. During the constant velocity portion of the trajectory,
both trackers exhibited similar performance, however during the turn maneuver, dinack&f

failed to track the target position with precision as well as during the constant acceleration portion.
On the other handthe multrmodel tracker has shown good tracking precision during all the

maneuver phases of the target.
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Figure3.20: Targettracking error comparison
In multi-modetbased algorithm, multiple kinematic models interact to describe different possible
target motions and maneuvers. The MM tracker runs a Kalman filter for each of the tllede mo

proposed and then an overall target state estimate is calculated as the sum of the outputs of the

individual filters weighted by their model probabiliti€gure3.21 shows the model probabilities
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variation during the target movement.
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Figure3.21: IMM model probabilities

To model the dynamic system, \@aesume that the state evolves as adirder Markov random
process, in other wordthe state at the next time period relies only on the current state of the
system. Hence, we model the target motion by:

r or 0 (3.29)

where is the state at time-k, A is the state transition matrix which relates the state at the
previous time Kl to the states at the current step k, ands the process noise. We also assume
that the state observation can be governed through a measuneoashtthat can be represented
by the following observation equation:

a O 0 (3.30)

whered denotes the measurement, vector made at time ks the state at time k, H is the
observation matrix and is an additive measurement noise.
Thestate vector is defined to fully describe the target at any step k as:

i AR ALOL GG (3.28)

whereny ffy Y} represents respectively the target position along the x, y, and Dalxedp are

the corresponding velocities acidhd o are the corresponding accelerations.
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3.4.2 Target Kinematic models

a. Constant Velocity Model (CV)

The CV modehssumes that the target motion is characterized by a constant speed (the target

velocity derivative is a white noise). The State transition matrix A can be defined as:

rYp m m YT T m T[l,l
Jupe mom Y LA L L
qUump m T YT T OT,
U T p oY o,
Ayg im m T op Y T
ITT 7T 1T T T o p T Y
i m mnmmnmmpe T T
lhhnmnonnnmnmnmop
Ut mmnnnmnn pYU

b. Constant Acceleration Model (CA)

The CV model assumes that the target motion is characterized by a canstdetatior{the

targetacceleratiorderivative is a white noise). The State transition matrix A can be defined as:

. Y >

D nmnYnn— n mut

11 C ¥

11 . Y r

T epmnm YT T — T,

11 ) S rY|:|

. M nmp mm Y T nm —n
Apa 1 . Cn
T mmp mm Y T,

(T 1T 1T T p T Y T

ITT 7T Tt T T p T TUYn

it m m mmm p T TN
lhhmonmnnmn o p

Wt ntmmnnn n pV

c. Horizontal coordinated turn (HCT)

The HTC model assumes that taeget maneuver is mainly in the horizonal plane with minor to
negligible vertical maneuvers. Also, the target motion is regarded as a constant speed and

constant turn rate motion. The model dynamics matrix A is defined as:
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The singer model assumes that the target acceleration is-mearostationary firsbrder
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Unlike the HCT model, the 3DCT model assumes that the targetferming maneuvers in the

3D space rather than in the horizontal plane. The 3DCT model dynamics matrix A is defined as:
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3.4.3 The Autonomous multiple models: AMM
The autonomous multiple modgl9] is characterized by independent filters. It runs a
conditional KF for each model and evaluates its model probability separately without any
information exchange with the other filters. Each filter is running in an autonomous mode hence
the name of the atgithm: autonomous multiple models. Each Kalman filter run with the initial
condition appropriate to each model (i) & flg g ) The final output of the tracking
algorithm is the sum of the outputs of all the individual filters rplitd by their model

probabilities. The model probabilities are calculated as following

t , (3.29
{ B . 1 ,
Where, is the likelihood of model (i) which under Gaussian assumption is given by:
_ 3.30
e & R = o
, ne . <Y of

Wheredg is the measurement predat errorand™Y is its covariance.

In Table3.4 the complete cycle of the AMM algorithm is described and the algorithm diagram is

presented ifrigure3.22.
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Figure3.22: AMM algorithm diagram.
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1- Modelconditioned filtering

0 CAAEIAREO MGARE =5 g

#1 OACBARAEBNQET 1= g = A
Filter gain: L |lgg 2175 leg a1 |k

"% 7+ mm
Update Posterior state covarian#“ E oLy ”'li

State estimate correctim“ b BE

2- Model probability update

Model likelihooddg =~ g 7rgg NN leg 77
Model probability:Hg Hg “g7B Hg g

3- Estimate fusion

Overall estimate: gg Bt HHI

Overallcovariance]lgg B:|lgg ‘ms * sg 'EE ' pg*HE

Table3.4: AMM full cycle.
3.4.4 The Interacting multiple model: IMM

The IMM [23] algorithm is one of the most cesfficient trackers for single maneuvering targets
and can easily be integrated with other algorithms for multgriget tracking solutions. Itins

M conditional filters, however unlike the AMM each filter is individually reinitialized with a
mixed estimate which is the weighted sum of the updated estimates from each model. The
weights are conditioned on the model at the time (k) and are cattbided on the probability
that mode (j) was true at timelkand the probability that mode (i) will be true at time k. The
mixing probabilities is given by:

“o (331

With
‘ 1] ‘ (3 -32)

In Table3.5 the complete cycle of the IMM algorithm is described and the algorithm diagram is
presented ifrigure3.23.
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Figure3.23: IMM sequence outline.
1- Modetcondi ti oned reinitialization (i =1,

Predicted model probabilityil’ B;;::Z;;:H| .

Mixing Weight:Hg =  Z-Hg zz::;n_“

Mixing estimatet g g - B+ 551' . Hg s

Mixing covariancely g ~ B: g g ‘e ‘pa '‘me rpa T

2- Model-conditioned filterin‘q
0 O AAOH TAEO O GG AGipd . =g g

Filter gain: L |lgg 7775 leg a1 L

B 7+
Update Posterior state covarian#“ E Ly ”'Ii

State estimate correctior“ C BE

3- Model probability update
Model likelihooddg = dg srgg N leg 71
Model probabilityHg  Hgg “g7B Hgg “g WhereHgg = Buu Hgs g

4- Estimate fusion ‘ |
Overall estimatet gg B+ ﬂ H.

Overall covariancellgg B:|lgg 'ms " gg 'BE ' pg e

Table3.5: IMM full cycle.
3.4.5 Generalized Pseue®ayesian first and second order: GPB1 and GPB2

The firstorder generalized pseudtayesian algorithm (GPB[RM4], like the AMM runs each
Kalman filter under the initial condition from the overall estimate from the previousstepe

(-g & hllg & ). however, like the IMM, it takes into account the system mode transition

probabilities® to evaluate the posterior probability for each model as follow :
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0 (331)

Where
(331

In Table3.6 the complete cycle of the GPBL1 algorithm is described and the algorithm diagram is

presented ifrigure3.24.
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Figure3.24: GPB1 Sequence diagram.

4- Modelconditioned filterinq

0 OAAEIARE O (AT Abyh =g g

#1 OAOE@KAE%‘QET = |h & = ’A"EIH
Fiter gain: L |lgg 7777 lgg 77 |k

State estimate correctiom : F oo

g 7res
Update Posterior state covarian#“ E Ly ”'li

5 Model probability update
Model likeihood:dg = g yrpg NN leg 77
Model probability:Hg  Hgg Q.?B Heg =|| whereHgg ~ Buu Hgg 5334'5555

6- Estimate fusion -
Overall estimatex: B2 B;} ;-“H'

Overalicovariancelgg B:|lgg ‘mg * “ Fepg t “agH' :

Table3.6: GPBL1 full cycle.
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The seconarder generalized pseudayesian (GPB225] of order M maintains M filtered

and covariances|{gg and mode probabilitiestHgg

state estimates gz
For each of the M estimates M conditional filters are run for each possible model transitions
resulting in a total ob filters. Then the updated estimates that end with the same model are
merged. An example of a GPB2 of order 2 diagram is showigure3.25. and the complete
cycle of the GPB2 algorithm of order M is detailedratble3.7.
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Figure3.25: GPB2 sequence outline.

