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Advances in Soft-Computing Technologies and
Application in Mission Systems

(AGARD LS-210)

Executive Summary

There is a paradigmatic complementary shift from symbolic AIKB techniques to so called Soft
Computing technologies. The new paradigm is based on modelling the unconscious, cognitive and
reflexive function of the biological brain.

In contrast to conventional Hard Computing, Soft Computing addresses the pervasive imprecision of
the real world. This is accomplished by consideration of the tolerances for imprecision, uncertainty and
partial truth to achieve tractable, robust and low cost solutions for complex problems.

Important related computing methodologies and technologies include among others fuzzy logic, neuro-
computing, evolutionary and genetic algorithms. It becomes increasingly evident that combinations of
these technologies are advantageous in many applications. A viable step towards intelligent machines
can be expected that offer autonomous knowledge acquisition and processing self-organization and
structuring, as well as associative rule generation for goal oriented behaviour in rarely predictable
scenarios.

Soft Computing has the potential for unprecedented functional and operational advantages. As an
important enabling technology it will be more or less part of any Mission System and many
subsystems.

There is a potential for considerable dual-use and spin-in opportunities from civil information
technology state-of-the-art.

The Lecture Series covers fundamental aspects as well as application issues, it addresses decision
makers and those who develop, test, deliver, certify and apply corresponding systems or subsystems.

This Lecture Series, sponsored by the Mission Systems Panel of AGARD, has been implemented by the
Consultant and Exchange Programme.




Les avancées des technologies du calcul symbolique et
les applications aux systémes numériques de
gestion de la mission

(AGARD LS-210)

Synthese

Les techniques symboliques AIKB sont en train d’évoluer de fagcon complémentaire et paradigmatique
vers les technologies dites “bioinformatiques”. Le nouveau paradigme est basé sur la modélisation des
fonctions inconscientes, cognitives et réflexives du cerveau biologique.

Contrairement a |’'informatique classique, la bioinformatique aborde le probléeme de I'imprécision
omniprésente du monde réel. Ceci implique la considération des tolérances a appliquer a I'imprécision,
a 'incertitude et a la vérité partielle, afin de trouver des solutions souples, robustes et de coit modique
aux probléemes complexes qui se posent.

Parmi les technologies et méthodologies informatiques pertinentes 1’on peut citer la logique floue, la
neuroinformatique et les algorithmes évolutifs et génétiques. Il est de plus en plus évident que des
amalgames de ces technologies seraient avantageux pour bon nombre d’applications. Il y a lieu de
s’attendre a des initiatives valides, visant des machines intelligentes, qui permettront 1’acquisition et
I’exploitation autonome des connaissances, I’organisation et la structuration automatiques, ainsi que la
génération associative de régles pour le comportement orienté vers un but dans des scénarios qui seront
rarement prévisibles.

La bioinformatique a le potentiel de procurer des avantages fonctionnels et opérationnels sans
précédent. En tant que technologie habilitante elle fera plus ou moins partie de tout nouveau systeme de
conduite de mission et de bon nombre de sous-systémes.

Il existe des possibilités considérables de dualité et de retombées venant des nouvelles technologies de
I'information du secteur civil.

Ce cycle de conférences couvre les aspects fondamentaux de la question, ainsi que les applications. Il
s’adresse aux décideurs et a tous ceux qui développent, testent, livrent et homologuent les systémes et
sous systémes correspondants.

Le Cycle de Conférences No. 210 de I'’AGARD a été organisé par le Panel Systémes de conduite de
mission, sous 1'égide du Programme des consultants et d’échanges.
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Introduction and Overview

U. Krogmann
Bodenseewerk Gerdtetechnik GmbH
Postfach 10 11 55
D-88641 Uberlingen

Tactical systems are implemented as Integrated Mission Systems (IMS) such as air and space
defence systems. As shown in the lower part of Fig. 1, the key elements of an IMS are platforms
with sensors and effectors, ground based components with communication, command and
control etc.. Mission management constitutes the functional process within and among Integrated
Mission Systems (Fig. 1). It will provide the capability for rapidly gathering, distributing and
integrating large quantities of available information and will allow rapid strategic and tactical
decision-making on the missions as well as carrying out the resulting actions from what has been
decided and what is required for dealing effectively with these missions, in order to perform the
functionalities appropriately in unpredictable and uncertain scenarios.
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Figure 1: Mission system and mission management structure

Paper presented at the AGARD MSP Lecture Series on “Advances in Sofi-Computing Technologies and Applications in
Mission Systems”, held in North York, Canada, 17-18 September 1997; Amsterdam, The Netherlands, 22-23 September
1997: Madrid, Spain, 25-26 September 1997; Ankara, Turkey, 6-7 October 1997, and published in LS-210.
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Taking for example an airvehicle as a mission system element, Fig. 2 depicts how mission control
interacts with the functional levels of the guidance and control (G.a.C.) process of the airvehicle.
It can be seen that G.a.C. problems extend over several hierarchically structured levels and the
communication functions between these levels. The represented interconnection of the different
functional levels (scenario, mission, trajectory, airvehicle state) can be conceived of as a
hierarchically structured control system. The objects on which G.a.C. functions are performed on
the mentioned levels represent the control plants. Information processing by which actuation is
generated from sensor information on all levels represents the controller functions which are often
also called the recognize-act-cycle functions.

It requires functions such as recognizing and assessing the situation, defining action goals,
generating optimum or favorable solutions, decision-making, planning and finally performing as
well as monitoring of actions. Hence, behavior levels of mental capabilities such as skill, rule,
knowledge based functions [1] can be assigned to the functional levels (Fig. 2).
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FLIGHT
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A .
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CONTROL

Figure 2: Cascaded airvehicle G.a.C. structure

For reasons of human limitations in more demanding dynamic scenarios and in the operation of
complex, highly integrated systems, there is the neccessity for extended automation of these
functions on higher levels such as trajectory control as well as mission management and control.
Furthermore, the implementation of intelligent functions on lower levels such as the fusion and
interpretation of sensor data, multifunctional use of sensor information and advanced nonlinear
learning control becomes inevitable.

This is accomplished through the introduction of new computational and machine intelligence
techniques (CMI). Moreover, CMI will be the most important prerequisite for less manned air
operations extending as far as fully autonomous tactical platforms.
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Although the development of hardware and software for computers of conventional v. Neumann
architecture has continued for more than 20 years and the performance of today’s processors is
25.000 times better than in the 1970s, the dynamics of this development is going on as well.

However, there is a complementary shift from conventional computing techniques, including
symbolic Al/KB techniques, to so-called soft computing technologies. The new paradigm is based
on modelling the unconscious, cognitive and reflexive function of the biological brain. This is
accomplished by massively parallel implementation in networks as compared to program/software
based information processing in conventional sequential architectures.

In contrast to the conventional method, soft computing addresses the pervasive imprecision of
the real world. This is obtained by consideration of the tolerances for imprecision, uncertainty and
partial truth to achieve tractable, robust and low-cost solutions for complex problems.

Important related computing methodologies and technologies include among others fuzzy logic,
neuro-computing, as well as evolutionary and genetic algorithms. With those a viable step
towards intelligent machines can be expected that offer autonomous knowledge acquisition and
processing, self-organization and structuring as well as associative rule generation for goal-
oriented behavior in rarely predictable scenarios. The new techniques will yield computational and
machine intelligence which offers the user the opportunity for cognitive automation of typical
Jrecognition-act cycle“ activities on various functional and operational levels.

The last two decades have witnessed a very strong growth of CMI techniques. These techniques
have already been applied to a variety of problems to deliver efficient solutions to the benefits of
the user. Certainly there are relationships between CMI and other fields such as those shown on
top of Fig. 3. Moreover, numerous disciplines have contributed to the area of soft computing
where some are mentioned at the bottom of Fig. 3.

L Fuzzy TecI::ology . Data
Analysis
Expert '
System
Technology
- 3 : : : S, Y Erpvia Nonlin_aar
( Neural Network - GeneﬁcAlgorithm); i <O Ag:,?;;?

Artificial Intelligence Cognitive Psychology
Control Engineering Biology

Operations Research Computer Science
Decision Theory Mathematics

Figure 3: Relationships to and contributions from other areas and soft computing/CMI
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The Mission Systems Panel (MSP) of AGARD felt it particularly important and timely to facilitate,
foster and strengthen communication and cooperation between scientists, practitioners and
decision-makers in various disciplines.

In this context the present lecture series is seen as a valuable step where the objective is to
introduce soft computing as the basis for CMI and to briefly familiarize the participants with
important related technologies and techniques as well as applications.

The first lecture introduces and overviews the soft computing techniques enabling CMI. Based on
brainlike structures the most important techniques of soft computing such as fuzzy logic, artificial
neural networks and genetic algorithms are briefly described. The treated approaches form the
basis for adaptive, learning control, as well as advanced automation and artificially intelligent
machines.

The series continues with an introduction and review of neural networks, their basic theory and
important network models. It also looks at the application potential for mission systems.

Fundamentals of fuzzy logic, fuzzy inference and fuzzy control are treated in the third lecture,
which is followed by a presentation of the basics of genetic algorithms and evolutionary
computing.

A paper on hybrid architectures for intelligent systems concludes the part which is dealing with
fundamental aspects. Various ways of combining fuzzy and neural elements for classification and
control applications are presented.

The second part of the lecture series is devoted to applications of soft computing technologies in
mission systems. Contributions address sensor signal processing, guidance and control
problems, mission management and simulation issues as well as autonomous systems.

The first lecture demonstrates a combination of Kalman filter and maximum likelyhood techniques
with neural networks for acquiring and tracking targets.

It is followed by a paper dealing with the application of neural networks and fuzzy techniques in
the area of guidance and control. The emphasis is on reconfiguration of damaged aircraft.

The last paper but one considers the application of genetic algorithms and evolutionary strategies
for mission management, simulation and autonomous systems.

Finally, the last paper summarizes important enabling techniques and technologies for the
implementation of future autonomous systems. Main emphasis is placed on information
technology with its soft computing techniques.

Literature:

[1] J. Rasmussen
Skills, rules and knowledge
IEEE Transactions an Systems, Man and Cybernetics
Vol. 13, No. 3, May/June 1983



Techniques for Computational and
Machine Intelligence
SOFT COMPUTING

U. Krogmann
Bodenseewerk Geridtetechnik GmbH
Postfach 10 11 55
D-88641 Uberlingen

SUMMARY

There is a paradigmatic complementary shift from symbolic AlI/KB techniques to so called Soft
Computing technologies. The new paradigm is based on modelling the unconscious, cognitive
and reflexive function of the biological brain. In contrast to the conventional Hard Computing, Soft
Computing addresses the pervasive imprecision of the real world. This is accomplished by consi-
deration of the tolerances for imprecision, uncertainty and partial truth to achieve tractable, robust
and low cost solutions for complex problems.

The objective of this paper is to introduce Soft Computing and to briefly familiarize the reader with
important Soft Computing techniques. This is accomplished by first of all defining what is ment by
computational and artificial intelligence and why as well as for which functions computational
intelligence is needed. Based on brainlike structures the most important techniques of Soft Com-
puting such as fuzzy logic, artificial neural networks and genetic algorithms are briefly described.
The approaches treated provide the basis for adaptive, learning control, advanced automation
and artificially intelligent machines.

1 INTRODUCTION

Dealing with the title of this paper, the following question arises immediately: What is computatio-
nal, machine or more generally artificial intelligence? In relation to the issues and topics treated
here, the following answer shall be given.

e Systems/units have no artificial intelligence if a program/software "injects" them with what
they have to do and how they have to react to certain pre-specified situations.

 Systems/units have artificial intelligence if their "creator" has given them a structure - not
only a program - allowing them to organize themselves, to learn and to adapt themselves to
changing situations.

Moreover, the next important question suggests itself: Why computational intelligence?

For reasons of human limitations in more demanding dynamic scenarios and in the operation of
complex, highly integrated systems, there is the necessity for extended automation of functions
on higher levels such as mission management and control.

Furthermore, the implementation of intelligent functions on lower levels such as the fusion and
interpretation of sensor data, multifunctional use of sensor information and advanced nonlinear
learning control become inevitable.

Paper presented at the AGARD MSP Lecture Series on “Advances in Soft-Computing Technologies and Applications in
Mission Systems”, held in North York, Canada, 17-18 September 1997; Amsterdam, The Netherlands, 22-23 September
1997; Madrid, Spain, 25-26 September 1997; Ankara, Turkey, 6-7 October 1997, and published in LS-210.
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Improved effectiveness in diagnostics and maintenance of systems, subsystems and modules
can be achieved through the application of computational and machine intelligence (CMI).

Last but not least CMI will be the most important prerequisite for the emergence of future auto-
nomous systems with the ability fo function as an independent unit or system over an extended
period of time, performing a variety of actions necessary to achieve predesignated objectives
while responding to stimuli produced by integrally contained sensors.

In general terms, CMI is concerned with the automation of the functions of the so-called recog-
nize-act-cycle (Fig. 1), which in the past have predominatly been performed by man. Related
knowledge-based functional elements of the goal-directed interactions of man and/or machines
with the surrounding world, object or system are found on all functional levels of complex integra-
ted mission systems as well as mission management systems. As an example, Fig. 2 shows a
simplified block diagram of a mission control loop. The mission control functions include the gui-
dance and control of one or more air vehicles (aircraft, missiles), and/or other processes and units
(radar, communication, etc.) in order to influence the scenario in a goal-directed manner.

Performance of the controller activities - as shown in Fig. 2 - by a technical apparatus requires
implementation of mental humanlike functions, such as skill-, rule-, knowledge based functions.
This in turn requires means for the acquisition, encoding, representation, storage, processing and
recall of knowledge. Consequently, in the following we are concerned with related enabling
techniques and structures offering artificial intelligence through appropriate CMI.
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Figure 1: Functional elements of the Recognize-Act-Cycle
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2 PARADIGM SHIFT TO BRAINLIKE STRUCTURES

The expected unprecedented advances in computing based on the conventional architecture,
where processing is performed sequentially, do not yield the performance required for computa-
tional and machine intelligence. This becomes ultimately evident if we compare a contemporary
high performance computer (Cray YMP/8) with the brain of an insect, as represented in Fig 3. A
vast amount of hardware and software consuming a lot of power is needed to build and operate
the Cray-machine, as compared to the biological brain. What is even more impressive is the level
of capabilities achieved with the latter. To make at least a small step towards a technical imple-
mentation of biological intelligence, as it is needed for future automation, new computational
techniques and architectures must be considered and introduced. There is a paradigmatic com-
plementary shift from symbolic artificial intelligence techniques to a new paradigm which is
inspired by modeling the conscious and unconscious, cognitive and reflexive functions of the
biological brain. The scientific paradigmatic shift regarding the engineering view of the biological
brain is depicted in Fig. 4. Two different functions of the brain are to be looked at. First, there is
the rational thinking with a function in conscious steps performed in a particular serial sequence.
The digital computers we use today with a sequential processing of instructions listed in programs
(computers in so-called von-Neumann architecture) were developed in the 1940s based on the
investigation of sequentially conscious thinking. The conventional Al which manifests itself in the
classical expert systems is an extension of this view towards symbolic processing. Recently, it
has been extended from crisp to fuzzy representation leading to fuzzy expert systems.
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Figure 3: Comparison computer-brain of an insect

On the other hand, there are the much more complex structures of unconscious thinking or
unconscious intelligence. Here, a lot of environment data are processed within the context of our
sensory perception and characteristics extracted. The sensorimotor control of our motions as well
as three-dimensional thinking are largely unconscious. The structures of unconscious thinking
provide the basis for the enormous capacity of our memory. All of these functions performed
unconsciously are running parallel in networks in which so-called neurons interact due to a close
interconnection and by means of electrochemical processes. Consequently, the new engineering
view looks at the brain as a dynamical system which can be adapted by learning. It is represented
by artificial neural networks (ANN).
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Figure 4: Engineering views of the biological brain
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The levels of artificially intelligent information processing inspired by the biological brain paradigm
are summarized in Fig. 5. Important related computing methodologies and technologies include
inter alia fuzzy logic, neuro-computing and evolutionary and genetic algorithms. Apart from con-

ventional analytical techniques they represent new powerful means for knowledge acquisition,
representation and processing as shown in Fig. 6.
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Figure §: Information processing inspired by biology
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Based on the above definition of Al, a system behavior is called intelligent, if the system emits
appropriate problem-solving responses when faced with problem stimuli. In order to perform these
responses, humans and animals estimate functions by associating a response y to a stimulus x,
i.e. f: x - y. As can be seen from Fig. 6, the computing methodologies shown can represent such
functional relations, where each representation has its individual features and capabilities. Their
basic functions shall be briefly summarized in the following.

3 SOFT-COMPUTING TECHNIQUES TO ENABLE COMPUTATIONAL AND MACHINE
INTELLIGENCE (CMI)
3.1 Overview

As mentioned before, there is a paradigmatic complementary shift from symbolic AlI/KB
techniques to so called soft-computing technologies. The new paradigm is based on modeling the
unconscious, cognitive and reflexive functions of the biological brain. In contrast to conventional
hardcomputing, softcomputing addresses the pervasive imprecision of the real world. This is
accomplished by consideration of the tolerance for imprecision, uncertainty and partial truth to
achieve tractable, robust and low cost solutions for complex problems. Important related compu-
ting methodologies and technologies include fuzzy logic, neuro-computing, evolutionary and
genetic algorithms. It becomes increasingly evident that combinations of these technologies are
advantageous in many applications. A viable step towards intelligent machines can be expected
that offer autonomous knowledge acquisition and processing, self-organization and structuring as
well as associative rule generation for goal-oriented behavior in rarely predictable scenarios.

Neural networks are derived from the idea of imitating brain cells in silicon and interconnecting
them to form networks with self-organization capability and learnability. They are modelled on the
structures of the unconscious mind.

The theory of fuzzy logic provides a mathematical framework to capture the uncertainties associa-
ted with human cognitive processes, such as thinking and reasoning. Also, it provides a mathe-
matical morphology to emulate certain perceptual and linguistic attributes associated with human
cognition. Fuzzy logic provides an inference morphology that enables approximate human
reasoning capabilities for knowledge-based systems. Fuzzy logic/fuzzy control has developed an
exact mathematical theory for representing and processing fuzzy terms, data and facts which are
relevant in our conscious thinking.

Genetic algorithms are based on the mechanism of natural selection and genetic evolution which
offer search, optimization and learning behaviour.

A combination of these techniques is of particular importance for achieving unprecedented levels
of self-organisation capability and learnability and thus a new kind of artificial intelligence in
technical equipment and systems.




3.2 Fuzzy Logic

A unit based on fuzzy logic represents an associator that maps spatial or spatiotemporal multi-
variable inputs to corresponding associated outputs [1]. The knowledge which relates inputs and
outputs is expressed as fuzzy if-then rules in the form IF A THEN B, where A and B are linguistic
labels of fuzzy sets determined by appropriate membership functions. By fuzzy if-then rules the
qualitative aspects of human knowledge reasoning and decision processes can be modelled
without the need for a precise quantitative description. Fuzzy logic units, also known as fuzzy-
rule-based systems, fuzzy models, fuzzy associative memories (FAM) or fuzzy controllers, consist
of five fundamental functional blocks as shown in Fig 7.

R - L B i S O S

l DATA BASE t
: FUZZY SETS :
q OF RULE BASE |
. VARIABLES and .
: INFERENCE UNIT :

CRISP - | FAM® '

shof RULE . CRISP
s FUZZYFICATION BASE DEFUZZY- | - OUTPUT

oty OF . FICATION [T

- | INPUT VARIABLES *

OUTPUT |
. INTERFACE

Q“"".

TINPUT INTERFACE

DEFUZZYFICATION]
CENTER OF
GRAVITY

Figure 7: Fuzzy logic unit

The fuzzification interface transforms the crisp inputs into degrees of memberships to linguistic
labels of fuzzy sets. A number of fuzzy if-then rules is contained in the rule base. They comprise
the knowledge about the relationship between the antecedent and consequence variables. The
membership functions of the linguistic fuzzy sets as used in the fuzzy rules are defined within the
data base. Rule and data base are often jointly referred to as the knowledge base. The inference
unit is the decision making element and performs the inference operation applying crisp
mathematics of fuzzy logic. The fuzzy result of the inference process is transformed into a crisp
output by the defuzzyfication block. By fuzzy logic processing, the vague imprecise rules can be
given a specific meaning and outputs can be produced for inputs which only partially match the
rules. This is a very powerful attribute.
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Based on the consciousness paradigm, fuzzy rule based systems enable endomorphic real world
modelling. With this technology, human behavior can be emulated in particular as far as reason-
ing and decision-making and control is concerned taking into account the pervasive imprecision of
the real world. To quote Albert Einstein: “So far as the laws of mathematics refer to reality they
are not certain. And so far as they are certain, they do not refer to reality." Thus, finally it can be
concluded that fuzzy logic strongly supports realistic modelling and treatment of reality.

3.3 Artificial Neural Networks (ANN)

Neurocomputing is a fundamentally new kind of information processing and the first real alterna-
tive to the known computing techniques executed sequentially according to instructions stored in
programs [2]. In contrast to programmed computing, in the application of neural networks the
approach is learnt by the neural network used by mapping the mathematical correlations and
constantly adapted during use. Neural networks are information processing structures composed
of simple processor elements (PE) and networked with each other via unidirectional connections.
Fig. 8 shows as an example a multi-layer network with exclusively forward connections. The PEs
in a network all have the same function. They only differ in the values of the interconnection
weights. The "knowledge" is contained in the variable interconnection weights. They are adjusted
during a learning/training phase and continue to be adapted during operational use. The neural
network learns the correlation between vectors of an input quantity and the related vectors of the
output quantity. The basic functions of ANN are summarized in Fig. 9.

Knowledge Processing
2 0. g E 2
Are computers that learn i T X W 7]4 Are trained to identify self-
how to solve problems n Vecior Matching contained the key features and

X
. associations enabling them to
i distinguish different pattems |

Can learn on-line in real time
or can be frained off-line by

Problem solving based on
sample data and learning

mechanism e | asample data set
| Do not require expert \
| knowledge representation, Do require an appropriate
logical inferencing schemes, architecture with sufficient
statistical algorithms or capacity and a paradigmatic
specialist / analyst to learning / training scheme

| develop and code a solution

Knowledge Reptesenﬂrhon

Figure 8: Artificial neural networks
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Figure 9: Basic neural network functions

With this capability the ANN represents an associator (like a fuzzy logic unit) that maps spatial or
spatio-temporal multi-variable inputs to corresponding associated outputs. However, in contrast to
a fuzzy-rule-based system the mapping function is learnt by the ANN. A network is characterized
by the organized topology of interconnected PEs, the method of encoding information and the
method of recalling the knowledge.

ANNSs as derived from the unconscious biological brain paradigm are capable of acquiring, encod-
ing, representing, storing, processing and recalling knowledge. These are important prerequisites
for endomorphic real world modelling.

i ) e Populate the computer with not just one,
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i J e All the user needs to known is how
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Figure 10: Evolutionary computation
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3.4 Genetic and Evolutionary Algorithms

Genetic and evolutionary algorithms represent optimization and machine learning techniques
which initially were inspired by the processes of natural selection and evolutionary genetics [3].
They simulate biological evolution by representing possible solutions as chromosomes and use
an evolution or fitness function, in analogy to natural selection, in order to determine the worth of
that solution, i.e. selection and survival of the fittest.

As mentioned, to apply a genetic algorithm (GA), potential solutions are to be coded as strings on
chromosomes (Fig. 10). The GA is populated with not just one but a population of solutions, i.e.
GA search from a population of points rather than from a single point. By repeated iterations, a
simulated evolution occurs and the population of solutions improves until a satisfactory result is
obtained. The initial population evolves through rules which are independent of the problem, tend
to generate better and better solutions and utilize probabilistic transition rules. As shown in
Fig. 11 in a simplified form, this is accomplished by iteratively applying the genetic operators
reproduction, crossover and mutation. Strings are copied and parts swapped as well as changed
in a probabilistic manner by the genetic operators. As an illustrative example, the evolutionary
development of a Neural Network is suggested in Fig. 11. The network structure and parameters
are coded as strings on chromosomes. Crossover of ,parent‘ networks generates offsprings, i.e.
Lchildren". These are evaluated by the fitness function and the fittest are retained for the next
generation and so on. The network is optimally generated by time-lapsed simulation of biological
evolution. All the user needs to know is how to evaluate a solution. For this purpose, an objective
or fitness function has to be defined. It measures the performance or goodness after reproduc-
tion, i.e. for each generation. Thus, GAs use domain knowledge only through the objective func-
tion. The genetic operators are application independent. Stopping criteria can either be a maxi-
mum number of iterations or observation of an evolution below a given threshold.

! \
REPRODUCTION I

:

MATING POOL J

CROSSOVER |

I

> GENETIC OPERATORS

Figure 11: Genetic operations for a single generation
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GAs have the potential to yield optimization methods that are global (avoid local minima) and
general, (i.e. can be applied to different types of problems), that are robust with respect to prob-
lem modifications and last but not least intelligent, i.e., a deep understanding of the problem
structure is not required. With GA, an optimum balance between efficiency and efficacy can be
achieved for technical goal-directed systems. This is mandatory for a successful behavior in natu-
ral environment, i.e. real world. Computer simulation is a viable tool to optimize behavior oriented
systems by utilizing genetic or evolutionary techniques. An ever-increasing processing speed
enables the quick motion representation of events and processes for which nature needs millions
of years.

3.5 Conclusions

It was mentioned that fuzzy and artificial neural network techniques enable the endomorphic
modelling of real world objects and scenarios. Together with conventional algorithmic processing,
classical expert systems, probabilistic reasoning techniques and evolving chaos-theoretic
approaches, they enable the implementation of recognize-act cycle functions as shown in Fig 1.

FUZZY LOGIC NEURAL NETWORKS EX%SE'.%Z‘GEY
Transparency Association Task oriented
Reasoning Selforganization Optimization
Decision Making Lesming

COMBINATION OF MUTUALLY
COMPLEMENTARY FEATURES

< COMPUTATIONAL INTELLIGENCE / MACHINE INTELLIGENCE >:
intelligent
classical

Setpoint Control Task oriented Control

Figure 12: Complementary features of technologies

Genetic and evolutionary algorithms can be applied to generate and optimize appropriate struc-
tures and/or parameters to acquire, encode, represent, store, process and recall knowledge. This
yields self-learning control structures for dynamic scenarios that evolve, learn from experience
and improve automatically in uncertain environment. Ideally, they can be mechanized by a syner-
getic, complementary integration of fuzzy, neuro- and genetic techniques as shown in Fig. 12.
Some integrated, cooperative approaches of fuzzy logic and ANN are briefly summarized in
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Fig. 13. Fuzzy Neural Networks, for example, as shown in Fig. 14 allow the representation of
heuristic knowledge by fuzzy rules taking into account the fuzzyness and imprecision of the real
world and have the capability of learning, e.g. rules and/or membership functions. All very
important attributes within the context of problems as treated here. Thus, Fuzzy Neural Networks
have the potential to capture the benefits of the two fascinating fields of fuzzy logic and neural
networks into a single capsule.

Soft-computing techniques support the move towards adaptive knowledge based systems which
rely heavily on experience rather than on the ability of experts to describe the dynamic, uncertain
world perfectly. Among other things this will yield so-called Case Based Reasoning (CBR) and
Planning (CBP) modules where experience is gained, stored and retrieved when similar condi-
tions are repeated, or modified to suit different situations. Thus, soft-computing techniques in
conjunction with appropriate system architectures provide the basis for creating systems which
map the definition of artificial intelligence.

Finally, it can be stated that the approaches treated here could form the basis of a new general
theory and design methodology for adaptive, learning, nonlinear control, advanced automation
and artificially intelligent machines.
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@ ANN derives membership data
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Figure 13: Integration of fuzzy logic and neural network
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1. INTRODUCTION

This lecture is a brief introduction to neural networks.
Modern approaches to complex engineering problems
typically involve the development of a computer
algorithm with a specified set of inputs. For a well
posed problem the inputs specify a unique output or
solution. Thus for the state variable linear quadratic
problem in control theory with the plant specified one
uses a Riccati equation to obtain a set of unique
feedback gains.

In some complex problems the necessary algorithm
may not be evident. Problems involving recognition
or identification of a human face, for example, are
extremely difficult for computers but relatively easy
for people.

This recognition ability is innate with humans as is
shown by the fact that at an extremely young age
children recognize their parents.

Artificial Neural Networks (ANN) in some sense
emulate the human brain. A neural network can

learn, self organize and have associative memory
properties. These properties are characteristic of
human intellectual activity.

In contrast to a programed algorithm ANN's consists
of a set of interconnected nodes which we will call
neurons in analogy to the brain. The connections
between nodes are weighted and the nodes have a
local internal transfer function. By variation of the
topology of the neural network different effects and
systems can be developed.

