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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 intelligence capabilities. 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 surrounding environment.  

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 systems. The 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 real-life 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 of the human brain. 

However, Cognitive science and artificial intelligence, share similar visions that they are 

mistakenly considered as one 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 between the 

two streams and explain how cognitive science approaches intelligence from a different 

perspective than AI. One of the premier scientists that were drawn to the potentials of cognitive 

science and explained in a detailed manner how it can differ from AI is 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 decision-making he helped deciphering the essence of difference 

between the two streams as he wrote ñAI can have two purposes. One is to use the power of 

computers to augment human thinking, just as we use motors to augment human or horsepower. 

Robotics and expert systems are major branches of that. The other is to use a computerôs artificial 

intelligence to understand how humans think. In a humanoid way. If you test your programs not 

merely by what they can accomplish, but how they accomplish it, then youôre really doing 

cognitive science; youôre using AI to understand the human mind.ò. Therefore, he made it clear 

that the AI stream is concerned about reaching intelligence through artificial means essentially 

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

In the other hand cognitive science aims to make computers 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 reasoning. So, AI 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 AI and Cognitive science 

is the Deep Blue project 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 of AI application as it solves a complex task in 

a way that achieves the desired results, however it used a brute force approach that took advantage 
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of the capacity of computers to carry a big number of operations in a small time and doesnôt reflect 

the human reasoning of the game. The Deep Blue program as an application of AI focused on the 

result, which is winning the game, however cognitive science would focus on duplicating the 

reasoning process carried 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 AI community takes by concentrating the focus on 

component algorithm, cognitive science has a broader perspective that focuses on understanding 

the different intellectual abilities and their interactions together and deliver an agent-based solution 

that combines capabilities and work together to achieve a big spectrum of intelligence. Cognitive 

science studies broad cognitive architectures that offer models of mind rather than focusing on 

component algorithms.  

1.1 Thesis motivation  
 

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

is to learn and understand how a human brain would solve problems, and 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 modeling. Over the years, many 

theories of mind have 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 computational artifacts. 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 agreements and identifying the reasons of conflict between 

these theories to conclude the necessary and sufficient ingredient that can add the cognitive aspect 

to intelligent systems. The necessary building blocks of a hybrid architecture of cognitive 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 vehicles to Establish the empirical evidence that cognitive 

systems can augment ordinary systems and duplicate human thoughts and behaviors. 
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1.2 Thesis outline 
 

In chapter 2 the different theories of mind in cognitive science are studied to establish the 

theoretical foundation of cognitive systems. The hybrid cognitive architecture is then designed by 

deducing the necessary building blocks using observations of the strong aspects of the studied 

theories of mind. 

In chapter 3 the proposed cognitive architecture is applied to model cognitive radar systems which 

are systems capable of interacting with the surrounding environment in the learning process and 

adapt its own parameters as a reaction to the acquired knowledge. The superiority of cognitive 

radars is established through performance comparison against ordinary radar systems. 

In chapter 4 the proposed cognitive architecture is applied to model a different type of cognitive 

systems: cognitive vehicles which are capable of harvesting information from the environment to 

build knowledge and adapt behaviors accordingly. A novel method is proposed as a solution to the 

inner process of the cognitive vehicle self-localization, also the capacity to assess the driving safety 

and the capacity to change its control parameters such as steering angle and speed are illustrated. 

Chapter 5 is a summary of the different findings of this work and its implication with an opening 

to the future scopes and possible improvements to the presented solutions. 
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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 

computational artifacts. This field of study canôt be claimed as a science only if it is backed by a 

set of theories with well-established frameworks to prove them 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. Theories require 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 theories, although 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 some observed 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 óhypothesesô and ótheoremsô are thought to be interchangeable. In fact, hypotheses 

are always marked 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 theories only when they 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 scientific theories 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 

experiment, hence the wide convection that all science is an ongoing effort. In this context, Albert 

Einstein states: ñNo amount of experiment can ever prove me right; a single experiment can prove 

me wrongò.  It is very 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 as well-substantiated theories and build upon 

it. Another observation that is very imperative to mention is that most theories in the field of 
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cognitive science are abstract and qualitative in nature, however, it is well established that the goal 

of cognitive science is to 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 qualitative abstract plan to a 

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

 

2.2 The theories 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 phenomena, 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 nature of the human 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 the field of 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 world, or else 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 ever developed; the computational theory of mind, which 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 emerged as 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 activations. All 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 intelligence is born, 
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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 theory of mind 

 

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 stretched boundaries of 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 the physical 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 through the interaction 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 

views that 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) and extended (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 classical thought that suggests 

that the human brain is the only source of cognition and perception. In 1998, Andy Clark and 

David Chalmers published an essay entitled ñThe Extended Mindò [1] which defended the radical 

claim back then that the human mind extends to the broader world it interacts with. They wrote:ò 

Once we recognize that the crucial role of the environment in constraining the evolution and 

development of cognition, we see that extended cognition is a core cognitive process, not an add-

on extraò. In 1992, Varella, F.J, E.Thmpson, et al published a book [2] entitled ñ  the embodied 

Mind: Cognitive science and human experienceò which defended the externalist paradigm and 

proposed that our understanding of cognition can be complete only by finding common ground 

between mind and experience ( environment). It is plausible to assume that these thoughts in the 

account of the extended mind and the liaison between mind, environment, and cognition, has 
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been greatly inspired by the early discussions of the semantic externalism, which is the view that 

suggests that the meaning of terms is determined by the human mind in conjunction with external 

factors such as context. This thought of semantic externalism can be summarized with the 

statement of the philosopher Hilary Putnam that says, ñmeanings just ainôt in the headò. To defend 

his position, Putnam suggested the famous thought experiment ñTwin Earthò which starts with 

supposing that somewhere else in a parallel universe there was a remote planet, twin earth, which 

is identical to our earth in all aspects with one exception. Instead of water H2O, the twin planet 

has twin-water (XYZ) chemically different but has the same properties of water (H2O) that no 

one on earth or twin-earth can distinguish between the two substances H2O and XYZ. According 

to Putnam, when a person óPô from planet earth uses the word ñwaterò he is referring to the 

substance H2O, however when another person óTwin-Pô users the word ñwaterò in the ñtwin-

earthò he is referring to the substance óXYZô instead. This thought experiment although criticized 

on many 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. The externalist 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 of the 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 especially the 

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, 

short-term memory (preceding words, context of discussion) and long-term memory (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 ambiguous figure [3]. The 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 ambiguous, consequently, the mental perception 

alternates between two distinct configurations of the cube as illustrated in Figure 2.1. 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 be 

perceived facing up or down when the cubes are observed in separation. However, when a first 
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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 facing up. Figure 2.1  presents an illustration of the 

former observation. 

 

Figure 2.1: Influence of Context on perception 

 

2.2.2 The internalist theory 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. Internalism on the other hand 

defends an opposing philosophy which considers that all the mental states depend merely on the 

intrinsic properties of the mind. In the history of philosophy and cognitive science, this stream 

has been defended by many known figures from different perspectives, such as Rene Descartes, 

Gottlob Frege, and Gilbert Harman. Although the internalist stream is heavily opposing the theory 

of extended mind, some cognitive scientists like David Chalmers accept the implications of the 

thought experiment ñtwin earthò and agree that mental processes can be affected by the external 

environment. However, they defend that mental contents, in essence, are 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 the mental boundaries within the 

body and stress 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 invoke their own thought experiments as well. On the famous 

ñbrain in a vat ñexperiment a human brain is supposed to be kept in a vat containing a liquid of 

nutrients to sustain the brain functionality as in normal embodied human brains. The brain in the 
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vat is hooked to a computer that provides 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 perceptual experiences 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, however, it does not deny 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 One-dimensional, input-output system (Figure 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 internalist theory comes 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 the brain is 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. In this context, the cognitive scientist Noam Chomsky developed a set of linguistic 

theories [4][5][6] that formed the foundation of the generative linguistics. He established that the 

human language is pre-organized 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 argues that 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 researches [7][8][9] which proved that 

babies can distinguish between languages and appeared to have a well-developed inner 

mechanism to process the human sounds. A recent research [10] has discovered 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 stream that considers the mind as a two-dimensional 

system (Figure 2.2-B) instead of one-dimension. The mind is a cognitive and visual system. 

Where the cognitive dimension is no more an information processor. The visual system is no 

more a simple preceptor of the external environment, instead, it is an autonomous computational 
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system that transfers the information to the cognitive system as a fully processed package instead 

of a set of raw data.  

 

 

Figure 2.2: 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 boundaries of mind, 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 it has 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 The computational theory of mind 

The computational theory of mind CMT might be the most developed approach to mind ever 

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 inspired by the overwhelming advances of 

computers, however, this doctrine roots back to pre-computer days with Hobbesôs concept of 

mind as ñcalculating machineò. In his book ñDe Corporeò which was published in 1655, Thomas 

Hobbes states that ñby reasoning, I understand computation and to compute is to collect the sum 

of many things added together at the same time, or to know the remainder when one thing has 

been taken from another. To reason therefore is the same as to add or subtractò[11]. The modern 

computational theory is centered around the same idea as it represents the mind as 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 successful representations 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 person would 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 state. Notably, 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 based on a certain 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 that all goal-

oriented behaviors can be tackled 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, reacting to 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 because any symbolic 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 patterns into structures and manipulating them through computation 

(functions). Newell and Simon wrote ñA physical symbol system has the necessary and sufficient 

mean for general intelligent actionò [12]. This implies that the symbol system is 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 computational model of mind is 

illustrated in Figure 2.3. The information coming from the sensory structures is treated as raw 

data that is transformed to physical symbol structures which can be manipulated to produce 

intelligent behaviors. Although this theory has found a great deal of support from the AI and 
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cognitive science research community it cannot guarantee the duplication of the full range of the 

mental intelligence , as it 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. 

 

Figure 2.3: Example of computational model of mind 

2.2.4 The connectionist theory of mind 

Connectionism is a paradigm of cognitive science that merged from the need to model the mind 

in a less abstract form and from the 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 

the brain as it consists of an interconnected network of computational units (neurons). This stream 

was pioneered in the early 1940s when the neurophysiologist Warren McCulloch and the 

computational neuroscientist Walter Pitts [13] introduced the first computational model of a 

neuron. McCulloch and Pitts recognized the ñall-or-noneò character of neural activity which 

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 propositional logic 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 mathematically which proved 

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 in Figure 2.4 where the neuron model responds to the excitation from the other neurons 
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following a mathematical logic to perform the logical ñAndò function. Each neuron is a simple 

numerical processor. However, when massively interconnected can form a network that can solve 

very complex problems that the functionalist paradigm failed to tackle.  

 

Figure 2.4: M-P Neuron presentation ('And' function) 

Although the classical conception of cognition has been deep-rooted in philosophy and cognitive 

science, the connectionist method succeeded to attract researchersô attention and merge as the 

new paradigm of cognitive science that holds great capabilities to bridge low-level neuroscience 

and high-level cognitive goals.  In [14][15][16] Dreyfus Hubert criticizes the classical paradigm 

of cognitive science and artificial intelligence 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 step 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 semantic parsing. 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 context, the cognitive scientist Paul Smolensky [17] 

defended the new paradigm of connectionism for cognitive modeling:ò to my mind, the greatest 

contribution of connectionism is to open up the possibilities for cognitive modeling beyond 

systems designed to implement logical reasoningò. however, he tackles this topic with 

detachment rather than excitement and recognize that the human cognition has a wide spectrum 

and it is strategically important to refer to connectionism only for well-suited tasks: ñ as a strategic 

matter, connectionism would likely be better served if it simply explored cognitive tasks to which 

it is well-suited even as these take us beyond the traditional domain of cognition.ò  
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Figure 2.5: Example of neural network structure 

 

2.3 The hybrid architecture of cognitive systems 
2.3.1 Motivation 

Although Cognitive science holds a 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 models 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 and use it to design a hybrid architecture that can satisfy the findings and hold a great 

potential in duplicating cognitive processes. 