1- Modelconditioned filtering
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Filter gain: L = |lgg 217 teg = 1
State estimate correctior‘. =+ BE B r J—L' 1+ g8
Update Posterior state covarienﬂ“ E L 1 ||-“

2- Modeltc ondi ti oned reinitialization (i=1,2 ¢
Predicted model probabilitygg B:Og Z-Hg

Mixing Weight: Hg g* Og Z-Hg THas
Mixing estimater gg  B:r nl—i e

Fo

Mixing covariancellgg  B:|'mg 'rmg +* mg 'BE " pgp=E &°

3- Model probability update )

Model likelihooddg =~ 4 7 Fgg A lgg 7 LI

Model probabilityHg Hgg <g7B Hgg <g WhereHgg Bsu Hgg g

4- Estimate fusion
Overall estimatet EE Bt “"i

Overall covariancellgg B:|lgsg ‘mg *+ Bg "EE " pg R

Table3.7: GPB2 full cycle
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3.4.6 Reweighted IMM (RIMM)

The reweighted IMM (RIMM|26] is a recursive implementation of a maximum a posteriori
(MAP) state sequence estimator. It is based on a variant of expectation maximization (EM)
algorithm known as alternating expectation conditional maximization (AEZMN)The RIMM
algorithm is similar to the IMM algorithm and follows the same fstep cycle structure however

it has a different mixing formula and a different estimate fusion formula, also the input mixing is
performed aftemodetconditioned prediction for all possible transitions (j,i) which requires
predictions. A full cycle of the RIMM algorithm is describedTiable3.8. the algorithm diagram

is presented ifrigure3.26.
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Figure3.26. RIMM algorithm diagram.
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2- Model-conditioned filtering

0 OAAEIARE D MG Abyh =+g5 g

#1 OA OE@?\AEMET = |i ¢ = A
Filter gain: L |lgg 277 leg a1 L

State estimateorrectiont gg ok BE

‘5 TtEm
Update Posterior state covarian#ﬁ E Eﬂ ”'Ii

3- Model probability update
Model likelihooddg = g 7rgg NN leg 77 -

Model probabilityHg Hgg “g7B Hgg Jg whereHgg B Hgg :=|‘»J
4- Estimate fusion |
Overall covarianceS“ B, ”'Ii Hg

Overall estimatet gg  UsgB- |zg '+ s |-|I

Table3.8: RIMM full cycle.

3.4.7 IMM based cognitive algorithm (GRVMM)

Using the IMM algorithm the target position is estimated precisely over time. To deliver the most
optimal waveform for the next radar cyctbe IMM estimations are used to optimize the next
waveform. The memory block is the shtgtm memory that keeps an instance of the previous
state which is used by the IMM algorithm to make target position estimation. After every cycle
the algorithm compass the measured position to the IMM estimations to assess the target position
estimation precision. The goal is the minimize the mean squared errar MSE

48

A full cycle of the IMM based cognitive radar (dRIM) is described inTable3.5.
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Table3.9: CR-IMM full cycle.
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3.4.8 Results
a. CR-IMM: The effect of Waveform optimization

In this section, we design a hybrid trajectory to test the proposed algorithm. The target trajectory
starts off with a uniform linear motion with constant speed in the first segment, followed by an
increase in sped and 45 degrees turn, back to a uniform motion with constant speed and
acceleration. Then the target will perform 35 degrees turn followed by a linear uniform motion.
Finally, the target performs a steep turn tosamith a constant speed linear motidie cognitive

radar algorithm (CRMM) is compared to the conventional Phased Array Radar using the IMM

algorithm as well (PARMM). The simulation initial parameters are specified able3.10.

Parameter Value

Max Tx Power 1000 W

Number of integrated pulses 1

Target initial coordinates [105000; 46000; 20]
Target initial range 100700 meters

Table3.10:Simulation initial parameters.

The simulation initial parameters and the track scenario were designed to test the proposed
algorithmbébs capacity to adaptively change the
tracking performancé he simulation aims to highlight the differenion performance between the
proposed cognitive radar and conventional radars especially in terms of addressing the radars
limitations mentioned in thenotivation section of thishapter As the target range increases, the
maximum attainable range correspling to the current number of integrated pulses N is reached.

Fig. 3 indicates the maximum range for target detection corresponding to the simulation
parameters proposed Trable3.10. For a transmit power of 1000 watts, the maximum attainable

range is around 121100 meters for N=1. An increase in the number of pulses N increases the
maximum range allowing the radar to reach the minimum signal to nas€¢SAR) required for

detection. The target tracking performance is illustratdegare3.27.
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Figure3.27. Radar maximum attainable range for different number if integrated pulses.
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Figure3.28: Tracking the target cartesian position.

The IMM-based tracker exhibits lower tracking error when the proposed waveform parameters
were adaptively changed during the constant velocity linear motion segments, as welllasemane
segments. A major observation is the avoidance of target track loss as a result of waveform

optimization. The target tracking loss occurs when the target reaches the maximum attainable

range without having the capacity to adaptively change the nushibeegrated pulses N. In the

60



proposed algorithm, we keepatk of the SNR level and adaptively change the number of
integrated pulses N to guarantee reaching the minimum SNR required for detection. As a result,
during the simulationthe CR successfulljncreases the number of pulses N when the target
reaches the maximum range, whereas the target was lost without ddinguse3.33 shows the
update of the number of integrated pulses N during the simul&igure3.28-32illustrate clearly

the positive effect of waveform optimization on the radar tracking performance; other than the
avoidance of the target loss, the IMdAsed cognitive radar algorithm exhibits smaller tracking
error along thesaxis and the yaxis. Quatfitatively, Table3.11 shows an improved tracking error
along both axis where the average tracking error along the x axis is around 78 meter€fr the
IMM compared to 209 m along theaxis for the IMM algorithm. Similarly, CRMM exhibits

better results along theaxis with an improved average tracking error from 1255 m for the IMM

to 147 meters.

x10° Tracking targetalong X axis
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Figure3.29:Tracking target position along X axis.
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Tracking Error along the X axis
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Figure3.30:Target tracking error along X axis
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Figure3.31: Target trackinglong Y axis.
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Tracking Error along the Y axis
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Figure3.32 Target tracking error along Y axis.
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Figure3.33: CR Optimizing the number of integrated pulses.

The tracking performance of the proposed algorithm is summariZeabie3.11.

IMM CRIMM

Average tracking error (m) (X position)) 209 m 78 m

Average tracking error (m) (Y position)) 1255m 147 m

Track loss (range) 121100 m NA

Table3.11: Target tracking performance comparison.
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Figure3.33 shows not only the capacity of the radar to increase the number of integrated pulses N
as required, but also the capacity to decrease N wheerarget range decreases within the
maximum range (121100m) to avoid loss of unnecessary power while the minimum SNR required
is still met.

Typically, radar antennas are constrained with a beamwidéhfew degrees. Although this is
suitable for early warning roles, it doesnoét
in the orders of a tenth of a degree. To attain such a beamwidth, it is essential to use large array
antennas whictsiusually impractical. Alternatively, by refining the radar scan step size, the radar
can have better estimates of the target direction from which the returned echo with the maximum
signal strength was intercepted. The radar can hereby estimate theskewggon and azimuth

angle of the flying target with a tracking error as low as the scan step size, which can be in the
order of a tenth of a degrdeéigure3.34 shows the performance comparison in the target azimuth
angle estimation between the IMM algorithm and the Hdd&ed cognitive radar algorithm. The
improvement of target angle estimation improves drastically the target position estimation which

is demonstrated ifigure3.28.
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Figure3.34: Target angle estimation.
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Figure3.35: CR adaptively changing the pulse repetition frequency.