Neural networks can be classified in two categories
based on the learning method i.e., supervised and
unsupervised learning. A further classification can be
made based on feedforward networks and recurrent
networks. In the rest of the lecture, we will discuss
these different types of neural networks and highlight
several practical applications [1, 2, 3, 4].

2. NEURON SPECIFICATION AND LOCAL
TOPOLOGY

The neuron or node of the neural network is the basic

computation or processing unit. All computations are

done locally which makes for efficient computation.

Consider the node 'N' given in figure 1.

29

Figure 1 - Neuron Specification

The neuron or node labelled 'N' receives inputs from
the three associated neurons. Their outputs a, are
attached to the principal neuron by a set of weighted
connections indicated by w;. The net input to the
neuron which is normally summed is then

net; = X aw, (1)

Associated with N may be an activation level a. A
new activation level can then be calculated using
some threshold function that can be non-linear.

@, = F(a,; net) (2)

As example of a threshold function could be

1

0 % 1
Figure 2 - Threshold Function

Paper presented at the AGARD MSP Lecture Series on “Advances in Soft-Computing Technologies and Applications in
Mission Systems", held in North York, Canada, 17-18 September 1997; Amsterdam, The Netherlands, 22-23 September
1997; Madrid, Spain, 25-26 September 1997; Ankara, Turkey, 6-7 October 1997, and published in LS-210.
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From the new activation level 'a,.,' the output b of

the neuron can be calculated using for example a
sigmoid activation function

b -fle,) ®)

where
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Figure 3 - Activation Function

The neuron N should be viewed as imbedded in a
neural network where the topology of connections
may vary widely and where also the inputs, the
threshold function and the activation function may
also vary. Different neural networks are developed as
we shall see as we vary the general topoplogy.

The information content of the neural networks rests
in the value of the weights which are changed based
on a learning process. Again there are a wide number
of learning processes associated with different neural
networks. As we discuss different types of neural
networks the concepts covered in this section should
become clear.

3. FEEDFORWARD SYSTEMS

Active work on neural networks began in the 1950's
with the invention of the perception [5]. The first
investigations were limited to a single input layer and
on output layer.

input

input ,
Figure 4 - Perceptron

This device by proper selection of the weights and the
threshold function could represent a logical gate such
as an 'AND' or 'OR’ gate. For example if w, =w,=.5
and N has a threshold function of .6 then the neural
network with binary inputs represents an 'AND' gate.

AND OR XOR

0 \ 1 1 1 I 0
\\\
AN

0 0 0 \ 1 0 1

Figure 5 - Linear Separability

The perception had the difficulty that it could only
handle linearly separable solutions as is illustrated in
figure 5.

For linearly separable problem a guaranteed global
solution exist.

Linearly separable problems are, however, not of
great interest. (AND-OR gates). The XOR problem
also shown in figure 5 cannot be solved by means of
a simple perception. In order to solve the XOR
problem an intermediate node (or hidden units) is
needed as is shown in figure 6.

O

Figure 6 - XOR Solution

Unfortunately there did not exist a general method for
determining the weights of hidden units until the
development of the generalized delta rule by
McClelland and Rumelhart [2]. This is a gradient
descent method. The greatest development of neural
networks occurred after the development of the
generalized delta rule.

A general multilayer neural networks (figure 7)

O O O O O

Figure 7 - Multilayer Network




can be used to simulate any nonlinear transfer
function from the input layer to the output layer.
Multilayer feedforward neural networks (sometimes
referred to as multilayer perceptions) have been the
basic neural networks used in the solution of a wide
range of problems connected in particular to pattern
recognition and function approximation. There are
now available several professional systems which
permit the rapid development of neural networks for
specific engineering problems. There is also a Neural
Network toolbox that can be incorporated in an
instructional program.

4. SUPERVISED LEARNING (BACK
PROGATION ALGORITHM)
The generalized delta rule is an example of
supervised learning. We will later discuss
unsupervised learning. In supervised learning there is
a set of pairs of input patterns and output patterns. In
the learning procedure the input pattern is applied to
the neural network and the corresponding output
pattern is calculated. If the output pattern created by
the neural network is equal to the desired output
pattern, then no learning takes place. If the output
patterns differ then the weights of the neural network
are changed to decrease the error between the desired
output pattern and the neural network produced
pattern. How the weights are changed is the learning
rule for the particular neural network.

In the case where there are no hidden layers there are
many variations in the learning rule. The delta rule
(also called Widrow-Hoff rule) [6] is given by

Aw, =n(t,-0)i =16,
_ (4)
with 6,=(t,-0)

where 't' represents the desired or target vector and o'
represents the output vector from the neural network.

; is the j th component of the desired output pattern.
0; is the j th component of the calculated output
vector. i; is the value of the i component of the input
vector and AWj; is the calculated change in the
weight connecting the i th input to the j th output.

The constant 7 is referred to as the learning rate. We
also assume at this stage linear activation functions.

This formulation is a generalization of the perception
learning rule which has a guarenteed convergence
theorem. We now following the development of
Rumelhardt and McClelland and define the overall
measure of error for a given pattern p as

E, - 32 (y-0) )
J

1
2
The total error would then be

E-J)E (6)

Applying the chain rule one can obtain
dEP - E, Ay,

(7)
My oy W,
EP
-t ~(ty -0y = -6y (8)
)
but
O = & Wyl ©)
and
.
= il (10)
w, *
or
aE
-—L .6 i, (11)
p pi
M,

This development clearly shows that the delta rule is
a gradient descent method based on the error E or E,

The extension of this method to hidden layers leads
to the generalized delta rule. It can be shown that
multiple layers with linear activation functions are
equivalent to a single layer. We therefore introduce
nonlinear activation functions but with the constraint
that the functions are nondecreasing and differ-
entiable functions of the total net input. Note that
threshold function of figure 2 does not satisfy this
constraint since they are not everywhere
differentiable.
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By apply much the same mathematical procedure as
above one can develop with

ety = 2; Wit %pi (12)

two recurrsive equations for calculating the weight
changes for any layer in the neural network. The
equations are

Gy = (ty - p))f’(net) (13)

(note applied at output layer)

and

1 (net,) 2 (14)

(note applied at hidden layer)

The generalized delta rule has the same form as the
delta rule and the & ; are use in equation 4 to
calculate the changes in the weight.

Thus the application of the generalized delta rule
involves two passes through the network. In the
forward pass the output pattern is calculated for a
given input vector. The error vector is then
calculated and in a backward pass through the
network the weights are progressively changed to
reduce the error.

Although we are guaranteed a global minimum in the
case of the delta rule, we have no such guarantee in
the case of the generalized delta rule. It is possible to
get trapped in local minimum. Several techniques are
available to minimize this problem. Experience
seems to indicate that for large networks local
minimum are not a serious problem.

We are now at a point where we can describe how to
train and test a neural network. One must have a set
of data consisting of matched input output pairs. One
selects a given pair and places the input data in the
input layer. This information is propagated through
the network to the output level. A comparison of the
actual output with the desired output creates an error
vector which is then used in a backpropagation
through the network to systematically change the
weights. This procedure is also referred to as the
backpropagaton algorithm. After multiple
presentations of data pairs the network has ‘learned’
the system under consideration. By 'learned’ one
means that a set of weights has been obtained such
that for a given input the desired output is obtained.

Assuming that the data set consists of three sub

classes I, 11, III, then after the training of the neural
network in Figure 5 an exemplar from class I would
activate say the first neuron in the output layer, etc.

If the neural network is properly trained it can more
than just identify members of the training set. The
network has abstracted the essential fixtures of the
data and will correctly identify other exemplars of
class I data which it has not been trained on. It is
possible to overtrain a network so that it memorizes
to some extent the training data. In this case the
ability of the neural network to generalized to new
data may be compromised.

There are some practical problem which we have not
considered such as what is the size of the input layer
and how large should the hidden layer be? We need
also to normalize the input data to prevent divergence
of the network. Further unlike the perception which
could guarantee an optional solution it is possible to
obtain suboptional solutions using the back-
propagation algorithm. We will have further
discussion of these factors under the applications
section of the lecture.

5. RECURRENT NETWORK - FEEDBACK
SYSTEMS
In the feedforward network there is no feedback of
the output signal to the current or previous layers.
Recurrent network are those involving feedback.
This feedback in the modeling of a discrete system
can have previous knowledge of the state of the
system. There is therefore an element of memory
introduced into the neural network when we consider
recurrent networks.

Although recurrent networks are potentially more
powerful than feedforward, networks, they introduce
the question of stability. Under certain conditions the
network can either converge, oscillate or become
unstable.

Hopfield in 1982 [7] introduced the idea of storing
information in a dynamically stable network. The
Hopfield network is a recurrent network that is
credited with reviving interest in neural networks.
The neurons in the network have two binary states,

1 and -1 the activation function is therefore the
sigmum function. The weight matrix denoted by W
is symmetric

w-wT (15)

Self excitation is not permitted. A Hopfield network
of 3 nodes is shown in Figure 8.
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Hopfield Net of 3 Nodes
Figure 8

A Hopfield net is a single layer recurrent network
which has associate memory capability. A probe
vector with elements +1 is placed on the nodes of the
network. Each neuron is accessed randomly to
determine its activation level with respect to a given
threshold. If above the threshold the neuron switches
to +1. If it is below the threshold it switches to -1. If
already in the appropriate state it remains there. The
sequential random changes in the neuron insures
stability of the network.

With N neuron one has 2~ possible outputs or states
of the network. These states can be viewed as the
vertices of a hypercube thus for 2 nodes one has 4
states shown in figure 9.

01 11

00 10
Figure 9 - Hypercube

The number of stable states is determined by the
current inputs, the network weight and the threshold
value. The network has an associate memory
capability in that partial or incorrect inputs stabilize
to the vertex closes to the desired one.

Hopfield also pointed out a isomorphism between his
neural network and the Ising model of magnetic
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materials. This permitted the application of existing
theory to the analysis of neural networks. Detailed
analysis of stability of Hopfield neural networks
involves the use of Lyapunov functions. One of the
major contributions of Hopfield was to suggest an
appropriate Lyapunov function for such analysis.
This analysis was a major help in the analysis of the
stability of recurrent nets.

A major limitation of the hopfield network is a
limitation on the number of patterns that can be
stored. The storable patterns are small with respect
to the number of neurons

6. UNSUPERVISED LEARNING

6.1 Competative Learning

Competative learning all have the property that a
competition is involved between units before learning
is done. A mechanism exist such that only one
neuron is on at a time. Figure 10 shows a simple
competitive learning network, where the first layer
permits the input of a desired pattern. This layer is
fully connected to the output layer. Between the
nodes of the output layer are lateral inhibitory
connections, indicated by dotted lines. The neuron
with the highest activations turns off the other nodes.

Figure 10. Single Layer Competative
Network

The output of the winning neuron is set equal to one,
while all other neurons have their output set to zero.
In order to limit the maximum strength of any neuron
the weights can be normalized

2 wy = 1 (16)

It is also possible to normalize the input patterns
which with current software is easy to accomplish. A
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neuron learns by essentially shifting its weights in the
direction of the input pattern . The competative
learning rule is that Aw;; is applied to w;; with

n(x,-w,) if neuron j wins
Aw, - (17)
0 if neuron j loses

The effect of this learning rule is easily seen if we
view the patterns as vectors on an N dimensional
sphere where N is the number of nodes. In figure 11
the patterns are represented by x 's and the
normalized weight vectors by o's [8].

Before
Learning

After
Learning

Figure 11 - Pattern Geometry

The learning rule shifts the weights in the direction of
each of the patterns. Effectively the nodes specialize
in a given set of patterns. Each of the nodes is then
being selected for particular features in the input
pattererns.

6.2 Self-Organizing Network

Self organizing feature maps have two fascinating
catagories of application. The first category deals
with understanding and modeling of the method that
the brain uses to process sensory data. Some
successful modeling of visual perception has been
based on self organizing feature maps (SOFM). The
second category is in practical applications such as
speech recognition, robot control and vector
coding. The SOFM model developed by T, Kahonen
(Self-Organization and Associate Memory) [9] is
actually a vector coding algorithm. We will say more
on this later.

Input Layer

Output Layer

Figure 12 One Dimensional Lattice

In a SOFM the neurons are placed in a one
dimensional lattice or a two dimensional lattice.
Figure 12 is an example of a one dimensional lattice.

The SOFM is an unsupervised mapping of the input
space on to the lattice, forming a topographic map of
the input space. The location of an output neuron in
the topographic map depends on the features of the
input space.

In addition to the feedforward connections there are
lateral feedback connections which are both
excitatory and inhibitory in analogy to biological
activity. In figure 12 are show the lateral connections
for the center neuron. This includes a self feedback
loop.

The lateral interactions are characterized by an
interaction function called a Mexican Hat by
Kohonen. In practice this function is approximated
by the stepwise function a shown in figure 13.



Figure 13 - Approximation to Mexican Hat
Function

Thus the lateral interaction between neurons is
characterized by a short range excitation area,
followed by a weaker inhibitory area. The generation
of the topographic map develops activity areas
around firing neurons. The local clusters have been
termed activity bubbles by Kohonen. The location of
these activity bubbles depends on the input vectors or
patterns.

SOFM are a competative learning system.. The
neuron compete among themselves for activation and
the activated neuron on cluster is a winner take all
neuron(s).

Assume that we set up input vectors or patterns X with
dimension P. In this case the number of terminals in
the input layer would be P. For each neuron j in the
output layer one has a weight vector w; with p
components since the network is fully connected.

The net input to neuron j from the input layer is then

net, = 3, WX, (18)
One also needs to account for the lateral connections.
Let

€k oGk 119)

be the lateral feedback weights where k defines the
region of influence of the firing neuron.

The output of neuron j then can be given by

y, = finet, + 33 ¢,y (20)

Where f is a nonlinear activation function such that
y; =0 and y; has a limited value.
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Typically the equation for y; is solved by relaxation
on the corresponding difference equation which could
be written as

Y1) fnet BN ey, ) @)

and P controls the rate of convergence.

One still needs to specify the SOFM algorithm. This
algorithm transforms the signal pattern of a given
dimension to a one- or two dimensional discrete map.
Consider the input vector x and the weight vector w;
previously defined. A simple method of matching the
two vectors is to take the scalar produce

w, Ty Jor all j (22)

and select the largest value as the matching neuron.
This assumes that each neuron has the same threshold
level.

The weight vector w; is often normalized and in this
case an equivalent method is to find the minimum 2-
norm of the different vectors

I(x) - minjlx—wjl2 J-1---N  (23)

Associated with the winning neuron is a
neighborhood

N,,(n) (24)

which is a function of time n. Kohonen has suggested
that this neighborhood should be fairly large at the
beginning and then shrink with time.

Having selected the winning neuron we now need to
discuss the adaptation algorithm for such a neuron. in
order to prevent the neurons from saturating it is
necessary to introduce a forgetting term in the
equation for change. In the discrete case one has

()« n(Ix) - wm)) j € Ny )

wj(n) Jj &N m(n)

wj(n*l) -

(25)

This is the same form that we introduced for
competative learning in the previous section. Note
that the learning rate and the size of the neighborhood
are functions of n.
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6.3 Vector Quantization (VQ)

This section shows the relationship between SOFM
and vector quantization. Vector quantization is
connected with the idea of data compression or
dimensionality reduction. Video teleconferencing
(VTC) depends on vector quantization. Figure 14
shows the process

X CX) X'(C)

Figure 14 - Vector Coding

The image x in VTC is compressed by means of the
encoder. it is then transmitted to the distance site
where it is decoded to yield a representation of the
original image x'(c).

The quality of the distance image x'(c) is a function of
the encoding and decoding process.

In the VQ theory x is considered as random variable
from an input set X with an implied probability
density function f(x). One defines the average
distortion by the integral [4].

1 p- /
D~ f__cbcj(x) Ie-x |3 (26)

Where

lx-x'1;3 27)

is the norm of the difference between the input vector
and the reconstructed vector. The LBG algorithm
[10] minimizes D in a two step process. It first choose
a code c to minimize

lx-x'(c) 3 (28)

It then uses c to calculate x'(c) as the centroid of the
input vectors that satisfies equation 28.

The LBG algorithm is closely related to the SOFM
algorithm. This relationship [11] can be shown by

introducing noise into the system as shown in Figure
15.

V

C(X) X'(C")

X — =
_—-J Encoder L—D—-— Decoder g

c

Figure 15 - Coding with Noise

A modified distortion integral is obtained

Dos = 5 [ [ “dpO)ix-x' [e() VI

(29)

Differentiating this integral with respect to x'(c) one
has

oD- -
=t - f dxf(x)p(c'- c(x))[x - x'(c)]
ox'(c) - (30)

The latter part of this integral is the distortion
measure corresponding to equation 26 and the
reconstruction vector is calculated from

[“@f@p(c’ - c@)x
x'(c) = — (31)
[ dfp(c-e(x)

The correspondence between VQ and SOFM
algorithm is given in the following table

Table |
vQ SOFM
c(x) i(x)
x'(c") W
p(c' - c(x,)) Ni

7. EPILOGUE ON NEURAL NETWORKS
Clearly it is not possible in a single article to cover all
aspects of neural networks but before going on to the
more applied aspects of this article it would be useful
to mention some item that have been neglected.

In feedforward networks there are many
modifications to the backpropogation algorithm.
Current software normally permits the easy use of
these modifications. Several feedforward networks,
Grossberg Network, Radical Basis Networks,



Functional Link Networks, among others, have not
been considered.

With respect to competitive networks we have not
considered ART networks or the counterpropagation
network.

With respect to dynamic associative memory
networks we have not considered the Boltzman
machine or bidirectional memory.

Finally there are many design problems connected
with the implementation of a neural network.
Although we will touch on some aspects of the design
process in the application part of this article, it is
useful to list some of the problems here. What is, for
example, a minimum realization of a ANN? How
many modes does one need? How many layers of
nodes? How long should one train a network.?

We now turn to applying neural networks to some
practical problems. We first consider modeling of
nonlinear systems, and identification and control of
dynamic systems.

8. GENERAL APPLICATION OF ANN

One of the first applications of ANN was used in the
determination of credit loans. Banks use some 30
factors in determining a loan {salary, age, stability of
employment, etc.). The network is trained by a human
expert on a wide sample of loan cases. After training
the ANN can be used to determine whether the
applicant receives a loan. This type of feedforward
network trained by a human expert could have an
important application in complex processes such as
the operation of a blast furnance which involves an
element of art. There is a difficulty in obtaining the
acceptance of the use of the neural networks by the
experts. Recently it has been announced that neural
networks are being used to track credit card payments
with a view of detecting changes in the pattern of
payments by the holder of the card.

One of the classical optimization problems is the
"traveling salesman" problem. (TSP). The TSP is said
to be NP-complete. The problem is easy to state. The
salesman has a given number of cities to visit. The
problem is to visit each city once and return to the
starting city. The optimal tour of the cities is the one
that has the shortest length. There is no known
optimal method for selecting the shortest tour, short
of calculating the length of all tours. Hopfield and
Tank in 1985 [11] used a Hopfield network to
calculate a solution to the problem. The method was
based on a arbitrarily constructed Lyapunov function.
Recent work indicates that a valid solution can be
obtained, which although not optimal, may be quite
good.
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Neural networks have been used also in stock market
predictions with mixed success. That the success is
mixed is not surprising. The inputs to a neural
network must contain features on which the neural
network has been trained. One can look on these
features as defining a set of vectors which define the
space within which the neural network can function
properly. Valid responses from a neural network
cannot be expected when the inputs to the neural
network do not contain features on which the neural
network has been trained. Thus if the "state” of the
stock market changes then a neural network trained
on the previous state will cease to give valid outputs.

9. ANN IN ADAPTIVE CONTROL

Model following or model reference adaptive
controllers are ideally suited to the use of neural
networks. The eighth paper in this series gives a
detailed discussion of the use of neural networks in
model following. We will discuss here some ideas not
covered in that presentation.

The ability of a neural network to model a plant is
perhaps the first object that must be obtained when
emulating a dynamic system. The typical system in
controls is a linear time invariant (LTI) system
represented by the equations

X = Ax + Bu

y = Cx + Du (32)

The ANN is not limited to the LTI model. Nonlinear
system models may also be emulated. It is interesting
to consider the emulation results both in the
frequency domain and in the time domain. Brunger
[12] has emulated the longitudinal dynamics of the
A4D aircraft. The model has 4 states given by [u, g,
a, 8] In Figure 16 the frequency response of the
original system and the trained ANN is shown. Only
the angle of attack « and the pitching angle 6 are
shown. A random binary signal was used in the
training. The network was trained for 100,000
random binary inputs. It should be noted that proper
emulations require that the system be excited over the
frequency range and amplitude range of the control.
The signal characteristics need to comply with the
concept of persistent excitation. Further one needs to
scale and normalize the neural network in order to
have successful emulation. Again current software
facilitate these actions.
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The random binary input was used to obtain
persistence of excitation. The excitation can be
applied at the digital sampling rate. It is difficult to
properly excite very low frequencies and one can see
that the emulation diverges here in the graphical
comparisons of Figure 16. Determination of the input
power spectral density can directly show if one has
proper excitation of the system.

The time response of both the ANN and the LTI
model for & and 6 are shown on the same graph in
Figure 17. It can be seen that the two curves on each
graph essentially are identical. It might be though that
the low order of the system facilitated the emulation
of the plant. In another study Bertrand [13] the X29, a
demonstration fighter with a forward swept wing was
emulated by an ANN. The plant model had 14 states
and with the addition of an He controller the system
emulated had 30 states. Figure 18 shows the time
response of the pitching rate q of the ANN and
original system. Again excellent emulation has been
obtained. The frequency domain comparisons were
also excellent.
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One method of control which is somewhat difficult
classically but is relatively easy from a neural
network viewpoint is that of inverse dynamics.

The inverse controller is an open loop controller as
shown in Figure 19. The desired output y is given to
the inverse which generates the need inputs for the
plant. Typical aerodynanic transfer functions have
non-minimum phase zeros (i.e., zeros in the right
hand plane). The non-minimum phase zero becomes
an unstable pole in the inverse plant. If the zero is not
too far in the right hand plane, it is possible to obtain
the inverse of the plant. Even if the inverse of the
plant is unstable, over a finite time the plant is a
bounded input, bounded output (BIBO) problem. For
the A4D aircraft the stable 4th order plant has a non-
minimum phase zero at 3.65 in the z plane. It was
possible to obtain the inverse of the plant in this case.
Figure 20 shows the input to the inverse neural
network and the output of the system plotted on the
same graph. Figure 21 shows the error between the
desired output and the actual output . Note that the
scale on the error is 10, In the case of X29 with an
unstable pole at 9.85 in the z plane, the instability
grows so fast that the basic modes of the system are
not excited. In this case emulation of the unstable
inverse was not successful. The original X29 plant is
also unstable with a pole in the s domain at 1.95. It
was possible to model the unstable X29 plant by an
ANN.
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10. IONOSPHERIC MODELING

Over the horizon radar is possible by reflecting radar
beams off the ionosphere. To be effective it is
necessary to have a model of the ionosphere. Three
ionospheric layers appear quite regularly E, F, F,
Neural networks [14] can be used to model the
ionosphere. In this example we will highlight some of
the data handling procedures necessary to the proper
training of a neural network. Available for analysis
were 146 radar soundings of the ionosphere. These
soundings were taken every 10 minutes during a 24
hour period.

To determine the effectiveness of a neural network
one needs a test set of data different from that of the
training set. The data was divided into a training set
of 74 exemplers and a test set of 72 exemplers.
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Care must be taken in this division that all features
that characterize the data are contained in the training
set. A neural network cannot recognize a feature it
has not been trained on. Each record consisted of an
input with two time delays (or echos) for each of 449
frequencies that were taken. Thus the input layer had
889 processing elements while the output layer
returned E, F,, F, layers critical frequency and F,
layer peak height determined by an expert. Care must
also be taken that one does not overtrain the network
and thus lose the ability of the network to generalize.
This can be checked by plotting the error both on the
training set and the test set as a function of training
cycles. The training set error should continually
decrease to some plateau value. The test global error
may also at first decrease but when overtraining
begins the error on the test set will begin to increase.
Training should stop just before this effect starts.
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Figure 22 - F,Layer - Model Network

Figure 22 shows an example of the ANN prediction
of F, layer critical frequency as a function of Zulu
time for the test set. Predictions for the F, and F, peak
were not as good. The fault may, however, be not
with the neural network but with the expert modeling
of these quantities.

11. SUMMARY

This article has given a brief introduction to neural
networks. Feedforward and recurrent networks have
been discussed. Supervised and Unsupervised
learning outline. Several applications of neural
networks to adaptive control and modeling have been
highlighted.

REFERENCES

1. AGARD Lecture Series 179
Artificial Neural Network Approaches in
Guidance and Control, September 1991.

25

11.

12.

13.

14.

Rumelhart, D.E. and McClelland, J.L.
Parallel Distributed Processing, Vol. I,
Vol. II. The MIT Press, Cambridge,
Massashusetts 1986.

Bose, N.K. and Liang, P.

Neural Networks Fundamentals With Graph,
Algorithms, and Applications, McGraw-Hill,
Inc., 1996.

Haykin, S.

Neural Networks- A Comprehensive Foundation,
MacMillan College Publishing Company, NY
1994
Rosenblatt, F.

Principles of Neurodynamics, Spartan Press,
Washington, DC 1961

Widrow, B. and Hoff, M.E.

Adaptive Switching Circuits 1960 IRE
WESCON Convention, Record, NY

IRE Part 4, pp. 96-104, 1960
Hopfield, J.1.

Neural Networks and Physical System With
Emergent Collective Computational Properties.
Proceeding of National Academy of Sciences,
Vol. 79, pp. 2354-2558, 1982.

Rumelhart, D.E. and Zipzer, D.

Feature Discovery by Competitive Learning.
Cognitive Science 9, pp. 75-112, 1985.

Kohonen, T.

Self-Organization and Associative Memory
Springer-Verlag, New York, 1989.

. Linde, Y., Buzo, A. and Gray, R.M.

An Algorithm for Vector Quantizer Design IEEE
Transactions on Communication COM-28 84-95
1980.

Hopfield, J. and Tank, D.

"Neural" Computation of Decisions in
Optimization Problems.

Biological Cybernetics, vol. 52, pp 141-152,
1985.

Brunger, C.A.

Artificial Neural Network Modeling of Damaged
Aircraft, Naval Postgraduate School, Monterey,
CA, MS Degree, March 1994.

Bertrand, D.J.S.R.

Application of Neural Network to Adaptive
Control Theory for Super Augmented Aircraft,
Naval Postgraduate School, Monterey, CA, MS
Degree, December 1991.

Pinkepank, J.A.

The Applicability of Neural Networks to
Ionospheric Modeling in Support of Relocatable
Over-the-Horizon Radar, Naval Postgraduate
School, Monterey, CA, MS Degree, September
1994,




Fundamentals of Fuzzy Logic, fuzzy inference and fuzzy control

B. Bouchon-Meunier
LIP6, CNRS-UPMC
Case 169, 4 place Jussieu
75252 Parnis Cédex 05, France
bouchon(@laforia.ibp.fr

1. INTRODUCTION

Fuzzy set theory was introduced 30 years ago by L.A.
Zadeh, with the purpose of formalizing the representation
and management of imprecise or approximate knowledge, in
order to facilitate the management of very complex systems,
for instance systems involving human components. It
provides tools to process imperfect information.

There exist several types of imperfect knowledge:

- uncertain information: there exist a doubt about the validity
of the piece of information, for instance "it may rain this
afternoon", Uncertainty is mainly due to a random behavior
of some phenomenon or to a relative reliability of an
observer or a device providing the information.

- imprecise information: the information is difficult to
express clearly or precisely, for instance "it rained most of
the afternoon", either because the measurement of a quantity
is not precise enough (no count of the rain duration), or
because a piece of knowledge has no precise value (“he
cannot go far" cannot be considered equivalent to any precise
information such as "he cannot go farther than 300 meters" )

- incomplete information: some piece of information is
missing, for instance the elements of an image hidden by a
spot on the image or a list of exceptions to a given general
rule, for instance "with certain exceptions, the battalion
commander arrives every day at 8:00". Incompleteness
entails uncertainty about the hidden or missing elements.

Fuzzy set theory is a tool to manage imprecise information
and, associated with possibility theory, it enables to manage
subjective  uncertain  information. Some incomplete
information can also be approached by fuzzy set and
possibility theory.

The purpose of fuzzy set theory is to allow graded
membership of an element to a given class and to avoid
breaks between close situations. It allows to deal with partial
membership to a class, ill-defined categories, gradual
knowledge, heterogenous types of data (symbolic and
numerical data in a given system). Fuzzy logic is specially
interesting to use in the case of complex systems, and
particularly systems with a human component.