Through the different theories of mind, many aspects of human cognition have been theoretically 

explained under the different observations of the different streams of cognitive science. Taking 

the example of visual cognition, the connectionist paradigm suggests that all aspects of the human 

cognition can be duplicated and reproduced through neural networks. To validate 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. However, in the 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 is hybrid, where problems can be solved on a different 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 which, 
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connected, form an optimal problem solver. Second, Different modules follow different 

structures (neural, symbolic, computationalé), and third, some modules are structurally more 

efficient and better solutions for certain problems than others. Therefore, to duplicate 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 cognition. For example, catching a ball midair; although it might 

sound like a simple task, it involves multi-processes. First, the human brain must detect the ball 

and recognize it through the visual cortex, keep track of its trajectory and estimate the best 

position 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, which together can 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 both. The way each sub-model performs can affect the 

entire proposed model, and the failure of one sub-model 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 studying the foundations of cognitive science 

from the different streams that were covered in the previous sections, the necessary and sufficient 

building blocks of every cognitive system can be extracted 

First, Although the cognitive process is mainly internal, it is highly affected and guided by the 

external environment. Per definition, cognitive systems learn at scale from experience and 

interaction with the environment and adapt to different scenarios in a way that allows the system 

to exhibit intelligent processes. Therefore, it is obvious that means of communication with the 

external environment are an important component of cognitive systems. These communication 

means are responsible for the stimulus that evokes changes in the system status or deliver 

important information for the system decision making. The stimulus 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 intelligence through 

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 can include electromagnetic and ultrasound 

waves. Although the different streams of cognitive theories donôt have a total agreement on where 

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 cognitive process, 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 connectionist stream. 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 

accordingly for example for radar systems, the perception block is responsible for deciphering 

the echoing signal and processing it to detect potential target, also for visual stimulus, the 

perception block can perform real time object detection to distinguish the different elements 

forming the scene.  

It has been established also that all cognitive systems should have a reference to a memory 

component that can be used to access previous knowledge or to save some progress or new 

information. This condition has been emphasized 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. The connectionist 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 neural networks, 

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 short-term, which can be referred to for 

transient information such as the context of speech or the systemôs previous state, or long-term 

memory, which involves long-lasting knowledge that guides the system to perception and 

cognition such us language knowledge, shapes, objects recognition. 

Cognitive systems stimulated by the environment can manipulate the information received to 

adapt in two different behaviors, first, A reactive behavior which is action-centered such as 
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avoiding an obstacle, redirecting some type of a pointer such as a radar antenna or a weapon 

system, in short, all behavior that require stimulating a controlled motor processor to perform a 

certain action. The second behavior is the premeditated behavior or thought centered behavior 

which basically doesnôt require any physical actions to be performed, rather a system state change 

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 one block 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 

perceiving the scene from the stimulus through the perception block. Information collected from 

the environment is manipulated in the way that the system is designed to perform. If we take the 

example of radar systems, conventional radar systemsô cycle ends right at the perception block 

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 accordingly for 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 have the possibility to learn from 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 effectiveness and correctness of its changes 

for example through comparing observation to system estimation and keeping track of the 

estimation error which allows performing corrections for future instances. In a nutshell, the 

following building blocks interacting together form the necessary and sufficient blocks that can 

build all cognitive systems: 

¶ Stimulus: represents the different senses that connect the system to the environment 

¶ Stimulus processor (perception) 

¶ Memory: can be long term or short term 

¶ The cognitive reasoning 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 and effectiveness to 

make corrections for the future. 

¶ Reactive behavior through motor processor  

¶ 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 specific tasks such as CNNôs for visual perception and mathematical means 

for auditory signal processing. The choice of the solution type is application-based as some 

technologies proved to be more efficient than others in certain applications. 

 

Figure 2.6 summarizes the proposed architecture and articulates the nature of connections between 

all the building blocks. 
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Figure 2.6: 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 medium. However, 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 ships using radio waves. Although radars played a big role in altering the 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 different electronic components as well as unwanted 

signals originated from external sources. Due to the drastic decline of reflected signals as the 

distance increases, the noise can cover up the signal and hence prevent the detection of objects. 
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To improve the signal 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 N is problematic, and the ideal number 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 equivalent to a maximization of the signal to noise ratio 

in improving the radar probability of detection is adaptive radars[18][19] . Adaptive radars use 

phased array 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 which added together form a 

doppler-compensated beam. The choice of the complex weights is controlled by an adaptive loop 

and hence the name of adaptive radars. One more limitation of the conventional approach to 

Radar systems, is the Range folding, which is a miss interpretation of the bounced echo. A range 

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 misinterpreting 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 target in a sense 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 control and defense systems which require a high 

precision and anticipating the target to control the weapon system in the most efficient way. To 

address this problem, the radar must estimate the target position and direct the transmitted beams 

towards the target which doesnôt only allow the radar system to lead the target by also drastically 

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 adaptivity to the 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 with the surrounding 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 brain learns, 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 parameters. This concept was introduced for the first time in literature 

in 2006 by S.Haykin [20], where he wrote and we quote: ñFor the radar to be cognitive, adaptivity 

has to be extended to the transmitter tooò. We have established in chapter 2 a hybrid cognitive 

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 metrics to assess 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), they can 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 signal, having information about 

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 difference is that CRôs use the extracted information from the transmitted signal echo 

to track the intercepted targets and optimize waveform for the next illumination. This emphasizes 

on the closed-loop of the proposed architecture, where the stimulus has the potential to change 

the output of the system. 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: 

 

¶ CRs can illuminate the environment using electromagnetic waves. 

¶ CRs can redirect the transmitted waves as needed 

¶ CRs can interpret the received waves from which it can extract useful information 

from the environment (target detection) 

¶ CRs can track targets (position estimation) and keep remembrance of its previous 

positions (memory) 

¶ 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, a cognitive radar 

model is proposed in Figure 3.1 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 optimized in 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 for the cognitive 

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 based on the 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 evaluation. 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 proposed design, the system is not required to have access to a long-

term memory as it doesnôt require a prior knowledge to perform its tasks however a short-term 

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

 

 

Figure 3.1: 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 performance. Phased array radars are substantial to our design of cognitive radar 

for that a continuous interaction and awareness of the environment must be satisfied. A phased 

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 applied at each 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. 

 

Figure 3.2: Phase shifted arrays 

Consider a linear array of n radiating elements uniformly spaced as presented in Figure 3.3.  ódô 

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: 

                                     Ὁᴆ В Ὁᴆ Ὁ ȢὃὊ    (3.1) 

Let ὐᴆ, ὐᴆ,é, ὐᴆ,é ὐᴆ  be the currents exciting each radiating element, where  

ὐᴆ=ὥ .ὐᴆ (3.2) 

ὥ is a complex number (magnitude and phase): 
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ὥ =ὃ .Ὡ                                                                      (3.3) 

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

ά  radiating element. 

 

Figure 3.3: Linear phased array of n radiating elements 

The radiated field of the ά  radiating element is defined as: 

              Ὁᴆ ὉᴆȢὥȢὩ ᴆǶ                                                                                                                                       (3.4) 

Where Ὁᴆ 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: 

Ὁᴆ В Ὁᴆ В ὥȢὩ ᴆǶὉᴆ ὃὊ—ȢὉᴆ                                                (3.5) 

Hence the array factor is defined as: 

  ὃὊ— В ὥȢὩ ᴆǶ =  В ὥȢὩ        (3.6) 

Replacing (3.4) in (3.6) : 

ὃὊ—    В ὃ ȢὩ ȢὩ =В ὃ ȢὩ                                                  (3.7) 

Where ɣ=kdcos(—)+ ‏ is the total phase shift from one element to the next.              
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The direction of the maximum radiation corresponds to ɣ=0. For an electrical phase shift ‏, the 

direction of the main lobe is then: 

— ὧέί                           (3.8) 

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

(—). 

Figure 3.4 illustrates the influence of the phase shift ‏ on the direction of the main beam. 

 

Figure 3.4: Influence of phase shift  ŭ on the orientation of the main lobe of a uniform linear 

array of 10 isotropic elements with 0.5 m elements spacing. 

Now we consider a planar ï array antenna system with ὔ  elements on the x-axis direction and ὔ  

elements in the y-axis direction as illustrated by Figure 3.5. 
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Figure 3.5: Linear phased array of n radiating elements. 

Let  ȟᴆ  be the excitation current applied to the antenna element ὃ ȟ : 

Ὥ
ȟ ȟ

ȟ  (3.9) 

To obtain a maximum radiation in the direction (—ȟl ) the excitation phase ‏ ȟ  takes the 

form: 

‏ ȟ ά ὯὨÓÉÎ— ÃÏÓl ά ὯὨÓÉÎ— ÓÉÎ l                                 (3.10) 

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

Ὅ ȟ Ὅ . The array factor is then written as follows: 

ὃὊ—ȟl  ὍВ Ὡ ˡ В Ὡ ˡ                    (3.11) 

The normalized array factor is obtained as: 

ὃὊ—ȟl                     
(3.12) 

Where: 

ʕ ὯὨίὭὲ—ὧέί+l‍                                                                                                 (3.13) 

ʕ ὯὨίὭὲ—ίὭὲ+l‍                                                                                                 (3.14) 
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Note that the array factor ὃὊ—ȟl  of such a configuration is the product of two linear array factors 

along the x and y axis: 

ὃὊ—ȟl ὃὊ—ȟl ȢὃὊ—ȟl                                                                           (3.15) 

The major lobe and the grating lobes are located at angles  — ὥὲὨ l such that: 

       ὯὨίὭὲ—ὧέίˡ ‍ ςά“ ȟ            ά πȟρȟȣὔὼ
ὯὨίὭὲ—ίὭὲˡ ‍ ςὲ“ ȟὲ πȟρȟȣὔώ     

                                                 
(3.16) 

To steer the beam to the desired direction specified by (—ȟl  the progressive phases ‍ and ‍ 

must satisfy: 

   ‍ ὯὨίὭὲ—ȟὧέίl

    ‍ ὯὨίὭὲ—ȟίὭὲl 
                                                                                                 

(3.17) 

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

can be located at the directions specified by (— ȟl  such that: 

ừ
Ử
Ừ

Ử
ứ ὸὥὲ l

ȟ ˡ

ȟ ˡ

       ίὭὲ — ȟ

ȟ ˡ

 l

ȟ ˡ

 l

                                                               

(3.18) 

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

than the wavelength ‗ : 

Ὠ  ‗ 
Ὠ  ‗

                                                                                                                          
(3.19) 

As illustrated in Figure 3.6, 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 absence of the grating lobes. 
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Figure 3.6: 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 antenna depends on the dimensions 

of these radiating elements. Also, the performance of the phased array antenna will depend heavily 

on the dimensions of the microstrip patch. A microstrip 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 illustrated in Figure 3.7. 