The simulation results also illustrate the capacity of the radar to adapt the pulse repetition
frequency (PRF) to the target range continuoUsiyure3.35 shows that the PFR is decreased in
response to an increase in target rangeagritie contrary the PRF is increased when the target
range decreases. This guarantees that every transmittedggkstting enough time to travel all

the way to the target and bounce back to the receiver before the next pulse is transmitted.

The waveform optimization algorithm successfully adapts the PRF to the target range to keep it
always within the maximum undriguous range. Targets residing at ranges beyond the maximum
unambiguous range appear to the radar at ranges closer than they truly are due to range folding
phenomenakFigure3.36 shows a false echo intercepted when the target exceeded the maximum
unambiguous range when the simulation was run without waveform optimization. Hence,
waveform optimization can improve therdat tracking and detection by avoiding false range

measurements due to range folding.
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Figure3.36: Target responsaterferencevithout waveform optimization.

In summary, we have shown thaitimizing the radar parameters improves the performance of
CRs, for instancedeciding the right number of pulses N guarantees the minimum required SNR

for detection, which helps the radar avoid track loss that might occur when the target exceeds the
maximum attainable detection range for a fixed N and specified transmit power. Also, adaptively
changing the PRF with a varying target range helps the radar avoid false echoes due to range
folding. Furthermore, redefining the radar scan schedule reducesaltaskie target revisit time

and unnecessary energy loss, also refining the radar scan step size increases the precision of angle

measurements.

b. CR-IMM comparison to MM tracking algorithms
It is shown that the CIRRMIM outperforms the IMM algorithm with the application in radar target
tracking by optimizing the radar waveform. Furthermore, we test thMBRalgorithm against
three of the most known multiple models trackabgorithms:AMM, RIMM and GPB2 using the

same flight trajectory described previously and the initial parameters describaiolé3.12.

Parameter Value

Max TxPower 1000 W
Number of integrated pulses 1

Target initial coordinates [2800Q 1000Q 20]
Target initial range 29700meters

Table3.12:Simulation initial parameters.
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Figure3.37:Target tracking error alongaxis.
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Figure3.38: Target tracking error alongaxis.

The simulation results revealed a good performance of thMBRalgorithm in comparison to

the other MM algorithms in concern. Generally, The IMM outperformed the three other algorithms

by reporting a smaller tracking error. Although GPB2 and RIMM upti@t&@M algorithm which
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makes them superior algorithms to the IMM algorithm, howetherIMM-based cognitive radar
algorithm resulted in a better performance with less computational complexity. To compare the
algorithm® complexity, the time required tanfsh a full cycle of the radar tracking scenario is
kept track of for the different algorithms. It is true that GPB2 and RIMM exhibit similar good
performance, howevgthey come with a heavy computational cost as shoviAigare 3.39. The

AMM algorithm is the least computationally demanding however it is the least accurate as
observed inFigure 3.37 and Figure 3.38.CR-IMM s slightly more complex than the IMM
algorithm and requires moo®mputational time, which is expected becausel@R® runs on the

IMM algorithm plus optimizing the waveform for the next illumination. -@fM results in a

better performance than the leading RIMM and GPB2 with less computation time.

Algorithms Complexity comparison

0.06 T T
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0.01 .

20 40 60 80 100 120 140 160 180 200
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Figure3.39: Algorithms computational complexity.

3.4.9 Why cognitive radars
Cognitive radars are intelligent systems that interact with the surrounding environment constantly
and make the necessary changes tadtar parameters in an autonomous way to guarantee the
best performance. In this conte®tR6 s ar e c waontsoiled &nd seldjustesl kystems,

where all acts are preceded by a full awareness of the surrounding environment.
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CR6s pr ov lsdpeemacy dvex the targef as it is governed by a tracking algorithm that
estimates the target position and acts based on those estimations. Instead of the system lagging the
target as in Conventional radar sncorCRtbate thar e de
power and time towards the estimated directi ol
conventional radars in terms of reducing the
updates about the target faster and moreufrety than conventional radarBigure 3.41 shows

that cognitive radars have a considerably smaller target revisit time which makes sense because it
can follow the target and direct every waveform to successfully intercept the target.

CR6s also provide an example of adequate usag
schedule and redirects the transmit energy accurately towards the target, avoiding the unnecessary
use of energy in other directionBigure 340i | | ustrates a comparison
Conventional radars in terms of the percentage of energy used to successfully intercept a target.
Conventional radarfollow a predefined scan schedule, which leads to the loss of most of the
energy used in the illumination of the environment in directions not containing a relevant enemy
target. Meanwhile, CROG6s concentr atrakilmgHicht he e
resulsin a successful interception for every transmitted puiggire 3.40 shows that Cognitive

radars and conventional phased array antennas #tant @ similar way by scanning the entire

scan grid which results in similar energy efficiency, howgaféer the first run, the cognitive radar

redefines the scan schedule to shoot directly towards the target whereas the phased array radar
continues folleving the predefined scan scheduiggure 3.40 presents two runs of simulation,

with a varying predefined scan step. In the first tha scan step is set as 0.5 degrees whereas the
second run the scan step is 1 degree. A smaller sqamesidts in a longer time to localize the

target and redefine the scan schedule for the cognitive relidavever,in both cases, after

redefining the scan schedule by targeting the flying object, the cognitive radar successfully
redirects all the energwif successful illumination of the target, unlike conventional radar system

which directs the energy following a predefined schedule that maps the entire scan area.
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5 Target revisit time comparison
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Figure3.41: Target revisit time comparison between CR's and conventional phases array
antennas.

3.5 Sensor data fusion with cognitive radars
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Data fusion is a growingechnology within the research community, it involves the process of
integrating more than one data source, in order to produce a solution more reliable and robust. The
data provided by any kind of sensor is always susceptible to distortion due to viaatseof

noise and can be marked with some levels of impreciseness and uncertainty, hence, combing data
provided by multiple sensors can increase robustness and reliability and ddueessertainty

of the whole systenData fusion is a verproad term that encompasses many algorithms and

techniques form which we can state the following:

1 Probabilistic data fusion: which relies on the probability density function of the
observation. The essence of this method is the application of the Bayeat@sto
combine fragments of information coming from multiple sources. This technique is often
referred to as ABayesian fusion i

1 Central limit theorem (CLT) : In probability, the CLT suggests that any large number of
observations can be averaged by ema distribution. Foexamplejf we toss a dice and
log whichone of the 6 faces it landeth andrepeat the process for a big number of times
the result will indicate that the probabilities of landing the dice on each face are equal.

1 The Kalmanfilter: The use of the Kalman filter (or any of the variations of the Kalman

filter) is also so common in dafasion,for its simplicity and ease @hplementation.

In this work we are using the Extended Kalman filter to apply data fusion on thetnaaking

problem cognitive radar.

3.5.1 Problem description and system model

In radar tracking, counting on one source of data might lead to unwanted system behaviors like
target track loss, or false target classification and identification., Adslar data can always be
affected by some degrees of uncertainty and impreciseness due to noisy environment and physical
limitations of the radar systems. Therefore, data fusion can be used in radar applications like target
trucking, which might increaseacking performance and decrease levels of uncertainty. Hence,
the application of data fusion on radar systems can lead to more robust, reliable and certain
systems.

In this approach we will consider two phased array antennas, feeding the same raalanrgéentr

that we called the radar Cognitive unit (RCU). The RCU will be resporfsibtellecting the data
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from both antennas and target tracking. In this wtir& GR-IMM algorithm will be considered
for target tracking and waveform optimization and tlkéeeBded Kalman filter will be considered
for data fusionFigure3.42 shows the model of the proposed system:

y 4

(x2,¥2,7,) (x1,¥1,71)

RCU [«

(0,0,0)

Figure3.42: System model.