In this paper, we introduce the basic elements of fuzzy set
theory : definition of fuzzy sets, various operations on fuzzy
sets, fuzzy relations, fuzzy arithmetics.  We present
possibility theory which allows to manage non-probabilistic
uncertainty and leads to a form of reasoning on imperfect
knowledge when used in synergy with fuzzy set theory. We
present the bases of this approximate reasoning and we show
how it can be used in inferences or in control.

2. DEFINITION OF FUZZY SETS

For a given universe X, a classical subset C is defined by a
characteristic function ¥~ lying in {0, 1}, while a fuzzy set
A is defined by a membership function

fr: X=> [0, 1]

such that f, (x) indicates the degree of membership of the
element x of X to the fuzzy set A. A classical (or crisp)
subset of X is then a particular case of fuzzy set. The
following notation is classical:

A= er)( fA(x) / %, if X is countable,
A =fx fA(x) / x, otherwise.

Some particular elements are interesting to describe a fuzzy
set:

- its support: supp(A) = {xeX/ f'A{x) #0}
- its height: h(A) = Supy cx fA(x)

- its kernel or core: ker(A) = {x€X/ f,(x) = 1}. Fuzzy sets
with a non-empty kernel and then a height equal to | are
called normalized.

- its cardinality: |A| = erx fA(x).

We denote by F(X) the set of all fuzzy sets of X. Singletons
are particular fuzzy sets A of X, very useful in fuzzy control,
such that there exist an element a in X such that fA(a) =]
and fA(x) =0 for any x=a.

In the example given in Figure 1, with a continuous
membership function, we have Ker(A) = [28, 32], supp(A) =
[24, 36), h(A) = 1. An example on a discrete universe can be
the following, regarding the choice of a location for some
purpose, with X = {Wood, Field, Village}: A=03/W +
0.7/F+ 0.1/V.

£ A = “about thirty”
A
[
\ >
I I 1 1 I
0 10 2428 3236 50 X

Figure 1. Example of a fuzzy set

Let us remark that a fuzzy set can have several
interpretations, depending on the situation: partial
membership (f,(x) is the membership degree of x to the
class A), preferences (f,(x) is the degree of preference
attached to x), typicality (f, (x) is the degree of typicality of
x in the class A), possibility (f,(x) is the degree of
possibility that x is the value of a variable defined on X).

3. OPERATIONS ON FUZZY SETS

Fuzzy set theory can be regarded as a generalization of
classical set theory. It is then necessary to define operations
on fuzzy sets extending the operations on crisp subsets of X.

Let A and B be two fuzzy sets of X. They are equal if and
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Mission Systems”, held in North York, Canada, 17-18 September 1997; Amsterdam, The Netherlands, 22-23 September
1997; Madrid, Spain, 25-26 September 1997; Ankara, Turkey, 6-7 October 1997, and published in LS-210.




32

only if
VxeX fA(x)z fB(x).

A is included in B, and we note AcB, if and only if
vx € X f'A(x)s fB(x).

Inclusion defines a partial order on fuzzy sets of X, with the
empty set (Vx € X f,(x) = 0) as smallest element and the
universe itself (Vx e Q fA(x) = 1) as greatest element.

3. 1. Basic definitions

The intersection of A and B is defined as the fuzzy set C =
AnB of X with the following membership function:

VxeX fC(x)= min (fA(x), fB(x)).

The union of A and B is defined as the fuzzy set D = AUB
of X with the following membership function:

YxeX fD (x) = max (fA(x), fB (x)).

The properties of intersection and union of crisp subsets of
X are preserved by these definitions :

= associativity of m and U,

» commutativity of M and u,
ctAUB=AAUX=X,
*cANX=AANO=0,
*sAUBD>AD ANnB,

= distributivity

An(BuBY= (AnB)YU(AnB")
AuB'nB")Y= (AuB)Nn(AUB"),
*|Al +|B|=|A N B[+ |A W B

We now define the complement of a fuzzy set A of X as the

— = “about thirty”
fA A B g fB B =*about forty™
1
n i
0 10 20 2832 40 50 X
p— ACB
A
1 I l I T >
I T T T i -
A =

Figure 2. Basic operations on fuzzy sets

fuzzy set AS of X with the following membership function:
VxeX facx)=1 -fA(x).

This definition preserves most of the properties available in
classical set theory, for instance:

«(AnB)F= A°UBS,

*(AUB)®= A® B,

* (A9 = A,

* |A] + A% = |X].

The only properties of the complement of a fuzzy set which

are different from their correspondent in classical set theory
are the following :

AN AzD
~ASUAZX

3. 2. Other definitions

The choice of operators min and max to define the
intersection and union of fuzzy sets is justified by the fact
that, together with the complement, they preserve almost all
the properties satisfied in classical set theory. They have been
pointed out as the solution of functional equations taking into
account the most important chracteristics expected from a
union and an intersection. Nevertheless, in some cases, it can
be interesting to loose some other properties and to use
definitions of intersection and union with a slightly different
behavior.

The most common alternate operators are triangular norms T:
[0,1] x [0,1] — [0,1] (t-norms) to define the intersection and
triangular conorms L: [0,1] x [0,1] — [0,1] (t-conorms) to
define the union. These operators have been introduced in
probabilistic metric spaces and they have the following
properties in common:

i) T(x,y) = T(y,x), L(x,y) = L(y,x) (commutativity)

i) Tx,T(y,2) = T(T(x.y)2), Lx,L(v.2)) = L(L(x.y)z)
(associativity)

i) T(xy) < T(z t), Lix,y) £ Lzp), ifx<zandy<t
(monotonicity)

Their neutral elements are different:
iv)T(x, 1)=x, L(x,0)=x foranyx in[0,1]

It is easy to check that min is a t-norm and max a t-conorm.
Intersection and union are defined as follows:

. C=Au-|-B with fC (x)=1 (fA(x}. fp(x)).

The most classical t-norms and t-conorms are defined in
Table 1.

r-norm -conorm name
min(x,y) max(x,y) Zadeh
X:¥ X+y-xy probabilistic
max(x+y-1, 0) min(x+y, 1) Lukasiewicz
Xy X+y--xv-(1- y)xy Hamacher

yH(1= y)(x+y-xy) 1-(1- ) xy (y>0)
[ xsiy=1 [ xsiy=0 Weber

y si x=1 y si x=0

0 sinon 1 sinon

Table 1. Main dual t-norms and t-conorms




They satisfy:

. TWeber (x,y) € T(x,y) € min(x,y)

emax (x,y) < L(x,y)< 1 Weber(x‘y)'

* The Lukasiewicz operators satisfy
A°NA=0,AUA=X, ArA#A, AUA%A
* The probabilistic operators satisfy

ASRA =0, ASUA =X, AnA=A, AUA # A,

Pairs of t-norms and t-conorms can be considered as dual in
the following sense, preserving the De Morgan laws for the
corresponding fuzzy set operations:

o 1-T(x, y) = L(1-x, 1-y)

o 1-L(x,y) = T(1-x, 1-y).

4. ALPHA-CUTS OF FUZZY SETS

It is sometimes necessary to associate fuzzy sets to crisp
sets, in order to make a decision for instance. The most
classical way is to choose a threshold a in [0, 1], considered
as a lower bound of the membership degrees taken into
consideration. The a—cur Ay of a fuzzy set A of the
universe X is defined as:

a={xeXf'fA(x)2 o},

If we increase the threshold, we are more exacting with
regard to the membership of an element to the considered
class and less elements of X correspond to our demand. This
means that the a-cuts are nested:

ifa'>2a then Ag D Ay

The following properties are satisfied by a-cuts :
-(AmB)u= AuﬁBu.

'(AuB)u= AQUBQ'

«ifAoBthen A OB
(vl o

*Ay =X, A, =Ker(A).

fa A = “about thirty”
1

0.5

0.1 g
0 24 28 33 X
Aj=Ker(A) 4P
Ags P
Ay, *—P

Figure 3. Some a -cuts of the fuzzy set A

The family of all the a-cuts of a given fuzzy set A of X
provides a representation of A by means of the following

theorem:

VxeX fA(x)=supu o, lla.xAu(x).

where x5 is the characteristic function of the a-cut Aa'
o

5. CARTESIAN PRODUCT AND PROJECTION OF
FUZZY SETS

When several universes are considered simultaneously, for
instance several criteria to make a decision, attributes to
describe an object, variables to control a system, it is
necessary to define the cartesian product of fuzzy sets of the
various universes.

3-3

Let us consider univcrscs X 2 & i Xr their cartesian
product X = X, x X )! the elements of which are r-
tuples (xys xz. ., % wnh X| € xl"‘Z e XZ"“‘ X, € Xr'

From fuzzy sets A, A,, A, respectively defined on X
Xy, ..y X[, we construct a fuzzy set of X denoted by A =
Ajx Ay x ...x A, considered as their cartesian product,
with membership function:

v X=(X s ooy Xr)EX. fA(x)=min(f’A!(x| ) I— fAr("r))'

Let us consider again the choice of a location, X, = {Wood,
Field, Village}, with A; =03 /W + 0.7/F+ 0.1/V, and
X5 = {North of the roaé. South of the road}, with Ay = 0.6/
N+ 0.4 /8. A global view of the preferences on the cartesian
product X =X x X, is given by the cartesian product of A
and A,:

A=03 /(WN)+03/(WS)+0.6/(FN)+04/(FS)+
0.1/(V,N)+0.1 AV,S)

The converse operation provides a description on some of the
available universes, given a global description on their
universes.

Let us consider again universes X, X s X their
cartesian product X. We suppose that we are given a fuzzy
set A of X. The projection of A on X,x Xb . Xk with
1<a<b<...<k<r, denoted by Proj(A), is deﬁncd by

v xaexa... xkexk,

fproj(a)®ar+Xi) = SUP sicr, i ok FA(Kjpe-s X))
More particularly, if we restrict ourselves to two universes
(r=2), the projection of A on X, is defined by:

v X EXI. fPrijl(A)(xl)z sup x2eX2 rA(("l* xz)).

Let us remark that, in the case of normalized fuzzy sets, if A
is the cartesian product A;x A,, then its projection on X, is
A, and its projection on )32 is%«

For example, if we have a global description of preferences
A=03 /(WN)+0.5/(W.8)+06/(FN)+04/(FS)+
0.1/(VN)+0.2/(V,S), we can deduce two marginal
descriptions of preferences

A =05/W+06/F+02/Von Xl,
A2=0.6/N+0.S/Son XZ'

6. THE ZADEH EXTENSION PRINCIPLE

Fuzzy sets of X are imperfect information about the elements
of X. For instance, instead of observing x precisely, we can
only perceive a fuzzy set of X with a high membership
degree attached to x. The methods which would be available
to manage the information regarding X in the case of precise
information need to be adapted to be able to manage fuzzy
sets.

Let us consider a mapping ¢ from a first universe X to a

second one Y, which can be identical with X. The Zadeh

extension principle defines a fuzzy set B of Y from a fuzzy

set A of X, in agreement with the mapping ¢, in the

following way (figure 4):

VyeY fgly)=sup, 0*(y) fa(x)  ifo*(y)=0
fg(y)=0 if p*(y) =0

with p*(y) = {xeX/y = ¢(x) } if ¢ : XY,

and o@*(y) = {xeX /y € o(x)} if @: )(—»2Y (i.e @ is

multivalued).
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Figure 4. The Zadeh extension principle

If A is a crisp subset of X reduced to a singleton {a}, the
Zadeh extension principle constructs a fuzzy set B of Y
reduced to o({a}).

If ¢ is a one-to-one mapping, then
=]
VyeY fgly)=fale ~(¥)).
If X is the cartesian product of universes X,x X2 X .x X,
and A is the cartesian product of fuzzy sets of these universes

A = Apx Ay x ..x A, the Zadeh extension principle
associates a fuzzy set B of ¥ with A as follows:

VyeY
fg(y) = sup, (p*(y}mi" (FA1 (X)) s FaL(x) ifo*(y) = O
fpy) =0if p*(y) = 0.

For example, let us consider the fu;zzy set A representing
“about thirty” on the universe X = IR, as defined in figure 1.
If we know that the value of variable W defined on X is
greater than the value of variable V and that the value of V is
about thirty, we can characterize the value of W by the fuzzy
set B obtained by applying the extension principle to the
order relation on [IR. We have Y = IR" and @(x) ={y € Y /
yzx}. Weget:

VyeY fgly)=sup {x e X/y2x} fp(x),

which yields fg(y) = 0if x<24, fg(y) = y/4 - 6 if 24<y<28,
and fg(y)=11ify=28.

Another example of application of the extension principle
defines a distance between imprecise locations. Let us
consider a set of points Z = {a, b, c, d}. The distance between
any pair of points of Z is defined by a mapping ¢: Zx Z —
IR". If the points are observed imprecisely, we need to extend
the notion of distance to fuzzy sets. We use the extension
principl_f with X=2Zx Zand Y = IR, and we get a fuzzy set
C of R" with its membership function defined for any d e
IR" by :

fold) = max g y) e X, x#Yy, p(x,y) = d;min (Fa(x), fg(¥))
if {(x,y) e X, x#y,p(x,y)=d} #0

fc(d) = 0 sinon.

For example, let us suppose that the distance is defined by
¢(a, b=p(a,c)=4, p(a, d) =5, (b, c) =2, (b, d) = ¢ (c, d)
=3, If we have imprecise locations in Z defined as A =
08/a+0.1/b+04/c+0.1/dand B=0.2/a+03/b+
0.7/¢ + 0.5/d , we obtain a description of the d’i‘_stance
between A and B through the following fuzzy set of IR":

fc(d)=0/0+0/1+03/2+04/3+07/4+05/5+
D/6*0 LT H iy

which means that the distance between A and B is around 4.

The Zadeh extension principle is fundamental to extend to
fuzzy sets all the concepts we are familiar with in classical
set theory, for instance in arithmetics or reasoning,.

7. FUZZY RELATIONS

Since fuzzy set theory represents a generalization of classical
set theory, we need to generalize all the classical tools
available to manage crisp data. Fuzzy relations are among the
most important concepts in fuzzy set theory.

A fuzzy relation R between X and Y is defined as a fuzzy set
of X x Y. In the particular case where X and Y are finite, R
can be described by means of the matrix M(R) of its
membership degrees.

An example of fuzzy relation on X = Y = {X]s X9, X3} is
defined by the following matrix M(R )): i

X \g xl K2 X3
X} 0.2 1 0.5
X5 0 06 03
Xq 0 09 04

Another example of fuzzy relation can be defined on X =Y
= IR to represent approximate equality between real values,
for instance with the following membership function (see
Figure 5):

VxeX, VyeX fp (xy)=1(1+(xy?).

*

X y

Figure 5. Representation of "approximately
equal to”

7. 1. Combination of fuzzy relations

The inverse of 3 given relation R between X and Y is the
fuzzy relation R™" between Y and X defined by:

VxeX,VyeY fR_|(y.x)= fR(x.y).

If we have 3 universes X, Y et Z, it is useful to combine
fuzzy relations between them. The composition of two fuzzy
relations Rl on X x Y and R, on Y x Z defines a fuzzy
relation R = RI o R2 on X x Z,with membership function:

V(x,z)eXx Z f‘R(x, z)=sup yeY min(le(x, y),f‘Rz(y, z)).

This max-min composition is the basic way of combining
fuzzy relations. If we have special requirements about the
behavior of the combined fuzzy relation, it is possible to
replace the operator min by another t-norm * (max-*
composition).

This definition is compatible with the classical composition
of relations when R, and R, are not fuzzy. It is particularly
easy to compute when the universes are finite, since the
calculus of M(R) from M(R,) and M(R,) can then be
regarded as a matrix product, with the operators max
replacing the addition and min replacing the product.

With the example of relation R_ above-mentioned, we
obtainR o R, with the following matrix M(R o R ):

N_l Xy x-) x‘;
X 0.2 06 04
X 0 06 03
X3 0 06 04




7. 2. Properties of fuzzy relations

The main  utilizations of fuzzy relations concern the
representation of resemblances ("almost equal") or orders
("really smaller”). We need to define general classes of fuzzy
relations suitable for such representations, based on particular
properties of fuzzy relations,

The fuzzy relation is symmerrical if:
V(x,y)e XxX f‘R(x, y)= fR(y. X).
It is reflexive if:

YxeX fR(x.x)= L.

It is transitive if:

RoRoR,

and more particularly max-min transitive if we use the max-
min composition of fuzzy relations:

V(x, z2)eXxX fR(x.z) 2 sup yeX min(fR(x.y), fR(y,z)).
The fuzzy relation is antisymmetrical if:
V(x,y) e XxX, fR(x‘ y)>0and fR(y. X)>0=>x=y.

The property of max-min transitivity is particularly easy to
check when X is finite, since we have to check that each
element of the matrix M(R o R) is not greater than the
corresponding element of M(R).

For instance, the relation R _ is transitive. The fuzzy relation
Re is reflexive and symmetrical.

For any threshold a € ]0, 1], we define the a-cut Ra of R,
such that f'R (xy)=1if fR(x.y) = a and fR (xy)=0
otherwise. [t*can be proven that R is s¥mmetrical
(respectively max-min transitive) if and only if Ra is a
symmetrical (respectively transitive) crisp relation, for any o
€ 10, 1]. This proves that the definitions we have chosen are
compatible with the classical definitions.

7. 3. Similarity relations

Asimilarity relation is a symmetrical, reflexive and max-min
transitive fuzzy relation.

It corresponds to the idea of resemblance.

For any threshold a € 10, 1], the a-cut R_ of R is a classical
equivalence relation on X. When a variés from 0 to 1, we
obtain nested partitions of X from the equivalence classes of
R . For any level @, x et y belong to the same class of the
paﬁtition if and only if they resemble each other with a degree
at least equal to a.

If the similarity relation R is such that f(x,y) = 1 if and only
if x=y, we can associate it with a distance d defined on X and
lying in [0, 1] as follows:

V(x,y)e XxX d(x,y)=1- fR(x,y).
This distance is ultrametric since it satisfies:
Y(x,y,2z) € Xx X xX d(x,y) < max (d(x,z), d(z,y)).

Similarity relations are mainly involved in classification and
clustering.

An example of similarity relation is given in Figure 6.

7.4. Fuzzy order relations
A fuzzy preorder is a reflexive and transitive fuzzy relation

If R is also antisymmetrical, it is a fuzzy order relation. It

35

X X1 Xy X3 X4 M(R)=M(R o R)
X 1 0.3 09 05
Xy 0.3 1 03 03
Xq 09 03 1 0.5
X4 0.5 03 05 1
a-cuts of R
Ro.3: X X9 X3, X4}
Ros:  xpp %3 xqb {xp)
Rog: ixy. X3} {xqh ixp}
Ry: {xq} xgt  ixg) x5l
Figure 6. Example of similarity relation and
partitions of alpha-cuts

corresponds to the idea of ordering or anteriority.
For any threshold a € ]0, 1], the a-cut R, of an order fuzzy
relation R is a partial order on X.

An example of fuzzy order relation is given by the following
matrix M(R):

MR)= [1' 08 03 o4 o0 of] x|
| 10 0

0 06 0 | X5
o 0 1 0 05 0 |x3
lo 0 0 1 06 04]x,
lo o o o 1 0 | xg
Lo o 0o o o 1 Jxg

Fuzzy order relations are useful in decision-making, for
instance for the analysis of preferences or for temporal
ordering.

8. FUZZY ARITHMETICS

Many applications use the universe IR of real numbers, with
fuzzy sets representing imprecise measurements of real-
valued variables (distance, weight...). The membership
function are generally chosen as simple as possible,
compatible with  the intuitive representation  of
approximations. This simple form of functions corresponds to
convex fuzzy sets.

A fuzzy set on X is convex if it satisfies the following
condition:

V(x,y) € Rx IR Vz g[x,y] fF(z)) 2 min (fF(x). fF(y)).

A fuzzy set is convex if and only if its a-cuts are convex
subsets of IR

A fuzzy quantity Q is a normalized fuzzy set of IR

A modal value of Q is an element m of IR in the kernel of Q,
such that f‘Q(m) =1.

A fuzzy interval 1 is a convex fuzzy quantity. It corresponds
to an interval of IR with imprecise boundaries.

If its membership function is upper semi-continuous, its o-
cuts are closed intervals of IR for any a € 0, 1].

A fizzy number M is a fuzzy interval with an upper semi-
continuous membership function, a compact support and a
unique modal value. It corresponds to an imprecisely known
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real value.

8. 1. Main arithmetic operations

It is often necessary to compute addition or product of
imprecisely known real values. For instance, the number of
present elements is approximately 30 and approximately 20
are expected, what will be the resulting number of elements?
Symbolically, we can conclude that it will be approximately
50, but we need to formalize this operation to define
automatic operations for more complex problems, such as
fuzzy operational research, for instance. We use the Zadeh
extension principle to extend the classical arithmetic
operations to fuzzy quantities.

A unary operation A can be defined on fuzzy quantities
from a unary operation ¢ defined on IR For any fuzzy
quantity Q, it yields another fuzzy quantity AQ with the
following membership function:

VzeR fAQ(z) =S5UP -y f'o(x).

Particular unary operations provide :

- the opposite -Q of a fuzzy quantity Q, such that:
Vze R f_Q(z) = fQ(-z)

- the inverse 1/Q of Q, such that:

vzeR ,zz0 f]/Q(z) = fQ(I/z).

- the exponent of Q, denoted by exp(Q), such that
Vze R fexp(Q)(z) = fQ(ln z)

- the product by a scalar ). different from 0, denoted by AQ,
such that

vze R le(z) = fQ(z/l).

For example, if Q is a fuzzy number with modal value 4 and
support [3, 5], -Q is a fuzzy number with modal value -4 and
support [-5, -3], 1/Q is a fuzzy number with modal value 1/4
and support [1/5, 1/3].

A binary operation * can be defined for fuzzy quantities for
any binary operation y on IR From two fuzzy quantities Q
and Q' it yields another fuzzy quantity Q*Q' with
membership function:

Yze R fQ..Q. (Z)=Sup [(X,y)/ way}mlﬂ(fQ(x), fQ'(y))

If the operation y is commutative, * is also commutative.

If the operation v is associative, * is also associative.

Particular binary operations provide the following fuzzy
operations:

- the addition of fuzzy quantities Q and Q', denoted by
Q®Q', such that

fQeQ @FsUP(x,y) / z=xtyymMiniQ(®): Y

- the product of fuzzy quantities Q and Q', denoted by
Q@Q', such that:

foeQ @FSUP{(xy) / z=x x yymin(iQ®): i)

- the subtraction of fuzzy quantity Q' to Q, denoted by
QOQ', such that:

fQGQI(Z): sup{(x‘y) /sz_y} mln(fQ(x), fQ'(Y))

- the quotient of fuzzy quantity Q by Q', denoted by Q @ Q,

such that:

fQ @ Q@ = P ((x y) /z=x/yymin(f(x). f ()
- the maximum of fuzzy quantities Q and Q', denoted by
max(Q, Q"), such that:

fmax(Q, @)@ {(x,y) / z = max(x, y); ™" (fQ(*): fg )
- the minimum of fuzzy quantities Q and Q', denoted by
min(Q, Q"), such that:

fmin(Q, @)@ = $¥P{(x, y) / 2 = min(x. y);Min(fg(). f(y))

These operations are such that

+ QO Q'=Qa(-Q")

QO Q' =Q&(1/Q).

Q®Q=(-Q®(-Q)
(-Q)®Q=Q@(-Q)=-(Q®Q)
*QB0=02Q=Q

Q®1=1®Q=Q

*Q@0=0®Q=0
*QRQ@QI<(QRQY)SQ®Q"),

with equality if the supports of Q' and Q" are both positive or
both negative.

«Q®(1/Q)=1(1is the modal value of Q ® (1 / Q) )
*Q @ (-Q) = 0 (0 is the modal value of Q @ (-Q))

» max(Q, Q') = Q if and only if min(Q, Q") =Q".

8. 2. L-R fuzzy numbers

It is interesting to use particular forms of membership
functions for which the main operations are easily
computable. It is the case for so-called L-R fuzzy intervals.

An L-R fuzzy interval | is a fuzzy quantity with a
membership function f[ defined by means of four real
parameters (m, m', a, b), with a and b strictly positive, and
two functions L et R, defined on IR", lying in [0, 1], upper
semi-continuous, non-increasing, such that:

-L(O)=R(0)=1
- L(1)=0or L(x)>0 ¥x with Iimx_’wL(x) =0,
-R(1)=0o0u R(x)>0 ¥x avec limx__)wR(x) =0.

The membership function of an L-R fuzzy interval defined
by m, m', a and b is then :

fl (x) = L((m-x)/a) ifx<m,
fix)=1 ifm<x<m,
fi () = R((x-m')/b) ifx=m',

We note I = (m, m’, a, b) R It can be interpreted as
“approximately between m anh m' ",

The particular case of an L-R fuzzy interval (n, n, a, b)L is
an L-R fuzzy number denoted by M = (n, a, b)LR' It can be
interpreted as "approximately n".

Fuzzy quantities have often trapezoidal or triangular
membership functions (figure 7). They are then L-R fuzzy
intervals or numbers, with R(x) = L(x) = max (0, 1-x). It is
alio possible to use functions such as max(0, 1-x), max(0, 1-
x)“ or exp(-x) for instance to define R and L.




fl_ fM-—-
A
| I— / “
m-a ‘m ' m'+b E
A
Vs cccmuanapnsa
VN
n-a n ntb IR

Figure 7. Triangular fuzzy number M and

trapezoidal fuzzy interval |

Given two L-R fuzzy intervals defined by the same functions
L and R, denoted by

[ =(m, m, a, b)LR and J =(n, n', ¢, d) R» the main unary
and binary operations defined in section 8{'

of = (-m', -m, b, a)RL

I ®J = (m+n, m'+n', atc, b+d)LR

1 ®) =(m-n', m'-n, a+d, b+c)LR if L=R

1 @] is generally not an L-R fuzzy interval, but it is possible to
approximate it by the following L-R fuzzy interval :

[ ®] = (mn, m'n', mc+na, md+"b)LR’
when the supports of I and J are included in IR" and a and b

are small with respect to m, ¢ and d are small with respect to
n.

8. 3. Fuzzy relations on fuzzy quantities

Fuzzy values of variables can be compared by means of fuzzy
relations, weakened versions of equality or order for instance.

Let V and W be two variables, N a fuzzy quantity which is the
values of V, R a relation between the value of V and the value
of W. We can deduce the value M of W as follows:

¥xelR fM(x) - supy cR min (fR(x, y), fN(y)).

For example, let us suppose that the relation "y is really
greater than x" between two real numbers x and y is
represented by the fuzzy relation R with membership function

V(x,y)e R fr(x,y) = min (1, (y-x) / B) if y2x, 820,
= () sinon,

for a positive parameter [3 .

If the length of a field is really greater than its width, and the
value of the length is given by a fuzzy triangular number N =
(n, a, a), for 0<a<n, then we can deduce the value of the width
as a fuzzy trapezoidal number M = (0, n-B, 0, a+8) (Figure 8).

A

I e
L
n-B n-a n n+a IR

Figure 8. Triangular fuzzy number N and
description M of a really greater value
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9. MEASURES OF POSSIBILITY AND NECESSITY
Fuzzy set theory provides a representation of imprecise
knowledge. It does not present any immediate representation
of uncertain knowledge, which is nevertheless necessary to
reason with imprecise knowledge. Let us consider the precise
and certain rule "if the purchase is made after the 20th of a
month, it will be paid at the end of next month". An imprecise
information such as "the purchase is made around the 20th of
a month" leads to an uncertain conclusion "we are not certain
that the purchase will be paid at the end of next month”. This
simple example proves that imprecision and uncertainty are
closely related.

Possibility theory has been introduced in 1978 by L.A. Zadeh
to represent non-probabilistic uncertainty linked with
imprecise information, in order to enable reasoning on
imperfect knowledge. It is based on two measures defined for
any subset of a given universe X, the possibility and the
necessity measure.

9. 1. Possibility measure

We define a possibility measure as a mapping [1 : [O.I]x—>
[0, 1], such that:

i) [1@) =0, I(X) =1,

ii)VAie[O,l]x. Aefo1X...

Vi o, AP =supicy 5 TIA),

In the case of a finite universe X, we can reduce ii) to ii')
which is a particular case of ii) for any X:

ii)V(A, B) € [0,11% [0,11X TI(AUB) = max (TT(A), T1(B)).

[1(A) represents to which extent it is possible that the subset
(or event) A of X occurs. If [1(A) = 0, A is impossible, if
[1(A)=1, A is absolutely possible.

We remark that the possibility measure of the intersection of
two subsets of X is not determined from the possibility
measure of these subsets. The only information we obtain
from i) and ii) is the following:

Y(A, B)e [0,11%x [0,11X TI(A~B) < min (T1(A), TT(B)).

