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Introduction

In these Lectures Notes we will study Artificlatelligence (Al) applications to design of inigént systems. In particular, we will study Al metis for
intelligent capabilities design of control systebased on soft computing and fuzzy logic. Fuzzydagi35 years old and has been developed largetbide
mainstream Al. As a consequence, fuzzy logic methae not always well understood in Al, althoughimportant part of fuzzy logic research has
concentrated on issues such as knowledge représantapproximate reasoning and reasoning undeertainty, which are central in Al. These Lectures
Notes intend to bridge the gap between mainstre§nfuAzy set and soft computing tools in generahfoand to provide an organized view of works by
gathering representative applications of soft caimgutheory-based methods to Al.

Al methods are traditionally concentrated in arash as :
Reasoning under uncertainty;
Nonmonotonic reasoning and inconsistency handling;
Case-based reasoning;

Qualitative reasoning;

Diagnostic;

Soft constraint satisfication problems;
Preference modelling and decision;
Planning;

Learning;

Data fusion;

Advanced information systems;
Computer vision;

Multiple agents systems, etc.

Many of these problems are discussed in these te=ctotes. Here we would like to described brip8iyticularities of these Lectures Notes.

In first part we introduce two levels of intelligemin an intelligent behavior control system. Maulg| Reasoning, Planing, Decision-Making, Learning,
and Language-based Communication capabilities esept the high level of intelligent behavior, whilerception, Adaptation,Task execution and Motion
Control represent the low level of intelligent beioa
Low level intelligence-based behavior appears Iniisg of different sensor-motor tasks (includingeitigent control of motion, recognition, and adstjin).
For modeling low level intelligent behavior we wépply soft computing methodology. This methodola@gy its application to intelligent control will be
considered in the second part of our Lectures Notes

High level intelligence-based behavior appearsoiwing of communication tasks, in thinking (inding decision-making, reasoning and generalization)
explanation, learning, cognition and memorizing.

We believe that namely the usage of languagiandisshes the high level of intelligence from arestlevels of intelligent behavior, and we affirnatta high
level intelligent behavior is based on a languageerefore for modeling high level intelligent befavwe will apply different approaches of symbolic
paradigm of Al. Symbolic Al methodology and its &pation to intelligent control will be consideré@uthe first and third parts of the Lectures Notes.

There are two main approaches to design intelliggstems. First approach is manual or knowledgedapproach, when intelligent systems are directly
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programmed to perform given tasks. In a secondaoggiy; which is a learning-based approach, a systemolved over time controlled by a task-specific
learning program. Both two approaches we will cdesand discuss.
These lectures are the result of authors researdheaching experience accumulated during givietutes in Moscow University of Radio-Electronic and
Automatics (Russia), in the University of Electrorf@munications (Tokyo, Japan), in Montana State ehsity (USA) and in Milan State University (Polo
Didattico e di Ricerca di Crema, Italy).

Part 1 Main Capabilities, General Structure andProperties of Intelligent Systems. Knowledge Engeering and Expert Systems

Lecture N 1 What is Artificial Intelligence?

The progress in computers led to a new branchmpeoter science envisioned by
Alan Turing in his paper “ Computing Machinery dntklligence” (1950) [1]. This new
branch was called later as Artificial Intelligen@d) .

The field of Al consists of models, methodd &chnologies for the followinscientific andoractical aims

constructing intelligent machines, whether or ihese operate in the same way as people do;

formalizing knowledge and reasoning, both commarssend refined expertise, in all areas of huménitgc
using computational models for understanding tlyelpslogy and behavior of people, animals, andieidifagents ;
making a work with computers as easy and helpfuv@king with skilled and expert people.

The aim of Al reflects ancient dreams of peoplertate artificial beings like ourselves.
In past, pursuit of these dreams gave rise to matieal automata, formal theories of reasoningicloghen investigation of intellectual abilities lbfiman
(for example, playing good chess, driving a cacreation of new music, poems, and so on) areestaand Artificial Intelligence research was irtiid

Al researches goal is to understand the princimiesmechanisms that account for intelligent acfihavior).

Al engineering goal is to design intelligent agehts can survive and operate in the physical ffiificzal) world and solve problems of considerabtgentific
difficulty at high levels of competence.

Al was founded on the premise that all cognitivitvitg can be explained in terms of computation

Al is primarily an empirical science, in which rasehes use the classical hypothesis-and-test oésg@aradigm to validate models and mechanisms of
intelligent action.
The computer is the laboratory where Al experimangsconducted.