The antenna operating 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. Quoting [21], The study proposes the following considerations to attain higher 

radiation efficiency: 

¶ ñThe relative dielectric constant of the dielectric material should be less than 3 (Ůr Ò 3) in 

order to get higher radiation efficiency and directivityò 

¶ ñThe operating (resonant) frequency of the microstrip antenna should be less than 10GHz 

or higher than 50GHz (10GHz Ó är Ó 50GHz) in order to get improved radiation 

efficiency.ò 
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¶ ñThe height (h) of the substrate should be near to 1mm to get the higher radiation 

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, then the radiation efficiency of 

the microstrip antenna increases with the increasing height of the substrate. Therefore, for 

the operating frequency less than 10GHz, the height should be h Ò 1.5 mm. For the 

operating frequency greater than 30GHz, the height should be h Ó 1.5 mm.ò 

 

Figure 3.7: Geometry of Microstrip Patch Antenna 

 

The considerations suggested by [21] will be adopted to choose the resonant frequency and the 

dielectric medium for which the antenna is to be designed. Multiple substrates are usually used in 

the design of microstrip antennas with dielectric constants in the range 2.2 Ò ʀ Ò12. Usually, one 

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 

Table 3.1: Substrates Dielectric constants table 



30 
 

The practical dimensions of the patch can be calculated as follows: 

7
ὅ

Ὢ

ς

ʀ
 

(3.20) 

Where: 

, ςЎὒ   (3.21) 

where: 

ʀ ρ ρς
ϳ

                                      
(3.22) 

Ўὒ πȢτρÈ
Ȣ

  Ȣ
Ȣ

Ȣ

Ȣ
                                         

(3.23) 

The dimensions of the ground 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: 

ὒ  φὬ ὒ 

ὡ  φὬ ὡ
                                                                    

(3.24) 

Where 

W= width of the patch 

L= Length of the patch 

ὡ = width of the ground plane 

ὒ= Length of the ground plane 

ὅ= speed of light 

ʀ=dielectric substrate constant 

Ὢ = operating frequency 

ʀ  = Effective refractive index 

h=height of substrate 

 

3.2.2 Planar-array Antenna design criteria  
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To guarantee the best performance of the cognitive radar an optimal design of the planar-array 

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

lobes, and a narrow beam-width. é 

Figure 3.8 investigates the effect of changing the element spacing ódô on the array pattern. An 

increase in the element spacing prompts an increase in the array gain when (3.19) is satisfied. 

The result shown in Figure 3.8 validates the hypothesis proposed earlier in (3.19) which suggests 

that the element spacing must remain inferior to the wavelength ɚ to avoid the appearance of 

grating lobes. 

 

Figure 3.8: The effect of elements spacing on the array pattern 

 

Element spacing d Array Gain (dBi) Grating Lobes 

0.1 ⱦ 6.5 Absence of grating lobes 

0.5 ⱦ 13.27 Absence of grating lobes 

0.75 ⱦ 15 Absence of grating lobes 

1.5 ⱦ 11.38 Presence of grating lobes 
Table 3.2: The effect of elements spacing simulation results 

These results suggest that an optimal 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 spacing (d= πȢχυ‗ , an increase in the number of the radiating 

elements leads to an increase in the array gain. 

 

Figure 3.9: 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 Element spacing ódô, the number of radiating elements, the operating frequency, 

and the wavelength ‗.whether the design of the planar array 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 specific element spacing ódô the choice of the operating frequency should be such that ‗

ὨȾὼ where x<1.Taking x=0.75, the operating frequency of the radar is then Ὢ πȢχυ  

,where C is the speed of light. 

In the design of the planar array, the choice of the number of elements is important as deduced 

form Figure 3.9. The number of radiating elements depends on the dimensions of the microstrip 

antenna elements (radiating elements) and the desired size of the planar array. 
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3.2.3 Planar-array 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 such that:  Ὢ πȢχυ  =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 

- ὡ =20 mm 

- ὒ ςυ άά 

- Ὤ ράά 

Note: The substrate considered is FR4 with Dielectric Constant  ʀ Ȣ. 

Now that the dimensions of the microstrip antenna elements is known, the number of radiating 

elements can be defined in the light of the planar-array antenna size (2m x 2m) and the element 

spacing (5cm). 

Let ὔ and ὔ such that the plannar array antenna is an ὔ by ὔ matrix of radiating elements. 

The number of elements ὔ ὥὲὨ ὔ can be found by solving the following equation that takes in 

consideration the planar array size and the element spacing: 

Ὀ  ὒὔ Ὠ ὔ ρ 
   Ὀ  ὡὔ Ὠ  ὔ ρ 

                                                               
(3.25) 

Where, 

Ὀ ὼ Ὀ  represents the planar-array size ( Ὀ  Ὀ ςπππάά). 

Ὠ ȟὨ = the spacing between two adjacent elements ( Ὠ Ὠ=50mm). 

W= width of the patch. ( ὡ=14.8mm) 
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L= Length of the patch. ( ὒ=19.4mm) 

Solving {29}, Ὀ ςω , Ὀ σσ Ȣ 

 

Figure 3.10: 2mX2m planar-array antenna design. 

 

Parameter  Value 

Array size 2 meters by 2 meters 

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 
ʀ 

Patch length 
Patch width 

FR4 
4.8 
19.39 mm 
14.82 mm 

Table 3.3: 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. The radar waveform parameters are 

determined in 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 to point 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 of pulses N and 

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 number of transmitted 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 pulseôs echo returns to the receiver. As illustrated in Figure 3.11, the pulse repetition time 

must exceed the time it takes the first pulse to travel the two-way path between the radar and target. 

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

ὖὙὊ
ὅ

ςὙ
 

(3.26) 

Where Ὑ  is the estimated target range and C is the speed of light. 
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Figure 3.11: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 bandwidth: ὖὡ . The radar pulse bandwidth defines the 

radar range resolution which is the radar ability to distinguish the echo coming from two close 

targets according to the following relation: ὖὄὡ , where  Ὑ  the range resolution is the 

distance between two targets under which the radar can not distinguish the two targets and will 

treat them as one target. The cognitive radar can adaptively choose the PW in case two close targets 

are detected such that: 

ὖὡ
ςὈ

ὅ
 

(3.27) 

Where Ὀ  is the distance between the two targets. 
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Figure 3.12:Range resolution 

In Figure 3.12 for the same pulse width, the radar can distinguish the two different targets when 

the distance between them is higher than the range resolution specific to that pulse width. 

Whereas without adapting 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 as the 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 echo bouncing 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 (Figure 3.13) .Based on the design specifications , for a specific radar probability of detection 

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

receiver ὛὔὙ . 
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Figure 3.13:Radar receiver operating characteristics curve. 

However, often radars cannot achieve the required signal to noise ratio ὛὔὙ  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 integration of N pulses multiplies the signal to noise ratio by 

N. Figure 3.14 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 destructively. 
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Figure 3.14:Principle of coherent pulse integration. 

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

ratio ὛὔὙ  using the radar range equation: 

 

ὛὔὙ
ὖὋ‗ὔ„

τ“ Ὑ
 

(3.28) 

Where: 

ὖ                Transmitter power 

G                 Antenna gain 

‗                  Radar wavelength 

N                 Number of integrated pulses 

„                 Target radar cross section in square meter 

R                 Target range  

ὛὔὙ       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 threshold ὛὔὙ  ,a pulse integration is 

required. For a certain range R, knowing the transmitter power and the ὛὔὙ  from the ROC 

curve we can solve for the number of pulses that should be integrated to achieve a good radar 

detection performance as follow: 

ὔ
Ὑ τ“ ὛὔὙ

ὖὋ‗„
 

(3.29) 

 

Hence the cognitive radar can adaptively change the number of integrated pulses in the light of the 

estimations of the target range. Moreover, 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: 

Ὕ
ὖὋ‗ὔ„

τ“ ȿ —ȿ
 ṇ  Ὑὕὅὖȟὖ  

(3.30) 

Where ROC () is a function that takes ὖ ὥὲὨ ὖ  as an input and returns the convenient SNR, 

AND ȿ —ȿ is the estimated target range. Ὕ can be summarized in the following algorithmic 

steps:  

 

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 target estimated position 
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precisely, the radar doesnôt have to scan the entire scan area and wait for the echo coming from all 

the scanned angles, instead the cognitive radar can focus the transmitted beam on the estimated 

angle of the target. Taking advantage of the 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. 

Ᵽ
╟◐

ȿ╟◐ȿ
ἫἷἻ

╟●

╟● ╟◐ ╟◑ ἫἷἻⱴ

 
(3.31) 

ⱴ
╟◑

╟●
 

(3.32) 

 

 

Figure 3.15:Target estimated angle. 

3.3.6 Detection threshold 

In radar application, processing the received signal often means deciding between two hypotheses; 

one suggests that the received signal consists of noise only whereas the second suggests that the 

received data consists of the signal bouncing off from a target plus noise. In 1933 Jerzy Neyman 

and Egon Pearson [22] introduced for the first time a theory that was named after them and sets a 

foundation for hypothesis testing. Using the Neyman-Pearson theory, the required threshold for 

detection for a radar can be decided for a given probability of false alarm. 

The Neyman-Pearson lemma theory models the system observation according to one of two 

distributions: 
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Ὄȡὼ ύͯ ὴὼȟὌ
      Ὄȡὼ ί ύͯ ὴὼȟὌ

 
(3.31) 

where ὴὼȟὌ  ὥὲὨ ὴὼȟὌ   are the probability distribution of X under Ὄ  and Ὄ  hypothesis. 

Ὄ  is considered as the default model and is called the null hypothesis. Ὄ   suggests that the data 

present at the radar receiver consist of noise only. Whereas Ὄ  is called 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 information about the target. The NP goal is to decide a threshold that 

maximizes the probability of choosing Ὄ  when the data were in fact generated by Ὄ .hence the 

probability of correctly choosing Ὄ  is the subject of investigation, which is denoted as the 

probability of detection: ὖ ὖὌȠὌ . Furthermore, if the test chooses Ὄ  whereas the data 

were actually generated by Ὄ  is called a false alarm or false-positive: ὖ ὖὌȠὌ .  Our goal 

is to maximize the probability of detection ὖ under the constraint of a given probability of false 

alarm ὖ  by choosing the optimal threshold ɔ as illustrated in Figure 3.16. ɔ achieves the largest 

ὖ under the constraints ὖ . Once more, we work under the assumption that the noise (W) follows 

a normal distribution with a zero mean and a variance „ . 

ὡ ὔͯπȟ„ ȟ 

ὴὼȟὌ ὔͯπȟ„  

ὴὼȟὌ ὔͯ‘ȟ„  , ‘ πȢ 

 

Figure 3.16: Neyman-Pearson Hypothesis decision. 
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The likelihood ratio test takes the form: 

ὴὼȟὌ

ὴὼȟὌ
ṇ  ‎ 

(3.32) 

Under the previous assumptions the likelihood test is expressed as following: 

ρ

Ѝς“„
ÅØÐ 

‘ ὼ
ς„

ρ

Ѝς“„
ÅØÐ 

ὼ
ς„

ṇ  ‎ 

(3.33) 

Which we can simplify under the previous assumptions to the form: 

ὼṇ =‎ (3.33) 

The ὖ and ὖ  can then be expressed like follows: 

ὖ ὖὶὼ ‎ȠὌ
ρ

Ѝς“„
ÅØÐ 

ὼ

ς„
Ὠὼ ὗ

‎

Ѝ„
 

(3.34) 

Where the Q-function is an invertible function called the tail distribution function of the standard 

normal distribution and defined as follows: 

If Y ὔͯ‘ȟ„  ,the standard normal distribution is 8  and ὖὶὣ ώ ὖὶὢ ὼ ὗὼ 

where                  

ὗὼ
ρ

Ѝς“
ÅØÐ 

ὼ

ς
Ὠὼ 

(3.35) 

                   

Similarly, the probability of detection can be expressed as follows: 

ὖ ὖὶὼ ‎ȠὌ
ρ

Ѝς“„
ÅØÐ 

ὼ

ς„
Ὠὼ ὗ

‎ ‘

Ѝ„
 

(3.35) 

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

ὖ ὖὶὼ ‎ȠὌ ὗὗ ὖ                
(3.36) 

Where    the signal to noise ratio. 