Let us remark that two subsets can be individually possible
(IT(A)=0, T1(B)=0), but jointly impossible (IT(A~B) = 0).

Let us consider the example of the date of an attack. X =
{monday, tuesday...sunday}. We suppose that it is absolutely
possible that the attack occurs on monday or tuesday,
relatively possible that it occurs on wednesday, impossible
that it occurs on thursday.

[1({monday, tuesday}) = 1, [I({wednesday}) = 0.8,
[1( {thursday})= 0.

We deduce that it is absolutely possible that the attack occurs
on monday, tuesday or wednesday.

[1({monday, tuesday, wednesday}) = max(1, 0.8) = 1.

It is also absolutely possible that the attack occurs on
monday, tuesday or thursday.

[1({monday, tuesday, thursday})=max(l,0)=1,
[1({wednesday, thursday})= max(0.8, 0)= 0.8,

but the intersection {thursday} of these two subsets {monday,
tuesday, thursday} and {wednesday, thursday} of X
corresponds to a possibility measure equal to 0.
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We deduce from conditions i) and ii) that

- |1 is monotonous with respect to the inclusion of subsets of
X:

if A2 Bthen[1(A)=TI(B).

- if we consider any subset A of X and its complement AS, at
least one of them is absolutely possible. This means that
either an event or it contrary is absolutely possible:

VA € [0,11% max (TI(A), TIA®) = 1,
T(A) + (A% 2 1.

9. 2. Possibility distribution

A possibility measure is completely defined if we assign a
coefficient in [0, 1] to any subset of X. It is easier to define if
we restrict ourselves to the singletons of X and we use
condition ii) to deduce the other coefficients.

A possibility distribution is a mapping n : X — [0, 1],
satisfying the normalization condition:

SUp e x T(X) =1

Possibility measure and distribution can be associated. From
a possibility distribution 7, assigning a coefficient to any
element of X, we construct a possibility measure assigning a
coefficient to any subset of X as follows:

VAE{O.[]X [1(A) = sup xe A ™X).

Conversely, from any possibility measure [, we construct a
possibility distribution as follows:

V xe X n(x)=TI({x}).

For example, let us consider the universe X of integers and
the possibility that a given number of persons is present in a
given room. From the size of the room, we deduce the
possibility distribution n given in Figure 9, where mn(x)
represents the degree of possibility that x persons can be in
the room. We deduce the possibility measure [, for instance
I1([70, 82 1 = 1, [1([90, 100]) = 0 and []([a, b]) = n(a) for
any 0 <a<b. Let us take the oppportunity of this example to
point out the difference between possibility distribution and
probability distribution, which could be only determined by
additional information. More particularly, we remark that
[1({o, 701 = TI([71, 100]) = 1, which means that two
complementary events are both absolutely possible.

11
0 70 80 90100 X
Figure 9. Possibility distribution

In the case of two universes X and Y, we need to define to
which extent a pair (x,y) is possible, withx € Xandy € Y.

The joint possibility distribution m(x,y) on the cartesian
product X x Y, is defined for any x € X and y € Y and it
expresses to which extent x and y can occur simultaneously.

The global knowledge on X x Y through the joint possibility
distribution m provides a marginal information on X and Y by

means of the marginal possibility distribution on X, for
instance:

v xe X nx(x) = supy ey (X,y).
oronY:

VyeY Ty(y) =sup, _ x w(x.y).
These equalities imply the following inequality:
VxeXVyeY rn(x,y) <min (rrx(x), ny(y)).

We remark that a joint possibility distribution provides
uniquely determined marginal distributions, but the converse
is false. Determining a joint possibility distribution 7 on X x
Y from possibility distributions my, on X and 7y on Y
requires to have information about)t(he relationship getween
events on X and Y. If we have no information, n cannot be
known exactly.

The universes X and Y are non-interactive if
Vxe XVyeY nx,y)=min (:rrx(x}. Ty (¥)).

This possibility distribution is the greatest among all those
compatible with ny and my. Two variables respectively
defined on these universes are also called non-interactive,

The effect of X on Y can also be represented by means of a
conditional possibility distribution wt,  such that:

VxeXVyeYnxy)= Ty rx xy)* Ty (x),

for a combination operator *, generally the minimum or the
product.

For example, if we consider again the universe X of days of
a week and we add the universe Y of hours in a day. Ty is
the possibility degree that somebody is in the room at time y.
For instance, m+(y)=0fory € ]12 p.m., 5 a.m.[, Ty(y) =1
for any other y.YFor a number x of persons and a time y, we
define the possibility degree m(x.,y) that the pair (x.y) is
possible. Y has clearly an influence on X and the universes
are interactive. We can have 7y (60) = 1, my(7) = 1, but
(60, 7) = 0,05. We can also define the conditional
possibility degree Ty x (X.y) that the time is y, given that x
persons are in the room. For instance Ty le(60_.18) =1,
compatible with n(60, 18) = [ by (60, 18) =
min(rty, (60,18), my(60)).

9. 3. Necessity measure

A possibility measure provides an information on the fact
that an event A can occur, but it is not sufficient to describe
the uncertainy about this event. For instance, if [T[(A)= 1, A
is absolutely possible, but we can have [1(A%) = 1, which
proves that we have an absolute uncertainty about A. We
complete the information on A by means of a measure of
necessity on X,

A necessity measure is a mapping [] : [0,1]x—> [0, 1], such
that:

iii) N(@) = 0, N(X) = 1,
iv) VAIE[O,I]X ,Ajefo, 11X ...
N(Nj=1 2. AP =infic) 5 N(A),

Property iv) is reduced to the following in the case of two
events:

iV)V(A, B)e[0,11%x [0,11% N(AAB) = min(N(A), N(B)).

Necessity measures are monotonous with regard to set
inclusion:

if A o B, then N(A) = N(B).




The necessity degree of the union of subsets of X is not
known precisely, but we know a lower bound:

V(A, B)e[D,l]xx [U,I]X N(AUB) = max (N(A), N(B)).

We deduce also from iii) and iv) a link between the necessity
measure of an event A and its complement A

VA € [0,11% min (N(A), N(AS)) = 0
N(A)+ N(AS) < 1.

9. 4. Duality between possibility and necessity measures

The properties required from possibility and necessity
measures show that they are linked together. They are dual in
the following sense. For a given universe X and a possibility
measure [] on X, the measure defined by:

VA € [0,11X N(A)=1-T1(A%),
where A€ is the complement of A in X, is a necessity measure
on X.

While [1(A) evaluates the possibility of A to occur, N(A)
represents the certainty we have in this occurrence. We are
certain that A occurs (N(A) = 1) if and only if AS is
impossible (IT(A€) = 0) and then [1(A) = 1.

If [1 is defined from a possibility distribution m, we can
define its dual necessity measure by:

VA € [011% N(A)=inf, _ 5 (1-7(x).

The duality between [] and I&appears also in the following
relations, satisfied VA  [0,1]™:

= [1(A) 2 N(A)

« max ([1(A), 1 - N(A)) =1,
«if N(A) # 0, then [T(A) =1,
«if [1(A) # 1, then N(A) = 0.

With the previous example, the certainty on the fact that at
most 80 persons are in the room equals N([0, 80]) = | -
[1([81,100]) =1 - n(81) = 0.1.

9. 5. Possibility and necessity measures of fuzzy sets
Possibility and necessity measures have been defined for crisp
subsets of X, not for fuzzy sets.

In the case where fuzzy sets are observed, analogous measures
are defined to compare an observed fuzzy set F to a reference

fuzzy set A of X.
The possibility of F relative to A is defined as:
II(F; A)= supy _x min (fF(x). f'A(x)).

We remark that [I(F; A) = 0 indicates that FhA = @, and
[1(F; A) = 1 indicates that FnA = ©.

The dual quantity defined by N(F; A) = 1-[I(F¢; A) is the
necessity of F with regard to A, defined as:

N(F; A)= infxe)( max (fF{x), 1- fA(x)),

39

These coefficients are used, among others, to measure to what
extent F is suitable with A,

For example, with the universe X of integers, we can
evaluate the compatibility of an observed number of persons
represented by F = “around 85" with the reference fuzzy set A
= “approximately less than 80" (Figure 10). We get [1(F;A) =
2/3 and N(F;A)=0.

FUZZY

10. LINGUISTIC VARIABLES AND

PROPOSITIONS

Possibility theory, as presented in section 9, is restricted to
crisp subsets of a universe. The purpose of its introduction
was to evaluate uncertainty due to inaccuracy. We need to
establish a link between both approaches.

10. 1. Linguistic variables

A linguistic variable 1s a 3-uple (V, X, TV). defined from a
variable V (distance, size, length...) defined on a universe X.
and a set Ty = {AI, A,...} of fuzzy characterizations of V.,
For instance, with V = distance, we can have Ty, = {far,
medium, close}. We use the same notation for a linguistic
characterization and for its representation by a fuzzy set of X
(figure 11).

Ik

; close medium 3 ff'ar

0,5

>
20 30 50 60 X
V=distance, X=R+. Ty/={close, medium, far}

Figure 11. Example of linguistic variable (V, X, Ty))

7 — -
'y
2/3 L recscetstncstersnunumpnsnntenassteretsvatnranangvene
0
80 8 90 X
Figure 10. Compatibility of an observed fuzzy set F
with a reference fuzzy set A

The set TV corresponds to basic characterizations of V. We
need to construct more characterizations of V to enable
efficient reasoning from values of V.

A linguistic modifier is an operator M yielding a new
characterization m(A) from any characterization A of V, in
such a way that f Ay = t (fA)' for a mathematical
transformation ta assn&ix)ted let?I m.

For a set M of modifiers, M(Ty;) denotes the set of fuzzy
characterizations deduced from TV.

For example, with M = {rather, very}, we obtain M(Ty,) =
{very far, very medium, very close, rather far...} from 1yv -
{far, medium, close}.

Classical linguistic modifiers are defined by (figure 12):
. fm(A)(x) = fA(x)2 (very) introduced by L.A. Zadeh
1/2 :
of (x) = f,(x) (more or less) introduced by L.A.
zags) A

. fm] ( A)(x) =min (1, Af A(X)), for A > 1 (approximately),
(x) = max (0, vp(x) + 1 —v), , for a parameter v in

Elf&zf]a()aboul).

« f (x) =
(rathel)™

ot (fy(x)) =f A(x+0t), for a real parameter o (really or
ratmaf, :Qpending on the sign of a)

where ¢ is the function identical with f, on its support and
extending it out of the support.

min (1, max (0, o(x) +p)), with 0<B<1
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? A
I ma

w—  given characterization A
weees  modified characterization m(A)

Figure 12. Examples of linguistic modifiers

10. 2. Fuzzy propositions

We consider a set L of linguistic variables and a set M of
linguistic modifiers.

For a linguistic variable (V, X, Ty,) of L, an elementary
proposition is defined as “V is A", by means of a
normalized fuzzy set A of X in Ty, or in M(Ty;).

The more suitable the precise value of V with A, the more
true the proposition “V is A”. The truth value of an
elementary fuzzy proposition “V is A” is defined by the
membership function f A Of A

A compound fuzzy proposition is obtained by combining
elementary propositions “V is A", “W is B”... for non-
interactive variables V.

The simplest fuzzy proposition is a comjunction of
elementary fuzzy propositions “V is A and W is B” (for
instance “the distance to the town is far and the size of the
place is big”), for two variables V and W respectively
defined on universes X and Y. It is associated with the
cartesian product A x B of fuzzy sets of X and Y,
characterizing the pair (V, W) on X x Y. Its truth value is
defined by min(f,(x), fB(y)) or more generally T(f,(x),
fB(y)) for a t~-norm T, in any (x,y) of X x Y. Such a %ﬂy
proposition is very common in rules of knowledge-based
systems and in fuzzy control.

Analogously, we can combine elementary propositions by a

disjunction of the form “V is A or W is B” (for instance “the

distance to the town is far or the size of the place is big”).

The truth value of the fuzzy proposition is defined by

max(f , (x), fir(y)), or more generally L(f, (x), f(y)) for a t-
A\l B A B

conorm L, inany (x,y) of X x Y,

An implication between two elementary fuzzy propositions
provides a fuzzy proposition of the form “if V is A then W is
B” (for instance, “if the distance to the town is far then the
position is acceptable™) and we will study carefully this form
of fuzzy proposition because of its importance in reasoning
in a fuzzy framework.

More generally, we can construct fuzzy propositions by
conjunction, disjunction or implication on already compound
fuzzy propositions.

A fuzzy proposition based on an implication between
elementary or compound fuzzy propositions, for instance of

the form “if V is A and W is B then U is C” is a fuzzy rule,
“Vis A and W is B” is its premise and “U is C” its
conclusion.

10. 3. Possibility distribution associated with a fuzzy
proposition
The concepts of linguistic variable and fuzzy proposition are
useful for the management of imprecise knowledge when we
associate them with possibility distributions to represent
uncertainty,

A fuzzy characterization A such as "far” is given in a prior
way and its membership function f, indicates to what extent
each element x of X belongs to A.a fuzzy proposition such
as “the distance is far” is a posterior information, given after
an observation, which describes to what extent it is possible
that the exact distance is any element of X.

An elementary fuzzy proposition induces a possibility
distribution my, , on X, defined from the membership
function of A by"

VxeX Ty A(x) = f'A(x).

From this possibility distribution, we define a possibility and
a necessity measure for any crisp subset of X, given the
description of V by A:

My, A@)=sup y¢ p Ty, AX):
Ny, AD)=1-Tly, A(D°).

Analogously, a compound fuzzy proposition induces a
possibility distribution on the cartesian product of the
universes. For instance, a fuzzy proposition such as “V is A
and W is B”, with V and W defined on universes X and Y,
induces the following possibility distribution:

VvV xeX, VyeY TV, W), Ax B(x.y]:min(fA(x), fB(y)).

In the case of an uncertain fuzzy proposition such as “V is A,
with an uncertainty £", for A € Ty;, no element of the
universe X can be rejected and every element x of X has a
possibility degree at least equal to e Such a fuzzy
proposition is associated with a possibility distribution
n'(x) = max(nv AX), &) (Figure 13).

VisA V is A with uncertainty &
A fuzzy A precise A fuzzy

Ty, A Ty, A TV, A

4

X X X
Figure 13. Uncertainy and imprecision in fuzzy
propositions

11. FUZZY LOGIC

The use of imprecise and/or uncertain knowledge leads to
reasoning in a way close to human reasoning and different
from classical logic. More particularly, we need:

- to manipulate truth values intermediate between absolute
truth and absolute falsity




- to use soft forms of quantifiers, more gradual than the
universal and existential quantifiers ¥V and 3

- to use deduction rules when the available information is
imperfectly compatible with the premise of the rule.

For these reasons, fuzzy logic has been introduced with the
following characteristics:

- propositions are fuzzy propositions contructed from sets L of
linguistic variables and M of linguistic modifiers,

- the truth value of a fuzzy proposition belongs to [0, 1] and it
is given by the membership function of the fuzzy set used in
the proposition

- fuzzy logic can be considered as an extension of classical
logic and it is identical with classical logic when the
propositions are based on crisp characterizations of the
variables.

11. 1. Fuzzy implications

Let us consider a fuzzy rule “if V is A then W is B”, based on
two linguistic variables (V, X, TV) and (W, Y, TW).

A fuzzy implication associates to this fuzzy rule the
membership function of a fuzzy relation R on X x Y defined
as:

V(x,y) € Xx Y fp(x.y) = ®(fy (x), fp(y)),

for a function ® chosen in such a way that, if A and B are
singletons, then the fuzzy implication is identical with the
classical implication.

There exist many definitions of fuzzy implications. The most
commonly used are summarized in Table 2. There can be
classified in general classes, according to their behavior. One
of the best-known classes is based on a t-norm T as follows:

fR(x,y} =T *(fA(x). fB()'))‘
with T* the quasi-inverse of T, defined as:
V(u,v) € [0,|]2 T *(u,v) =sup {w €[0,1], T(u,w) <v}.

Particular cases of this class are Brouwer-Godel implication,
with T(u,v) = min(u,v), Goguen implication with T(u,v) = u.v

Truth value fR xp) ame of the implication

Reichenbach RR
Willmott RW

Rescher-Gaines

l- fA(x) + fA(x) ; fB(y)

max(l - fA(x). min(fA(x), fB(y))
1 si fA(x) < fB(y)
0 otherwise

max(1 - 5 (x), fg(y))

1si fA(x)S fB(y)

RRG

Kleene-Dienes RKD
Brouwer-Gaodel RBG

fB(y) otherwise
min(fg(y)/ fo(x), 1) si f4(x)#0| Goguen RG
1 otherwise
min(1 - f A(x) + fB(y). 1) Lukasiewicz RL
min( £, (x), f(y) Mamdani RM *
Larsen RP *

fA(x) . fB()’)

* These quantities do not generalize the classical
implication, but they are used in fuzzy control to manage

fuzzy rules
Table 2. Fuzzy implications
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and Lukasiewicz implication with T(u,v) = max(u+v-1, 0).

This means that we can choose the t-norm T to define the
conjuntion of fuzzy propositions compatible with each fuzzy
implication.

11. 2. Generalized modus ponens

Generalized modus ponens is an extension of the scheme of
reasoning called modus ponens in classical logic. For two
propositions p and q such that p=q, if p 1s true, we deduce
that q is true. In fuzzy logic, we use fuzzy propositions and, if
p' is true, with p' approximately identical with p, we want to
get a conclusion, even though it is not q itself.

Generalized modus ponens (g.m.p.) is based on the following
propositions:

Rule if Vis A then Wis B
Observed fact Vis A'
Conclusion Wis B'

The membership function f, of the conclusion is computed
from the available information: fy, to represent the rule, f, . to
represent the observed fact, by means of the so-cﬁled
combination-projection rule:

VyeY fg(y)=sup, ¢ x T(fy: (x), fp(xy)),
for a t-norm T called generalized modus ponens operator.

The choice of T is determined by the compatibility of the
generalized modus ponens with the classical modus ponens: if
A=A’ then B=B"

The most usual g.m.p operators suitable with this condition
are summarized in Table 3.

g.m.p operators T fuzzy implication R

e R oW oRG KD ,BG G

T ukasiewicz(®") = RL. RM , RP o R RS,
max(u+v-1, 0) R* R, R

T zagen(@v)=minwy) [ RRG, RBG RM gP

_Tnmﬂic(u,v)zu.v RRG, RBG, RG, RM, RP
T fRxy) =T *(f, (x), fp(y))

Table 3. Generalized modus ponens operators
associated with fuzzy implications

11. 3. Fuzzy inferences

The choice of a fuzzy implication is based on its behavior. An
example of comparison of their behaviors is given in Figure
14. We remark that some fuzzy implications entail an
uncertainty about the conclusion (Kleene-Dienes), while
some others provide imprecise conclusions (Reichenbach,
Brouwer-Gédel, Goguen). Some of them entail both types of
imperfection (Lukasiewicz).

Let us consider the following example:

Rude: “if the distance to the town is medium then the position
is acceptable”,

with the universe of distances X= IR*and the universe of
degrees of acceptability Y = [0,1].

Observation: the distance to the town is 27 km.

Conclusion:
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- it is relatively certain that the position is acceptable (RKD}
- the position is rather acceptable (RR. RBG, RG )

- iLis relatively certain that the position is rather acceptable
(R™)

(Figure 14)

medium  fg acceptable

20x|305‘0 X c d

Obtained conclusions with different implications

- £y
4

Figure 14 - Conclusion obtained from a precise
observation

Fuzzy inferences are used in rule-based systems, when there
exist imprecise data, when we need a flexible system, with
representation of the linguistic descriptions depending on the
environment of the system or its conditions of utilization,
when we cope with categories with imprecise boundaries,
when there exist subjective variables described by human
agents. Expert systems have been realized in medical
diagnosis, financial engineering, civil engineeering, military
decision-making, for instance.

12. FUZZY CONTROL

Fuzzy control has the same purpose as conventional control:
to control a process or, more generally, a system, by acting
on some variables, with a given objective.

But fuzzy control has the following particularities:

- The mathematical knowledge of the system is not
necessary. The basic knowledge is generally provided by an
operator or an expert of the system in a linguistic form. For

instance, conventional control of a car needs to know the
equations describing the functioning of the engine. Fuzzy
control needs to know how a human agent drives the car.

- Some variables describing the system are subjective, for
instance linked with human senses (view, touch...), or more
complex, such as comfort or beauty.

Fuzzy control is interesting because of the following
properties:

- it can be used when the system is complex, ill-known.
- several expert opinions can be easily aggregated
- several objectives can be followed simultaneously

-it is flexible and easily adaptable to new conditions of
utilization

- it 1s able to resist to disturbances or fluctuations of the
system parameters.

12. 1. General form of a fuzzy controller

A fuzzy controller can be regarded as a fuzzy rule-based
system. It is described in Figure 15. The knowledge base
contains a set of fuzzy rules involving the wvariables
describing any state of the system (input variables) in their
premises, and the variables used to act on the system (output
variables) in their conclusions. At a given time, sensors
provide precise values of input variables. The fuzzy interface
establishes a link between these crisp values and fuzzy sets
used in the knowledge base. The crisp interface transforms
the fuzzy conclusions provided by fuzzy inferences in the
fuzzy reasoning module into crisp values of output variables
to be used to act on the system.

l——( Knowledge basc)——l
( Fuzzy interface ) ( Crisp interface )

l:.( Fuzzy reasoning

Controlled

State of the Crisp action
system o n the system

Figure 15. General form of a fuzzy controller

Let us consider linguistic variables (V,, X;, Ty), (V, Xz‘
T,)... associated with the input variables and a linguistic
variable (W, Y, T) defined on the ordered universe Y
associated with the output variable W. We use fuzzy
partitions of Xi, i =1, 2: each element A,. , A i of the
universe X. has a non-null membership degree for at least
one fuzzy set of T,. Figure 11 gives an example of such a
fuzzy partition, for the variable X; = distance, with A}; =
close, AZi = medium, A2i = far.

The rules have the general following form:
RDIfV,isA;,and V,is A}, then Wis B,
(R2)If V| is A5y and V, is Ay, then W is B,,

For example, with a driving system:




(R1) if the distance to previous car is close then the speed
reduction is big

(R2) if the distance to previous car is medium and the road is
slippery then the speed reduction is big

For a given set of input variable values, we obtain a crisp
value of the output variable W in 3 steps:

S1) For each rule (Rj), the fuzzy reasoning module, based on
fuzzy inferences as indicated in section 11, provides an
intermediate characterization B'j of W,

$2) These intermediate characterizations are aggregated by
means of a t-conorm if Mamdani or Larsen implication is
chosen, a t-norm for any other fuzzy implication. A fuzzy
characterization B' of W is then obtained.

S3) An element y_ of the universe Y is chosen as
representative of B'. %everal methods are available for this
defuzzification step. The most classical ones are:

- the center of area: Yo =[IY fB.{y) ydy]/[IYfB.(y) dy]

- the mean of maxima: y_ is the mean of the elements y of Y
with the greatest memberghip degre fp(y) .

12. 2. Mamdani-type fuzzy control

The Mamdani-type fuzzy control is the most classical fuzzy
control. It corresponds to a set product method rather than to a
reasoning method, but it can be interpreted as a fuzzy
inference also. It is based on Mamdani "implication" and the
minimum as a g.m. p. operator. It is usually used with the
center of area as a defuzzification method.

An example of its functioning is given in Figure 16.

Observed value x) of X, x9 of Xy

Step S1
Rule R1
? A11

Rule R2 4
A
»
X X X Y
Step §2 Step 53 A

Yo b 4

Figure 16. Mamdani-type fuzzy controller

12. 3. Utilizations of control

There exist other forms of fuzzy control, such as the
interpolation method, the Sugeno-Takagi method. The
developments about theory and methodology are various and
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provide a serious framework for the control of complex
systems.

Applications of fuzzy control have a wide range, from the
control of chemical plants to robotics, from autonomous
vehicles to home appliance.

13. CONCLUSION
It is interesting to use fuzzy set theory when at least one of
the following problems occurs:

- we have to deal with imperfect knowledge,
- a precise modelling of a system is difficult,

-we have to cope with both uncertain and imprecise
knowledge,

- we have to manage numerical knowledge (numerical values
of wvariables, "100 meters”) and symbolic knowledge
(descriptions of variables in natural language, "far") in a
common framework,

- human components are involved in the studied system
(observers, users of the system, agents) and bring
approximative or vague descriptions of variables, subjectivity
(degree of risk, aggressiveness of the other participants),
qualitative rules ("if the speed is too high, reduce the speed”) ,
gradual knowledge (“the closer, the more dangerous"),

- we have to take into account imprecise classes, ill-defined
categories ("vulnerable position"),

- we look for a flexible management of knowledge, adaptable
to the environment or to the situation we meet,

- the system is evolutionary, which makes difficult to describe
precisely each of its states.
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1. INTRODUCTION

Fuzzy systems are very efficient since they are generally
based on expert knowledge, they are very robust and flexible
and they manage interpretable knowledge. The main
problem in their construction is the tuning of all the
parameters involved in their construction : shapes and
parameters of membership functions, number of classes in
fuzzy partitions of the universes of definition of variables
(number of available characterizations for each variable),
number of rules, values of the rule conclusions when they
are crisp. While it is interesting to allow the designer of the
fuzzy system to make some of the choices, the automatic
tuning of the other parameters is a valuable help. In the case
where training sets of data are available, it is possible to use
automatic methods for the learning part of a fuzzy system.

Neural networks are powerful for learming and it scems
natural to consider them as a possible tool for such
automatic methods. It is nevertheless interesting to mention
that the association of fuzzy and neural approaches is not
restricted to such methods and there exist various types of
hybrid systems based on their combination. We present the
main complementary utilizations of these techniques in
section 2.

Many other solutions have been pointed out for the learning
part of the construction of fuzzy systems. The most
important directions are presented in section 3.

Among these methods, we have treated separately genetic
algorithms, which provide many kinds of combinations with
fuzzy logic-based systems, similarly to neural networks.
Section 4 deals with these approaches.

Regarding the definition of membership functions, which
takes a part in the determination of fuzzy systems, direct
methods have been proposed, avoiding the need of a training
set necessary for automatic learning methods. They are
summarized in section 5.

Finally, we show in section 6 that special types of fuzzy
systems themselves can be considered as learning systems,
based on induction from examples, providing a means of
generalizing knowledge regarding the assignement of a class
or a decision to a situation, on the basis of previously
studied situations.

2. HYBRID SYSTEMS: FUZZY LOGIC AND NEURAL
NETWORKS

Hybrid systems are useful to take advantages and avoid
disavantages of several methodologies by a complementary
utilization. It is the case, for instance with fuzzy logic and
neural networks and we give the main joint utilizations of
these two approaches. In most of the cases, they are
constructed to solve learning problems.

Neural networks, as well as fuzzy systems, are universal
approximators of continuous functions and this property is a
reason to use them to learn a structure from a training set,
since it enables the user to interpolate between the values of
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a discrete set to determine a continuous function, for
instance a transfer function from an input space into an
output space [22] [36].

Fuzzy systems are very efficient since they are generally
based on expert knowledge, they are very robust and flexible
and they manage interpretable knowledge. The main
problem in their construction is the tuning of all the
parameters involved in their construction : shape and
parameters of membership functions, number of classes in
fuzzy partitions of the universes of definition of variables
(number of available characterizations for each variable),
number of rules, values of the conclusions when they are
crisp. While it is interesting to allow the designer of the
fuzzy system to make some of the choices, the automatic
tuning of the other parameters is a valuable help. In the case
where training sets of data are available, it is possible to use
neural networks for the learning part of a fuzzy system.

Several methods of supervised learning exist, with various
degrees of fusion between the two methodologies [35]. They
give rise to very different architectures. We present three of
them from the strongest to the weakest degree of fusion.

In methods based on a strong fusion, a neuronal
representation of fuzzy rules is used (sections 2.1, 2. 2,
2. 3). The neurons are introduced at a low level of calculus
in fuzzy rules. The neurons of the various layers do not
perform the same operations, which can be different from
those of classical neurons.

In methods based on a weak fusion (section 2.4),
membership degrees are computed by neural networks. The
expressibility of fuzzy rules is generally lost. Classical
neurons are used.

The last methods (section 2.5) are based on a joint
utilization of two methodologies without any fusion.

Hybrid systems are also used for non-supervised learning
(section 2. 6)

2. 1. Neuronal representation of fuzzy rules for control
Let us consider a fuzzy control system, based on general
fuzzy rules such as

(R)IfV,isA;,and V,is A}, then Wisb,
(R2) If V| is Ay and V, is Ay then Wis by...
with A, A,.... fuzzy characterizations of V., given in a

fuzzy partition of its universe of definition, j =1, 2, and by,
b,... precise values of W.