A few definitions of Al

The term “artificial intelligence” has generatetbsiy emotions among some researchers.
The following two questions are often debated:

1) May or not may computers have an intelligence?

2) Whether or not computer-based intelligence efuaian intelligence?

If we started with aoperational definitiorof artificial intelligence given in the Oxford dionary of computing (1991) [2] computers have adig exhibited
intelligent behavior.
This definition is following:

Al is a discipline concerned with building of conteuprograms that perform tasks requiring intetice when they done by humans.

So, a system that plays pretty good chess, keemndhe rood, or diagnoses symptoms of a disesaaehibiting intelligent behavior under this defiion.
Confusion arises when we attempt to equate humaltigence with artificial intelligence.

In fact, some properties of human intelligence fbaexhibited in an Al system, and some propertightibe impossible for Al system. Some skills may b
performed better by human beings, another skillg beaperformed better by Al system.

Ultimately, what Al system can do depend from the needs détgolei any case, it is clear that Al can enhance humams can be a powerful tool for
research and development.

Many Al researches define Al in light of their owhilosophy. Some representatives of Al definitians listed below.

One of most widely accepted Al definition is adduis: Al is a discipline concernedith making computers smart

Another definition, also widely accepteal is a discipline concernedith making computer models of human intelligence

A third definition is:Al is a discipline concernedith building machines that simulates human irgelfice behavior

These three definitions of Al correspond to the¢hmain approaches in Al:

1. behavior-oriented approacihich attempts to program computers to behava imtlligent, or «smart» way;

2. cognitive approachwhich tries to model human thought (thinking) gesses in order to understand the human mind petter

3) robotic approachwhich attempts to build the machines like roboksclv can duplicate human intelligent bebia

Why Al is needed?

Let us discuss important aspects of Al applarasiignificance.
1. A lot of modern industries in many countriescslas Japanese, USA, Germany, France, Italian tielsietc.) have achieved very high standards and
quality in their productsHow to improve the quality of their products?
In the near future will be only one alternative tiw this - the use of Al technologies. Therefor@ngnindustial companies are open now to the usdl of
technology in their manufacturing activities.
2. InXXI century a lot of countries are enterirgpstindustrial information societi@gere intelligent information system and intelligesbotic systems will
play very important role.
These systems will accommodate the demands of tilkgeople, and therefore they will be «peopienfdly». How to do it?
They will need Al approaches to achieve a qualigt satisfies all human demands.
3. Al applications will create new products thdt also create new jobs.
This phenomenon would be very serious for the $pothe future. We need to think how to raise ¢decational levels of people (perhaps, beginnioig f
their young age) so that they can adopt intelliggnstems for their individual purposes and life.
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All mentioned above are the reasons why we beg#tudy main ideas and techniques of Al.

Artificial Intelligence History

Historically Al originated from cyberneticshe theory of information and control in humanrigsi and machines.

The term Artificial Intelligence was introduced 1956 at a Darthmouth College conference by Johnawbg, Marvin Minsky, Allen Newell, and Herbert

Simon. From this time Al is considered as a newigime.
The history of Al and adjacent research areastees in Table 1-1.

Table 1-1.

Conventional Al

Neural Networks

Fuzzy Systems

Othethodologies

1940s 1947 Cybernetics 1943 McCuloch-Pitts
Neuron Model
1950s 1956 Artificial 1957 Perceptron
Intelligence
1960s 1960 LISP 1960 Adaline 1965 Fuzzy Sets
programming language| Madaline Neural
Architectures
1970s mid-1970s Knowledge| 1974 Back Propagation 1974 Fuzzy Controllers| 1970 Genetic
Engineering (Expert Algorithm Algorithm
Systems)
1980s Expert Systems boom 1980 Hopfield Network 985 Fuzzy mid-1980s
1983 Boltzman Modeling Artificial Life
Machine (TSK Model) Modeling
1986 Back-propagation Immune Modeling
algorithm boom
1990s Soft Computing boom | Different Learning Neuro- Genetic
Virtual reality Systems | Algorithms Fuzzy programming
Development Modeling
2000s Intelligent Agents Neuro-Fuzzy-GA Evolution programming

Internet-based Al
technologies

technologies

In the adjacent research areas more attentionders directed toward biologically inspired modelstsas brain modeling, evolutionary algorithms, inmau

modeling. They simulate biological mechanisms raesjize for generating natural intelligence.