The positions of the two antennas must be known because the received echo has target information
relative tothe position of the transmitter and the receiver, therefore the received coordinates must
be transérmed to one coordinate system. et 0 ) R  be the target position in respect

to antennanumberlaad O R M) . The radar cognitive unit will convert the two target

data piecest andd to one coordinate system:

~ o

a 0 ol o a (332

a 0 o o a (3.33)

3.5.2 The extended Kalman filter application for radansor data fusion
The extended Kalman filter is one extension of the classic Kalman filter that can be applied to
nonlinear systems. It is a very wektablished data fusion approach that has been extensively
studied and tested both theoretically andeialife applications.
we can assume that the system can be modeled by the state transition equation:

®w oW 06 U (3.39)
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Wherew s the state at time k+1, A is the state transition matrix which relates the state at the
previous time Kl to the states at the current step k. We also assume that the state observation can
be governed through a measurement model that can be reprdsetitedollowing observation
equation:

a T 0
Wherew denotes the measurement, vector made at timeik,the state at time k, H is the
observation matrix and is an additive measurement noise. The measurement veotoll be
compaed of the data coming from both anten@as .
The movement of the target is simplified in this work and can be described by the following

equations:

Cca C1 Ca
Ca Ca C2

Hence , the state transition matis defined as following:

p T T Q T T
a3 ) 11
qupe m o Q T,
_ am T op 1o
1O 1 O £ G T 1 O 1 ¢
i mmmnp m
Ut mnn nn t pV

The control vectod and the control matrix B are ignored.

> Measurement Update (correction)

1- Compute the Kalman gain

Time Update (prediction) X M1 HT

1- State prediction: ~ HMy_H™ + Q,
Xy = f(%xp-1) 2- Update the estimate via measurement
2- Covariance prediction X = Xik—1 Kz — HXpp—1)

Myji-1 = AMj_q i1 A"+BQBT

3- Update the error covariance
Py = My_1(1 — HK)

' 3

Figure3.43. The extended Kalman filter outline.
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3.5.3 Simulation andesults
In this section the effect of fusing the data coming from radar one and radar two is investigated
in terms of the target tracking performance. The proposed IMM based cognitive radar algorithm
(CR-IMM) is used for target tracking. The simulationtiai parametesare indicated in the table

above.
Parameter Value
Max Tx Power 1000 W
Number of integrated pulses 1
Target initial coordinates [105000; 46000; 20]
Target initial range 100700 meters
Table3.13:Simulation initial parameters.
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Figure3.44: Target tracking usin@R-IMM algorithm and data fusion.
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Figure3.45: Target tracking performance during uniform motion segment
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Figure3.46. Target tracking performance during maneuver
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Figure3.48: Target tracking error along-aixis
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Intuitively, radar data fusion can provide a more robust solution with enhanaeking

performance since the data can be assessed more than one time from more than one radar. The

simulation results align with the intuition and prove that the target tracking performance can be
improved through radar data fusion. It is observed thatffused radar system exhibits a lower
target tracking error alongaxis and yaxis in comparison to both radar 1 and radar 2 separately.
The simulation results are summarized able3.14 where the average tracking error in meters is

recorded to illustrate the tracking performance improvement through data fusion.

Radar 1 | Radar 2 | Radarl+2
Average tracking error (m) @osition) 102m 85m 42m
Average tracking error (m) (Y position)) 130m 126m 51m

Table3.14: Target tracking performance comparison.

3.6 Conclusion

In this chapter, we have applied the cognitarehitecture proposed in chapter 1 to design a
cognitive radar system. The proposed CR system comprised of all the necessary building blocks
in the proposed architecture, which working together, have shown an improved performance in

comparison to the conmet i on al radar

sy st e meontroll€dRaics selfa r e

c

adjusted systems, where all acts are preceded by a full awareness of the surrounding environment

and cognizance of the past states which allows good estimations of the future stategstéithe

The implementation of the different building blocks of the cognitive radars was mainly
mathematical and symbolic which means that the cognitive radar attained perception and cognition
through symbols manipulation and extensive calculations. Adtindtuis possible to consider the

connectionist model of mind in application to the cognitive radar, the mathematical and symbolic

models are more suited for radar detection, traglind waveform optimization.
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Chapter 4 : Cognitive Vehicles

4.1 Motivation and model

Cognitive science aims to understand the nature of intelligence and imitate it in computational
and visual artifacts. In the context of cognitive vehicles, the aim is to approximate the human
brain cognitive process for the purposeaiprehension and prediction concerning the complete
driving task from vehicle control, and safety assessment to full environment awareness especially
location awareness. Cognitive vehicles differ freatf-driving vehicles n a way t hat th
just rely on the sensdyseadings and follow rigorously the patterns and functions already pre
programmed externally. Instead, Cognitive vehicles utilize the different sensors as a source of
information, which needs to be procedsand turned into intelligence and perception. This
process is internal. Cognitive vehicles learn at a scale, make assumption, predict outcomes, and
learn from experience rather than being explicitly programmed. In this, warlattempt to
present a modehatduplicates the cognitive process through which a human driver can safely
and efficiently drive a vehicle. The human brain performs this cognitive behavior by performing
multiple subtasks harmonically and synchronically. To replicate such smart dxeheach
subprocess must be modeled in the most efficient way, which together can perform in harmony
to attain the desired aspect of cognition.

In this chapter we consider the hybrid cognitive architecture proposed in chapter one to design a
model for cogitive vehicles that attain a similar cognitive behavior to that exhibited by the
human brain in the driving process. Before modeling the cognitive vehicle (CV), it is essential to
acknowledge the important capabilities that would add the cognitive as@eethicle. First, for
cognitive vehicles, it is crucial to have a full consciousness of the vehicle location to have a better
insight of the environment and enhance the driver perception. The tasklotaéifation must

be internal to the cognitive lieele, which measithat all cognitive vehicles should be able toself
localize autonomously by interacting with the environment without counting on external systems
such as Global Navigation Satelligystems (GNSS). the proposed GNfs& method is
important on multiple scales; firsthe self-localization process is completely independent of
external variables such as GNSS accuracy and GNSS signal loss, therefore the vehicle can always
have a full awareness of its location even in dense cities whereNB& Gignal such as GPS

78



signal is always of questionable outcome because of obstruction by tall buildings and signals
bouncing of big structures which gives false localization.

Second, knowing the vehicle location is important to give the most accurate saltie driver,

such as respecting speed limits. Lastly, in the domain of public transportation, the information
about the location of the public vehicle is important to the user and providing a reliable solution
that can work even in dense cities wh@éieS can fall short is a plus.

Third, CVs should be able to learn the best driving behavior for example by estimating the right
steering angle that corresponds to a certain driving scene. This capability allows the CV to assist
the driver and make sure Isefollowing the same good driving habits but also it can allow the

CV to seltdrive in conjunction with other control systems that can transform the vehicle
estimations and decisions into actions such as braking, accelerating and steering the wheel.
Finaly, one of the most important aspects of CVs is the capacity to preview risks of collision and
take the necessary actions to avoid it such as delivering warnings to the driver or steering the
vehicle away from the danger. The proposed Cognitive vehicleslhamtiresses the desired
capabilities illustrated in the functional description of cognitive vehicles. In this work, the
interaction with the environment msured through the visual stimulus using cameras. The
connectionist model is primarily considerecbr scene perception from
must have both ways access to memory ( R/W) in both forms, long term memory and short term
memory which is essential for the CV to perform all cognitive processes described to deliver
premediated thoughtshd decisions that guarantee the complete driving capalftigyre 4.1

shows the proposed model that follows the same architecture used to model the cognitive radars

and comprises all the necessary elements that describe a cognitive vehicle.