The fuzzy inference process can be decomposed into 4
elementary operations:

- For a given rule Ri:

- Computation of the truth value of "V, is A" and
of "V, is A;5" corresponding to the observed values

Paper presented at the AGARD MSP Lecture Series on “Advances in Soft-Computing Technologies and Applications in
Mission Systems”, held in North York, Canada, 17-18 September 1997; Amsterdam, The Netherlands, 22-23 September
1997; Madrid, Spain, 25-26 September 1997; Ankara, Turkey, 6-7 October 1997, and published in LS-210.
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of'Vl and VZ'

- Computation of the truth value of the whole premise
of the rule "V is A and Vo is A"

- Computation of the conclusion regarding W.

- Aggregation of the conclusions obtained from all the
available rules with the same variable W in their conclusions.

The general idea of an hybrid system is to construct an
architecture achieving the operations. Every elementary
operation is computed by a neuron. The architecture is
analogous to a multilayer perceptron. Each layer corresponds
to one of the four steps we mentioned and a special type of
neurons is associated with this layer, in order to perform the
operation required for the given step : computation of a
membership degree, computation of a logical operation...
Some of the weights are given, others are adjustable (Figure
1).

D)

-
Qo T Tuaow

Go-nw

Figure 1. Example of neural network for fuzzy
control

= The input layer transmits the observed values of V, and Vs
to neurons containing the definitions of the fuzzy
characterizations A, Ayj..., Ay9, Agg.e

= The first hidden layer computes the truth value of each

elementary fuzzy proposition "Vl is Ail 4 VZ is Aiz"...

« The second hidden layer aggregates these truth values for
each rule, providing the truth value of the conjunction of
elementary fuzzy propositions "V, is A, and V, is A;y",
which gives the firing degree a; of each rule Ri.

» The synaptic value b; represents the value of W in rule Ri,
i=1, 2... The value b of the output variable W is the mean
value of these synaptic values, weighted by the firing degrees
(aggregation step):

b=[Z;ab;1/[Z; ]

This network provides the automatic adjustment of the

synaptic values b; and of parameters of the membership
functions f Aij

This architecture is associated with a supervised learning
algorithm. The parameters of the network are modified to
reduce the error, i.e. the difference between the desired output
and the network output, for a given set of examples.

Such a learning algorithm is for instance proposed in [21]

with the following choices:

- gaussian membership functions f A with parameters a and
such that:

FA(0) = exp(-(ax+§)?)
- conjunction operator:
and(x,y)=[1 + exp(-(x+y-1.5))] "'

which is an approximation of Lukasiewicz t-norm by a
continuous function.

Semi-supervised learning is also possible by completing the
previous architecture [3]. The available information is then a
binary signal indicating that the system works or fails. There
is no possible measurement of the difference between
expected and obtained value. A reinforcement learning
technique is used to tune the fuzzy controller, which learns to
propose actions leading to a good functioning of the system
and also to evaluate the quality of its past actions. The general
scheme of the method is given in Figure 2.

state of the system

signal

Evaluation 4__@'_
network

? A - action
L' Modification

of the weights

internal
v reinforcement *

Selection of action

Rule base || Defuzzifier Random

Fuzzifi
peer modifier

Fuzzy controller

Figure 2. Example of semi-supervised learning
architecture

The structure is based on two modules:

- a fuzzy controller, which determines the action necessary
for a given state of the system. This controller is associated
with a neural network to evaluate a confidence degree
associated with this action.

- a neural network evaluating the effect of the last action on
the system.

For a given state of the system, the fuzzy controller
determines an action from fuzzy rules and the neural network
computes the confidence degree of this action.

This action is randomly modified. The smallest the confidence
degree, the more important the modification.

The neural network provides the new internal reinforcement
measure.

The weights of the neural networks are then modified,
depending on the reinforcement: if the reinforcement is
positive, the weights are reinforced, if the reinforcement is
negative, the weights are weakened.



2. 2. Neuronal representation of fuzzy rules for reasoning
In the case of reasoning, the data available to fire the rules
are not precise values of the variables, but fuzzy sets of their
universes of definition [55], [26], [27], [28].

The rules have the same form as rules in section 2. 1, with
fuzzy propositions in the conclusions:

(R1) lf’\lI is Ajl and V, is Ajy then W is B....

The observations yield fuzzy values Vs ALY "V, s

A'y", where A'] and A'2 are respective fuzzy sets of the

universes of V| and V%, supposed to be discrete. These
ly

fuzzy sets are genera represented by the list of
membership degrees.

« Each neuron of the input layer of the neural network
receives one of these fuzzy sets (Figure 3). If {xl....xn} is
the considered universe, the weights f A;:(%).  1sksn,
represent one of the given fuzzy sets, determihed during the
learning phase. An input value A'j is a fuzzy set defined by
membership degrees fA..(xk). 1<k=n. The neuron compares
A'jto Ajj and givesa rehl value a.. The operations realized
in the neuron are different from ordinary neuron operations,
in order to be compatible with fuzzy set operations. For
instance, the comparison degree can be the following:

@ = SUp | e min( fA.j(xk), fAij(xk)),

The number of input neurons is equal to the number of fuzzy
sets in the rules.

P
AJ(xl)

fA'j(xn) rAij(xn}

Figure 3. Representation of a fuzzy set by synaptic
values

« A first hidden layer contains the fuzzy inference rules,
analogously to the neural network presented in section 2. 1.

* The output of the network is a fuzzy set B of the universe
of definition of variable W. This universe is supposed to be
discrete and denoted by {y s¥Ymt- B is defined by its
membership degrees fB(y). he number of neurons in the
output layer is m (Figure 4).

Figure 4. Output layer for the calculus of a fuzzy
set

The number of rules can be automatically determined, for
instance by starting from all possible rules obtained from all
possible characterizations of variables and, then, eliminating
the useless rules.
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2. 3. Advantages and disadvantages of the association
between fuzzy logic and neural networks for rule-based
systems

In the methods presented in sections 2. | and 2. 2, respective
properties of fuzzy logic and neural networks are preserved,
lost or improved because of their association. Globally, we
can conclude that the association is beneficial. More
precisely, we give the list of interesting properties we can
take into acount.

Properties of fuzzy logic :

- linguistic rules and structured knowledge are preserved in
the association.

- the shape of membership functions, the number of fuzzy
descriptions (classes of a fuzzy partition of the universe)
available for each variable, the fuzzy implication and the
operators used for the conjunction are still freely chosen.

- learning of parameters and automatic optimization of
« membership functions in premises of rules
« conclusions
= number of rules

is now possible.

Properties of neural networks
- learning capacities are maintened

- problems regarding slow convergence and local minima
are still present

- synaptic values and neurons are interpretable
- the number of neurons in each layer is automatic
- we loose a part of robustness of the neural network

Interpolation properties of both fuzzy and neural systems are
preserved.

2. 4. Partial utilizations of neural networks in a fuzzy
rule-based system

Another solution to associate fuzzy logic and neural
networks consists in the construction of neural networks
corresponding to the following modules of a fuzzy rule-
based system :

- Fuzzification and calculus of elementary propositions
- Fuzzy inference [39]

- Aggregation of conclusions and defuzzification

In some cases, it is possible to compute grades of
membership for some elements of the universe, from a
training set. Then, a neural network is used to interpolate the
membership function on the whole universe. The number of
neural networks is the number of fuzzy sets used in the
fuzzy rules. The output of each network is further used by
the fuzzy system.

The advantage of this technique is to avoid the choice of a
shape for the membership functions, and to provide fuzzy

sets well suited with the data. The number of fuzzy sets in
each fuzzy partition is still to be determined.

Another solution is to use a neural network to replace
conjunction and generalized modus ponens. It is necessary
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to have a training sct consisting of triples (fA (x),
., (X3), fg.(y)), for input values x, and x, of V, and Vs,
an oulputv lue y.

The advantage of such a method is to avoid the prior
determination of the rules. The disadvantage is the lack of
interpretability of the results in terms of rules.

The two previous techniques have been used by [51] in the
construction of an expert system, with again rules of the
form:

(Ri1) lf'V] is Al and V2 is A then W is Bi"'

Each pair (Aq) ) can be regarded as an area of the
cartesian pro uct 52 x Y of the universes V| and V
associated with rule Ri. The limits of the area are linear,
corresponding to bounds of the kernel and the support of the
fuzzy sets (Figure 5).

between neural and fuzzy techniques are the following.

Xz T
R1

(a)

(b)

> x

Figure 5. Example of a fuzzy partition of the
cartesian product of universes obtained by fuzzy
rules (a) and by neural network (b).

b |
NN
“p
NNI1 il
b
Yp
NNp | B

Figure 6. Architecture for the learning of
membership degrees and weights of rules

In many cases, it is meaningless to split the universes this
way. A neural network is then used to split the universe in a
less rigid way.

To achieve this soft partitioning, the training set is clustered
into disjoint classes, corresponding to the functioning of the
system and a corresponding control value. We construct a
neural network with input neurons receiving input values of
the system, and each output network is associated with a
class. The output values of neurons are in [0, 1]. The
network gives a 1 output when the input data correspond to
the associated class. The ouput value can be in ]0, 1], and it
is interpreted as a degree of membership w, to a class. If
several neurons give a non-null value, the mput is in the
fuzzy boundaries of several classes.

The control value y is also learnt by a neural network } \JNk
with one output, constructed for each class C, .

The control value B for a given input is computed as the
mean of the values computed by all the networks, weighted
by the membership grades (Figure 6):

b=Z) Wiy 1/ [l

The advantages and disadvantages of such an association

Properties of fuzzy logic:

- the learning and automatic optimization of membership
functions is now realized

- the operators of implication and conjunction by the
designer of the system are still chosen by the designer of the
system

- the knowledge is not structured any more and there are no
interpretable rules

Properties of neural networks:
- robustness and learning capacities are preserved

- slow convergence, local minima, choice of the number of
neurons in the hidden layers are still problems

Interpolation properties of both fuzzy and neural systems are
preserved.

2. 5. Joint utilization of neural networks and fuzzy logic
Some systems use both techniques without any fusion
between them. Each technique is used for a phase of the
system, according to its capabilities. Fuzzy and neural
modules can then be used sequentially. In this kind of
independant utilization of both techniques, each of them
preserves its qualities and its defaults.

The first scheme contains a neural network followed by a
fuzzy system.

For instance, a neural network can be used for clustering or
image processing and a fuzzy system for a decision-making
phase afterwards.

Another kind of system takes advantage of the efficiency of
a neural network for the preparation of data or the detection
of patterns in an image. Then a fuzzy system is able to
interprete and use these patterns, on the basis of expert
knowledge.

A neural network can also be used to recognize patterns in a
noisy framework and work as an elementary classifier, and a
fuzzy system is then used to refine the clustering.

In the case of a fuzzy control system, the input variables can
be determined by means of a neural network when they
cannot be measured direcly. An example of such a system is
given in Figure 7.

Another organization of both techniques consists in a
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Figure 7. Example of a series of neural network
and fuzzy system
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3.1. Self learning

Self learning has been used in fuzzy control, to learn control
rules and membership functions of adaptive controllers.

The first controller which learns himself how to tune its
functioning was proposed by Procyk et Mamdani [43]. They
called it Self-Organizing Process Controller (S.0.C.) (Figure
9). It observes its environment and it uses the results of its
actions to improve them, by means of metarules. A set of
prior rules is first given to the system. and it is tuned
through error control. Learning is achieved on-line, the rules

preliminary utilization of fuzzy system, followed by a neural
network.

For instance, a fuzzy system is used to transform the
available data in the training set before a neural network is
used for clustering. The learning capacities of the neural
network are then improved.

In the case of fuzzy control, a neural network can be used
after the fuzzy system, in order to tune the obtained output
values, according to further available knowledge. The inputs
of the neural network are the outputs of the fuzzy system
and additional variables, its outputs are errors on the outputs
of the fuzzy system (Figure 8).

. fuzzy
performance model modification il
evaluation algorithm controller

Figure 9. General architecture of the Self
Organizing Process Controller

o z
1 Zl
Xy —— fuzzy
. system z, o
- 2
*n
X I pr——— |
dz)
X —1 neural
network dzz
Xn+k

Figure 8. Example of a series of fuzzy system and
neural network

are tuned during the functioning and they can follow the
modifications of the process to control.

It is also possible to tune only the membership functions
used in the rules.

Learning can also be achieved off-line. The controller is
used when the tuning has provided an acceptable error [48].

Another technique consists in the on-line adaptation of a
controller which was well tuned for a given environment
and which is used in diffferent conditions because of
perturbations or parameter variations of the process [47].

3.2. Utilization of a fuzzy model of the process

In the case of fuzzy control, it is possible to use a model of
the process to construct the control system [49]. Prior
descriptions of characteristics of the process are constructed
by means of fuzzy rules describing its behavior,

Then, it is for instance necessary to construct control rules
from the model, by compensating an unsatisfying
functioning of the system [51].

The form of the rules is generally the following [53] :
(R1) lf\fl is Ail and V2 and Ai2 ... and Vm is Aim

then W; =p;o+P;) V1 +P2Va * o +Pin Ve
forl<i<n.

The first parameter to be determined is the number n of
rules. Then, we must determine fuzzy partitions of the input
universes [50], membership functions of the fuzzy values
A of input variables and coefficients Pij defining the

2. 6. Non-supervised learning

In the case of non-supervised learning, a competitive
algorithm is used: for each example proposed to the
network, only one neuron is modified. Such algorithms can
be used for fuzzy clustering, in data analysis or pattern
recognition [4], [30].

3. LEARNING OF A FUZZY CONTROL SYSTEM
STRUCTURE

Learning of fuzzy system structures can be achieved by
several approaches. We focuse on control systems.

J
P )

Choice of a

fuzzy Determination Determination
partition in of of parameters
the input membership in the

functions conclusion

space

Figure 10. Identification of fuzzy rules
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conclusion parts of the rules. Those elements are clearly not
independent,

The identification of the number of rules is realized
empirically, on the basis of expert knowledge or by a
heuristic optimization.

The identification of membership functions is generally
realized empirically or by means of a non linear
programming method.

The identification of the coefficients is obtained by error
minimization, corresponding to the smallest difference
between output of the model and desired output (figure 10).

3. 3. Fuzzy relational equations
Fuzzy rule-based systems can be considered from a relational
point of view [40] [57]. Let us consider the simplified model
of n rules:

if Vis A; then W is B,i=l,...n
and an observation : Vis A

With a Mamdani approach, we get a conclusion: W is B,
defined as:

fp(y) = sup,min(f, (x), R(x,y)),

with R(x,y) = sup [<i<n min(fAi[x). fBi(y)).

This can be rewritten as the composition of fuzzy relations
B=AoR.

We now suppose that we are given a trainipg set of data (Ak,
B"), representing pairs of input values A™ of V and output
values B™ of W.

The problem is then to identify the fuzzy relation R optimal
under a criterion of closeness, with respect to the training set.

If the rules are well chosen, AK and B must satisfy the
above-mentioned equation for any k :

Bk = Ak o RK
and the identification of the modclkis then equivalent to the
identification of the relations R™ solutions of these k

equations. The theory of fuzzy relational equations provides
the following solutions:

Rk = Ak o BK,
where o is an operator defined as :
uav =lifusv,uav =vifu>v.

It can be proved that the intersection of the obtained fuzzy
relations is a solution of the identification problem and we
can choose:

R =min, (A¥ o B¥).

The main problem with this method lies in the assumption
that the input-output pairs fit well the general relational
equation. In fact, the assumption does not always correspond
to the reality, because of noisy data. Several solutions have

been suggested [41], for instance regarding the identification
problem as an optimization problem.

3. 4. Clustering methods

Clustering is a means of determining either the membership
functions of a fuzzy system [29], or directly the rules of the
system.

In the first case, the membership grades are defined through
the suitability degree of a given element with the class to
which it has been assigned. A membership grade can also be

e s S L i s R e e i e

determined from the distance between a given element and
the prototype of its class. The prototype has a membership
grade equal to | in this case.

3. 5. Optimization

Optimization techniques can help tuning fuzzy rules.
Parameters are determined to provide the minimum output
error, computed from a training set of input and output
values obtained experimentally.

For instance, let us consider the output variable y, | the
vector of input variables and A the vector of parameters :
parameters of membership functions (bounds of the core and
the support in the case of trapezoidal functions, mean and
standard deviation in the case of gaussian functions) and also
the weights of rules if necessary.

The relationship between input and output can be written
y=f(I, A) and optimal values of parameters are those
minimizing the difference X, [y, - flly, A)], with k the
index of the experiment, I, the vector of input values for this
experiment, Yk the obtained output value. We can use
classical optimization methods, such as the least mean
squared method or the gradient descent method. More
original methods can also be used, for instance a rapid
calculus of partial derivatives [31].

4 GENETIC ALGORITHMS

Among optimization methods, genetic algorithms and
evolution strategies are particularly useful to determine the
parameters of fuzzy systems, either to determine the best
membership functions of fuzzy sets or, more generally. to

learn fuzzy rules [22].

We are given a population of vectors, called chromosomes,
corresponding to a solution of the problem. For instance, in
the case where we need to optimize memberhip functions, a
chromosome represents the parameters of all the membership
functions, corresponding to their shapes and positions. In the
case where we need to learn fuzzy rules, all the parameters
are in the chromosomes, including the values of conclusion
part [2]. Variable length genotypes can be used [18].

Each chromosome corresponds to a coding of the parameters
allowing to define the functions or the rules. This initial
population is generally ramdom. Then, random
transformations are defined, such as mutation and
recombination. These transformations make the population
of vectors evolve towards increasingly better regions of the
search space. The successive use of the transformations
promotes or discriminates some chromosomes, by means of
a measure of fitness, allowing to determine which structures
will be used to form new ones at the next step. Mutation
provides new kinds of chromosomes, selection eliminates the
less interesting chromosomes, the predominance of some
characteristics with regard to others is favored by means of
successive recombinations.

The result of all the transformations is the best possible
parameter vector for the fuzzy system.

Similarly to the association of neural networks and fuzzy
logic, there exist various types of combination of genetic
algorithms and fuzzy logic-based systems. The main
directions can be classified as follows [17]:

- fuzzy genetic algorithms: fuzzy logic techniques are used to
improve genetic algorithms.

- fuzzy clustering: genetic algorithms are used to optimize
fuzzy clustering.




- fuzzy optimization: fuzzy genetic algorithms are used in
optimization problems.

- fuzzy neural networks: genetic algorithms are used for the
optimization of fuzzy neural networks or genetic algorithms
and neural networks are used together to determine the
structure of fuzzy systems.

- fuzzy classification: fuzzy classifiers are generated or
improved by means of genetic algorithms

- learning: genetic algorithms are used for concept learning,
for the learning of fuzzy rules or more generally for the
learning of fuzzy logic-based systems.

- fuzzy methods: genetic algorithm are used to help using
fuzzy techniques, such as fuzzy relational equations or fuzzy
regression analysis.

The domains of applications of the joint use of genetic
algorithms and fuzzy logic are various. Among the most
intensively studied are the following:

- fuzzy logic control, the more active domain in this matter
- fuzzy expert systems

- fuzzy information processing and database querying

- fuzzy decision making

- fuzzy pattern recognition

- fuzzy image processing.

5. DIRECT LEARNING OF FUZZY SETS

In many cases, the parameters of a fuzzy system are defined
heuristically. It is not an easy task to determine membership
functions and there exist several direct approaches which
can help determining their parameters.

The shape of membership functions represents the first
choice to make. This choice is very often made in a prior
way. It has been proved empirically that the shape has not an
important influence on the results of fuzzy if-then rule-based
systems in the case of expert systems. Comparisons of
results are sometimes done between two optimized systems
with different shapes of membership functions, after the
other parameters have been determined.

We present the main techniques available to determine the
parameters of membership functions, generally for a given
shape. Let us suppose that we look for the membership
function f, of a fuzzy set A of a given universe X.

5. 1. Statistical and probabilistic methods
The simplest methods to determine membership functions
are based on statistics.

An elementary principle to obtain the degree of membership
of an element x of X to A consists in the "yes-no" method
[5] [23] [19] [20] [58]. Each member of a given population
is asked to answer a binary question. For instance, if X is a
set of distances, and A a fuzzy set associated with the
linguistic label "long", a question such as "Is it true that a
distance of 1.2 km is long ?" provides the membership
degree of the value 1.2 km in A, defined as the proportion of
answers "yes" obtained in the given population.

In another method [54], the members of a population are
asked to estimate the fuzzy ser: any member p gives a crisp
subset A(p) of X which represents the linguistic label A. The
membership grade of any element x of X in the fuzzy set
associated with A is the frequency of the occurrence of x in
the subsets A(p), for any p in the population.
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A third method [14] is based on normalized histograms.
The elements representative of a linguistic label A are
gathered in a class. An histogram of the frequencies fr(x) of
elements x in this class is realized and normalized as
follows:

vxeX FA(x)= fir(x) /maxx e X fr(x)

Then, this function is smoothed. by a gaussian filtering for
instance, and gives the membership degree f Alx) of x in the

fuzzy set representing A.

We must be careful with these methods which could suggest
a statistical view of fuzzy sets. It is clear that f A(x) has
nothing to do with the probability of x, it is only related with
the probability that somebody in a given population thinks
that x is a representative of the class A. These methods
cannot be used for any membership function.

A more sophisticated method [23] consists in a function
with threshold. The first step consists again in "yes-no"
questions asked to an expert, such as "Does the element x
belong to the class A?" for a given crisp class of X.
Different elements of X are proposed to the expert, until we
get a thresholded function, for instance the function
indicated in figure 11. We think that the expert may have
given a wrong number for the threshold, but the more we
move off this value, the smallest the probability of error.
The error probability is represented by a function E, which
is generally chosen gaussian. Finally, the membership
function is obtained by means of the convolution of the
function with threshold and E.

“long" = = = Function with threshold
m——  Membership function

2.5km X

Figure 11. Function with threshold and membership
function

It is also possible to derive a membership function from a
probability density. The probability p(x) that any element x
of X is characterized by the linguistic label A is supposed to
be known [16]. The membership function f, of the fuzzy set
representing A is proportional, with ‘a multiplicative
coefficient A to be determined, to the probability density. A
threshold is chosen, from which the membership function
equals 1, when the probability density is high enough.

fa(x) =24 p(x) if & p(x) <1,
fa(x)=1ifAp(x)2 1.
The coefficient A is chosen in such a way that :
2 -
Fapxy<1 P2 dh+ly oy sy ph)dh-c=0

for a level ¢ of confidence in the fact that the elements x of
X belong to A, with ¢ € [0, 1].

5. 2. Psychometrical methods
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In these methods, an expert is asked to provide a numerical
representation of a linguistic label.

The simplest method determines the support and core of the
membership function. The expert is asked to determine the
elements of X which certainly belong to A (the core ker(A)
of the fuzzy set representing A) and the elements of X which
do not certainly belong to A (the complement of the support
supp(A) of the fuzzy set in X). The expert gives four
parameters (p; Py, P3. P4) and a membership function is
constructed with value’l on [p2, p2] and with a null value out
of [pj, p ]. Its shape is chosen ar?Eitrarily (linear, with parts
of paraboﬁa...) on the subset supp(A)-ker(A), non decreasing
on [p“ p,], non increasing on [p3, p4] (figure 12).

e s e s

« direct evaluation: the elements of X are presented to the
expert one after the other. He puts a mark on the segment
[X..., Xas] in such a way that the chosen value represents the
truth value of the proposition «x is A».

« reverse evaluation: a mark is put arbitrarily in a position ¢
on the segment [xm, xM]. Then the elements of the ordered
universe X are enumerated in the increasing order. The
expert stops the enumeration when he thinks that the last
presented element x, of X corresponds to the truth value c.
In the case of trapezoidal functions, a given mark ¢ can be
associated with two elements of X and the enumeration goes
on after the first stop in x,, until the expert stops it again in

fa
N

P P2 P3 P4

Figure 12. Support and core determination of a
membership function

A structural quantization is also possible to determine a
membership function [58]. A partition of X in three subsets
X o ker(A), Xf- is constructed by experts, with:

XO =X - supp(A), xf= supp(A) - ker(A).
We define :
vx e Xy  fa(x)=Card({y € X¢/ x>, y})/ Card(Xp)

where x >, y means that "x belongs to A" is more true than
"y belongs to A".

This method is limited to finite universes X.

A similar method [38] is based on rwo weak orders =, on
the elements of X and 2', on the pairs of elements of X.

X ZA Xy = fA(xl )2 fA("Z)'

where x‘l ZA X~ means that “x, is at least as much A as Xy is
A» or «' X is /E' is at least as true as “xz is A"».

IXZ x1|2'A| X4 X3| L= fA(Xz)" fA(xl )2 fA(K4)- fA(X3),

where x5 xllz'A[ x4 x3| means that «"x2 is more A than xl"
is at least as true as ' X4 is more A than x3"».

Two bounds x and X) are considered, such that:
Vx € Xx2, X, and x  is certaintly not in A
vxe X XM ZA % and XM is certaintly in A.

x.. and x, . are chosen arbitrarily among all the elements x
satisfying these definitions. x - and x,, belong respectively
to X - supp(A) and ker(A):

fA(xm) =0 and fA(xM) =1.

To obtain the membership function, an axis is presented to
the expert, with an explanation about the fact that x_ is an
element which does surely not belong to A and x,4 is an
element which surely belong to A, and the segment between
these two points on the axis works as a truth scale for the
proposition « x is A ». The same question is asked several
times to the same expert, rather than asked to several experts,
in order to obtain a possible interpretation of the answers of
the expert (Figure 13 a). Three methods are available.

t —> )
Xm M
fa &
1 (b)
C /
g

| "2

Figure 13. Direct and reverse evaluation of
membership function

X, (figure 13b).

This reverse evaluation can be used to confirm the results of
the direct evaluation.

= comparison of intervals: the experts are asked to compare
paiss{ of intervals, for any randomly chosen pair of elements
of A.

These three methods can be used individually. Practical
experiments prove that they produce similar membership
functions.

A classical knowledge elicitation method is the repertory
grid [7), [42]) and it is used to ask an expert to explicit the
meaning of vague terms, by means of other vague terms. It
can be used to provide a numerical representation of vague
terms. The linguistic results of the repertory grid are
translated into a numerical representation.

For each linguistic value a, the expert is asked to give an
opposite value b, for instance "short" for "long", "weak" for
"strong"... A bipolar scale is obtained this way, which is
graduated from 1 to 5, for instance, as follows:

| =verya,2=a,3=medium,4=b, 5=veryb.
The scale can be graduated from 1 to 3 orto 7...

A method based on the construction of a-cuts has also been
proposed [46] to determine a membership function. An a-cut
of the fuzzy set A is a subset of X with membership grades at
least equal to a, for O<a<l.

We suppose that we are given an ordered list of degrees a <
a5 < ... £ | and we create the subsets of X of levels o,
..., with A_ ={x| fA(x) 2 a, x € X}, with Al = ker(AS.
Tf?ie mcmbersﬁ?p function is deduced from the a.-cuts (Figure
14)

There exist some other methods to construct membership
functions directly [59] [15], we have presented the main
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Figure 14. Nested a-cuts of A

size location environment class
1223 m? close to town houses not acceptable

small downtown houses not acceptable
540 m> close to town fields acceptable
1100 m? | 12 km from town fields acceptable
284 m? downtown park not acceptable

Table 1 : Example of a training set

directions. Let us remark that the functions which are
constructed have generally a non-empty core, and the
reference universe X is supposed to be ordered.

Such numerical representations are interesting to aggregate
several interpretations of the same linguistic term and to
reach a common representation by consensus, by means of
one of the available aggregation methods. They are also
interesting to take into account the relativity of the linguistic
terms. For instance, "far" has a different meaning for a child
walking in the street or for a pilot in a plane and the
numerical representation reflects the environment of the
expert asked to determine the membership function.

6. FUZZY LEARNING

Inductive reasoning is very useful in the case where a
training set of examples is available and we want to
generalize the knowledge obtained from these examples to
any new case. It is based on a relationship between
characteristics of every completely known situation and a
decision or a class which has been assigned to this situation.
Inductive reasoning methods construct general schemes
representing this relationship, in order to enable the user to
determine the class or decision corresponding to any new
situation described by means of its characteristics. It
provides a learning of decision-making.

6.1. General inductive learning method

We suppose that we are given a training set of examples
described by means of attributes A|,..., A defined on
universes U,...., U_ (for instance, the size, the location, the
environment ... of a position). The descriptions are either
numerical (precise or approximative) or symbolic (given by
a linguistic term) values. Each example is also associated
with a class or decision ¢ takeninalist C = {cl,... cm}.

For instance, we have the training set given in Table 1.

New examples are proposed to the system, only associated
with values of the attributes. A class of C must be assigned
to them. For instance, the size is large, the location is
dowtown and the environment is “houses”. Which class will
be assigned to this position?