Table 2 lists some tasks explored by Al resezschl tasks are characterized by such attribigdsiawledge content, knowledge and data procesateg,

and response time.

Table 1-2. Abplem domains and their attributes.

Problem Domain Knowledge Content Data Rate Respbinse
Puzzles Poor Low Hours
Chess Medium Low Minutes
Theorem proving Medium Low Variable
Expert Systems Rich Medium Variable
Natural Language Rich Medium Real time
Motor processes Rich High Real time
Speech Rich High Real time
Vision Rich Very high Real time

Al Paradigms

1. Symbolic paradigm of Al

First Al research paradigfocuses on an attempt to simulate human intellipehtwvior by expressing it in language forms orlsyiio rules Such Al systems

are based on a knowledge base represented on soma fanguage. This symbolic Alparadigm.
Remarkin some literature first Al research is calledCamventional Al.

Symbolic Al have been applied to a lot of tasksural language processing, machine learning, modetbgnitive processes, playing chess, automatic
proving of theorem, etc.
But, the most successful symbolic Al product isezkgystems widely used in practice in many areas.
In Fig.1-1 the structure of traditional expgystem (ES) is shown. The main parts of ES afe@vledge Base (KB) and an inference mechanisrecas

on a given knowledge manipulation model.

Design of expert systems led to a spedirection in Al called knowledge engineering.répresents the methods of knowledge acquisition,
representation and processing.
Unfortunately, symbolic Al provides a good basisiftodeling human experts only in some narrow proklarea where explicit knowledge is available. The
process of knowledge acquisition turned out to heehmmore difficult than initially expected. In sordemains experts showed substantial problems in
articulating their knowledge. All these difficuliesupported the suggestion that the idea of symysiems is not so good and appropriate for complex
domains.
Symbolic Al based systems do not perform well incases when inexact, missing or uncertain infoionais used, or when parallel solutions need to be
elaborated.
Al research field is steadily expanding. New methotiknowledge processing are developing, and revadigms of Al are appeared.
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Fig.1-1. An Expert System Structure

2. Non-Symbolic paradigms of Al

2.1 Connectionist paradigm of Al
Connectionist models are usually considered ae laetworks of simple computing units which act amgllel. Example of connectionist architecturehiewsn

9 X @%

f(ng) =1(-5)+0x3+1x+0x4=-3<0® ys =outpui(ns) =0

Figure 1-2. Example of connectionist architecture.

Each computing unit carries a numerical activatraiue which is computed from the activation valoésonnected units in the network. The network’s

elements influence each other’s values by conmestid specific strengths. The strength of connactimy change over time. The change of a connection
may depend on particular training pattern. The pétis overall function is strongly dependent on therently present connection strengths or weights.
Hence, the weights of a network are also encodiegsystem’s knowledge. Many of the connectionietiefs have learning procedures for tuning their
weights to implement a specific I/O-function foetbverall network.

2.2 Subsymbolic paradigm of Al

At the heart of the connectionist paradigm lies itfea of subsymbol (Smolensky,1990 [3]). AccordiogSmolensky, subsymbols, roughly speaking, are
numerical values which cannot be interpreted in samsible way individually. Only a large set of lsstbsymbols and only if they show certain pattears

be said to correspond to symbols. In other word$y oertain patterns among a large number of subsjimvalues can be assigned any meaning. Hence,
subsymbols differ in their interpretability subdfalty from the symbols of the symbolic paradigrithaugh numerical values may also appear in thebsjim
paradigm.

Subsymbolic systems is based on a distributed ysuinslic) representations described by some kincbahectionist architecture.

Non-symbolic Al systems are usually based on aiifineural networks models, and have been appli¢asks of self learning, pattern recognitiomtcal,
individual knowledge acquisition, skill and intaiti behavior simulation.

3. From conventional Al to Intelligent Computation

Advanced Allies in the integration of several adjacent regdeaareas such as soft computing (including fuzzydet®y neural networks and genetic
algorithms), evolution modeling, cognitive scienaad others (Table 1-1). Finally, we may consider tesearch paradigm of advanced Al asixture of
symbolic and subsymbolparadigms. We call it thiatelligent computatioparadigm.

Let us return to the Al research goal and disdie principles and mechanisms of intelligentoacfbehavior). Fifty years of Al research allow tes
understand the nature of intelligent action. TH#dng five laws describe this nature [4].