Premeditated
behavior( thought
centered)

Stimulus framing

Reactive state

Location |
visual awareness regulator

Long-term
(unconscious)

Safety

Auditory assessment

Environment

Short-term
(explicit)

Motor processor

perception

Driving adviser

Tactile

Reactive behavior
( action centered)

Figure4.1: The proposed cognitive vehicle system model.
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4.2 Vehicle selflocalization

4.2.1 Motivationand proposed solution

For cognitive vehiclest is crucial to have a full consciousness of the vehicle location to have a
better insight of the environment and enhance the driver perception. The vehicle location is an
essential part of the information component that every cognitive vehicle relieshbuwild its
knowledge and refine its decision making. Although the global positioning system (GPS) is
commonly a practical solution for vehicle localization, it may suffer quality deterioration,
accuracy decay and even track loss in dense urban areadeditadation of the GPS quality is
often caused by signal reflection off buildings and satellite signal blockage due to tall structures
and covered aresaThese environments usually manifest in big cities with dense traffic and active
roads which means ding the information component of the vehicle location, even for a short
time, might result in erroneous decisions and jeopardize the safe driving of the vehicle.
Consequently, cognitive vehicles should not count only on the GPS signal for vehicle
localization. Therefore, a robust system requires investigating a GPS free solution for vehicle
localization to rectify the vehicle location in case of GPS failure. In this,warresent a system

that can work independently of the GPS signal for vehicle latastimation. This approach is
stimulated by the way the human brain can ascertain its position in a known environment by
recognizing some reference objects previously seen in that location. This requires first building
a knowledge of the vehicle environmg by recognizing some objects of interest in their
respective locations and building a database of anchors associated with the operational
environment of the vehicle. In this work, we consider three objects of interest, traffic lights, stop
signs and fie hydrants which we call anchofBhe choice of static objects as our anchors is
important to guarantee no drastic changdake system base knowledge of the environment. The
problem of the vehicle localization resumes to analyzing the structure ofioletafcthe anchors

and recognizing the detection pattern which is unique for the different routes. The entire proposed
system can then be divided into three major parts as illustratéidune 4.2. First the anchor
mapping system, which builds the system prior knowledge of the vehicle environment. Second,
the localization system, which recognizes the detection pattern and estimates the vehicle location
accordingly. And most importantly the Reathe object detection system, which is the backbone

of the proposed solution because it is the processing unit of the video input. It is the subsystem
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that ensures the recognition of the objects of interest im thet map creation process and the
vehicle localization process. Reahe object detection has risen as an integral part of computer
vision andhasbeen researched intensivelyretent years. This big focus has been the result of
the growinginterest in automated vehicle systems and the need for more sophisticated
surveillance systems in different fields of applications. Several Object detection algorithms were
proposed in literature such as RCJ4BI, fastRCNN[29], YOLO [30][31][32], SSO33].

Video Input

>,
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Anchors Real-
time Detection

-
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Mapping

Map update

Localization

N

Bus position

Figure4.2: Vehicle localization model.

4.2.2 Realtime objects detection

The realtime object detection problem has been rarely associated with the human cognitive
processes, perhaps due to the superficial understanding of human vision to which all cognitive
processes done by the retina and the visual cortex are associateel t@sloof perception.
Consequently, vision has always been regarded as only one of the many senses the human body
has, however, that is only a small portion of the bigger picture. vision is a total cognitive process
that starts from one of the sensoryustures of the human body (the retina) and ends by
complete perception of the captured scene with total awareness of all the elements forming it.
The recognition of the objects in the scene happens in the visual cortex which recegestes

and processes the signal coming from the retina. The cognitive process happens through complex

and big networks of neurons. When a visual stimulus appears in the receptivapdeiiic
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neurons are fired to trigger the network with a specifjpdthesis about the objects in the visual
stimuli, for examplesome neurons may fire to only round shapes, other fire only to red colors
and other only to vertical stimulus, this property is known as neuronal ti8sihd~urthermore,

the signal to the visual cortex can travel through two different pathways each composed of a
different category of neurons that differ in seed function. The first pathway projects form

large neurons called magnocellular, orcklls, whereas the second one is composed of smaller
neurons called parvocellular cells oc®lI35](page 275 Each pathway specializesspecific

features of the objects in the receptive field. For example, thezllgl specialize to detect
movement, location, speed and direction whereasllB specialize in spatial resolution like
shape, sizeand color[35](page 278). However, this cognitive process is a learning progress
through experience and interaction with the outer world. That isttvyh u man br ai n cC
recognize objects that it has never been introduced to. For example, a grownup, whea seeing
fire, associates it with the danger that can come out of touching it, because he has been taught
that fire can burn or went through a painfyuberience before, however, a baby has no perception

of what fire is when first introduced touhless he attempts to touch it and that is how the learning

process can be triggered.

From the description of the biological process of visual cognition, tbgous that the
connectionist paradigm holds the best potentials to duplicate such a cognitive process due to its
similar structure that is also built around specialized neural networks that hold a great learning
capacity. Since the emergence of the emtionist stream, Rediime object detection has risen

as an integral part of computer vision and have been intensively investigttetiterature, and

many frameworks were proposed over the recent years. however, they fall within two main
categoriesFirst, the region proposhalased frameworks, where the detection process is carried
over two separate steps, first, generating the régipnoposals and then classifying each
proposal. These methods are computationally expensive therefore have a higcentene.

Some of the most famous region propdsated methods are@&\NN[28], Fast RCNN[29] ,

faster RCNN[36] and Mask RCNN[37]. The second category covers the regressased
frameworks. These ones are estep fameworks, that tackle the detection problem in one unified
process, where the object bounding boxes and class probabilities are mapped directly from the

image pixels matrix. Three significant frameworks shine in this category as the leading object
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detecton methods in terms of accuracy and speed, The Single Shot multiBox detect¢g88SD)
You Only Look Once (YOL(B1] and RetinaN¢88].

In the norms of videography, cameras conventionally capture gawiages withan exposure

of 1/25 second or a frame rate of 25 fps, the choice of one of the above algorithms must consider
thetradeoff between speed and accuracy. For the purpose of this work, the adequate algorithm
must process each frame with an infea@time of 40ms or less. Figure4.3 we notice that the

above architectures report similar performance in terms of accuracy, with a slight supremacy of
ReinaNet, howeveiin terms of their speed, we observe big variance. Althaubhs the best
accuracy performance, RetinaNet is not suitable for our application because it requires almost
double the time of exposure of each video fra@mthe other hand, at 320x320 Yolov3 runs as
accurate as SSD but three times faster. YOLOvVSiges the speedccuracy tradeoff comparison

as it can run almost as accurate as the other two algorithms and even faster than the video

exposure time of 40ms. At 320x320, YOLOvV3 reports 22ms inference time.
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Figure4.3: Performance comparison between the leading object detection frameworks.

YOLO stands for AYou onl y -dbjecodetectom elgoothm tHat i s
was presented for the first time in May 2(38. At that time, YOLO presented a new approach

to object detection, because unlike its competitors DPM a@N, YOLO predicts bounding

boxes and class probabilities directly from full images in one evolution using a single neural

network. YOLO reframes #thobject detection problem as a single regression problem, by looking
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at the image once, to predict bounding boxes and class probabilitie¥Oli®@ algorithm is

very simple; it starts with resizing the input image to a standard size (448X448) and than run
single convolutional network and finally thr
confidence. Using this approach, YOLO stands out in comparison to the other trending detection
algorithms in the sense that unlike sliding window and regiopgsa techniques, it sees the
image as a whole and reasons on a bigger scale. YOLO looks at the image once to complete the
full detection pipeline, the image is divided into m by m grids, each grid is responsible for
predicting several bounding boxes arldoaconfidence values for each bounding box (the
probability that the bounding box contains ar
still produce a number of predicted bounding boxes, however, their confidence values are very
low. The boundig boxes with low confidence will be disregarded later thrabgthresholding

process. Simultaneously, each grid cell will have to predict some class probabilities, to end up
with a segmentation map of the image.