Hence, for a fixed ὖ  , using the Neyman-Pearson theorem, the optimal threshold ‎ is decided 

such that the probability of detection ὖ is maximized. Furthermore, if N signals are integrated, 

the probability of detection is:  
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ὖ ὖὶὼ ‎ȠὌ
ρ

Ѝςὔ“„
ÅØÐ 

ὼ

ςὔ„
Ὠὼ ὗ

‎ ὔ‘

Ѝ„
ὗὗ ὖ

ὔ‘

„
 

(3.36) 

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 illustrated in Figure 

3.17.   

 

Figure 3.17: 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 detection. 

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 target detection, 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, second phase starts 

once a target 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 next emission cycle. The described approach is 

summarized in Figure 3.18. 
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Figure 3.18: Flowchart of cognitive radar cycle. 
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3.4 Multiple model tracking algorithms 
3.4.1 Introduction 

The Multiple-model 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 maneuvering target using one model may 

not be resourceful. Therefore, the maneuver scenario is depicted as a hybrid system where multiple 

motion models are combined. In this work, the multiple model tracking approach is considered to 

implement the reasoning block of the proposed 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. Multiple-model tracking algorithms run on 

multiple filters that model the different possible maneuvers and then fuses their estimates into one 

accurate target state estimate. Figure 3.19 describes the scenario where a flying target goes over 

three different kinematic models; it starts off with a constant velocity motion followed by a 

coordinated turn to end with a constant acceleration motion.  

 

Figure 3.19: Target simulated trajectory. 
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Based on the target trajectory description, it is obvious that modeling the target motion using one 

kinematic model wonôt be descriptive of all the portions of the target flight trajectory. Intuitively, 

using a multiple model approach holds better potential to track 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 model 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 (IMM)[23] is used to 

simulate the second tracker. The simulation target tracking error in meters is shown in Figure 3.20 

which confirms the intuitive assumption. During the constant velocity portion of the trajectory, 

both trackers exhibited similar performance, however during the turn maneuver, the CV-tracker 

failed to track the target position with precision as well as during the constant acceleration portion. 

On the other hand, the multi-model tracker has shown good tracking precision during all the 

maneuver phases of the target. 

 

Figure 3.20: Target tracking error comparison. 

In multi-model-based algorithm, multiple kinematic models interact to describe different possible 

target motions and maneuvers. The MM tracker runs a Kalman filter for each of the three models 

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

individual filters weighted by their model probabilities. Figure 3.21 shows the model probabilities 
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variation during the target movement.   

 

Figure 3.21: IMM model probabilities 

To model the dynamic system, we assume that the state evolves as a first-order Markov random 

process, in other words, the state at the next time period relies only on the current state of the 

system. Hence, we model the target motion by: 

‪ ὃ‪ ύ  (3.29) 

where ‪  is the state at time k-1, A is the state transition matrix which relates the state at the 

previous time k-1 to the states at the current step k, and ύ  is the process noise. We also assume 

that the state observation can be governed through a measurement model that can be represented 

by the following observation equation: 

ᾀ Ὄ‪ ὺ (3.30) 

where ᾀ denotes the measurement, vector made at time k, ‪  is the state at time k, H is the 

observation matrix and ὺ is an additive measurement noise. 

The state vector ‪  is defined to fully describe the target at any step k as: 

   ‪  ὴ ὴ ὴ ὺ ὺ ὺ ὥ ὥ ὥ  (3.28) 

 

where ὴȟὴȟὴ represents respectively the target position along the x, y, and z axes, ὺȟὺȟὺ are 

the corresponding velocities and ὥȟὥȟὥ are the corresponding accelerations. 

 



49 
 

 

3.4.2 Target Kinematic models 

 

a. Constant Velocity Model (CV) 

The CV model assumes 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: 

ἋἍἤ

ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
ợ
ρ π π Ὕ π π π π π
π ρ π π Ὕ π π π π
π π ρ π π Ὕ π π π
π π π ρ π π Ὕ π π
π π π π ρ π π Ὕ π
π π π π π ρ π π Ὕ
π π π π π π ρ π π
π π π π π π π ρ π
π π π π π π π π ρỨ

ủ
ủ
ủ
ủ
ủ
ủ
ủ
Ủ

 

 

b. Constant Acceleration Model (CA) 

The CV model assumes that the target motion is characterized by a constant acceleration (the 

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

ἋἍἋ

ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
ợρ π π Ὕ π π

Ὕ

ς
π π

π ρ π π Ὕ π π
Ὕ

ς
π

π π ρ π π Ὕ π π
Ὕ

ς
π π π ρ π π Ὕ π π
π π π π ρ π π Ὕ π
π π π π π ρ π π Ὕ
π π π π π π ρ π π
π π π π π π π ρ π
π π π π π π π π ρỨ

ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
Ủ

 

 

c. Horizontal coordinated turn (HCT) 

The HTC model assumes that the target 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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ἋἒἍἢ

ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
ợ
ρ π π ÓÉÎ‫ὝȾ‫ ÃÏÓ‫Ὕ ρȾ‫ π π π π

π ρ π ÃÏÓ‫Ὕ ρȾ‫ ÓÉÎ‫ὝȾ‫ π π π π
π π ρ π π ρ π π π
π π π ÃÏÓ‫Ὕ ÓÉÎ‫Ὕ π π π π
π π π ÓÉÎ‫Ὕ ÃÏÓ‫Ὕ π π π π
π π π π π ρ π π π
π π π π π π ρ π π
π π π π π π π ρ π
π π π π π π π π πỨ

ủ
ủ
ủ
ủ
ủ
ủ
ủ
Ủ

 

 

d. Singer Model 

The singer model assumes that the target acceleration is a zero-mean stationary first-order 

Markov process. In this model the target acceleration varies exponentially with respect to the 

maneuver time constant Ű. The Singer model dynamics matrix A is defined as: 

ἋἡἱἶἯἭἺ

ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
ợρ π π Ὕ π π † ρ

ρ

†
Ὕ Ὡ π π

π ρ π π Ὕ π π † ρ
ρ

†
Ὕ Ὡ π

π π ρ π π Ὕ π π † ρ
ρ

†
Ὕ Ὡ

π π π ρ π π †ρ Ὡ π π

π π π π ρ π π †ρ Ὡ π

π π π π π ρ π π †ρ Ὡ

π π π π π π Ὡ π π

π π π π π π π Ὡ π

π π π π π π π π Ὡ Ứ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
Ủ

 

 

e. The Three-dimensional coordinated turn model (3DCT) 

Unlike the HCT model, the 3DCT model assumes that the target is performing maneuvers in the 

3D space rather than in the horizontal plane. The 3DCT model dynamics matrix A is defined as: 

3.5.1 Ἃ ἎἍἢ= 

ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
Ụ
ợρ π π π π π π

π ρ π π π π π

π π ρ π π π π

π π π ÃÏÓ‫Ὕ π π ÓÉÎ‫Ὕ π π
π π π π ÃÏÓ‫Ὕ π π ÓÉÎ‫Ὕ π
π π π π π ÃÏÓ‫Ὕ π π ÓÉÎ‫Ὕ
π π π ÓÉÎ‫Ὕ π π ÃÏÓ‫Ὕ π π
π π π π ÓÉÎ‫Ὕ π π ÃÏÓ‫Ὕ π
π π π π π ÓÉÎ‫Ὕ π π ÃÏÓ‫ὝỨ

ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
ủ
Ủ
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3.4.3 The Autonomous multiple models: AMM 

The autonomous multiple models [19]  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 algorithm: autonomous multiple models. Each Kalman filter run with the initial 

condition appropriate to each model (i) (ⱶ▓ ȿ▓
░ȟ╟▓ ȿ▓

░). The final output of the tracking 

algorithm is the sum of the outputs of all the individual filters multiplied by their model 

probabilities. The model probabilities are calculated as following  

   ʈ
   ʈ    ,

В    ʈ    ,ᶰ

 
(3.29) 

Where ,  is the likelihood of model (i) which under Gaussian assumption is given by: 

   , ḯὴᾀǿ ά ȟᾀ
Ὡ

ȿς“Ὓ ȿȾ
 

(3.30) 

Where ᾀǿ is the measurement prediction error and Ὓ is its covariance.  

In Table 3.4 the complete cycle of the AMM algorithm is described and the algorithm diagram is 

presented in Figure 3.22.  

 

Figure 3.22: AMM algorithm diagram. 
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1- Model-conditioned filtering 

0ÒÅÄÉÃÔÉÏÎ ÏÆ ÃÕÒÒÅÎÔ ÓÔÁÔÅ: ⱶ▓ȿ▓
░ ═ⱶ▓ ȿ▓

░
 

#ÏÖÁÒÉÁÎÃÅ ÐÒÅÄÉÃÔÉÏÎ: ╟▓ȿ▓
░  ═╟▓ ȿ▓

░═╣ ἌἝ║╣ 

Filter gain:  ╚ ╟▓ȿ▓ ╗
╣Ⱦ╗╟▓ȿ▓ ╗

╣ ╠○ 

State estimate correction:ⱶ▓ȿ▓
░ ⱶ▓ȿ▓ ▓╩▓ ╗ⱶ▓ȿ▓      

Update Posterior state covariance: ╟▓ȿ▓ ╘ ╚╗╟▓ȿ▓         

2- Model probability update 
Model likelihood: ╛▓

░ ︣ ╩▓ ╗ⱶ▓ȿ▓ ȠȠ╗╟▓ȿ▓ ╗
╣ ╠○  

Model probability: Ⱨ▓
░ Ⱨ▓

░╛▓
░ȾВ Ⱨ▓ ╛▓  

3- Estimate fusion  
Overall estimate: ⱶ▓ȿ▓ Вⱶ

░
▓ȿ▓
Ⱨ▓
░

▒  

Overall covariance: ╟▓ȿ▓ В ╟░▓ȿ▓  ⱶ▓ȿ▓ ⱶ░
▓ȿ▓▒ ⱶ▓ȿ▓ ⱶ░

▓ȿ▓
ᴂ Ⱨ▓

░ 

 

Table 3.4: AMM full cycle. 

3.4.4 The Interacting multiple model: IMM 

The IMM [23] algorithm is one of the most cost-efficient trackers for single maneuvering targets 

and can easily be integrated with other algorithms for multiple-target tracking solutions. It runs 

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 calculated based on the probability 

that mode (j) was true at time k-1 and the probability that mode (i) will be true at time k. The 

mixing probabilities is given by: 

‘ ȿ 
“‘

‘ȿ
 

(3.31) 

With 

‘ȿ  “‘  
(3.32) 

In Table 3.5 the complete cycle of the IMM algorithm is described and the algorithm diagram is 

presented in Figure 3.23. 
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Figure 3.23: IMM sequence outline. 