In the case of symbolic values of attributes, methods such as
ID3 [44] or C4.5 [45] allow to solve this problem. They are
based on the construction of a tree of attributes, which
represents the selection of most relevant attributes to
determine the class. Attributes are associated with vertices
of the tree and possible values of a given attribute are
associated with the edges coming out of the vertex. Once the
tree is constructed, we determine to which values of
attributes indicated on the tree the new case corresponds
(Figure 15).

( environment) ( location ) ......

houses country
downtown far from
closq to town
not town
acceprabie ........................

Figure 15. Example of a tree of attributes for the

identification of the class of a position

In many cases, the values of attributes are imprecise or
qualitative, or the values are numerical-symbolic, which
means that they are numerical for some examples and
symbolic for other ones. The classes can also be imprecise,
with some situations belonging to several classes. The
classical methods must be transformed to take care of these
problems.

A solution consists in merging both kinds of values in a
fuzzy representation.

6. 2. Fuzzy inductive learning

The tree of attributes is constructed from the root to the
leaves, by choosing at each step, the attribute which
provides the best information with respect to the
identification of classes in the training set [12].

Each attribute A; is associated with a partition of its possible
values. In the case of a symbolic attribute, the elements of
the partition are directly obtained from the values met in the
training set. In the case of a precise numerical attribute, the
partition is obtained by a splitting U; in a small number of
intervals. In the case of imprecise or numerical-symbolic
values, a fuzzy partition is used, for instance, with n; fuzzy
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classes v;; of U; with membership functions f;.. Such a
reprcscmz{ion accepts non-fuzzy representatioln as a
particular case (with membership functions lying in {0, 1}).
Such a partition is generally provided by experts of the
domain. It can also be constructed automatically, for instance
by a mathematical morphology-based method [33] [34] or by
means of genetic algorithms.

In the case where the value of an attribute A; is unknown for
a given example, it can be replaced by a membership
function equal to 1 in every point of U;.

An attribute is chosen at the root of the tree, optimizing the
following fuzzy entropy among all auributes:

E%(A) =- Zj P*(vij) Zk P*(c, / vij) log P*(c, / Vij)‘

where P* is the fuzzy probability of the event "the value of
A isv.."

i 1)
P¥(vip) = Z,, f(w) p(w),
P*(c) / vij) = P*(ck, Vij) / P'(vij),
where p is the probability density estimated from the
frequencies in the training set.

The root is then associated with this chosen attribute A;, and
edges coming out of the root are associated with all values
Viim J = 1, ... n,. The training set is splitted into n, sub-
tr:lining sets and the process is repeated at the terminal vertex
of every constructed edge, on the corresponding sub-training
set.

The construction stops when a class can be assigned to the
end of a path (figure 16).
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Figure 16. Example of a fuzzy tree of attributes for
the identification of the class of a position

It is possible to express the knowledge derived from the tree
of attributes by means of fuzzy rules as follows: let Al i
Ay, be the attributes on a path of the tree from the rool toa
terminal vertex. If the value of Alr is flrj on this path and ¢
is the class assigned to the terminal verfex, the rule has the
form:

lfA]l is f'l il and ... Alp is f|pip then the class is Cp-

Once the tree of attributes is constructed, we are able to
assign a class to any new example e described with a fuzzy
(or crisp as a particular case) value of every attribute A,
represented by a membership function g; on U.. We need to
compare the description of e with the descriptions associated
with all paths of the tree. We use a measure of satisfiability,

for instance the following, to measure the fitness of g, with
fij’ withj=1, ... n;:
S( g, ;) = Uy, mingg(w), f(w)dw) / ;. gudu).
for any attribute on a given path.

Then, we aggregate these degrees obtained for all the
attributes All' Alp of this path.

We obtain a compatibility degree, for instance as follows:

e / PO o Y= . 0
Deg(g),, Eip v flpjp) M=y . pS(e, fie i’

Finally, we associate example e with the class ¢, of C
assigned to the terminal vertex of the path with the greatest
compatibility degree. We can also use this compatibility
degree as a membership grade defining a fuzzy class assigned
to ¢, in the case where no dominant class appears.

6.3. Utilizations of fuzzy inductive learning

A real world application of this method can be found in [8]
for cancer diagnosis from mammographical images.

It is possible to use such an approach to deduce imprecise
categories from imprecise descriptions [13] [37] or to choose
a possibilistic approach [32] to produce an inductive learning
algorithm which is robust with regard to knowledge
uncertainties. It can also be used to elicit deduction rules for
a fuzzy expert system or control system [55].

In the case where there exist ill-classified examples in the
training set, fuzzy quantifiers (fuzzy representations of
“generally” or "in most cases", for instance) can be used to
take into account descriptions which satisfy almost all the
examples, for instance [25].

7. CONCLUSION

The association of several advanced techniques of
knowledge processing creates a synergy between the
advantages of these techniques which has been recently
pointed out, particularly by L.A. Zadeh, the father of fuzzy
logic, who promotes what is now called "soft computing”.
The main techniques providing such a synergy are fuzzy
logic, neural networks and genetic algorithms, but some
others can be efficiently used, such as probabilistic methods
for instance.

In particular, fuzzy systems are confronted with the problem
of learning or tuning their parameters. Using neural networks
or genetic algorithms provides solutions to this problem, but
there exist other kinds of methods to solve this key problem.

We have presented the main streams of development of such
combined utilizations of techniques and learning methods,
but this paper does not pretend to be exhaustive, since there
exist a large number of papers dealing with this topic, with
many different approaches, the possibilities of associating
techniques are countless and the subject is then very rich.
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1. INTRODUCTION

The introduction of Infra-Red (IR) systems
onto military fast-jet platforms, particularly
Forward Looking Infra-Red (FLIR) has
extended the operational envelope of these
aircraft by giving them a night flying
capability. FLIR systems commonly use the
8-12 micron wavelength band of the IR
spectrum as this is part of the IR spectrum
where there is good atmospheric
transmission. Conveniently, objects at room
temperature have peak IR emissions within
this band too. Some FLIR systems use the 3-5
micron band, which also has good
atmospheric transmission and where hotter
objects, such as aircraft exhaust plumes, have
their peak emission.

Originally FLIR systems were conceived as
navigation aides for night flying operations,
but it became apparent that there was the
possibility of using them for more than this.
By applying image processing and analysis
techniques to the images, targets of interest to
the pilot could be automatically selected and
cued to the aircrew. The term Automatic
Target Recognition (ATR) is often used to
describe this process.

The field of ATR is large, involving many
approaches and a wide variety of
mathematical and computational techniques.
In this paper we describe an ATR system
using FLIR imagery which has the following
features:

e [t uses two wavebands of digital FLIR
imagery simultaneously to extract
additional scene information by data
fusion

e [t is designed to work for targets that
occupy only a few pixels in the image

e [t uses a neural network for initial clutter
rejection

e It uses a novel probabilistic tracking
methodology

e [t uses a committee of neural networks for
final confirmation of targets

e [t is being evaluated on real flight trials
data

The structure of this paper is as follows: in
section two we give a brief outline of a
simple ATR process and describe its
limitations; Section 3 discusses the improved
architecture we propose, its extension to two
wavebands of FLIR imagery and the novel
aspects of the neural networks and their
training; in Section 4 we discuss the
preliminary results and ongoing evaluation;
in Section 5 we describe a number of novel
enhancements to the neural networks that
have been investigated; finally Section 6
concludes and summarises the paper.

2. ACONVENTIONAL ATR SYSTEM

Before discussing the novel ATR system that
is the main subject it is useful to describe a
simpler system in order to introduce ATR in
general and illustrate the shortcomings of
simple approaches, which we attempt to

Paper presented at the AGARD MSP Lecture Series on “Advances in Soft-Computing Technologies and Applications in
Mission Systems”, held in North York, Canada, 17-18 September 1997; Amsterdam, The Netherlands, 22-23 September
1997; Madrid, Spain, 25-26 September 1997; Ankara, Turkey, 6-7 October 1997, and published in LS-210.
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overcome in the more advanced system. The
task of all the ATR systems that we shall
consider is to cue the location of ground
based military vehicle targets to the pilot of
an airborne (usually fast-jet) platform. Figure
1 shows a block diagram of an ATR
processing chain which takes as its input a
stream of sequential images from a single
waveband FLIR system.

Raw Image

Preprocess

Detect
[
Recognise
|

Tracking

Figure 1. Simple ATR process

In this processing chain data flows from top
to bottom.

The first stage is the input of the ‘raw image’.
This is a frame from the digitised FLIR
imagery. Typically the number of pixels will
vary from 256x256 up to 1536x1024 (for one
band of the FLIR used to evaluate the more
sophisticated algorithm). The digitisation
accuracy can also vary: 8 bits is common, but
12 or 14 bit systems are also available.

The pre-processing stage is necessary because
FLIR imagery often contains artefacts (such
as banding or swathing) which depend on the
specific sensor technology employed in the
FLIR. Simple image processing techniques
can remove these unwanted artefacts.

The detection processing stage is more
complex. There are a very large number of
techniques available, ranging from simple
matched filter approaches, to highly
sophisticated non-linear adaptive processing.
The output of this stage of the system is a list
of coordinates, within this frame of the image

stream, of potential targets, or target-like
objects.

One could stop here and declare to the
aircrew the results of the detection stage.
Unfortunately there is usually a high False
Alarm Rate (FAR) associated with the
detection processing, which renders this
option impractical. There are many ways of
reducing the false alarms. Simple techniques
such as first checking the consistency of
detections over time can remove many false
alarms. Experience has shown that even by
employing a number of simple techniques the
false alarm rate, although dramatically
reduced, is still too high to be practical. To
remedy this, it is the function of the
recognition box in Figure 1 to further reduce
the false alarm rate. One very effective
technique which we have employed in the
recognition stage is a neural network.

The neural network is a standard Multi Layer
Perceptron (MLP). A patch of 9x9 pixels is
extracted from the image centred on the
location of each detection and the 81 image
intensity values used as the inputs to the
network. The output layer of the network
consists of two neurons, one for targets and
one for non-targets. The network is trained on
a large number of sample patches from image
sequences and optimised for the number of
neurons in the hidden layer. Typically an 81-
16-2 neuron network was found to be
optimal. When evaluating the performance of
the system different image sequences were
used so that all data passed to the network
was previously unseen.

Finally the pixel coordinates of detections
which are classified by the network as targets
are passed to the tracking stage. Various
types of tracking are possible including the
more sophisticated tracker described later in
this paper. Typically though, a standard
Kalman filter approach is used.

The above ATR process is certainly practical
and has been implemented in software and




real-time flightworthy hardware, however
there are a number of possible improvements
that can be made.

The most severe limitation of this processing
chain is its inability to cope reliably with low
contrast targets which are only detected
intermittently. This is because the system
only tries to recognise targets that have
passed the threshold of the detection process,
no attempt is made to classify a target which
although tracked for many frames, suddenly
fails to pass the detection threshold for a few
frames. Such targets are often lost. The new
proposed architecture does not suffer from
this defect.

The other potential improvement that can be
made to this ATR system is to make use of
dual-waveband FLIR imagery. That is two
separate image sequences that are both
spatially and temporally registered. The two
separate wavebands contain complimentary
information about targets and backgrounds
which aides the discrimination process. In
addition one might expect such a system to be
robust in its performance over a wider range
of weather conditions as the atmospheric
transmission of each band is affected
differently by the prevailing weather.

3. NEW ATR ARCHITECTURE
3.1 Overview

In order to improve over the simple system
presented in Section 2 a new architecture was
devised with a number of novel features. In
this section we first discuss the single
waveband version of the architecture in some
detail. Its extension to two wavebands, which
is quite straightforward is given in Section
3.4. Section 3.2 gives details of the
probabilistic tracking methodology, and
Section 3.3 discusses the neural network
processing aspects of the system. Figure 2
shows a block diagram of the new
architecture:

6-3
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Figure 2 Enhanced ATR Architecture

The main difference between this architecture
and the one given in Section 2 is the closed
tracking loop. This enables targets which may
have only been detected in one frame to be
continuously tracked. Within the tracking
loop is an embedded classification process
which can keep trying to classify the object
even if it is no longer passing the detection
threshold. It can do this because the tracker
combines a correlator with a Kalman filter,
and is capable of tracking low contrast
targets.

The other significant difference is the
splitting of the classification process into two
parts. The first is an MLP which has been
trained on a low ratio of targets to false
alarms, thus it is good clutter rejector, but not
necessarily as good at recognising true
targets. The second neural network (which is
actually a committee network) has been
trained on objects which pass the first
network. Thus its training set consists of a
much higher target to false alarm ratio,
making it more discriminating. The details of
these networks are presented in Section 3.3.

3.2 The Tracking Process

The tracking process consists of four boxes in
the diagram shown in Figure 2: Correlation
Tracker; Centroiding; Kalman Filter and
maintenance. Although shown as separate
boxes for convenience on the diagram they all
fit within one mathematical framework,
which is described below.
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Consider a sequence of § consisting of T’
images. Let § be denoted as a set containing
the individual image frames i.e.

S={I, t=1..T} (1)

Suppose that a set of potential targets are
detected in each image frame. Let this set be
denoted D,

D,={d;i=1.Np()} (2)

where d,; is the image plane vector of the i"
detected object in frame /, and N, (7) is the
number of detections in frame .

A trackfile is a set of temporarily associated
target locations corresponding to a single real
object in the image plane. It will describe the
motion of a tracked object from the point at
which it is first detected by the system until
the point at which it is no longer detectable.
Let the contents of the i trackfile at time ¢,
be denoted by the set T(f). At the time ¢ each
trackfile 7, will contain a set of observed
locations

Tr‘ (t) = {xli! t= ts’ sy tc} (3)

where ¢, is the initialisation time for the
trackfile (where the point at which the object
1s first detected by the system) and ¢, is either
the current time ¢ or the time of the final
observation of the target. Note that the target
locations x,; are not necessarily the same as
the detected locations d,;.

A common approach to tracking is to update
trackfiles at time 7 on the basis of the latest
detections D,. This is usually achieved using
a two stage process. The detections are first
associated with the trackfiles to find which
detections correspond to which trackfiles.
After association, the Kalman Filter estimates
of the current locations and the one frame
ahead predictions are updated. Tracks that do
not have detections associated with them
estimate the current location by using the
Kalman Filter in closed loop mode.

Detections that do not correspond to any
existing trackfile cause a new trackfile to be
opened. Trackfiles that consistently fail to
attract associated detections are deleted.

In this paper we propose a joint probabilistic
framework for tracking using both the spatial
and radiometric aspects of the target. This
process does not require a continuous stream
of target locations to maintain the tracking
process. We shall then move on to examine
the use of a probabilistic centroiding
technique to reduce target drift over time.

Consider a trackfile T7; (¢) that is open at time
t. Suppose we have just observed the 7 + 1"
image, /,,,. We wish to update our estimate
of the current position of the tracked target in
the light of the new image data /,. Let the
probability that the target has moved a
distance Ax in the image plane between
frames ¢ and ¢ + 1 be p(Ax). This probability
p(Ax) may be written, using Bayes’ Rule,

p(Ax | 1) = p(, | AX) p(AX)
py) 4)

where p(/,) is a normalising term that may be
expressed as the integral of the product of the
conditional and prior densities,

p(I) =1 s p(,| Ax) p(Ax)dAx (5)

To find the probability p(Ax | /,) we need to
calculate the following two densities

e p(l,| Ax) - The probability of the new
image data being observed given a
particular target motion hypothesis.

e p(Ax) - The prior probability that the
target will be observed to have a given
inter-frame translation based on a priori
information about the target available
before the new image is observed.

Estimating p(/, | Ax)

The density p(J, | Ax) relates to the probability
of observing the new image /.., given an
assumed target motion Ax between frames.



To estimate this we shall formulate a model
of pixel intensities and use this model to
derive an expression for the probability of
observing the image (locally about the target)
for a given inter-frame motion.

Consider two pixel patches of size M x M
extracted from image frames /, and /,,,. Let
the first patch, extracted from the /* image, be
centred about the location of the target in the
t,, frame. Let the second patch, extracted
from the ++1” image, be centred about the
location of the target in the ¢ frame plus the
assumed inter-frame target motion Ax. Let
the pixels of the first image patch be denoted
by the vectors p

p=(xy x=1.My=1.M (6)

Similarly let the pixels of the second patch be
denoted by the vectors p ,, where Ax is the
assumed inter-frame motion.

Now, let us model the pixel intensities of the
patch themselves as consisting of a signal
with some additive Gaussian Noise. So, if the
intensity of pixel p is denoted #(p) then,

i(p) =s(p) + N (0,0%) (7)

where s(p) is the intensity of the signal at
pixel location p.

Now consider the intensity differences of
corresponding pixels in the two patches. Let
us denote the size of these differences by

iAx(p)-
iAx(p) = I(p) - i(pr) (8)

If the patches have an offset Ax such that they
are both centred upon the physical target (i.e.
correctly registered) then the signal

intensities of corresponding pixels in the two
patches should be approximately the same. In
this case the differences of the intensities of
corresponding pixels, i,,(p) will be a Random
Variable that is the difference between two
normal distributions.
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Assuming independence we can now express
the likelihood of observing the intensities of
the two patches given an assumed inter-frame
motion of Ax between frames as

pU, | Ax) = II p(iax(p) | Ax)
p

Estimating P(Ax)

If a target is tracked using a Kalman Filter
then, at a given time ¢, the filter provides the
following information

o A filtered estimate of the target’s current
state x(z|t).

e An estimate of the target’s predicted state
in the next frame x(z + 1¢).

e An estimate of the uncertainty in the
predicted state, expressed as a covariance
matrix P(t + 1¢).

The value we wish to calculate, p(Ax), is the
prior belief that a target will move by the
vector Ax between frames. We can estimate
this by a probability density function
constructed from the tracking predictions x(#
+ 1/|¢) and the covariance matrix P(z + 1|7).

Let the estimated inter-frame motion of a
target obtained from the Kalman Filter be
denoted x,,

Xg = x(t + 1]¢) - x(¢]t) (10)
The probability (according to the Kalman

prediction) of the target moving by a vector
Ax between frames is then

p(AX) = exp ((x; - Ax)' =7 (x,- Ax))  (11)

where X is the covariance of the target
location.
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Target Centroiding

A difficulty encountered in tracking targets
using solely their inter-frame correlations is
the tendency for the position of the target to
drift over time. This is due to the lack of any
explicit criteria as to which part of the target
is required to be tracked. For instance,
suppose a trackfile is initialised with a
location that corresponds to the physical
position of the engine of a vehicle. Now
suppose that in the next frame, the correlation
tracker erroneously generates a new target
location corresponding to the exhaust plume
of the vehicle. In the subsequent frames the
correlation tracker will then attempt to find
the location of the exhaust plume of the target
rather than the engine. The tracker has
effectively forgotten the part of the physical
object it was originally tracking.

One way in which this effect can be reduced
is to add additional criteria to the selection of
target locations. For instance, if we require
that the location of a target should correspond
to the geometric centre of the object, then we
can continuously correct the location of the
targets using a centroiding process. This will
prevent the targets’ locations drifting over
time. The centroiding correction will be
applied after the joint Kalman Filter/
correlation association has been made.

Consider a pixel patch extracted about a
target. Let us model the intensity of pixels in
the patch as being generated by a finite
mixture of two distributions, background and
target, i.e.

2
pli)=> 7, plila) (12

where m, is the prior probability that a pixel is
a target pixel, m, is the probability of a pixel
being a background pixel, p(i|1) is the
probability that a pixel has intensity i given
that it is a target pixel and p(i|2) is the
probability that a pixel has intensity / given
that it is a background pixel.

Let us also assume that the class conditional
probability distribution functions may be
modelled by Gaussian Distribution

1 | —
plile) = —— exp(’ dﬁ‘“} (13)

a

where u, and 02,, are the mean and variances
of the conditional distributions.

We have derived a method of finding these
distributions using the EM (Expectation
Maximisation) algorithm [3].

Once we have calculated the probabilities of
each pixel being a part of the target, we can
then find the spatial moments of the pixel
target probabilities.

c=Y p(i(p)p (14)

This centroid value is then used to correct for
any drifting of the tracker.

The final part of the tracking process to note
is the maintenance function which simply
kills trackfiles whose time weighted
probability of being targets (according to the
neural net) has fallen below a threshold value.
This is necessary to prevent the indefinite
proliferation of trackfiles.

This tracking process has been implemented
and tested and has been shown to be reliable
and robust. We now move on to discuss the
neural network aspects of the system.

3.3 Neural Networks

Referring to Figure 2 there are two neural
networks involved in the classification
process. Before moving on to discuss the
specifics we discuss some more general
issues regarding the networks and their
training.




To train an MLP network to correctly
discriminate between targets and false alarms
it is necessary to obtain a large set of labelled
image patches. These classified patches are
obtained by allowing a human operator to
manually label sets of target cues generated
by the system, i.e. objects passing the
threshold of the detection process, as targets
or non-targets. These patches and manual
classifications are then stored as the training
set. The network may then be trained using
Backpropagation of Error [8]. At its simplest
the training process involves the following
iterative procedure

e Present the network with an image patch
from the training set
Produce an output response
Compare this output response with the
desired (manually classified response)

e Alter the weighted connections between
processing nodes such that the error
between the desired and actual network
responses is reduced

Presenting all of the patterns in the training
set and altering the weights once is referred to
as an epoch of the training algorithm. The
summed error of classifying all of the training
examples is referred to as the training error.
There are various methods for deciding when
to stop training of the network. The method
used here was to have another (different) set
of manually classified patches, known as the
validation set, which are presented to the
network at the end of each epoch. The
summed error in classifying these patches,
known as the cross-validation error is
measured and training continued until this
error is minimised. This is done to avoid
overtraining, i.e. learning the specific training
set, but losing the ability to generalise to
similar data.

The training sets obtained by this process of
manually classifying the detection filter
responses usually contain at least ten times as
many false alarms as targets due to the
deliberately low thresholding chosen for the
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detection process. Training an MLP on such
data is prone to difficulties caused by the
local minima of the objective training error
function obtained by the network trivially
classifying all the input patches as false
alarms. A number of researchers faced with
similar problems have opted to artificially
weight the training set to contain equal
numbers of targets and false alarms.
However, although this may lead to better
training performance, the performance will
degrade when the network is expected to
classify the actual data given to it by the
target cuer which will contain the original
ratio of targets to false alarms. In this case a
disproportionately high number of false
alarms will be mis-classified as targets due to
their incorrect relative weighting in the
training set. To avoid this problem we have
devised the following strategy of class
unbiasing.

Class Unbiassing

Consider a training set consisting of T target
examples and F false alarms. The usual error
function minimised using back-propagation is

B0 = Yl 0-df 15)

where d, represents the desired vector output
from the network when presented with the ith
training vector and o,(?) the network response
vector after  epochs. We propose the
following modified error function

B@=3 Yo 0-df ¢ 16

where C,(1) is an exponentially decaying class
un-biassing term defined to be

F a+t/T)™"
vy target
- +
Ci(t) - T (1+0/Ty) ™ (17)
= nontarget
+
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where T, is a constant determining the rate of
decay of the un-biassing.

The effect of this un-biassing term is that, at
the beginning of training, contributions to the
overall error from the smaller number of
target examples are increased. This prevents
the tendency of the network to classify
everything as a false alarm at the start of
training. However as training progresses the
class un-biassing effect is relaxed and after a
sufficiently large number of iterations the
modified error term (16) tends to the usual
error term (15). This technique has been
shown to lead to more robust training using
both the backprop with momentum [8], and
the quick-prop [9] training algorithms.

There is a further interesting feature
associated with the training of these
networks, and that is the size of the data-set.
We are using real trials data which is
expensive to collect and we therefore wish to
make the best possible use of this data. For
training and evaluation purposes it is
desirable to use large quantities of data for
each experiment. Typically this might be a
few minutes worth of FLIR imagery which
would be divided up into three sets: The
training set - from which patches are
extracted for training the network; the
validation set - to determine when to stop
training; and the test set for evaluating the
performance of the overall ATR algorithm.
Typically we must deal with training sets that
consist of half a million patterns (each of
which is a 9x9 array of pixels). Even with fast
computers this is a formidable training
problem and so a method was devised to
reduce the size of the training set, whilst
minimising the effect on training
performance. This technique is known as
data-set collapsing.

Data-set Collapsing

When a neural network trains it is
establishing decision boundaries between
different classifications in a high dimensional
space, in our case 81-dimensional. It is

R . |

natural to imagine that data points close to
these boundaries are more important to the
learning process than data points which are
deep within regions of one classification.

A common approach to this has been to select
boundary examples to train the network.
These are patterns that lie close in input space
to a discrimination boundary between classes.
The problem with such an approach is that it
will distort the class conditional probability
density functions of the training samples.
Here we present a slightly different approach
that attempts to maintain, as far as possible,
the original distribution of the training data.
Instead of eliminating non-boundary patterns,
we instead attempt to replace clusters of them
by single weighted example patterns. The
algorithm proceeds as follows.

1. Select a training pattern x,

2. Locate the nearest k training patterns
contained in the same training set, x; ,
i=1,....,k. Near is defined in the Euclidean
sense: d;=||xy-X;||.

3. If all of the k& nearest neighbour training
patterns are from the same class (all
targets or false alarms) then perform
collapse (step 4) otherwise return to step 1.

4. Replace the selected pattern xy and the k
nearest neighbours x; , i=1,..., k with a
single training pattern corresponding to the
component-wise mean of the k+1 vectors,
L.e.

k
m= Zf:t)x"
k+1

and give the collapsed vector m a weight
of k+1.
5. Repeat step 1.

This procedure continues until all of the
training patterns have either been considered
for collapse or have already been collapsed.

Experiments with this technique have shown
that it works well typically giving less than a



1% degradation in learning performance for a
factor of 10 reduction in the size of the
training set. Although training takes place
using a collapsed data-set the cross validation
error is computed using un-collapsed data.

Optimising Number Of Hidden Nodes

A recurring difficulty with the MLP
architecture is the question of the number of
hidden nodes to use. The number of input
nodes is determined by the data
representation - 81 in our case for the pixel
intensities of the 9x9 patch. The number of
output nodes is determined by the number of
classes - 2 in our case. In order to obtain an
estimate for the best number of hidden nodes
we adopted a ‘brute force’ approach.
Networks were trained using a number of
different hidden nodes and the best number of
hidden nodes chosen on the basis of the
training error. This method indicated that the
best number of hidden nodes was close to 16,
so this architecture was chosen for the final
system.

The above techniques were used to train the
network labelled as ‘Initial Recognition’ in
Figure 2. The networks used to form the
committee for the recognition stage within
the tracking loop were trained in a similar
way, except that their training sets were
restricted to patches that ‘Initial Recognition’
had classified as targets.

The Committee Network

A committee of neural networks is simply a
number of networks each trained on the same
data, but starting from different randomised
weight configurations. The outputs of the
members of the committee are then combined
in some way to produce a classification
decision.

The reason for implementing the committee
structure is to increase the accuracy and
generalisation capability of the system. Each
network within the structure has been trained
into a different local minima of the error
function. This implies that each network is
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modelling the data in a different way. We
have no a-priori way of knowing which way
of modelling the data is the best, so in an
ideal world we would wish to integrate or
average over all possible models that fitted
the data in order to find the least biased
classification system. In practise such an
average is not possible, but it can be
approximated by averaging over a number of
networks - hence the idea of a committee of
neural networks.

There are several methods that one might use
to combine the outputs of the members of the
committee to produce a decision, these
include:

e Majority Voting - In this case each
network makes a hard classification
locally and the most common
classification decision is accepted

e Simple Averaging - the outputs from each
network are averaged with equal
weighting

e Weighted averaging - as above except
unequal weights are used to bias the
average. This method requires a means to
determine the weighting factors

e Non-linear combination - the output
responses are combined in a non-linear
way, possibly by means of another neural
network.

In the light of the above discussion about the
philosophy behind the committee structure
we opted for the weighted averaging
approach. To determine the weighting factors
to use it was decided to use the traimng errors
associated with each of the networks, as these
give an indication of the relative ‘confidence’
we should place on each network’s output.
The weighting factors were chosen to be
proportional to the reciprocal of the training
errors for each of the networks in the
committee. Naturally the sum of the
weighting factors was set to unity.
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3.4 The Dual Waveband Scheme

There are many ways in which the ATR
system described in this section could be
generalised to more than one waveband of
FLIR imagery. The method chosen must
depend on the nature and characteristics of
the FLIR used to provide the input data. The
trials data available for the training and
evaluation of this system was as follows

3-5 micron FLIR

This was a 256x256 pixel staring array
imager with a 16x16 degree field of view.
The output was digitised in-flight at the head
amplifier to an accuracy of 14 bits.

8-12 micron FLIR

This produces a 1536x1024 pixel image and
is based on the UK scanning SPRITE
technology. The field of view was 25x16
degrees. The output was digitised at the head
amplifier to 12 bit accuracy. Due to data
recorder bandwidth limitations not all of the
field of view can be recorded. A 1536x400
pixel region was recorded.