These predictions are conditional in matuwhich means that having predicted a class A by one

of the grids only means that if an object exists in that grid, it is of class A. At test time, the
conditional class probabilities and the box confidence predictions are multiplied which results in
classspecific confidence scores for each box which ensdbe probability of that class
appearing in the box and how confident it is that the object class was well predicted. This process
is called unified detectior¥olo network architecture is inspired lgoogLeNet architectujg9]

for object classification, it is made of 24 convolutional layers followed by 2 fully connected
layers however, YOLO uses 1X1 reduction layers followed by 3X3 convolutional layers instead

of the inception modules used in GooglLeNet. Furthermore, to reach fast classification
performance a smaller network with only 9 convolutional layers can be used butcsgha@n

the precision.
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A: Input image

B: The image is divided into m by m grids
C: each grid predicting several bounding bo
D1: segmentation map of the input image
D2: Generate confidence values for all the
predicted bounding boxes of the input image
E: Generate classpecific confidence score
F: Thresholding: only bounding boxes with t
confidence score are remaining

Figure4.4: YOLO model Workflow [31])

In December 2016, YOLOVY22] was published. It uses a custom deep architecture dakRnet
which is a 19ayer network, in addition to 11 more layers for object detection. Although
YOLOv2 came with some performance improvements compared to YOLO, it still did not
incorporate some of €hmost important features of the statehe-art algorithms such as residual
blocks, skip connection and«gampling which was all validated by the newest version YOLOvV3
published in April 2018.YOLOW30] came with several design changes to address the lack of
accuracy in comparison to the leading algorithms in that regguecelly the SSD algorithm.
YOLOvV3 runs as accurate as SSD but three times faster. YOLOv3 uses Ex8Kpetfeature
extraction, which is a 5Byer network. For the purpose of image detectionaaratiditional 53
layers are added resulting in a totallé® layerfully convolutional underlying architecture for
YOLOvV3.The remarkable update that YOLOv3 comes wilhat it makes detections at three
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different levels. YOLO detection output is generated by applying a 1X1 kernel on a feature map,
unlike YOLOv3 where the detection output is generated by applying 1X1 kernel on feature maps
on three different sizes and three different scales in the network. From the base feature extractor,
several convolutional layers are added, the last of which predicts@ tmsoding bounding

boxes and class predictions. Feature maps from two layers previous are takeisamgplep by

2X, then more convolution layers are added to process the combined feature map and predict a
similar tensor twice the size of the first. Te@me process is repeated to predict boxes for the
third scaleFigure4.5 illustrates YOLOvV3 network architecture.
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Figure4.5: YoloV3 Network Architecturd@0])

YOLOvV3 has not only improved the performance reported in the previous versionsdut a
brought the algorithm up to speed in detecting smaller objects thanks toshenpfed layers in
concatenation with the previous layers which preserves thegfaieed features. Moreover,
YOLOvV3 predicts 10X the number of boxes predicted by YOLOvZckvhexplains the
improvement of precision and taking more time. In comparison to all the othéintealetection
algorithms, YOLOv3 takes once more the lead in terms of precision and processing time. YOLOv3
at the same precision performs 10 times faster than SSD, and three times faster than RetinaNet
making it the most suited detection algorithm for application. To detect the three different
anchors of interest we train the YoloV3 architecture on the J@@@ataset which encompasses

80 object classes including the three classes of interest (fire hydrants, stop signs and traffic lights).
The COCO dataset has thousands of labeled images for each class as $hgune4r6.
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Figure4.6: Anchors dataset.

The COCO dataset is rich and contains images of different aspect rataifemat angles of the

three anchors, as a resifblov3 trained on the COCO dataset could detect the objects of interest
from different views with high accuracy as showrFigure4.7. Also, it is noted that YOLOv3

can extract different features including the general shape of the object, this came very handy when
it came to detecting stop signs. although the stop sign snatfee COCO dataset were in English,
YoloV3 detected the stop signs in the test videos written in French with high accuracy even when

facing the back of the stop sign.

Figure4.7: AnchorsReattime Detection.

4.2.3 Anchors mapping

In Figure4.2 we proposed a system inspired by the way the human brain can assess its position

in a known environment by recognizing some landmarks and objects of reference. When we visit
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a new city, the fist thing we do is checking the city map to build our prior knowledge of the city
routes and locate some landmarks that will serve later on to assess our position. Therefore, in this
approach, firstve have to build the knowledge of the vehicle environnbgntecognizing the

different anchors in play associated with their location on the map. In this proeeseeate a
database of the anchors which represents the base knowledge of the reference points of the vehicle
operational environment. The choicestditic objects as our anchors is important to guarantee no
drastic changesn the system base knowledge of the environment. Three parameters are
considered to create the ancliatatabase; first, the anchor type, which indicates the class of the
anchor fran the three classes we decided to use, second, the detected anchor latitude and finally

its longitude.

To automatize the anchors map creation, in cooperation with Laval university* a vehicle, shown
in Figure4.8, is equipped with the following equipment to gather as much information about the

vehicle environment:

1 1 Pixhawk (GPS+IMU)

1 4 cameras DALSA

1 1 luminosity sensor Yoctopuce
1

1 weather station Yoctopuce (temperature, humidity, pressure)

* 1radar ARS480 (Thales)
* 1lidar M16 (Leddartech)
* 1PixHawk (GPS + IMU)
(Thales)
* 4 cameras DALSA
| *+ 1weather station Yoctopuce |
(temperature, humidity,

pressure)
* 1luminosity sensor Yoctopuce
M * 1IMU Yoctopuce
(Accelorometer, gyroscope,
magnétomeétre)

Figure4.8: Data collection hardware.

* https://www.ulaval.ca/en/
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To harvest data from the different mounted sensors different module are elaborated to form the

data acquisition framework shownHhigure4.9.

The DalsaCameraSensorModule is responsible for configuring and capturing images from the 4

DALSA cameras that are mounted on top of the vehicle as shokigure 4.8.

The PixhawkModule is responsible for configuring and acquiring the GPS data and the IMU from
the pixhawk (GPU+IMU) sensor.

The YoctopuceSensor is responsible for configuaind acquiring the light data and the Weather
data. The light data is used to regulate the light sensitivity parameter of the cameras.

The DataManagementAcquisitionModule is responsible of controlling the data acquisition from
the differentmodules. Thisnodule supports two modes. The first mode offers a GUI that allows
the user to start and stop the acquisition of data from the sensors manually. The second module

doesnét offer a GUI and starts ttHeemoddlat a acqui

The DataWriteModule ensures saving the different messages from the different modules on a
hard drive The module is responsible of saving the data in different repositories based on the
data and time. The format of the datafiles to write isecdgd by the

DataManagmentAcquisitionModule.

Framework module
Sensors

} o DalsaCameraSensorModule % e
3 3 @ Event 3

1 @ Picture
‘ @ PixhawkModule -e w @ Status1
3 @ § @ GPS data
| (7) ; @ IMU data
§ @—- YoctopuceSensorModule -8 ; @ S
| ; @ Light Data

@_, DataManagementAcquisition MeteoD ata |
§ Module 3 @ Status 3 §
§ @ DataWriteModule 4. i,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,J

Figure4.9: Data Acquisition framework
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The complete mapping system framework module is demonstratédure4.10. Both inputs
from the DALSA cameras and the Pixhawk GPS are in raw format. To process the video feed, it

is necessary first to convert the Raw images (Bayer format) to the RGB format. This procedure

is called demosaicing.
Color masks RGB output
[ Kernel Red 7 B '
lo ol
00 De-Bayering
process
Kernel Green
— 1 0 1 ~ Bilinear
1 0 interpolation
EEEN Kernel Blue

s ->
0 1

Figure4.11describes the steps of conversion of the Bayer images to RGB output. First, the color

masks are derived from the raw image through a kernel multiplication by the threatatnneds

shown in
Color masks RGB output
[~ Kernel Red ] B ;
o ol
00 De-Bayering
process
Kernel Green
— [0 1 ) : Bilinear
1 0 interpolation
EEEN Kernel Blue

i ->
0 1

Figure4.11, and then all the grey pixels are estimated using an interpolation algorithm such as
Bilinear interpolation. The interpdian results in a fulf constructed RGB layers that form an
image with the natural colors and textures which helps the YoloV3 algorithm to make the most

precise classification and detection.
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The Pixhawk GPS output is in a binary format, where the infeomas written following the
pattern shown iffable4.1. At each framgthe vehicle latitude and longitude are extracted from

the binary output of the GPS following the presented structure.