1- Model-conditioned reinitialization (i=1,2 é M) 
Predicted model probability: Ⱨ▓ȿ▓

░ ВⱫ▒░Ⱨ▓
▒

▒  

Mixing Weight: Ⱨ▓
▒ȿ░ Ⱬ▒░Ⱨ▓

▒ȾⱧ▓ȿ▓
░ 

Mixing estimate: ⱶ▓ ȿ▓
░ Вⱶ▒

▓ ȿ▓
Ⱨ▓

▒ȿ░
▒  

Mixing covariance:╟▓ ȿ▓
░ В ╟▒▓ ȿ▓  ⱶ▓ ȿ▓

░ ⱶ▒
▓ ȿ▓▒  ⱶ▓ ȿ▓

░ ⱶ▒
▓ ȿ▓

ᴂ Ⱨ▓
▒ȿ░ 

2- Model-conditioned filtering 

0ÒÅÄÉÃÔÉÏÎ ÏÆ ÃÕÒÒÅÎÔ ÓÔÁÔÅ: ⱶ▓ȿ▓
░ ═ⱶ▓ ȿ▓

░
 

#ÏÖÁÒÉÁÎÃÅ ÐÒÅÄÉÃÔÉÏÎ: ╟▓ȿ▓
░  ═╟▓ ȿ▓

░═╣ ἌἝ║╣ 

Filter gain:  ╚ ╟▓ȿ▓ ╗
╣Ⱦ╗╟▓ȿ▓ ╗

╣ ╠○ 

State estimate correction:ⱶ▓ȿ▓
░ ⱶ▓ȿ▓ ▓╩▓ ╗ⱶ▓ȿ▓      

Update Posterior state covariance: ╟▓ȿ▓ ╘ ╚╗╟▓ȿ▓         

3- Model probability update 
Model likelihood: ╛▓

░ ︣ ╩▓ ╗ⱶ▓ȿ▓ ȠȠ╗╟▓ȿ▓ ╗
╣ ╠○  

Model probability: Ⱨ▓
░ Ⱨ▓ȿ▓

░╛▓
░ȾВ Ⱨ▓ȿ▓ ╛▓  where Ⱨ▓ȿ▓

░ В Ⱨ▓ȿ▓
▒╛▓
▒

▒ɴ╜  

4- Estimate fusion  
Overall estimate: ⱶ▓ȿ▓ Вⱶ

░
▓ȿ▓
Ⱨ▓
░

▒  

Overall covariance: ╟▓ȿ▓ В ╟░▓ȿ▓  ⱶ▓ȿ▓ ⱶ░
▓ȿ▓▒ ⱶ▓ȿ▓ ⱶ░

▓ȿ▓
ᴂ Ⱨ▓

░ 

 

Table 3.5: IMM full cycle. 

3.4.5 Generalized Pseudo-Bayesian first and second order: GPB1 and GPB2 

The first-order generalized pseudo-Bayesian algorithm (GPB1)[24], like the AMM runs each 

Kalman filter under the initial condition from the overall estimate from the previous time-step 

(ⱶ▓ ȿ▓ ȟ╟▓ ȿ▓ ) , 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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‘  
‘ȿ ὒ

В ‘ȿ ὒᶰ

 
(3.31) 

Where  

‘ȿ  ‘ȿ ὒ

ᶰ

 
(3.31) 

In Table 3.6 the complete cycle of the GPB1 algorithm is described and the algorithm diagram is 

presented in Figure 3.24.  

 

Figure 3.24: GPB1 Sequence diagram. 

4- Model-conditioned filtering 

0ÒÅÄÉÃÔÉÏÎ ÏÆ ÃÕÒÒÅÎÔ ÓÔÁÔÅ: ⱶ▓ȿ▓
░
 ═ⱶ▓ ȿ▓  

#ÏÖÁÒÉÁÎÃÅ ÐÒÅÄÉÃÔÉÏÎ: ╟▓ȿ▓
░  ═╟▓ ȿ▓ ═

╣ ἌἝ║╣ 

Filter gain:  ╚ ╟▓ȿ▓ ╗
╣Ⱦ╗╟▓ȿ▓ ╗

╣ ╠○ 

State estimate correction:ⱶ▓ȿ▓
░
 ⱶ▓ȿ▓ ▓╩▓ ╗ⱶ▓ȿ▓      

Update Posterior state covariance: ╟▓ȿ▓ ╘ ╚╗╟▓ȿ▓         

5- Model probability update 
Model likelihood: ╛▓

░ ︣ ╩▓ ╗ⱶ▓ȿ▓ ȠȠ╗╟▓ȿ▓ ╗
╣ ╠○  

Model probability: Ⱨ▓
░ Ⱨ▓ȿ▓

░╛▓
░ȾВ Ⱨ▓ȿ▓ ╛▓  where Ⱨ▓ȿ▓

░ В Ⱨ▓ȿ▓
▒╛▓
▒

▒ɴ╜  

6- Estimate fusion  
Overall estimate: ⱶ▓ȿ▓ Вⱶ

░
▓ȿ▓
Ⱨ▓
░

▒  

Overall covariance: ╟▓ȿ▓ В ╟░▓ȿ▓  ⱶ▓ȿ▓ ⱶ░
▓ȿ▓▒ ⱶ▓ȿ▓ ⱶ░

▓ȿ▓
ᴂ Ⱨ▓

░ 

 

Table 3.6: GPB1 full cycle. 
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The second-order generalized pseudo-Bayesian (GPB2)[25] of order M maintains M filtered 

state estimates ⱶ▓ȿ▓
▒

 and covariances ╟▓ȿ▓
▒

 and mode probabilities Ⱨ▓ȿ▓
▒

. 

For each of the M estimates M conditional filters are run for each possible model transitions 

resulting in a total of ὓ  filters. Then the updated estimates that end with the same model are 

merged. An example of a GPB2 of order 2 diagram is shown in Figure 3.25. and the complete 

cycle of the GPB2 algorithm of order M is detailed in Table 3.7. 

 

Figure 3.25: GPB2 sequence outline. 

1- Model-conditioned filtering 
0ÒÅÄÉÃÔÉÏÎ ÏÆ ÃÕÒÒÅÎÔ ÓÔÁÔÅ: ⱶ▓ȿ▓

░▒ ═▒ⱶ▓ ȿ▓
░
 

#ÏÖÁÒÉÁÎÃÅ ÐÒÅÄÉÃÔÉÏÎ: ╟▓ȿ▓
░▒  ═▒╟▓ ȿ▓

░═▒
╣ ║▒Ἕ║▒

╣ 

Filter gain: ╚░▒ ╟▓ȿ▓
░╗╣Ⱦ╗░▒╟▓ȿ▓ ╗░▒

╣
╠○ 

State estimate correction:ⱶ▓ȿ▓
░▒ ⱶ▓ȿ▓

░▒ ▓╩▓ ╗ⱶ▓ȿ▓      

Update Posterior state covariance: ╟▓ȿ▓
░▒ ╘ ╚░▒╗░▒╟▓ȿ▓

░▒        

2- Model-conditioned reinitialization (i=1,2 é M) 
Predicted model probability: Ⱨ▓ȿ▓

░ Вὒ▓
░▒Ⱬ▒░Ⱨ▓

▒
▒  

Mixing Weight: Ⱨ▓ ȿ▓
▒ȿ░ ὒ▓

░▒Ⱬ▒░Ⱨ▓
▒ȾⱧ▓ȿ▓

░ 

Mixing estimate: ⱶ▓ȿ▓
░
 Вⱶ░▒

▓ȿ▓
Ⱨ▓ ȿ▓

▒ȿ░
▒  

Mixing covariance:╟▓ȿ▓
░
 В ╟▒░▓ȿ▓  ⱶ▓ȿ▓

░
ⱶ▒░
▓ȿ▓▒  ⱶ▓ȿ▓

░
ⱶ▒░
▓ȿ▓
ᴂ Ⱨ▓ ȿ▓

▒ȿ░ 

3- Model probability update 

Model likelihood: ╛▓
░ ︣ ╩▓ ╗░▒ⱶ▓ȿ▓

░▒ȠȠ╗░▒╟▓ȿ▓
░▒╗░▒

╣
╠○  

Model probability: Ⱨ▓
░ Ⱨ▓ȿ▓

░╛▓
░ȾВ Ⱨ▓ȿ▓ ╛▓  where Ⱨ▓ȿ▓

░ В Ⱨ▓ȿ▓
▒╛▓
▒

▒ɴ╜  

4- Estimate fusion  
Overall estimate: ⱶ▓ȿ▓ Вⱶ

░
▓ȿ▓
Ⱨ▓
░

▒  

Overall covariance: ╟▓ȿ▓ В ╟░▓ȿ▓  ⱶ▓ȿ▓ ⱶ░
▓ȿ▓▒ ⱶ▓ȿ▓ ⱶ░

▓ȿ▓
ᴂ Ⱨ▓

░ 

 

Table 3.7: 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 (AECM)[27]. The RIMM 

algorithm is similar to the IMM algorithm and follows the same four-step cycle structure however 

it has a different mixing formula and a different estimate fusion formula, also the input mixing is 

performed after model-conditioned prediction for all possible transitions (j,i) which requires ὓ  

predictions. A full cycle of the RIMM algorithm is described in Table 3.8. the algorithm diagram 

is presented in Figure 3.26. 

 

 

Figure 3.26: RIMM algorithm diagram. 

 

1- Model-ŎƻƴŘƛǘƛƻƴŜŘ ŦƛƭǘŜǊ ǳǇŘŀǘŜ ǊŜƛƴƛǘƛŀƭƛȊŀǘƛƻƴ όƛҐмΣн Χ aύ 

a. Model conditioned prediction probability 
Predicted model probability: Ⱨ▓ȿ▓

░ ВⱫ▒░Ⱨ▓
▒

▒  

Mixing Weight: Ⱨ▓
▒ȿ░ Ⱬ▒░Ⱨ▓

▒ȾⱧ▓ȿ▓
░ 

b. Model conditioned prediction for every transition (j,i) 

Mixing covariance:╟▓ȿ▓
▒ȟ░ 

Ⱬ▒░

Ⱨ▓ȿ▓
░═
░╟▓ ȿ▓

▒
═░
╣
+ ║░Ἕ║░

╣
   

Mixing estimate: ⱶ▓ȿ▓
▒ȟ░ ═░╟▓ ȿ▓

▒
═░
╣
 

Predicted state:  Ⱨ▓ȿ▓
░ ╟▓ȿ▓

░В╟▓ȿ▓
▒ȟ░

▒ ⱶ▓ȿ▓
▒ȟ░Ⱨ▓

▒ȿ░ 

Predicted covariance: ╟▓ȿ▓  В╟▓ȿ▓
▒ȟ░ Ⱨ▓

▒ȿ░
▒  
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2- Model-conditioned filtering 
0ÒÅÄÉÃÔÉÏÎ ÏÆ ÃÕÒÒÅÎÔ ÓÔÁÔÅ: ⱶ▓ȿ▓

░ ═ⱶ▓ ȿ▓
░
 

#ÏÖÁÒÉÁÎÃÅ ÐÒÅÄÉÃÔÉÏÎ: ╟▓ȿ▓
░  ═╟▓ ȿ▓

░═╣ ἌἝ║╣ 

Filter gain:  ╚ ╟▓ȿ▓ ╗
╣Ⱦ╗╟▓ȿ▓ ╗

╣ ╠○ 

State estimate correction:ⱶ▓ȿ▓
░ ⱶ▓ȿ▓ ▓╩▓ ╗ⱶ▓ȿ▓      

Update Posterior state covariance: ╟▓ȿ▓
░ ╘ ╚╗╟▓ȿ▓         

3- Model probability update 
Model likelihood: ╛▓

░ ︣ ╩▓ ╗ⱶ▓ȿ▓ ȠȠ╗╟▓ȿ▓ ╗
╣ ╠○  

Model probability: Ⱨ▓
░ Ⱨ▓ȿ▓

░╛▓
░ȾВ Ⱨ▓ȿ▓ ╛▓  where Ⱨ▓ȿ▓

░ В Ⱨ▓ȿ▓
▒╛▓
▒

▒ɴ╜  

4- Estimate fusion  
Overall covariance: ὖ▓ȿ▓  В ╟▓ȿ▓

░
▒ Ⱨ▓

░ 

Overall estimate: ⱶ▓ȿ▓ ὖ▓ȿ▓В ╟▓ȿ▓
░

▒ ⱶ▓ȿ▓
░Ⱨ▓

░
 

 

Table 3.8: RIMM full cycle. 