The two FLIR systems were flown on a large
lab aircraft (Andover) mounted one above the
other, with frame synchronisation between
them. This leads to a difficult registration
problem due to the following factors

¢ Different spatial resolutions

e Different optical distortions

e Imprecisely known translation and rotation
between the two systems

Much work was invested in registering the
images. A good registration was achieved,
but not close enough for any ‘image fusion’
schemes (such as principal component
analysis) to work. For this reason it was
decided that detection would be done
independently in each of the bands and the
fusion would be carried out at the tracking
and secondary recognition level.

For the initial study a simple data fusion
scheme was chosen in which the trackfile list
was common between the two bands and both
waveband’s recognition networks were
included in the committee.

This scheme allows targets detected only in
one band to be tracked and recognition
attempted in both bands. Further refinements
are possible, particularly in the tracking
process (inter-band correlation for example),
but these were not implemented in the initial
study.

4. INITIAL RESULTS

The system was trained on part of the data-set
gathered during flight trials. A different part
of the data-set was used for performance
evaluation. In order to assess the performance
of the system a comparison is necessary. The
following systems were also trained and
evaluated for comparison

1. A system based on the architecture
described in section 2 - our previous ‘best’
system. This used the 8-12 micron FLIR
imagery as its input

2. As system 1, but using the 3-5 micron
imagery

3. The single waveband version of the new
architecture. This used the 8-12 micron
imagery as input

4. As system 3, but using the 3-5 micron
imagery

5. The dual waveband fusion system

We consider two performance metrics:

Correct Cueing Probability (CCP)

This is the total percentage of all the targets
in each frame of the entire data-set which are
correctly cued. It is the same as the correct
cueing probability per frame. Note that to be
cued the target must be declared as a target by
the recognition committee.




False Alarm Rate (FAR)

This is the average number of non-targets that
are cued as targets (i.e. incorrectly recognised
by the committee) per frame.

In presenting the results we do not give the
absolute performance values, but the relative
improvements over system 1, i.e. percentage
increase in FAR and CCP.

Results relative to system 1

System | CCP | FAR
0 0

12% | 36%
63% | 18%
58% | 32%
75% | 30%

|| W —

In all cases there is a slight increase in false
alarm rate. This is because the systems are all
operating at different points on their Receiver
Operating Characteristic (ROC) curve, which
measures the trade-off between false alarm
rate and correct classification probability.
Generating the complete ROC for each
system is a very computationally expensive
task and has not been done for this
preliminary investigation.

It can be deduced from the relative
performance figures given that the more
advanced ATR system (system 3 & 4) is
better than the simple processing chain
(system 1&2), and that the dual waveband
fusion scheme gives a further performance
gain, particularly in CCP whilst maintaining
FAR.

5. FUTURE WORK

The work presented in this paper is just the
initial evaluation of this algorithm. A number
of further trials sorties using the large lab
aircraft have yet to be analysed. In addition a
number of sorties have been flown with the
two FLIR sensors mounted in pods on a fast-
jet (RAF Tornado). These additional sorties
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have also to be analysed to build up a good
performance database.

In addition to the further characterisation of
the existing algorithm there have been
separate investigations carried out which
could be included as enhancements to the
programme.

Wavelet Neurons

In the current system the pixel intensities of
the 9x9 patch are used directly as the inputs
to the MLP. This is probably not the best
representation for the input space.

Wavelets are a convenient method for
representing features of an image which are
compact and localised. And may give better
results. This lead to the concept of the
wavelet neuron.

Consider a mother wavelet function ¢(t),
where for convenience of presentation we
work in one dimension. The children are the
translated and dilated forms of this function

o 3

¢“m=é¢(gJu&

By selecting a suitable subset of child
wavelets the discrete wavelet transform is
obtained for the projection y of a signal x
onto the wavelet space. The ith component of
y is given by

N
Y= %" (k) (19)
k=1

Now consider a typical sigmoidal activation

function of an MLP neuron ¢(x). The output
of a neuron y, is dependent on the activation
of the nodes in the previous layer x, and
weighted connections between the neurons

and the previous layer @ ;, i.e.

W= (D[Z xka)k,i] (20)
k=1
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Noting the similarity between (19) and (20)
we can implement the discrete wavelet
transform as the first layer of an MLP where
the weights connecting each wavelet node to
the input layer are constrained to be discrete
samples of a particular child wavelet and the
activation function is the identity
transformation. In fact we may ignore the
weights connecting the wavelet node to the
input layer and instead characterise the
neuron by the values of scale and translation
t and £. The interconnecting weights between
the input and wavelet layers are then
determined solely by the parameters of the
wavelet node.

It is possible to derive the back-propagation
algorithm for these neurons and we have
shown that they train successfully and that
training is stable.

A further refinement has been developed
which prevents wavelet node duplication by
ensuring that all the wavelet neurons in the
input layer are orthogonal. This is achieved
by adding a term to the training error function
which is proportional to the overall overlap of
the discrete wavelets at each node

A number of experiments have been
undertaken to compare the performance of
standard MLPs with the performance of an
MLP whose first layer consists of wavelet
neurons and the results on the trials data are
promising.

Weight and Node Elimination

Optimising the architecture for neural
networks is a difficult problem. The crude
‘brute force” technique used to determine the
number of nodes in the hidden layer can
certainly be improved upon and we have
adopted a technique due to Williams [10].
The method uses a Laplacian prior on the
weights. This manifests itself in training as a
term added to the error function

Ey=Ylo,l @D

A consequence of this prior is that during
training, weights are forced either to adopt
equal data error sensitivity or are forced to
zero. This naturally leads to skeletonisation
of the network. During this process if all of
the weights associated with a neuron are
forced to zero then that node is removed from
the network.

Experiments with this technique used in
conjunction with the wavelet neurons have
also shown considerable promise.

6. SUMMARY AND CONCLUSIONS

In this paper we have described a novel
architecture for an ATR system. The key
features of the system are

e Dual waveband FLIR imagery is used

e A new integrated Bayesian tracking
methodology is used

e A committee of neural networks is used
for target discrimination

e Initial evaluation is on real data

We have also proposed a number of novel
enhancements that can be employed within
this system including

e Wavelet neurons
e Automatic architecture optimisation for
MLP
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1. INTRODUCTION

Although the title of this lecture refers to using
artificial neural networks (ANN) in reconfiguration
algorithms of damaged aircraft, the analysis applies
in general to the identification and control of non-
linear time-varying dynamical systems. This
lecture addresses the problem of emulation and
control of a fighter aircraft by means of ANN. Four
models for describing non-linear MIMO dynamical
systems are described. Based on this description a
combined feedforward and recurrent neural
network is structured to emulate the system. A
procedure is given to emulate multiple systems in a
single neural network. By the introduction of a
minimal realization of the network, the complexity
of the network is greatly reduced without
degradation of the operating performance of the
network. The aircraft model used in the
demonstration of the neural network is the
longitudinal node of the F/A-18A fighter aircraft.
The work developed here is based on Shakar Dror

[1].

The analysis may also be viewed as a neural
network adaptive controller for a non-linear MIMO
time varying system. A direct model reference
control system is used with the neural network
trained by means of the backpropagation algorithm.

2. SYSTEMS MODELING OF NONLINEAR
DYNAMIC SYSTEMS
There are several different models of dynamical
systems. In control theory the basic representation
of a dynamic, system particularly of MIMO
models, is that derived from a state space
representation. In what follows we will limit our
discussion to discrete state space models.

Four classes of unknown nonlinear discrete
dynamical systems have be suggested by Narenda
and Parthasarathy [2]. In all these models the
measured output y(k) is assumed to be a linear

combination of the states and possibly a
feedforward control. The state at time k+1 ie.,
x(k+1) is derived from the state x(k) and the
excitation at u(k). Both as indicated are evaluated
at the previous time step.

The nomenclature adopted here uses symbols that
are usually used in control theory. In addition,
upper-case italic bold letters followed by brackets
represent vectorial functions, subscripted with [ for
a linear function, and with n! for a non-linear
function. Upper-case bold letters with or without
succeeding parentheses, represent matrices. The
state vector is denoted as x, the measured output
vector is denoted as y, the input sequence is u, the
discrete time is represented by k, and 0 are the
unknown parameters of the system.

2.1 Model 1

x (k1) = F|[£0 ]1x(K) + G, [k0,u(®)]; x(0) - x,

y(k) - C(k) x (k) + D(k)u(k) (1)

In this nonlinear model, the state vector depends
linearly on its prior state and nonlinearly on the
input signals. The output is a linear combination of
the state and input vectors. This model is very
common in many mechanical systems where the
inputs are subjected to nonlinearities such as
saturation, backlash (dead zone), and switching
(bang-bang).

2.2 Model II

x(ke1) - F,,[k,8,x(B)] + Gk, Ju(k); x(0) - x,

(k) = C(k)x (k) + D(k)u(k) @

Paper presented at the AGARD MSP Lecture Series on “Advances in Soft-Computing Technologies and Applications in
Mission Systems”, held in North York, Canada, 17-18 September 1997; Amsterdam, The Netherlands, 22-23 September
1997; Madrid, Spain, 25-26 September 1997; Ankara, Turkey, 6-7 October 1997, and published in LS-210.
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Here the nonlinear function F,, acts on the previous
states, while the inputs are linear. This is a very
popular model in systems where kinematics are
involved (nonlinear trigonometric functions),
systems with viscous friction, e.g., airplanes. This
model or its linearized version, is very common in
implementations of control actions, u, on the
system F.

2.3 Model II1

x (k1) - F, [k8,,x(K)] « G, [k,0,,u(B); x(0) -,

y(k) = C(k)x (k) + D(k)u(k) 3)

In model III, both the input values and the previous
state vector are subjected to two separate but
additive nonlinear functions. Real-world examples
for this model can be simply a combination of
examples from models I and II.

2.4 Model IV

x (k1) - Hy[k, 6, x(®), u®)]: x(0) -x,
y®) -CHx® DR u®)

This is the most general form that represents the
current state as a nonlinear function of both the
previous states and inputs combined. Although it is
the most general, it is the most difficult to deal
with, and in practice, approaches described in
models I to III are mostly used.

For every suggested model there is a corresponding
neural network structure. The structure
characterizes the physical behavior of the model,
and is trainable by the generalize delta rule. The
representations and their generalizations are
described in the following section.

3. NEURAL NETWORK REPRESENTATION
OF NON-LINEAR DYNAMICAL SYSTEM

3.1 System Topology

For emulation, the dynamic system has to be
reconstructible in the linear case or realizable in the
nonlinear case. To represent linear or nonlinear
dynamical system a recurrent network must be
used. The major problem is to find a training
algorithm which insures convergence of the system.

It is convenient to classify dynamic in terms of the
order of the input and output vectors and by the
relationship of the output vector to the state vector.

Category A Input-Output Orders

a. Single input, single output (SISO)
b. Single input, multi output (SIMO)
¢. Multi input, single output (MISO)
d. Multi input, multi output (MIMO)

Category B Output to State Vector Relation

a. Output vector full state representation
b. Output vector partial state representation

Full state variable output (Ba) are rather trivial
cases to emulate or identify using ANN. Systems
involving a single input (Aa, Ab) are also
somewhat straight forward since there is a
theoretical solution for the one step ahead
prediction and control that is easily adapted to
neural network implementation.

This lecture address the more difficult problem of
finding a neural network for MIMO that is trainable
by means of the back-propagation algorithm. The
emulation of a dynamic system is shown in figure

(L)
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Figure 1 - A Neural Network Emulation of
Dynamical System

The inputs of the plant are also presented to the
neural networks. Training continues until the errors
in the output reach an acceptable level.

3.2 Inner Structure
The specific inner structure of the ANN is given in
figure 2.

This inner structure can emulate models I-I11
discussed in section 2. Three inputs and two
outputs have been selected only for purposes of
illustration. The circles are nodes or neurons while
the solid connecting lines represent adjustable
weights. The dash - double-dot line (- .. -)
represents a fixed unit value weight.

\ 4
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Figure 2 - Artificial Neural Network Emulator
for Models I-11I

In the simpler case of state variable feedback, it is
possible to write the model 111 equation as

y(kl) - Fy [k 6, y®)] <G, [k 6, u()] (5)

Where 6, and 0, represent unknown parameters. It
can be seen that the neural network structure is then

Yk 1)-N,[y®] N[u@®)] 6)

Where N, is the recurrent network shown the the
right side of figure 2 and N; is the feedforward
network on the left side of figure 2.

The network N, is an extended form of the Hopfield
recurrent net. The Hopfield net normally has a
fully connected output layer to the input layer by a
one-step delay line. The z"' denotes a one step
delay.

In the case of output feedback, it is more difficult to
determine N.. The condition of reconstructibility
insures however that present output values can be
predicted from past values of the output. The need
for previous values leads to the introduction of
regression layers.

The order of the regression layer is determined by
the system that needs to be emulated. In the
illustration given in figure 2 shows two regression
layers of order three. On the left side the

input values are regressed and on the right side the

output values are regressed. Although the
regression layers are inner layers of the neural
network for all practical purposes they function as
the input layers to the neural network.

The neural network models the physical system
nicely in that N, models the F function and N;
models the G function in the equation 5. This
separation of functions gives more insight to the
system when analyzing the trained network and the
weight matrices.

3.3 Trainability Aspects

A series - parallel scheme has been used in the
training of the network. While training one has a
desired output denoted by yd. the procedure is to
use this desirable output in the regression layers so
that one has

y(k+1) = N[y “(k), u(®)] @)

Essential one has a simple feedforward network.
This method has been shown to be stable.

Since the input and output values are assume to be
bounded (BIBO) and there are no non linearities in
the feedback loop, the standard back propagation
algorithm can be used. After training or in the
recall phase, the outputs are regressed i.e.

y(k+1) = N[y(k), u(k)] (8)
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4. ANN FOR LINEAR TIME-INVARIANT
SYSTEM
Consider the set of equations given by

x(k-1) = Fx(k) + Gu(k)
y(k) = Cx(k) (9)

x(0) - x,

These are the same set of equations which we will
later use to describe the F/A18A. In this particular
case we assume that the matrix C has full rank and
is invertible. This specific system can be
represented by Figure 3 where the output layer is
fully connected to itself.

PR .

4 " Inputs

Figure 3 - A Neural Network
Representation of LTI System

Normally the weights to which the network

converges are unknown in advance but in this
particular case one can write

y(k+1) - CFC'y(k) + CGu(k)

y(0) = Cx(o)

(10)

The weights shown in the figure as w1 and w2
converge as expected to wl = CG and w2 = CFC"!
with a residual error approximating the numerical
precision of the machine performing the
calculations. Thus in this particular case one can
write down the neural network weights directly
without going through the training process.

5. ANN IN ADAPTIVE CONTROL

The general idea in adaptive control is to find a
regulator that will compensate for uncertainties in
the controlled plant to form an overall stable
system. As described by Astron and Wittenwork
[3], there are five basic approaches to adaptive
control. We shall limit our discussion to model-
reference adaptive systems.

Model -reference adaptive controllers (also called
model following) involve methods to adjust the
parameters of the controller so that the overall
closed loop system will behave closely to a
prescribed system. Model-reference systems can
further be divided into direct and indirect adaptive
controllers, shown in Figure 4.

In direct control the parameters of the controllers
are changed directly based on some measure of the
output error as shown in Figure 4

DESIGN OBJECTIVE
|_u_ [unknown
comnou.en-l,ﬁ: —{ svysTEM

2

MEASUREMENTS

Figure 4a - Direct Control
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==D{CONTROLLER|—— >
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DESIGN OBJECTIVE ESTIMATED PARAMETERS

Figure 4b - Indirect Control

In indirect control the parameters of the unknown
system are estimated and then used to update the
parameters of the controller. Both systems direct
and indirect result in a nonlinear controller even for
a LTI system. The method used in this investigation
was that of direct control.

Model-reference adaptive control is based on a
reference model that specifies the behavior of the
overall system. The controller parameters are
updated based on the error between the outputs of
the reference model, y". and the plant, y. Figure 5.
shows the general architecture of model-reference
adaptive controller, where, r, is the command signal
fed into the reference model and the controller, and
u, is the control actions obtained from the controller
and excite the plant.




REFERENCE MODEL

ADJUSTMENT
MECHANISM

Figure 5 - Model-Reference Adaptive
Control Architecture

Two loops are involved. The inner loop specifies
the feedback controller, whereas the outer loop
adapts the controller's parameters. From the
beginning of the training the control actions are in
the desired trend to bring the plant to follow the
reference model. The procedure is directed to work
on the desired domain which is the output of the
plant, despite the fact that the controller does not
have direct access to plant output, which is usually
needed for training artificial neural networks. Since
it is continuously learning to supply control actions
in the desired direction, it can be used for varying
systems. The problem is to ensure stable learning
procedure over the possible changes in the system,
which is not guaranteed.

Direct model-reference adaptive control overcomes
the need to first emulate the plant by utilizing the
back-propagation through the plant. A schematic of
the direct model-reference controller is given in
Figure 6. The neural network controller is trained
based on an error, transformed backwards through
the plan, and effects the plant output directly. This
method was used by Psaltis, Sidris and Yamamura
for coordinate transformation [4], and by Saerens
and Soquet for different constant dynamical
systems [5]. Ha, Wei, and Bessolo [6] supposedly
used the method for control of a linearized
longitudinal approximation of the F16 aircraft.

REFERENCE MODEL

Figure 6 - Direct Model-Reference Adaptive
Control

The direct model-reference adaptive control with
the extensions described in this section is the
method used in this research. The specific
implementation of the control scheme is presented
in the coming section.

The dynamical systems are assumed to be output-
controlled under all the changed conditions for the
purpose of this design. The adaptive control
scheme is of the model-reference type. The
reference model represents the desired response of
the overall controlled dynamical system. The
reference model is usually described by a linear
dynamical system fromr € R'to y € R", simply
because the properties of linear systems are well
defined. It is assumed that the reference model is
chosen such that for a given bounded command
signal, r, there exists a control action, u € U,
exciting the plant, such that the output y follows yd.
The control actions spanned by U € R™ and are
bounded in accordance and as required by the
plant. This in turn makes the controller be a
bounded system by itself. Under the specified
control actions, u € U, the neural network
controller treats the "non-exact" tracking., by
reaching the best controller in a least-mean-square-
sense. The changing plant is also assumed to
remain within the same class of dynamical systems
and retain the same inputs and outputs, i.e., I, m and
n are constant for the problem.

The ANN based controller design is adopted
from classical control. A feedback controller
Nj € R" — R™ and a forward shaping filter

Niy € R' - R™, as shown in Figure 7 sche-
matically. The two parts of the controller can be
combined into one network which accomplishes
both functions, having as inputs the command

signal r, and the plant output y, resulting in the

control action u. The dash-dot (-.-) line in Figure 7
indicates the combined controller, denoted N.. The
training of the network is done as decribed in
Figure 6 for the model reference approach.

The controller in the model-reference scheme is
continuously adjusting to change the parameters in
the network to drive the plant to follow the
reference output. As mentioned earlier, it is
desirable to shorten the transition time of the
adaption between changes of the plant.
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Figure 7 - Control Architecture

Training can be accomplished by defining a finite
set of probable changes, each with its
corresponding reference model and a resultant
controller. Each model is trained off-line. As
discussed in the multiple-systems emulator, a single
network is used to incorporate all of the controllers
creating a unified controller. Inputs to the controller
network are used to relate the controller to the
proper plant or new plant. For linear MIMO
systems described in a state-space observer
canonical form, controllability implies
identifiability. A sensible choice of physical
information to describe the plant, even in the non-
linear case, is past measurements of input and
output of the plant , denote by type information in
figure 8.

AEFERENCE MODEL

MULTI-PLANT
CONTROLLER

Figure 8 - Adaptive Control with Type
Information

Having the information about the current plant in
physical terms enables the network to generalize a
suitable controller for the cases where the real plant
differ somewhat from the plant the network was
trained on. Consequently the network is valid for a
variety of changes with a finite number of pre-
trained conditions, unless the given change is in
some sense linearly independent of the models used
to train the network. The structure of the unified
controller is herein presented.

6. ANN STRUCTURE FOR THE UNIFIED
CONTROLLER
The unified controller can be introduced in a
network very similar in structure to the multi-
system emulaltion network. Figure 8 shows the
general block diagram of the training. One can see
that the information on which a plant is currently
controlled is passed to the reference as well,
enabling a possibly different reference model for

every plant. The network Nc, not only trained as a
simple controller, but also makes a synthesis of
type information to generate proper control actions
to the corresponding plant.

Controls

“§ ¥

FEEDBACK FORWARD

CONTROLLER i | sHAPING
e M | PTER M
; - —
 90Q0G0H00 R‘?;??’??? 9%
. . Lc‘y:'s:lon __j
Plantbﬁtbu:f T ? Cor‘nméndT

Figure 9 - General Structure of ANN
Unified Controller

In the case of dynamical systems, the information
about the type of the plant happens to be the same
as needed for creating the controller itself. Previous
measurements of the commands, output and
controls are provided inside the network by using
regression layers. Figure 9 depicts the classical
controller as appears in Figure 7 with additional
type information combined into a single network as
in Figure 8.

The example given in Figure 9 shows a controller
network with one command input, two control
actions as an input to a plant with three outputs, all
of which are fed into regression layers of order
three. Each of the sub-networks, Ny, and Ny, in
Figure 9, may have its own dynamics based on the
inputs to that block. The blocks of the feedback
controller and the forward shaping filter
incorporates networks of the same form that appear
in Figure 2 . The type of information, i.e., the
regressed value of the inputs and outputs of the
plant are supplied to both sub-networks. The z
block represent a delay of one time unit, and is
inherent in the structure of the network.

7. ANN EMULATION AND CONTROL
DEMONSTRATION

This section presents a test case to examine

implementation of emulation and control using

artificial neural networks as developed in the

previous chapters.

The F/A-18A fighter aircraft was chosen as a
demonstration MIMO dynamical system due to the
availability of multiple control surfaces leading to a
rather complex dynamics, see Figure 10 below. A
damaged aircraft was assumed to represent a
change in the system, which the neural network
emulates and controls. Thus, the neural network



Figure 10 - F/A-18A Axes, Control Surfaces and Sign Conventions

forms a reconfigurable adaptive controller for an
impaired aircraft. The closed-loop performance is
dictated by a reference model that meets the con-
ditions required by military specification MIL-F-
8785C. The discussion continues with a description
of the open-loop dynamic model of the F/A-18
followed by specific damage mechanism which
were treated in this research.

7.1 F/A-18A Longitudinal Dynamical

Model
The F/A-18A linearized longitudinal dynamics with
asymmetrically-saturated control inputs, provides a
25th order dynamical system with six control inputs
and three output variables. The dynamical model
includes the airframe dynamics as well as actuator
and senor dynamics. The continuous state-space
model was developed from data in [7] for a flight
condition of Mach 0.6 and altitude 10,000 feet, in
escort configuration. The aircraft equations of
motion are taken from [8] in stability axes and trim
conditions, assuming no gusts. The actuator and
sensor models are based on the model developed by
Rojek [9].

Figure 10 shows the F/A-18 with the control
surfaces and describes the sign conventions for
both deflections and aerodynamic coefficients. The
terms in body axes are denoted (*)g and (*); denote
stability axes. The control surfaces affecting the
longitudinal dynamics are the stabilators (dst),
leading edge flaps (dle) and trailing edge flaps
(dte).

The continuous state-space representation of the
aircraft, which includes the sixteenth order actuator
dynamics, fourth order airframe dynamics, and fifth
order sensor dynamics is given in the 25th order
augmented system as follows

y = Hx + Du (1%)

The control vector, u, is the actuator deflection
commands [deg],

o = (6.::, asl, 6!:, 6!., 5te, 5!e!)r (12)

where st, le and te denote the stabilators, leading
edge and trailing edge, and the subscripts r, | refer
to the right and left sides respectively.

The measured output y is given by

y=(gn o) (13)

where q is the pitch rate [deg/sec], n, the normal
acceleration. [g's] and « is the angle of attack
[deg].
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Figure 11 - Model-Reference Control Architecture for the F/A-18A

7.2 F/A -18A Damaged Longitudinal

Dynamic Model
The damage mechanism considered in this example
is a malfunction in the actuation of the left
stabilator. The left stabilator does not respond to
actuator commands and remains fixed at the trim
condition.

7.3 Control Refererence Model

The reference model for the model-following
controller is based on the military specification for
flying qualities of piloted airplanes, MIL-F-8785C.
The general configurations is shown in Figure 11
The same reference model is selected for both
damaged and undamaged F/A-18 models.

The reference is a forth order linear model, that
defines desirable behavior for the short period and
phugoid modes. The frequency and damping are

« Short period
mp=4.3 [rad/sec]; CP = 0.6

* Phugoid
w,=0.02 [rad/sec]; Con= 0.4

The reference model is given in discrete state-space
form as

{z(bl) - Fz(k) + Gr(k)
(14)

y (k) = Hz(k) + Dr(k)

The input command, r, is the pilot pitch stick
commands p,. The output vector, y%, consists of,

yi-fadnt o} (15)

here qd is the reference pitch rate [deg/sec], the
desired normal acceleration nzd= [g's] and « is
the reference angle of attack [deg].

8. SIMULATION RESULTS AND

ANALYSIS
The control results include two parts. Initially a
model follower controller is designed for each of
the undamaged and damaged aircraft separately.
Then the two controllers are combined into a single
network. The unified network is an adaptive
controller. Based on the input information, the
network generates the required control actions such
that the plant output will behave similar to the
reference model. The input information includes
the pilot command p,, the plant output feedback,
and prior measurements of plant input (network
output) and output as indicators of plant type, of
either undamaged or damaged aircraft.

8.1 Model-Reference Controller - Frequency
Domain Results and Discussion

The spectral response of the pitch rate g, the normal

acceleration n, and the angle of attack AoA of the

undamaged (plant #1) and damaged (plant #2)

aircraft due to pilot commands p, is given in Figure

12.

This data is obtained from two separately trained
neural networks for the damaged and undamaged
aircraft.

Each graph shows the analytic frequency response -
the solid line, which is the Bode plot of the
reference system outputs due to the input, together
with the desired values and network output values,
both analyzed using FFT, while exciting the input
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(pilot) command with random binary sequence
(RBS). The desired value shown by the dashed

lines are calculated using the reference model, and
the dash-dot line is the neural network output.

It was desired to have a single neural network
(unified controller) which would control both the
damaged (Plant #2) and undamaged aircraft (Plant
#1) simultaneously. To accomplish this the neural
network was randomly trained on examplars of the
Plant #1 and Plant #2. This included type
information which identified the plant being
considered.

Figure 13 presents the same information as in
Figure 12 using the unified controller, which is
capable of controlling both the undamaged and
damaged plants simultaneously. The normalization
of the models to range of + 1 cause a shift of about
- 15dB from the zero dB line.

The observations from the spectral results in
Figures 12 and 13 are the following.

a. Each plant is controlled such that the overall
system behave very close to the reference model
over the entire spectral range of interest. The
difference at the low frequencies is a problem of
persistent excitation. For piloted aircraft control
usually the indicated difference at the low end does
not present a control problem. The human pilot
compensate for the low frequency dynamics with
no accessional control effort.

b. The spectral behavior of the unified controller
in Figure 13 is similar for both models, with good
agreement to the analytical reference, although less
accurate than the single controller shown in Figure
12. The difference between the unified and single
controllers is due to the greater complexity of the
unified controller.

8.2 Model-Reference Controller - Time

Domain Results and Discussion
The performance of the unified controller in the
time domain is tested by presenting a full stick RBS
input as the pilot command.

For the first 10 seconds Plant #1 or the undamaged
plant is simulated. At 10 seconds damage is
considered to have occurred. The neural network
adaptive controller (unified controller) detects the
change and initiates the correct control action for
Plant #2, the damaged plant.

The response of the network compared to the
reference model is presented in Figure 14 with the
corresponding actuators commands in Figure 15.

Each graph shows the desired and network output
for the command. The error between the two is
presented in the lower plot of each pair. Note that
the output errors are at the order of 107 or less.

The relative error of all input-output relations is
about 1-5%.

9. Further Analysis of Damaged Aircraft

It might be thought that the present method is
limited to the specific damage that has been
modelled in the training. In a further study Brunger
[11] investigated a damaged A4D. The damage
was assumed to be a reduction in the control
effectiveness My, by 70%. The neural network of
the same structure as that developed by Dror[1] in
this lecturer was trained on the undamaged and the
damaged aircraft. Similar results to those just
discussed in the frequency and time domain were
obtained for the damaged and undamaged aircraft.