Header size Header Data size data
8 bytes 34 bytes 8 bytes 48 bytes
Time stamp latitude longitude altitude velocity heading
8 bytes 8 bytes 8 bytes 8 bytes 8 bytes 8 bytes

Table4.1: The Pixhawk GPS binary data structure.
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Figure4.10:Anchor mapping framework model.
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Figure4.11: Bayer Imageslemosaicing.

To build the anchor map, we are usihg YoloV3 algorithm for live anchors detection which

has proven bothfast processing time and accurate detection. The goal of the mapping phase is to
detect each anchor and add it to the database. Each anchor will be defined by its type and
coordinates. Note that the anchor map creation is not a GPS free solution asl\@ewageto

know the exact coordinates of each anchor. Hence, during the anchor map creation (the
environment prior knowledge or ground truth) Pixhawk GPS system is used to capture the latitude
and longitude associated with each detected anchor in the route

The YoloV3 checks every frame and detects the present anchtrs scene, therefore every
detected anchor is a new instance which means that the system should not log in a new anchor at
every frame to avoid duplicating anchors in the database. Thega@®pnapping system should

be able to detect every anchor in the scene, keep track of it and only add it to the detigbase
once when it is not in the field of view of the vehicle anymore. Also, the detected object should
be added to the database offilhe detection occurs on a time window big enough to accumulate

a certainty factor that exceeds a certain threshold that we defipedmentallywe called this
threshold the fAdetection threshol do. enfthe i de:
every newly detected anchor. The detection certainty coefficient keeps increasing with a certain
factor at each frame as long as the associated anchor is still detected. Once it reaches a value
greater or equal to the detection threshold the anstlwonfirmed, and its location and nature are
saved in a shotterm memory. Once the anchor is not in the feldiiew the same detection
certainty factor starts decreasing with a certain factor. Once the detection certainty coefficient
hits a null valuethe associated anchor is added tod#i@baseThe proposed mapping approach
allows the mapping system to avoid adding false alarms (when different objects are misclassified
as one of the anchors for abrupt instances) to the database, also Only updatatgbase when

the system is highly certain that it has an anchor detected on scene. Further, letting the certainty
factor slowly go down to zero instead of being abruptly set to zero right when the anchor is no
more detected is important because dwal the system to catch up once the anchor is obstructed

for some frames and resume the same instance of detection wfstating a new one implying

that it is detecting another anchor whereas in realitg the same anchor. This heljgsavoid

duplicate anchors in the database. The anchor detection diagraiguie 4.12 describes a
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possible detection scenario of one of the proposed ascho

Anchor detection diagram

() e

0 5 10 15
100%
80%
60%
40%
20% I
. I

m Anchor Detection Score  ®m No confirmed anchor Confirmed anchor
i Detection threshold met 9k Anchor saved <l Anchor detection lost

20

% of detection threshold

ES

Figure4.12: Anchors mapping scenario.

Once the object of interest is detected, the detection certainty coefficient starts increasing at each
frame. If the anchor is lost for a short instance (at the 7th frame) for example because of being
obstructed by a passenger or any other external olpectertainty coefficient takes a hit by
decreasing with a certain factor, however when the detection resumes the certainty coefficient
increases again. Once it hits 100% of the detection threshold, the detected anchor is confirmed,
which means that theystem is highly certain of its nature and location. At the 15th frame, the
detected anchor is no more in the field of view of the vehicle, and hence it is not detected anymore,
therefore the detection certainty coefficient starts to decrease until kittingvalue, and that is

when the anchor is added to the database. This proposed approach is described in the algorithmic
steps shown ifrigure4.13.
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anchors_in_scene =[]

repeat:

detect anchors({frame} — {detection report (class probabilities, bounding boxes)}
for anchor in detection_report:

1
2
3
4
5 if anchor not in anchors_in_scene:
6
7
8
9

| I_ add anchor to anchors_in_scene
for scene_anchor inanchors_in_scene:
if scene_anchor is in detection_report :
|_ scene_anchor.detection certainty coefficient += det_factor
10 Else:
11 I_ scene_anchor.detection_certainty_coefficient —= loss_factor
12 if scene anchor.detection_certainty coefficient = det_fact:
13 scene_anchor.isConfirmed = True
14 scene_anchor. Lat = GPS(latitude)
15 scene _anchor.Lng = GPS(longitude)
16 scene _anchor. Class = anchor class
17 if scene_anchor.detection_certainty_coefficient = 0 & scene_anchor.isConfirmed
18 Ll I_Save anchor to database ( scene_anchor.lat, scene_anchor.Lng, scene_anchor.Class

Figure4.13: Anchor mapping algorithm.

The anchor mapping designed framework allows the live visualization of the mapping process at
each frame, as shown kFigure4.14 as well as the resulting output of the mapping process by

plotting the anchors in the database on an interactive map as shigoned.17.

R E—
Traffic lights detection certainty bar (EE—— Non confirmed anchor * confirmed anchor *

saved anchor *

Figure4.14: Anchor mapping real scenario.

To test the algorithm, a vehicle route is predefined and is targeted to be mapped by the proposed

algorithm. It took 30 mins of driving time to cover the desired area preserfeglite4.15.
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The mapping result presented kigure 4.16 shows that the mapping system was capable of
detecting and successfully logging 170 anchors out of 171. Two missed anchors due to being
obstructed and one misclassified anchor (stop skjgiwre4.15 visualizes the mapped anchdrs
database on a real interactive map. These reported numbers indicate a success rate of 99.988 %

using the following formula:

Q & Y (4.2)

0
AN NOWWAA'Q T TT ~

Whereeocis the number of anchorsinthedatabas¢j s t he tr ue nrimthee r of

number of duplicates in the database endis the number of misclassified anchors.

Figure4.15: The mapping predefined route.
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Figure4.16: Anchor mapping results.
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Figure4.17: Anchors plotted on Real Map.

4.2.4 Vehicleself-localization
Having prior knowledge of the vehicle environment through the mapping process, the vehicle can

assess its location by continuously detecting the objects of interests (anchors) and recognizing the
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detection pattern in relation to the ancldatatabase. Thiecalization system starts with no prior
knowledge of the vehicle exact location. After detecting the first anchor, the system loads from
the database all possible anchors that have the same type as the detected one. With no certainty or
prior knowledge othe initial location of the vehicle, any one of the loaded anchors is a potential
candidate that points to the exact location of the vehicle. In this, werkropose a method to
calculate the probability for each anchor under the hypothesis thatetamt¢hor that the vehicle

has just detected. A simplified illustration of the probability calculation approach is shown in
Figure4.18.

O Possible anchor
. Nearby anchor
heading

bearing

Vehicle route

Figure4.18: localization probabilistic approach.