 

3.4.7 IMM based cognitive algorithm (CR-IMM)  

 

Using the IMM algorithm the target position is estimated precisely over time. To deliver the most 

optimal waveform for the next radar cycle, the IMM estimations are used to optimize the next 

waveform. The memory block is the short-term 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 compares the measured position to the IMM estimations to assess the target position 

estimation precision. The goal is the minimize the mean squared error MSE: 

ὓὛὉ Ὁ ⱶ▓ȿ▓ ╩▓  

A full cycle of the IMM based cognitive radar (CR-IMM) is described in Table 3.5. 
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1- Model-conditioned reinitialization (i=1,2é.M 

Predicted model probability: Ⱨ▓ȿ▓
░ ВⱫ▒░Ⱨ▓

▒
▒  

Mixing Weight: Ⱨ▓
▒ȿ░ Ⱬ▒░Ⱨ▓

▒ȾⱧ▓ȿ▓
░ 

Mixing estimate: ⱶ▓ ȿ▓
░
 Вⱶ▒

▓ ȿ▓
Ⱨ▓

▒ȿ░
▒  

Mixing covariance:╟▓ ȿ▓
░
 В ╟▒▓ ȿ▓  ⱶ▓ ȿ▓

░
ⱶ▒
▓ ȿ▓▒  ⱶ▓ ȿ▓

░

ⱶ▒
▓ ȿ▓

ᴂ Ⱨ▓
▒ȿ░ 

2-Model-conditioned Filtering (i=1,2éM) 

ἜἺἭἬἱἫἼἱἷἶ ἷἮ ἫἽἺἺἭἶἼ ἻἼἩἼἭ: ⱶ▓ȿ▓
░ ═ⱶ▓ ȿ▓

░
 

ἍἷἾἩἺἱἩἶἫἭ ἸἺἭἬἱἫἼἱἷἶ: ╟▓ȿ▓
░  ═╟▓ ȿ▓ ═

╣ ἌἝ║╣ 

Filter ἯἩἱἶȡ ╚ ╟▓ȿ▓ ╗
╣Ⱦ╗╟▓ȿ▓ ╗

╣ ╠○ 

State estimate correction:ⱶ▓ȿ▓
░ ⱶ▓ȿ▓ ▓╩▓ ╗ⱶ▓ȿ▓      

Update Posterior state covariance: ╟▓ȿ▓ ╘ ╚╗╟▓ȿ▓         

3-Model probability update (i=1,2éM) 

Model likelihood: ╛▓
░ ︣ ╩▓ ╗ⱶ▓ȿ▓ ȠȠ╗╟▓ȿ▓ ╗

╣ ╠○  

Model probability: Ⱨ▓
░ Ⱨ▓ȿ▓

░╛▓
░ȾВⱧ▓ȿ▓

▒
▒ ╛▓

▒ 

4-Estimate error: 

System error: ╜╢╔ ╔ ⱶ▓ȿ▓ ╩▓  (for i > 1) 

5-Estimate fusion: 

Overall estimate: ⱶ▓ȿ▓ Вⱶ
░
▓ȿ▓
Ⱨ▓
░

▒  

Overall covariance: ╟▓ȿ▓ В ╟░▓ȿ▓  ⱶ▓ȿ▓ ⱶ░
▓ȿ▓▒ ⱶ▓ȿ▓ ⱶ░

▓ȿ▓
ᴂ Ⱨ▓

░ 

6- Waveform design 

Range update: ╡ ⱶ▓ȿ▓ ⱶ▓ȿ▓ ⱶ▓ȿ▓  

Pulse repetition frequency update: ╟╡╕
╒

╡
 

Find the optimal number of pulses to integrate N:  

╣╝
╟◄╖ⱦ╝Ɑ

Ⱬ ȿ Ᵽ▓ȿ
 ṇ╝
╝ ╡╞╒╟╓ȟ╟█╪   

Compute the new threshold: ♬ ЍⱭ╠ ╟╕═Ѝ╝ 

Update scan angles: [Ᵽ▓ȟⱴ▓]: 

 ⱴ▓ ⱴ
╟◑

╟●
 

 Ᵽ▓ Ᵽ
╟◐

ȿ╟◐ȿ
ἫἷἻ

╟●

╟● ╟◐ ╟◑ ἫἷἻⱴ

 

Table 3.9: 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 speed 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 to ends with a constant speed linear motion. The cognitive 

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

algorithm as well (PAR-IMM). The simulation initial parameters are specified in Table 3.10. 

Parameter  Value 
Max Tx Power 1000 W 

Number of integrated pulses 1 

Target initial coordinates [105000; 46000; 20] 

Target initial range 100700 meters 

Table 3.10:Simulation initial parameters. 

The simulation initial parameters and the track scenario were designed to test the proposed 

algorithmôs capacity to adaptively change the waveform parameters and observe its effect on the 

tracking performance. The simulation aims to highlight the difference in performance between the 

proposed cognitive radar and conventional radars especially in terms of addressing the radars 

limitations mentioned in the motivation section of this chapter. As the target range increases, the 

maximum attainable range corresponding 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 in Table 3.10. 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 noise ratio (SNR) required for 

detection. The target tracking performance is illustrated in Figure 3.27. 
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Figure 3.27: Radar maximum attainable range for different number if integrated pulses. 

 

 

Figure 3.28: 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 well as maneuver 

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 number of integrated pulses N. In the 
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proposed algorithm, we keep track 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 simulation, the CR successfully increases the number of pulses N when the target 

reaches the maximum range, whereas the target was lost without doing so. Figure 3.33 shows the 

update of the number of integrated pulses N during the simulation. Figure 3.28-32 illustrate clearly 

the positive effect of waveform optimization on the radar tracking performance; other than the 

avoidance of the target loss, the IMM-based cognitive radar algorithm exhibits smaller tracking 

error along the x-axis and the y-axis. Quantitatively, Table 3.11 shows an improved tracking error 

along both axis where the average tracking error along the x axis is around 78 meters for the CR-

IMM compared to 209 m along the y-axis for the IMM algorithm. Similarly, CR-IMM exhibits 

better results along the y-axis with an improved average tracking error from 1255 m for the IMM 

to 147 meters. 

 

Figure 3.29:Tracking target position along X axis. 
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Figure 3.30:Target tracking error along X axis 

 

Figure 3.31: Target tracking along Y axis. 
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Figure 3.32: Target tracking error along Y axis. 

 

Figure 3.33: CR Optimizing the number of integrated pulses. 

The tracking performance of the proposed algorithm is summarized in Table 3.11. 

 IMM CR-IMM 

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

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

Track loss (range) 121100 m NA 

Table 3.11: Target tracking performance comparison. 
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Figure 3.33 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 when the target 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 beamwidth of a few degrees. Although this is 

suitable for early warning roles, it doesnôt reach the required precision for target tracking which is 

in the orders of a tenth of a degree. To attain such a beamwidth, it is essential to use large array 

antennas which is usually 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 the target elevation 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 degree. Figure 3.34 shows the performance comparison in the target azimuth 

angle estimation between the IMM algorithm and the IMM-based cognitive radar algorithm. The 

improvement of target angle estimation improves drastically the target position estimation which 

is demonstrated in Figure 3.28. 

 

Figure 3.34: Target angle estimation. 
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Figure 3.35: 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 continuously. Figure 3.35 shows that the PFR is decreased in 

response to an increase in target range and on the contrary the PRF is increased when the target 

range decreases. This guarantees that every transmitted pulse is getting 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 unambiguous 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 

phenomena. Figure 3.36 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 the target tracking and detection by avoiding false range 

measurements due to range folding. 
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Figure 3.36: Target response interference without waveform optimization. 

In summary, we have shown that optimizing the radar parameters improves the performance of 

CRs, for instance, deciding 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 reduces drastically the 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 CR-IMM outperforms the IMM algorithm with the application in radar target 

tracking by optimizing the radar waveform. Furthermore, we test the CR-IMM algorithm against 

three of the most known multiple models tracking algorithms: AMM, RIMM and GPB2 using the 

same flight trajectory described previously and the initial parameters described in Table 3.12. 

 

 

Parameter  Value 

Max Tx Power 1000 W 

Number of integrated pulses 1 

Target initial coordinates [28000; 10000; 20] 

Target initial range 29700 meters 

Table 3.12:Simulation initial parameters. 
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Figure 3.37:Target tracking error along x-axis. 

 

Figure 3.38: Target tracking error along y-axis. 

 

The simulation results revealed a good performance of the CR-IMM algorithm 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 update the IMM algorithm which 
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makes them superior algorithms to the IMM algorithm, however, the IMM-based cognitive radar 

algorithm resulted in a better performance with less computational complexity. To compare the 

algorithmsô complexity, the time required to finish 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, however, they come with a heavy computational cost as shown in Figure 3.39. The 

AMM algorithm is the least computationally demanding however it is the least accurate as 

observed in Figure 3.37 and Figure 3.38.CR-IMM is slightly more complex than the IMM 

algorithm and requires more computational time, which is expected because CR-IMM runs on the 

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

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

 

Figure 3.39: 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 to the radar parameters in an autonomous way to guarantee the 

best performance. In this context, CRôs are considered self-controlled and self-adjusted systems, 

where all acts are preceded by a full awareness of the surrounding environment.  
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CRôs provide a tactical supremacy over the target, 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 radars, CRôs are designed to lead the target. CRôs can concentrate the 

power and time towards the estimated direction of the target. Hence CRôs prove a superiority over 

conventional radars in terms of reducing the target revisit time, which means CRôs can provide 

updates about the target faster and more frequently than conventional radars. Figure 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.  

CRôs also provide an example of adequate usage of valuable energy, as it refines the radar scan 

schedule and redirects the transmit energy accurately towards the target, avoiding the unnecessary 

use of energy in other directions. Figure 3.40 illustrates a comparison between CRôs and 

Conventional radars in terms of the percentage of energy used to successfully intercept a target. 

Conventional radars follow 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, CRôs concentrate all the energy towards the target during active tracking which 

results in a successful interception for every transmitted pulse. Figure 3.40 shows that Cognitive 

radars and conventional phased array antennas start off in a similar way by scanning the entire 

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

redefines the scan schedule to shoot directly towards the target whereas the phased array radar 

continues following the predefined scan schedule. Figure 3.40 presents two runs of simulation, 

with a varying predefined scan step. In the first run, the scan step is set as 0.5 degrees whereas the 

second run the scan step is 1 degree. A smaller scan step results in a longer time to localize the 

target and redefine the scan schedule for the cognitive radar. However, in both cases, after 

redefining the scan schedule by targeting the flying object, the cognitive radar successfully 

redirects all the energy for 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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Figure 3.40: CR compared to conventional phased array radars. 