In addition it was found that the unified neural
networks controller could detect and control
damage intermediate between the damage and
undamaged aircraft. Figure 16 shows the response
of the neural network to an aircraft with damage
caused by a 30% reduction in M, rather than the
70% reduction on which the network was trained.
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0 5 10
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Figure 16a - Airspeed Pitch Rate
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The damage occurs at 5 seconds. It can be seen
that the neural network detects and controlls the
30% damaged aircraft properly. This was found
true for control effectiveness changes from 0% to
90% in M.

10. SUMMARY

This work considered dynamical systems in
association with artificial neural networks. The
basic theory of adaptive controllers based on neural
network was presented. Methods for emulation and
control of dynamical systems using neural networks
were developed. The important results are
summarized here

10.1 Main Results

This research established a general approach for
identification and emulation of non-linear MIMO
time-varying dynamical system. Four general
MIMO dynamical model are presented. Based on
the selected model a corresponding network
structure was introduced. The structure associated
a combination of feedforward and recurrent
artificial neural networks. A serial-parallel training
scheme was used to train the network. A single
network was shown to be capable of representing
multiple dynamical systems from the same class,
under the balanced random training procedure. The
model switching in the procedure did not affect the
accuracy of the network.

Further in the research a neural network was trained
to control a MIMO dynamical system using a back-
propagation approach through the plant training
procedure, which is a variation of the basic back-
propagation algorithm. The network was trained in
a model-follower control architecture without a
direct access to the desired values and without the
need for specific knowledge on the controlled
system. A single network controller was trained to
represent multiple controllers, thus forming an
adaptive controller. No estimation process of the

plant was involved in the procedure.

Artificial neural networks were found to be a
powerful tool for system identification and in
designing adaptive controllers.
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SUMMARY

The development, procurement and utilization of defense systems will in future be strongly influ-
enced by affordability. A considerable potential for cost reduction is seen in the extended use of
unmanned systems. This paper will describe important enabling techniques and technologies as
a prerequisite for the implementation of future autonomous systems with goal- and behavior-ori-
ented features. Main emphasis is being placed on information technology with its soft-computing
techniques. The treatment of conceptional system approaches will be followed by design conside-
rations and then a global methodology for the engineering of future autonomous systems will be
dealt with. Critical experiments for technology evaluation and validation will be mentioned toge-
ther with a brief description of the main focus in future research.

1 INTRODUCTION

Tactical systems are implemented as Integrated Mission Systems (IMS) such as e.g. air and
space defense systems. As shown in Fig. 1, the key elements of IMS are - among others - plat-
forms with sensors and effectors, ground based components with communication, command and
control etc.

In technology, evolutionary progress is generally determined by the interaction between the
"Requirements Pull (RP)" and the "Technology Push (TP)" (Fig. 2). Ever increasing requirements
for more and more complex systems and their functions activate individual key technologies
within the technological basis available or possibly to be created. However, new technologies -
such as currently the new Information Technology (IT) and Micro Technology (MT) - exert pres-
sure towards increased requirements for new systems. This is connected with the objective of
implementing unprecedented system characteristics, thus gaining a technical and operational
lead, and this, if possible, at reduced life-cycle costs.

In the future progress primarily will be driven by economic aspects rather than by technological
advances alone. Within this context "affordability" is of decisive importance. Autonomous
unmanned tactical systems surely are a viable step to cope with the cost reduction challenge and
to improve cost effectiveness in the future.

It is impossible to treat all important related techniques and technologies within the scope of this
paper. The key notion ,autonomy* is intimately connected with advances in Information Techno-
logy. Therefore emphasis is placed on this aspect. The implementation of all needed functions
into an Autonomous System is also a great challenge in terms of miniaturization and integration
techniques. However, this can only be treated here very briefly. The objective of this paper is to
present computational and machine intelligence technologies and concepts enabling the realiza-
tion of future autonomous systems. This part of IT is the catalyst for the transition to new tech-
nologies in almost all areas of mission systems.

Paper presented at the AGARD MSP Lecture Series on “Advances in Soft-Computing Technologies and Applications in
Mission Systems”, held in North York, Canada, 17-18 September 1997; Amsterdam, The Netherlands, 22-23 September
1997; Madrid, Spain, 25-26 September 1997; Ankara, Turkey, 6-7 October 1997, and published in LS-210.
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Figure 1: Key elements of integrated mission systems
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AUTONOMOUS SYSTEMS

As specified in [1], autonomy is the ability to function as an independent unit or element over an
extended period of time, performing a variety of actions necessary to achieve predesignated
objectives while responding to stimuli produced by integrally contained sensors. The following
characteristics are therefore typical of an autonomous, behavior-oriented system:

An "environment" (real world) is allocated to the system

There is an interaction between the system and the environment via input and output infor-
mation and possibly output actions

The interactions of the system are concentrated on performing tasks within the environment
according to a goal-directed behavior, with the system adapting to changes of the environ-
ment.

The interaction of the systems with the surrounding world (Fig. 3) can be decomposed into the
following elements of a recognize-act-cycle (or stimulus-response-cycle).

Recognize the actual state of the world and compare it with the desired state

(which corresponds to the goal of the interaction). (MONITORING)
Analyse the deviations of actual and desired state. (DIAGNOSIS)
Think about actions to modify the state of the world (PLAN GENERATION)
Decide the necessary actions to reach the desired state (PLAN SELECTION)
Take the necessary actions to change the state of the world (PLAN EXECUTION)

To perform these functions, first of-all appropriate sensor and effector systems must be provided,
as mentioned earlier. In the case of unmanned autonomous systems information processing
means must be incorporated that apply machine intelligence to perform the tasks mentioned.

Figure 3: Interact:on autonomous system - real world
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For the purpose of full autonomy of future systems the metamorphosis to new structures of
autonomous systems based on rapidly advancing Information Technologies (IT) represents the
viable constituent and results in the concept of ,Behavior-oriented Autonomous Systems
(BOAS)*“. Behavior in this context means a suitable, goal-directed sequence of activities which, as
a whole, represent a behavioral pattern. This concept can be adopted as metaphor for the imagi-
nation and implementation of a future or may be far future autonomous unmanned tactical sys-
tem, that has to operate in complex, uncertain, unstructured, and none-benign environment.

An autonomous system must contain knowledge about the environment and the objects operating
in it to be able to fulfill its characteristics. As shown in Fig. 4, an information-processing unit
processes this knowledge using methods of artificial intelligence (Al). With the following definition,
Al is the key characteristic of an autonomous system: Systems have artificial intelligence if their
.creator” has given them a structure - not only a program - allowing them to organize themselves,
to learn and to adapt themselves to changing situations. In this context it is important to mention
that systems have no artificial intelligence if a program/software ,injects" them with what they
have to do and how they have to react to certain pre-specified situations.

ARTIFICIAL
INTELLIGENCE

KNOWLEDGE
KNOWLEDGE e
BASED o HEURISTIC

Figure 4: From knowledge to goal-directed autonomous behavior

The goal-directed interaction of the system with real-world objects is made possible through the
technical implementation of the endomorphic system concept. This is based on a phenomenolo-
gical approach where the ability of man to form internal models in the form of heuristic knowledge
(experience knowledge) can be used as paradigm. The upper part of Fig. 5 shows how man
intervenes in a partial area of the real world containing the object of interest in order to acquire
knowledge and maps this partial area in his own sphere by modelling. The knowledge required to
accomplish a task or to solve a problem is acquired by man both a-priori by training and on line by
learning while performing the task. The problem is solved by processing this knowledge by means
of processes on different mental functional levels. The respective partial area of the real world
(e.g. object) is influenced by actions resulting from this. Through perception, the influence, in turn,
activates cognitive learning processes, based on the goals set, for continuous adaptation of the
knowledge required for task performance.
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The technical reproduction of these functions in an Autonomous Artificial Construct (AUTARC) is
achieved by implementing the endomorphic system concept [1] as represented in Fig. 6 in a
simplified form. This is accomplished by establishing an endomorphism between real-world
objects. The inference engine inquires at its internal models for necessary information prerequi-
site to goal-directed interaction with the real-world objects. The applied internal model is
abstracted from a comprehensive model of the world and object. The Artificial Intelligence (Al)
element of the system (see also Fig 4) comprises a domain-dependent knowledge and data base
(real-world modeling) and a domain independent inference mechanism. In general the world-base
model comprises different models such as continuous models, discrete-event models, rule-based
models. The recognition - act-cycle, involving sensing, planning and execution, can thus invoke
different models in an optimum way.

The technical implementation of the Al functions concerns the acquisition, the representation and
storage of knowledge as well as the processing of knowledge to achieve goal-directed behavior.
Enabling techniques for these tasks are treated in the following paragraph.

3 ENABLING NEW INFORMATION TECHNOLOGY

31 PARADIGM SHIFT TO BRAINLIKE STRUCTURES

The expected unprecedented advances in computing based on the conventional architecture,
where processing is performed sequentially, do not yield the power for computational and
machine intelligence. This becomes ultimately evident if we compare a contemporary high per-
formance computer (Cray YMP/8) with the brain of an insect, as represented in Fig 7. A vast
amount of hardware and software consuming a lot of power is needed to build and operate the
Cray-machine, as compared to the biological brain. What is even more impressive is the level of
capabilities achieved with the latter. To make at least a small step towards a technical implemen-
tation of biological intelligence, as it is needed for autonomous systems, new computational
techniques and architectures must be considered and introduced. There is a paradigmatic com-
plementary shift from symbolic artificial intelligence techniques to a new paradigm, which is
inspired by modelling the conscious and unconscious, cognitive and reflexive function of the bio-
logical brain. Important related computing methodologies and technologies include inter alia fuzzy
logic, neuro-computing and evolutionary and genetic algorithms. The basic functions of these
technologies shall be briefly summarized in the following.
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Figure 7: Comparison computer - brain of an insect

3.2 SOFT-COMPUTING TECHNOLOGIES

3.2.1 Fuzzy Logic

The theory of fuzzy logic provides a mathematical framework to capture the uncertainties associ-
ated with human cognitive processes, such as thinking and reasoning. Also, it provides a mathe-
matical morphology to emulate certain perceptual and linguistic attributes associated with human
cognition. Fuzzy logic provides an inference morphology that enables approximate human rea-
soning capabilities for knowledge-based systems. Fuzzy logic/fuzzy control has developed an
exact mathematical theory for representing and processing fuzzy terms, data and facts which are
relevant in our conscious thinking.

A unit based on fuzzy logic represents an associator that maps spatial or spatiotemporal muilti-
variable inputs to corresponding associated outputs [2]. The knowledge which relates inputs and
outputs is expressed as fuzzy if-then rules at the form IF A THEN B, where A and B are linguistic
labels of fuzzy sets determined by appropriate membership functions. By fuzzy if-then rules the
qualitative aspects of human knowledge reasoning and decision processes can be modelled
without the need for a precise quantitative description. Fuzzy logic units, also known as fuzzy-
rule-based systems, fuzzy models, fuzzy associative memories (FAM) or fuzzy controllers, consist
of five fundamental functional blocks as shown in Fig 8. The fuzzification interface transforms the
crisp inputs into degrees of memberships to linguistic labels of fuzzy sets. A number of fuzzy if-
then rules is contained in the rule base. They comprise the knowledge about the relationship
between the antecedent and consequence variables. The membership functions of the linguistic
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fuzzy sets as used in the fuzzy rules are defined within the data base. Rule and data base are
often jointly referred to as the knowledge base. The inference unit is the decision making element
and performs the inference operation applying crisp mathematics of fuzzy logic. The fuzzy result
of the inference process is transformed into a crisp output by the defuzzyfication block. By fuzzy
logic processing the vague imprecise rules can be given a specific meaning and outputs can be
produced for inputs which only partially match the rules. This is a very powerful attribute.

DATA BASE L

: FUZZY SETS ;
A OF RULE BASE 1
- VARIABLES :

and
INFERENCE UNIT

[[FuzzvricaTion

-1 | DEFUZZYFICATION

CENTER OF

Figure 8: Fuzzy logic unit

Fuzzy rule based systems enable endomorphic real world modelling. With this technology human
behavior can be emulated in particular as far as reasoning and decision making and control is
concerned taking into account the pervasive imprecision of the real world. Fuzzy logic strongly
supports realistic modelling and treatment of reality.

3.2.2 Artificial Neural Networks (ANN)

Neural Networks are derived from the idea of imitating brain cells in silicon and interconnecting
them to from networks with self-organization capability and learnability. They are modeled on the
structures of the unconscious mind.

Neurocomputing is a fundamentally new kind of information processing [3]. In contrast to pro-
grammed computing, in the application of neural networks the solution is learnt by the network by
mapping the mathematical functional relations. Neural networks are information processing
structures composed of simple processor elements (PE) and networked with each other via unidi-
rectional connections. Fig. 9 shows as an example a multi-layer network with exclusively forward
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connections. The "knowledge" is contained in the variable interconnection weights. They are
adjusted during a learning or training phase and continue to be adapted during operational use.
With this capability the ANN represents an associator (like a fuzzy logic unit) that maps spatial or
spatio-temporal multi-variable inputs to corresponding associated outputs. However, in contrast to
a fuzzy-rule-based system the mapping function is learnt by the ANN. Neural Networks are
capable of acquiring, encoding, representing, storing, processing and recalling knowledge. These
are important prerequisites for endomorphic real world modelling (see Fig 6).
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distinguish different patterns
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Problem solving based on Can learn on-line in real time
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logical inferencing schemes, architecture with sufficient
-] statistical algorithms or capacity and a paradigmatic

specialist / analyst to learning / training scheme

develop and code a solution |

Figure 9: Artificial neural networks

3.2.3 Genetic and Evolutionary Algorithms

Genetic and evolutionary algorithms represent optimization and machine learning techniques,
which initially were inspired by the processes of natural selection and evolutionary genetics [4].

To apply a genetic algorithm (GA) potential solutions are to be coded as strings on chromosomes.
The GA is populated with not just one but a population of solutions, i.e. GA search from a popula-
tion of points rather than from a single point. By repeated iterations a simulated evolution occurs
and the population of solutions improves, until a satisfactory result is obtained. The initial popula-
tion evolves through rules which are independent of the problem, tend to generate better and
better solutions and utilize probabilistic transition rules. As shown in Fig 10 in a simplified form
this is accomplished by iteratively applying the genetic operators reproduction, crossover and
mutation. Strings are copied and parts swapped as well as changed in a probabilistic manner by
the genetic operators. As an illustrative example, the evolutionary development of a Neural Net-
work is suggested in Fig 10. The network structure and parameters are coded as strings on
chromosomes. Crossover of ,parent‘ networks generates offsprings, i.e. ,children”. The network is




9-10

optimally generated by time-lapsed simulation of biological evolution. All the user needs to know
is how to evaluate a solution. For this purpose an objective or fitness function has to be defined. It
measures the performance or goodness after reproduction, i.e. for each generation.

REPRODUCTION I

MATING POOL

> GENETIC OPERATORS

Figure 10: Genetic operations for a single generation

Computer simulation is a viable tool to optimize behavior oriented systems by utilizing genetic or
evolutionary techniques. Ever increasing processing speed enables the quick motion representa-
tion of events and processes, for which nature requires millions of years.

3.2.4 Conclusions

It was shown that fuzzy and artificial neural network techniques enable the endomorphic model-
ling of real world objects and scenarios. Together with conventional algorithmic processing, clas-
sical expert systems, probabilistic reasoning techniques and evolving chaos-theoretic approaches
they enable the implementation of recognize-act cycle functions as shown in Fig 3. Genetic and
evolutionary algorithms can be applied to generate and optimize appropriate structures and/or
parameters to acquire, encode, represent, store, process and recall knowledge. This yields self-
learning control structures for dynamical scenarios that evolve, learn from experience and
improve automatically in uncertain environment. |deally, they can be mechanized by a synergetic
complementary integration of fuzzy, neuro and genetic techniques. These soft-computing tech-
niques support the move towards adaptive knowledge based systems which rely heavily on
experience rather than on the ability of experts to describe the dynamic, uncertain world perfectly.
In contrast to conventional computing, soft-computing addresses the pervasive imprecision of the
real world. This is accomplished by consideration of the tolerances for imprecision, uncertainty
and partial truth to achieve tractable, robust and low cost solutions for complex problems.Thus,
soft-computing techniques in conjunction with appropriate system architectures provide the basis
for creating the above-mentioned Behavior-Oriented Systems. In the following, this will be looked
at in somewhat greater detail.




< CONCEPTUAL IDEAS FOR AUTONOMOUS SYSTEMS

4.1 System architectures

The viable architecture must represent the organization of the systems intelligence and capability
to behave, to leamn, to adapt and to reconfigure in reaction to new situations in order to perform in
accordance with its functionalities. Based on fundamentally different philosophies regarding the
organisation of intelligence, two different architectures can be basically considered (Fig. 11). With
the well known top-down approach as prevalently used to date a hierarchically functional architec-
ture results. It structures the system in a series of levels or layers following the concept of increa-
sing precision with decreasing intelligence when going from top to bottom. Implementation is cha-
racterized by the fact that for as many contingencies as possible the allocated system behavior is
fixed in top-down programming. This method is "unnatural" and, according to the definition given
above, does not lead to artificial intelligence of the system. In fact, the real world is so complex,
imprecise and unpredictable that the direct top-down programming of behavioral functions soon
becomes almost impossible.

AUTONOMOUS
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_{ Architecture

Emergent systems
- behavior through the
cooperative performance
of a number of leaming,
adaptive agents with
simple action patterns

the related systems
responses

BOTTOM-UP

OLD VIEW SOLUTION

Figure 11: Organization of the systems intelligence

Considerably different from the hierarchical structure is the subsumption architecture. It is based
upon building functionality and complexity from a number of simple, parallel, elemental behaviors.
It is sometimes called the behaviorist architecture and is based on a buttom-up approach. In this
approach, so-called agents are implemented with the most simple action and behavior patterns
possible so that the resulting emergent system behavior corresponds to the desired global
objective. The system is able to adapt itself to changing situations in the environment by learning.
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The specific local intelligence of the individual agents generates a global intelligent behavior of
the integrated overall system. Multi-agent systems are very complex and hard to specify in their
behavior. Therefore there is the need to endow these systems with the ability to adapt and learn.
This learning capability is very important, because otherwise a multi-loop nonlinear control prob-
lem of very high order must be solved. The current state of the art precludes a solely analytic
solution for such a complex system. For this reason we invoke at the field of biology.

The biological nerve system is the living example for the fact that strongly meshed systems of an
extremely high order can adopt stable states. Moreover, without supervised control, these biologi-
cal systems are able to act purposely and task oriented. By an extensive comprehension of the
biological paradigm, the brain, we must try and strive to recognize the regularities which might be
of decisive use to us for the stabilization and self-organization of highly integrated complex
dynamic systems.

A simplified block diagram of an autonomous system based on such a concept of cooperative
Al/KB-Agents, is depicted in Fig 12. The objective is to implement as many simple agents as
possible with the associated behavior pattern, which then make the system act in a flexible,
robust and goal-oriented manner in its environment through their additively complementary inter-
action. To enable the generation of emergent characteristics it must be ensured that the agents
can influence each other mutually. Emergent functionality is one of the major fields of research
dedicated to behavior-oriented systems.

Figure 12: Endomorphic system representation by agents

4.2 Agents

Intelligent HW/SW agents will fuse sensor information, monitor critical variables, generate opti-
mized plans, alert operators through communication to problems as they arise and recommend
optimized solutions in real time. Response agents capture basic data, communication (forecast
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and other information) and apply optimization technology to generate new plans based on
changed conditions and states. Remote Operators can consider recommended plans in a "what
if* manner, i.e. making changes to the agents suggestions or accepting new recommendations.
Last, but not least, agents will offer learning capability and will be designed almost automatically
in the future.

The structure of an agent of the lower functional level is shown in Fig. 13 using the example of an
air vehicle piloting agent. It contains two neural networks (control [CN], plant model [PN]) and a
fuzzy neural network (performance [FN]). The networks are interconnected in a network system
for cooperative function. The CN has learnt in a training phase to stably fly the air vehicle in all
aerodynamic ranges. The PN as nonlinear, dynamic model of the air vehicle maps its flight cha-
racteristics in the complete flight envelope. The PN continuously adapts itself to changes of the
air vehicle by continued on-line learning. The FN is used to allocate a performance function
dependent on the aerodynamic state of flight. Via the performance feedback, the CN learns to
adapt itself to the desired, feasible performance, taking into account the current dynamic behavior
of the air vehicle. The collective behavior of the individual networks finally consists in allocating
action signals to - partially sensory - input signals, which on the whole, yields a learning, dynamic
control behavior.
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Figure 13: Structure of the piloting agent
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Owing to the necessary precise description and representation of knowledge about action-effect-
correlations on upper functional levels (e.g. planning, mission management) in complex, dynamic
scenarios, the automation of such functions has been difficult until now. The use of neuro-fuzzy
systems (agents) enables a new kind of acquisition, representation and adaptation of the know-
ledge concerned. Fig. 14 shows this in a very simplified form for a knowledge-based planning
process.
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Figure 14: Knowledge based planning

4.3 Design Considerations

As explained, behavior-oriented agent systems can have a hierarchical structure or work with a
cooperative structure with distributed supervision. For practical application in the near future, a
mutually complementary integration of both approaches can be expected. This, because there is
no doubt that a - presumably complex-balance exists between the learnt and the genetically
determined parts in the behavior of biological organisms. A similar situation is likely to arise in the
engineering process of autonomous systems. The problem will be to decide what should be
explicitly programmed and what should be left for the system to learn from experience. However,
it is the Author's opinion that in the long run the parallel, subsumption structure will be the preva-
lent architecture for behavior oriented AUTARC systems. As summarized in Fig. 15, applying the
endomorphic system concept, case based reasoning and planning as well as supervised and
reinforcement type learning, it can be implemented by extensive use of soft-computing technolo-
gies. These and many other issues will be part of a new discipline, which by analogy to
.Knowledge Engineering” is sometimes referred to as ,Behavior Engineering®. Its objective is to
provide methodologies and tools for developing and applying autonomous systems, which is a
very complex engineering enterprise.
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Figure 15: Main processing elements

Like in Engineering, it is also an indispensable prerequisite for an AUTARC that it is designed,
constructed and trained according to a strict methodical approach. Fig. 16 shows such an
approach in a very simplified form from today's technological point of view.

It starts with the description of the physical AUTARC, its application, the initial environment, and
the behavior requirements, with the latter being usually informally stated in natural language. The
following behavior analysis is one of the major tasks. This step involves the decomposition of the
target behavior in simple behavioral components and their interaction. Part of the specification is
the architecture of the intelligent control system. It is the second key point during the engineering
process. With the specification all information is available to design, implement and verify a nas-
cent AUTARC, which is endowed with all its hardware and software components, however, prior

to any training.
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Figure 16: Global methodology in the engineering of the behavior oriented system

Based on a suitable training strategy the system acquires its knowledge during a training phase
which is mandatory and prerequisite for appropriate behavior of the system. Training can usually
be speeded up applying simulation including virtual reality. Within this context environments can
be used that are much more changeable than the real ones.

After completion of training the behavior is assessed with respect to correctness (target behavior),
robustness (target behavior vis-a-vis changing environment) and adaptiveness. Based on this
assessment, further iterations during the engineering steps might become necessary in order to
make the satisfactorily behaving AUTARC evolve from them in a step by step sense.

5 IMPLEMENTATION ISSUES

As shown in Fig. 17, high perfbrmance on-board computing will be made possible by the arrange-
ment of scalable parallel computers in network structures. Powerful optic switchable network links
will connect several networks to form large cooperative network structures. The hierarchically
supervised performance of these structures will be augmented by a goal directed learning
feature. Thus, supervised cooperative networks will replace command-control (master-slave)
structures, which supports the implementation of multiple agent system concepts.
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Figure 17: Computational network structure

There will be neuro-computers (in 5 to 10 years) whose capacity will be approximately equal to
that of the biological neuronal network of an insect (one million neurons, one billion synapses).
They will be implemented electronically or optically (cubic centimeter volume).

Further implementation issues like [6]

e hardware for computational and machine intelligence
« software technology, software generation techniques
« autonomous control technology

e integrated system structures and functions

could not be treated here. It is referred to the Literature, e.g. [6].

6 EMERGENCE OF AUTONOMOUS SYSTEMS

Advancing Technologies are essential for achieving unprecedented capabilities for new systems
at affordable cost. Looking at Fig. 18 (upper left) the yield/cost ratio is plotted against the commu-
lative expenses for old and new technologies (e.g. Information Technology). Considering the
general performance potential, the transition to new technologies is mandatory to offer new
opportunities and improved yield/cost ratios.
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Figure 18: Requirements pull versus technology push

The approaches treated here will significantly contribute to the advent of autonomous tactical
systems with revolutionary capabilities. They will be become feasible through rapidly advancing
Information-, Micro- and Sensor- as well as Communication-Technologies. New platform and
weapon technologies, which cannot be used within a manned system, will become applicable,
such that new systems will be so far beyond anything within contemporary experience, that its
architecture and some technologies may prove radically different from anything envisioned today.
Beyond the enabling technologies further technical issues such as

e maturity assessment

e system concepts

e critical experiments

e validation, certification techniques
o future research focus

shall be emphasized, because they critically influence the emergence of autonomous systems.
Stepping back to the first chapter and recalling the interdependence of the Requirements Pull and
the Technology Push it is of paramount importance for research planners to identify applications
and requirements indicating the indispensable need for such systems and their capabilities. In this
context the Uninhabited Tactical Aircraft (UTA) concept of variable autonomy currently under
investigation, offers an ideal platform to perform critical experiments for the evaluation, validation
and possibly certification of techniques and technologies.
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Figure 19: Integrated battle management system

Recalling the affordability issue, the technologies enabling autonomous systems as treated here
together with other supporting technologies, such as those shown in Fig. 18, can foster thoughts
towards mission systems concept alternatives and trade-offs with the potential for cost reduction.
Several technologies will be viable for the development of such systems. However, the most
important challenges are in the area of system integration. Fig. 19 shows for example the concept
of an Integrated Battle Management System, where as multi-ship formation autonomous
unmanned vehicles are internetted with manned aircraft. The involvement of users in conception,
development and demonstration will be essential as the overall mission loop and its optimization
evolves. Without the claim to be nearly complete further related research should be focussed in
areas such as

o LOS/SATCOM data links for high maneuverability

e smart skins, multifunctional structures

e information fusion

e autonomous 360° situation awareness and associated sensors
e autonomous planning and routing

@ adaptive autonomy management

One of the fundamental concepts in behaviour oriented systems is the partitioning and subsump-
tion of the overall task into as many subtasks as possible and performed by corresponding
system elements. Generalizing this concept it can also be envisioned that instead of a complex
AUTARC a group of simply structured, miniaturized airborne robots/vehicles with dedicated sub-
behaviors are cooperating together in order to perform the overall task (Fig. 20). In addition to the
potential for cost reduction this concept offers improved mission reliability.
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Figure 20: Emergent capabilities from simple behaviors

7 IMPLICATIONS ON MANNED SYSTEMS

As far as manned systems are concerned, the technologies stressed in this paper enable the
design of tools that help the human brain to have better ideas, to generate better solutions and to
respond faster to cope with complex situations. Corresponding new support systems will increase
the operational tempo (bandwidth) of the human plus machine system, such that the recognize-
act-cycle gains a time advantage as compared to that of the opponent. (Fig. 21)

Simultaneously, Life-Science research will discover new ways to further move forward the limits of
human mental and related physical capabilities. This will be based on results regarding human
brain structures and functions. With new approaches to model the human brain by brain-like
structures, implemented in technical constructs (biotechnical in far future), new ways for the inter-
action of the human with intelligent machines will yield considerable improvements in efficiency
and efficacy (see concept in Fig. 19).

8 FINAL REMARKS

Finally, the question arises whether it is really possible to predict scientific and technical develop-
ments over rather long periods of time. Are such attempts legitimate and necessary? In this con-
nection, it must be taken into account that - in particular in predictions concerning the develop-
ment of Information Technology - there is a close correlation between the situation to be pre-
dicted and the social and sociological environment. The problem here is that the latter can hardly
be predicted with sufficient precision because this is a complex, dynamic process with many
influencing factors.
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Figure 21:  Human and machine interaction

However it can be stated undoubtedly, that significant changes are currently taking place in the
new IT, MT and other technological areas as far as functional capabilities, performance, cha-
racteristics and cost are concerned. These changes will influence the users of these technologies
and the supporting industries as well as their technical and organisational structures. Organiza-
tional structures have always reflected system structures. The rate of change and related realiza-
tions will exceed normal evolution and will have great social impacts accompanying the technolo-
gical and functional advances. Instead of spin-offs considerable spin-in effects from commercial
research and industry will impact military applications. Simultaneously a global availability of
commercial High-Tech must be assumed.

In order to accommodate all this, the strategies of users and industry must be adapted accor-
dingly. Looking at the interdependence of requirements, technologies, procurement processes
and time behavior, 20 years is a short period. WE MUST BEGIN NOW!
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