The probability associated to each possible anchor is calculated as follow:

- QL1 el (4_2)
U P BOi T ¢
Where 6errord is the difference between the

anchor in the vehicle headin@i i ¢ §M O 'QQ&Q i sSAMBRX 1 | is the sum of all the
errorscorresponding to all the candidate anchors. For example, if the possible locations vector
contains three anchoos, 6 ando with the following errors: 3, 7 and 10 degrees, the probability

of each anchor is calculated as follow
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And hence has the highest likelihood of being the right anchor since it has the highest
probability. Before the confirmed location inference, on every anchor detection, the possible
locations with a probability less thaan empirical threshold (94%) are eliminated until there is
only one possible anchor left which has the highest probability. The confirmed location
corresponds to the location of the remaining anchor. The bearing from each concerned anchor with

coordinate (@ hx & Jand its nearest anchor with coordinatésafor ¢ )(s calculated as

follows:
OQMNT Q& &HG 8D (4.3)
Where
)
"TOA Il = N (4.4)
1’ (})
e .. O Dy
LOAT = 08 nmei@ n
l’l’A B
OO 6 EMD I‘I,OAI'_ob “ QQ mwe& m
v — MY MmO 1
’p “C
= VO O Q w
C
O € QQQQE@WD nHheEQ
And
O Al OOF OEY (4.5)
» AT OOFOEd 0 OEd OFAT OOFAT Y (4.6)
y a¢QaeQ (4.7)

Note thattd ® ¢ Qcan both be equal to zero at the same time only if:
y a& Qae Qmandd WO & WO
Whi ch canét be satisfied in our application b
current location to different known locations and thereforedhelt of equation (4.4) is always
defined.
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Once the vehicle location is confirmed the next expected anchor is deduced from theéanchors
database and the vehicle heading. On every anchor detection, the detected anchor is compared
against the next expecteshchor. In case they match, the confirmed anchor is then updated to
become the expected one, and the next expected one is decided in the same manner. In case of an
anomal vy, where the detected anchor and the e
recaynized: first if the detected anchor is at a distance smaller than the distance between the
confirmed anchor and the expected anchor, that means a new anchor is detected, which is the case
when new anchors are added or temporary road signs are placegcd®hd anomaly is when the
detected anchor is at a distance bigger than the expected one which means the expected anchor
was missed either because it was obstructed by an obstacle or removed. This implies that the
anchor database is not fixed and hasaatanged dynamically; therefore, a continuous learning

of the route is required. To address this challenge, each anchor is assigned a weight, hence every
anchor in the database is defined by its nature, coordinates and also its weight. only the anchors
with a weight of 80 % or higher are considered. Every time an anchor is detected it is compared to
the database and if it exists, its weight is updated ( until the weigh is up to 100%), and hence new
detected anchomwill have increased weight every timethere detected and therefore will be

added to the anchor map once its weight is greater than 80%. Contrarily, if an anchor is removed,
every time the system recognizes missing the anchor, it updates its weight by dedreasing
timeitismissedandee nt ual |y its weight will be | ower t
the anchor map anymore. Anchors can be missed for multiple reasons such as being obstructed by
other vehicles as illustrated igure4.19, or also if the anchor is removed from the scdnehe

first case, the weight of the anchor is reduced by a certain empirical factor however it will remain
higher than 80%utin the secondase the anchor is removed which implies that the vehicle will

miss it every time it passes by until eventuaily weight is less than 80% and hence will be

removed from the database.
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Figure4.19: Anchors obstruction.

Using the anchors to estimate the bus position can only be accurate when the vehicle is at the same
location as the anchor. However, anywhere between two anchors, the system lacks precision.
Therefore,|t is essential to estimate the bus position in between anchors. We define the problem
as estimating the unknown location of the vehicle knowing the location of the last confirmed
anchor and the elapsed distaicelt6o war ds a cer t ai hillustratiarrof theg d .

problem definition is irFigure4.20-B.
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Figure4.20: Location estimation graphic illustration.

First, it is essential to recognize that the relationship between diskatiicele and longitudes is

not linear. It changes with latitude. In other words, the distance between two longitude lines is not
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always the same; it depends on the latitude at which the vehicle is. Due to the spherical nature of
earth, the distance betweéwo longitude meridians is at maximum around the equator and at
minimum around the two poleBigure4.20-A illustrates this observation.

This problem is a classical problem that have been investigated since the early 1800s. One
developed solution is known as the haversine forflilawhich determines the gagcircle

distance between two points on a sphere given their latitude and longitude coordinates. The great
circle distance is the shortest distance between the two points, and in our case, it represents the
distance d between one of the anchors and thédgation after crossing a distance d.

Let” -where d is the distance between the two points and r the earth radius.
The haversine formula suggests that:
@ v” WO DOA DO DEGRDODE G OEDON E & "B & £ 'Q (4.8)
Wherea ,@ € ¢ ate respectively the latitude and longitude of the first pointadgd ¢ &€ &k
the latitude and longitude of the second point. To solve for the distance d, we apply the inverse

haversine or twice the inverse sinebeeaust he haversine of an angl e }

of } .

Q1O i Ol @i "@av” (4.9

Replacing@ 0" from equation 4.8 and knowing thHeb v” i "Qe- we get:

Q Ol Of "BBOADOAN0 QEBODMEN OEDLAE ¢ D e & Q (410
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It is then proven that the haversine formula presents a solution to the problem of finding the
distance between two points on a sphere, knowing their coordinates. However, as presented in
Figure 4.20-B, our problem is to find the second point coordinates knowing the initial point
coordinates and the distance between two points. Starting from the result of equation 4.11, we can
mathematically prove thatélnew coordinates of the unknown location after crossing d distance

in —bearing can be calculated as following:

v (4.12

s et e . Qe L Q
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101



RN < S
. L Qe-i Q‘:— WENOWO (413
GEEQE E WO s

T

wé i Q& 0o
Notice that the estimated coordinates depend
following:

Q vzo (4.19

Wherev is the vehicle speed ands the elapsed time. However, we are proposing a-GfS
solution, therefore we have to investigate a @8 solution for vehicle speed estimation.

4.2.5 Vehicle speed estimation

The vehicle localization solution ependenbn the knowledge of the distaan crossed by the
vehicle as illustrated by equation (4.12) and (4.13). The distance crossed can be deduced from the
vehicle speed and the elapsed time. In this work we are investigating a solution for vehicle speed
estimation for two reasons , first, veee proposing a GPS free solution d@hdrefore, we are
eliminating the use of GPS to read the vehicle speed, furthermore, we are introducing a modular
solution that can be placed and used on different vehedsdy. Theuse of the vehicle
speedometer gelires newphysicalwirings toestablish OBD connection, which makes the use of

the system on different vehicles problematic and requires physical installation. To avoid that we
are proposing a sensors free solution for vehicle speed estimation.

In this work, we investigate the use of optical flow to estimate the vehicle speed. The optical flow
is defined as the pattern of apparent motion of objects, which implies that the vehicle speed
information can be embedded in the optical flow matrix.

First, © study the correlation between the optical flow and the vespaedyve create a database

of optical flow instances and their corresponding speeds. To aees@corded the camera view

of the same path describedRigure4.15 along with the corresponding speed collected using the
GPS. The dataset collection for dbnutes resulteth a total number of 18000 frames with their
speed labels. To investigate the correlation between the vehicle speed and the optical flow the
Farneback meth¢di2] is used to calculate the optical flow matrix corresponding to two
consecutive frames of the dataset. The result confirms a direct correlation between the optical flow

and the vehicle speed as showifrigure4.21.
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Figure4.21: Correlation between the optical flow and the vehicle speed.

To extract theembedded speed information in the optical flow we propose the following
approach:

1. Convert the created database into optical flow matrixes with corresponding speed labels

instead of RGB frames and corresponding speed labels

2. Convert each optical flomatrix into HSV image

3. Convert HSV images into RGB images

4. Train a neural network on the new dataset to estimate the vehicle speed.
To convert the database into optical flow matrices we used the Farneback method which
calculates the optical flow magnitude and angleq Xxorresponding to each pixel of the
camera frames.
Before converting the optical flows to HSV images, the optical flow matrices are normalized
such that all the values are comprised betweé& "Q manda @ é "Q 255 which are the
bounding limits of the Value component of the HSV image. The normalizptocess is

performed for every cell with the coordinate$iQ of the optical flow matrix as follow where
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