 

Figure 3.41: 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 growing technology 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 variable levels of 

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 decrease the uncertainty 

of the whole system. Data fusion is a very broad term that encompasses many algorithms and 

techniques form which we can state the following: 

¶ Probabilistic data fusion: which relies on the probability density function of the 

observation. The essence of this method is the application of the Bayes estimator to 

combine fragments of information coming from multiple sources. This technique is often 

referred to as ñBayesian fusion ñ 

¶ Central limit theorem (CLT) : In probability, the  CLT suggests that any large number of 

observations can be averaged by a normal distribution. For example, if we toss a dice and 

log which one of the 6 faces it landed on and repeat the process for a big number of times 

the result will indicate that the probabilities of landing the dice on each face are equal. 

¶ The Kalman filter: The use of the Kalman filter (or any of the variations of the Kalman 

filter) is also so common in data fusion, for its simplicity and ease of implementation. 

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

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. Also, radar 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 increase tracking 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 radar central unit 

that we called the radar Cognitive unit (RCU). The RCU will be responsible for collecting the data 
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from both antennas and target tracking. In this work, the CR-IMM algorithm will be considered 

for target tracking and waveform optimization and the Extended Kalman filter will be considered 

for data fusion. Figure 3.42 shows the model of the proposed system: 

 

Figure 3.42: System model. 

The positions of the two antennas must be known because the received echo has target information 

relative to the position of the transmitter and the receiver, therefore the received coordinates must 

be transformed to one coordinate system. Let ᾀ ὖ ȟὖ ȟὖ  be the target position in respect 

to antenna number 1 and ᾀ ὖ ȟὖ ȟὖ   . The radar cognitive unit will convert the two target 

data pieces ᾀ and ᾀ to one coordinate system: 

ᾀ ὖ ὼȟὖ ώȟὖ ᾀ  (3.32) 

ᾀ ὖ ὼȟὖ ώȟὖ ᾀ  (3.33) 

 

3.5.2 The extended Kalman filter application for radar sensor 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 well-established data fusion approach that has been extensively 

studied and tested both theoretically and in real-life applications. 

we can assume that the system can be modeled by the state transition equation: 

ὼ ὃὼ ὄό ύ  (3.34) 
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Where ὼ  is the state at time k+1, A is the state transition matrix which relates the state at the 

previous time k-1 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 represented by the following observation 

equation: 

ᾀ Ὄὼ ὺ 

Where ὤ denotes the measurement, vector made at time k, ὼ is the state at time k, H is the 

observation matrix and ὺ is an additive measurement noise. The measurement vector ὤ will be 

composed of the data coming from both antennas ᾀ, ᾀ. 

The movement of the target is simplified in this work and can be described by the following 

equations: 

ὖ ὖ Ὠὠ

ὖ ὖ Ὠὠ

ὖ ὖ Ὠὠ

 

 

Hence , the state transition matrix is defined as following: 

═
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Ụ
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ợ
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π π ρ
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π Ὠ π
π π Ὠ
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ủ
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The control vector ό and the control matrix B are ignored. 

 

Figure 3.43: The extended Kalman filter outline. 
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3.5.3 Simulation and results 

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 simulation initial parameters are 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 

Table 3.13:Simulation initial parameters. 

 

 

Figure 3.44: Target tracking using CR-IMM algorithm and data fusion. 
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Figure 3.45: Target tracking performance during uniform motion segment. 

 

Figure 3.46: Target tracking performance during maneuver 
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Figure 3.47: Target tracking error along X-axis. 

 

Figure 3.48: Target tracking error along Y-axis 
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Intuitively, radar data fusion can provide a more robust solution with enhanced tracking 

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 that the fused radar system exhibits a lower 

target tracking error along x-axis and y-axis in comparison to both radar 1 and radar 2 separately. 

The simulation results are summarized in Table 3.14 where the average tracking error in meters is 

recorded to illustrate the tracking performance improvement through data fusion.  

 

 Radar 1 Radar 2 Radar1+2 

Average tracking error (m) (X position) 102 m 85 m 42 m 

Average tracking error (m) (Y position) 130 m 126 m 51 m 

Table 3.14: Target tracking performance comparison. 

. 

3.6 Conclusion  
 

In this chapter, we have applied the cognitive architecture 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 conventional radar systems. CRôs are considered self-controlled and self-

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 states of the system. 

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. Although it is 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, tracking, and 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 purpose of comprehension and prediction concerning the complete 

driving task from vehicle control, and safety assessment to full environment awareness especially 

location awareness. Cognitive vehicles differ from self-driving vehicles in a way that they donôt 

just rely on the sensorsô readings 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 processed and 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 work, we attempt to 

present a model that duplicates 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 behavior, each 

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 cognitive 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 aspect to a vehicle. 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 task of self-localization must 

be internal to the cognitive vehicle, which means that all cognitive vehicles should be able to self-

localize autonomously by interacting with the environment without counting on external systems 

such as Global Navigation Satellite Systems (GNSS). the proposed GNSS-free method is 

important on multiple scales; first, the 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 where the GNSS signal such as GPS 
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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 advice to the 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 where GPS 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 he is following the same good driving habits but also it can allow the 

CV to self-drive in conjunction with other control systems that can transform the vehicle 

estimations and decisions into actions such as braking, accelerating and steering the wheel. 

Finally, 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 vehicle model addresses the desired 

capabilities illustrated in the functional description of cognitive vehicles. In this work, the 

interaction with the environment is ensured through the visual stimulus using cameras. The 

connectionist model is primarily considered for scene perception from cameras feed. CRôs also 

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 thoughts and decisions that guarantee the complete driving capability. Figure 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. 

 

Figure 4.1: The proposed cognitive vehicle system model. 
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4.2 Vehicle self-localization 
 

4.2.1 Motivation and proposed solution  

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 vehicle location is an 

essential part of the information component that every cognitive vehicle relies on to build 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 areas. The degradation of the GPS quality is 

often caused by signal reflection off buildings and satellite signal blockage due to tall structures 

and covered areas. These environments usually manifest in big cities with dense traffic and active 

roads which means losing 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 work, we present a system 

that can work independently of the GPS signal for vehicle location estimation. 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 environment, 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 fire hydrants which we call anchors. The choice of static objects as our anchors is 

important to guarantee no drastic changes in the system base knowledge of the environment. The 

problem of the vehicle localization resumes to analyzing the structure of detection of the 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 illustrated in Figure 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 Real-time 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 in both the map creation process and the 

vehicle localization process. Real-time object detection has risen as an integral part of computer 

vision and has been researched intensively in recent years. This big focus has been the result of 

the growing interest 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 RCNN[28], fast-RCNN[29], YOLO [30][31][32], SSD[33]. 

 

Figure 4.2: Vehicle localization model. 

 

4.2.2 Real-time objects detection 

 

The real-time 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 associated as one task of 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 sensory structures of the human body (the retina) and ends by a 

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 receives, integrates 

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 receptive field-specific 
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neurons are fired to trigger the network with a specific hypothesis about the objects in the visual 

stimuli, for example, some 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 tuning [34]. Furthermore, 

the signal to the visual cortex can travel through two different pathways each composed of a 

different category of neurons that differ in size and function. The first pathway projects form 

large neurons called magnocellular, or M-cells, whereas the second one is composed of smaller 

neurons called parvocellular cells or P-cells[35](page 275). Each pathway specializes in specific 

features of the objects in the receptive field. For example, the M-cells specialize to detect 

movement, location, speed and direction whereas P-cells specialize in spatial resolution like 

shape, size, and color [35](page 278). However, this cognitive process is a learning progress 

through experience and interaction with the outer world. That is why the human brain canôt 

recognize objects that it has never been introduced to. For example, a grownup, when seeing a 

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 painful experience before, however, a baby has no perception 

of what fire is when first introduced to it unless 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, it is obvious 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 connectionist stream, Real-time object detection has risen 

as an integral part of computer vision and have been intensively investigated in the literature, and 

many frameworks were proposed over the recent years. however, they fall within two main 

categories. First, the region proposal-based frameworks, where the detection process is carried 

over two separate steps, first, generating the regionôs proposals and then classifying each 

proposal. These methods are computationally expensive therefore have a high inference time. 

Some of the most famous region proposal-based methods are R-CNN[28], Fast R-CNN[29] , 

faster R-CNN[36] and Mask R-CNN[37]. The second category covers the regression-based 

frameworks. These ones are one-step frameworks, 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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detection methods in terms of accuracy and speed, The Single Shot multiBox detector (SSD)[33], 

You Only Look Once (YOLO)[31] and RetinaNet[38].  

In the norms of videography, cameras conventionally capture moving images with an exposure 

of 1/25 second or a frame rate of 25 fps, the choice of one of the above algorithms must consider 

the tradeoff between speed and accuracy. For the purpose of this work, the adequate algorithm 

must process each frame with an inference time of 40ms or less. In Figure 4.3 we notice that the 

above architectures report similar performance in terms of accuracy, with a slight supremacy of 

ReinaNet, however, in terms of their speed, we observe big variance. Although it has the best 

accuracy performance, RetinaNet is not suitable for our application because it requires almost 

double the time of exposure of each video frame. On the other hand, at 320x320 Yolov3 runs as 

accurate as SSD but three times faster. YOLOv3 presides the speed-accuracy 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, YOLOv3 reports 22ms inference time. 

 

Figure 4.3: Performance comparison between the leading object detection frameworks. 

 

YOLO stands for ñYou only look onceò. It is a very fast multi-object detection algorithm that 

was presented for the first time in May 2016[31]. At that time, YOLO presented a new approach 

to object detection, because unlike its competitors DPM and R-CNN, YOLO predicts bounding 

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

network. YOLO reframes the object detection problem as a single regression problem, by looking 
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at the image once, to predict bounding boxes and class probabilities. The YOLO algorithm is 

very simple; it starts with resizing the input image to a standard size (448X448) and then runs a 

single convolutional network and finally thresholds the resulting detections by the modelôs 

confidence. Using this approach, YOLO stands out in comparison to the other trending detection 

algorithms in the sense that unlike sliding window and region proposal 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 and also confidence values for each bounding box (the 

probability that the bounding box contains an object). Grids that donôt contain any objects, will 

still produce a number of predicted bounding boxes, however, their confidence values are very 

low. The bounding boxes with low confidence will be disregarded later through the thresholding 

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 nature, which 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  

class-specific confidence scores for each box which encodes the 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 detection. Yolo network architecture is inspired by googLeNet architecture[39] 

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 GoogLeNet. Furthermore, to reach fast classification 

performance a smaller network with only 9 convolutional layers can be used but with a cost on 

the precision. 
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Figure 4.4: YOLO model Workflow ([31]) 

 

In December 2016, YOLOv2[32] was published. It uses a custom deep architecture darknet-19 

which is a 19-layer 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 the most important features of the state-of-the-art algorithms such as residual 

blocks, skip connection and up-sampling which was all validated by the newest version YOLOv3 

published in April 2018.YOLOv3[30] came with several design changes to address the lack of 

accuracy in comparison to the leading algorithms in that regard especially the SSD algorithm. 

YOLOv3 runs as accurate as SSD but three times faster. YOLOv3 uses Darknet-53 for feature 

extraction, which is a 53-layer network. For the purpose of image detection and an additional 53 

layers are added resulting in a total of 106 layer fully convolutional underlying architecture for 

YOLOv3.The remarkable update that YOLOv3 comes with, is that 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 a tensor encoding bounding 

boxes and class predictions. Feature maps from two layers previous are taken and up-sampled 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. The same process is repeated to predict boxes for the 

third scale. Figure 4.5 illustrates YOLOv3 network architecture. 

 

Figure 4.5: YoloV3 Network Architecture([30]) 

YOLOv3 has not only improved the performance reported in the previous versions but also 

brought the algorithm up to speed in detecting smaller objects thanks to the up-sampled layers in 

concatenation with the previous layers which preserves the fine-grained features. Moreover, 

YOLOv3 predicts 10X the number of boxes predicted by YOLOv2 which explains the 

improvement of precision and taking more time. In comparison to all the other real-time detection 

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 our application. To detect the three different 

anchors of interest we train the YoloV3 architecture on the COCO[40] dataset 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 shown in Figure 4.6.  
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Figure 4.6: Anchors dataset. 

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

three anchors, as a result, Yolov3 trained on the COCO dataset could detect the objects of interest 

from different views with high accuracy as shown in Figure 4.7. 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 images in the 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. 

 

Figure 4.7: Anchors Real-time Detection. 

 

4.2.3 Anchors mapping 

In Figure 4.2 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 first 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, first we have to build the knowledge of the vehicle environment by recognizing the 

different anchors in play associated with their location on the map. In this process, we create a 

database of the anchors which represents the base knowledge of the reference points of the vehicle 

operational environment. The choice of static objects as our anchors is important to guarantee no 

drastic changes in the system base knowledge of the environment. Three parameters are 

considered to create the anchorsô database; first, the anchor type, which indicates the class of the 

anchor from 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 Figure 4.8, is equipped with the following equipment to gather as much information about the 

vehicle environment: 

¶ 1 Pixhawk (GPS+IMU) 

¶ 4 cameras DALSA 

¶ 1 luminosity sensor Yoctopuce 

¶ 1 weather station Yoctopuce (temperature, humidity, pressure) 

 

 

Figure 4.8: Data collection hardware. 

*  https://www.ulaval.ca/en/ 

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 shown in Figure 4.9. 

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

DALSA cameras that are mounted on top of the vehicle as shown in Figure 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 configuring and 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 different modules. This module 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 

doesnôt offer a GUI and starts the data acquisition automatically upon starting the module. 

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 is specified by the 

DataManagmentAcquisitionModule. 

 

Figure 4.9: Data Acquisition framework 
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The complete mapping system framework module is demonstrated in Figure 4.10. 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. 

 

Figure 4.11 describes 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 three kernel matrixes 

shown in 

 

Figure 4.11, and then all the grey pixels are estimated using an interpolation algorithm such as 

Bilinear interpolation. The interpolation results in a fully 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 information is written following the 

pattern shown in Table 4.1. At each frame, the vehicle latitude and longitude are extracted from 

the binary output of the GPS following the presented structure.  

 

Table 4.1: The Pixhawk GPS binary data structure. 

 

Figure 4.10:Anchor mapping framework model. 
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Figure 4.11: Bayer Images demosaicing. 

 

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

has proven both fast 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 as we need a way to 

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 anchors on the 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. The proposed mapping system should 

be able to detect every anchor in the scene, keep track of it and only add it to the database only 

once when it is not in the field of view of the vehicle anymore.  Also, the detected object should 

be added to the database only if the detection occurs on a time window big enough to accumulate 

a certainty factor that exceeds a certain threshold that we defined experimentally; we called this 

threshold the ñdetection thresholdò. The idea is to associate a detection certainty coefficient to 

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 anchor is confirmed, and its location and nature are 

saved in a short-term memory. Once the anchor is not in the field of view the same detection 

certainty factor starts decreasing with a certain factor. Once the detection certainty coefficient 

hits a null value, the associated anchor is added to the database. The 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 updating the database 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 it allows the system to catch up once the anchor is obstructed 

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

that it is detecting another anchor whereas in reality, it is the same anchor. This helps to avoid 

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

 

Figure 4.12: 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 object, the certainty 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 the system 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 hitting a null value, and that is 

when the anchor is added to the database. This proposed approach is described in the algorithmic 

steps shown in Figure 4.13. 
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Figure 4.13: Anchor mapping algorithm. 

The anchor mapping designed framework allows the live visualization of the mapping process at 

each frame, as shown in Figure 4.14 as well as the resulting output of the mapping process by 

plotting the anchors in the database on an interactive map as shown in Figure 4.17. 

 

Figure 4.14: 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 presented in Figure 4.15. 
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The mapping result presented in Figure 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 sign). Figure 4.15 visualizes the mapped anchorsô 

database on a real interactive map. These reported numbers indicate a success rate of 99.988 % 

using the following formula: 

άὥὴὴὭὲὫ ίόὧὧὩίί ὶὥὸὩρππ
ὃ Ὠ ά Ὕ

Ὕ
 

(4.1) 

Where ͼὃͼ is the number of anchors in the database, ͼὝͼ is the true number of anchors, ñὨͼ is the 

number of duplicates in the database and ͼάͼ is the number of misclassified anchors. 

 

Figure 4.15: The mapping predefined route. 
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Figure 4.16: Anchor mapping results. 

 

Figure 4.17: Anchors plotted on Real Map. 

 

4.2.4 Vehicle self-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 anchorsô database. The localization 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 of the 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 work, we propose a method to 

calculate the probability for each anchor under the hypothesis that it is the anchor that the vehicle 

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

Figure 4.18.  

 

Figure 4.18: localization probabilistic approach. 

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

ὖ ρ
Ὡὶὶέὶ

ВὩὶὶέὶ
 (4.2) 

Where óerrorô is the difference between the vehicle heading and the anchor bearing to its nearest 

anchor in the vehicle heading: ὩὶὶέὶȿὬὩὥὨὭὲὫὦὩὥὶὭὲὫȿ and ВὩὶὶέὶ is the sum of all the 

errors corresponding to all the candidate anchors. For example, if the possible locations vector 

contains three anchors ὃ, ὃ and ὃ with the following errors: 3, 7 and 10 degrees, the probability 

of each anchor is calculated as follows: 

ὖ ρ
σ

ςπ
ψυϷ 

ὖ ρ
χ

ςπ
φυϷ 
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ὖ ρ
ρπ

ςπ
υπϷ 

 

 

And hence ὧ 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 than an 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 

coordinates (ὰὥὸȟὰὲὫ) and its nearest anchor with coordinates (ὰὥὸȟὰὲὫ) is calculated as 

follows : 

ὦὩὥὶὭὲὫὥὸὥὲςὣȟὢ (4.3) 

Where 

ὥὸὥὲςὣȟὢ
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(4.4) 

And 

ὢ ÃÏÓὰὥὸzÓÉÎЎ  (4.5) 

ὣ ÃÏÓὰὥὸzÓÉÎὰὥὸÓÉÎὰὥὸzÃÏÓὰὥὸzÃÏÓЎ  (4.6) 

Ў ὰὲὫὰὲὫ (4.7) 

Note that ὢ ὥὲὨ ὣ can both be equal to zero at the same time only if:  

Ў ὰὲὫὰὲὫπ and ὰὥὸὰὥὸ 

Which canôt be satisfied in our application because the bearing is always calculated from a 

current location to different known locations and therefore the result of equation (4.4) is always 

defined. 
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 Once the vehicle location is confirmed the next expected anchor is deduced from the anchorsô 

database and the vehicle heading. On every anchor detection, the detected anchor is compared 

against the next expected anchor. 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 

anomaly, where the detected anchor and the expected one donôt match, two anomalies are 

recognized: 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 placed. The second 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 has to be changed 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 anchors will  have increased weight every time they are 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 decreasing it every 

time it is missed and eventually its weight will be lower than 80% and hence it wonôt be a part of 

the anchor map anymore. Anchors can be missed for multiple reasons such as being obstructed by 

other vehicles as illustrated in Figure 4.19, or also if the anchor is removed from the scene.  In the 

first case, the weight of the anchor is reduced by a certain empirical factor however it will remain 

higher than 80% but in the second case the anchor is removed which implies that the vehicle will 

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

removed from the database. 
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Figure 4.19: 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, it 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 distance ódô towards a certain bearing ɗ. A graphical illustration of the 

problem definition is in Figure 4.20-B. 

 

Figure 4.20: Location estimation graphic illustration. 

First, it is essential to recognize that the relationship between distance, latitude, 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 between two longitude meridians is at maximum around the equator and at 

minimum around the two poles. Figure 4.20-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 formula[41] which determines the great-circle 

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 the bus location 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: 

Ὤὥὺ” Ὤὥὺὰὥὸὰὥὸ ὧέίὰὥὸὧέίὰὥὸὬὥὺὰέὲὫὰέὲὫ (4.8) 

Where ὰὥὸ, ὰέὲὫ are respectively the latitude and longitude of the first point and ὰὥὸ, ὰέὲὫ  are 

the latitude and longitude of the second point. To solve for the distance d, we apply the inverse 

haversine or twice the inverse sine because the haversine of an angle ɟ computes half of the versine 

of ɟ. 

Ὠ ὶ ὥὶὧὬὥὺὬὥὺ” ςὶ ὥὶὧίὭὲὬὥὺ” (4.9) 

Replacing Ὤὥὺ” from equation 4.8 and knowing that Ὤὥὺ” ίὭὲ  we get: 

Ὠ ςὶ ὥὶὧίὭὲὬὥὺὰὥὸὰὥὸ ὧέίὰὥὸὧέίὰὥὸὬὥὺὰέὲὫὰέὲὫ (4.10) 

Ὠ ςὶ ὥὶὧίὭὲίὭὲ
ὰὥὸὰὥὸ

ς
ὧέίὰὥὸὧέίὰὥὸίὭὲ

ὰέὲὫὰέὲὫ

ς
 

(4.11) 

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 that the new coordinates of the unknown location after crossing d distance 

in — bearing can be calculated as following: 

ὰὥὸὥίὭὲίὭὲὰὥὸὧέί
Ὠ

ὶ
ὧέίὰὥὸίὭὲ

Ὠ

ὶ
ὧέί— 

(4.12) 
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ίὭὲ—ίὭὲ
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ὶὧέίὰὥὸ
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Ὠ
ὶ ίὭὲὰὥὸ

 

(4.13) 

Notice that the estimated coordinates depend on the crossed distance ñdò which is calculated as 

following:  

Ὠ ὺz ὸ (4.14) 

Where ὺ is the vehicle speed and ὸ is the elapsed time. However, we are proposing a GPS-free 

solution, therefore we have to investigate a GPS-free solution for vehicle speed estimation.  

4.2.5 Vehicle speed estimation 

 

The vehicle localization solution is dependent on the knowledge of the distance 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, we are proposing a GPS free solution and therefore, 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 vehicles easily. The use of the vehicle 

speedometer requires new physical wirings to establish 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, to study the correlation between the optical flow and the vehicle speed, we create a database 

of optical flow instances and their corresponding speeds. To do so, we recorded the camera view 

of the same path described in Figure 4.15 along with the corresponding speed collected using the 

GPS. The dataset collection for 15 minutes resulted in a total number of 18000 frames with their 

speed labels. To investigate the correlation between the vehicle speed and the optical flow the 

Farneback method[42] 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 shown in Figure 4.21.  
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Figure 4.21: Correlation between the optical flow and the vehicle speed. 

To extract the embedded 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 flow matrix 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 (έὪ) and angle (έὪ) corresponding 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 between άὭὲέὪ π and άὥὼέὪ255 which are the 

bounding limits of the Value component of the HSV image. The normalization process is 

performed for every cell with the coordinates  ὭȟὮ  of the optical flow matrix as follow where 


























































