Five Laws of Intelligent Behavior

1. Bounded rationality
The first law says that

“Computational constrains” on human thinking leadgple to be satisfied with a “good enough” soluti@ther than waiting for the
optimal solutim.

Much of Al research is the study of approximateoethms of optimal search.
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2. Aphysical symbol system hypothesis
The second law of intelligent behavior says that

A physical symbol systemnecessary and sufficient for intelligent action.

The physical symbol system hypothesis (formul@tedilen Newell [5]) has the following properties:

- Physical symbols are symbols that are realizablerigyneering components;

- A physical symbol system is a set of these entities

- A symbolic structure is an expression whose compisrgre symbols;

- Operations on the expression include creation, fication, reproduction, and destruction of symbols;
- Expressions can be interpreted as action.

Does the human brain have the mechanisms and greperf a physical symbol system

We in Al believe it does, but we can not prov&itat is why this law is hypothesis.

3. The principle of rationality
This law says:

If an agent has knowledge that one of its actieasl lto one of its goals, then the agent will selest action

The given formulation of the principle of ratiortgliposes the question of how to characterize mogeigely the notion oknowledge A knowledge level
description of a system is assumed to be incomplegeneral, the knowledge level is not meantrtiviole a deterministic description of a systemiefa's)
behavior. That is, sometimes, behavior of a systambe predicted by a knowledge level description sometimes the behavior cannot be predicted.

4. Search principle
This law tells us about the important role of sharg processes:

Search compensatea fack of knowledge |

If we faced with a situation when we have no knalgks we use trial-and-error behavior usually uatfolution is found. This law lies in the grourfd o
problem solving methods for such tasks as puzgkeses, self-organization, adaptation simulation, et

5.  Knowledge principle:

Knowledge compeasdor a lack of search

This law is opposite to the previous law. It metiveg the knowledge can reduce uncertainty and lefystem to decrease a search space and findiamabp
solution (behavior) in real time.

The Structure and Properties of Intelligent Systems

Return now to the structure of traditional ifiggnt system shown above in Fig.1-1. You can bkaeit is the system capable to interact (on s@nguage)
with a human and solve a task given by the humansinyg knowledge from its knowledge base. Let uslifpdhe structure of intelligent system by the way
shown in Fig.1-3.

Al system is considered now asiatelligent agen{systen capable tsensingts environment anectingintelligently according to its perception.
Consider the following main properties of inteligeystems:

- adaptive goal-oriented, or rational, behavjor

- reasoning and generalizatipn

- learning from experience

- acquisition anduse vast amounts of knowle¢glge

- self-awareness

- interaction with human beings using natural lange@md speech

- toleration to error and ambiguity in communicatipand

- capability to respond in real time.

Sensing
—_— Devices
Perceptions (wisioth Task Machine
Generator Learnitg
Hatiral Enowledge Inferencing
Latiguage Handler {Feasoning)
Processor A
Drata - Plantitg
g H andler : =i
Actions Il echanical Knowledge

Fig.1-3. An Intelligent System Structure
Consider briefly these capabilities.

1) Goal -oriented behavior
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Suppose you want to create an agent that came maklephone call. This task requires convertirgggoal into subgoals, such as creation of the ¢hon
directory, dialing the number, and talking with wesing agent. Then we must translate the subgo#dsa sequence of actions. To solve this problem an
algorithm must create an agenda of goals and sifhgese knowledge about operations and methodscHratranslate a desired goal into a sequence of
actions.

2)  Reasoning and Generalization
These capabilities allow to find new laws in ttaure, for example, as Newton laws, or to constmaw thoughts, ideas, associations, and so on.

3) Learning from experience

Learning means that the system is capable ofiideg new knowledge and using them to resolve guibi and adapt to new tasks and conditions.
Consider, for example, the phone task “getXhdf X is ambiguous and a human being helps resolventiégaity, the system must remember (acquire) that
knowledge, and in the next time must solve thik taishout a human help. Learning also implies thhsystem has algorithms for automatically modifyin
structure and function of the system based on épes.

4) Use vast amounts of knowledge

Effective intelligent system design requiresemyvbig knowledge base equivalent to human memorgolving similar problem. Using vast amounts of
knowledge not only requires large memory capaditydieates the problem of selecting and applyirgriht knowledge for a given task and context. For
example, someone ask a system “ Is Mary stayiri§tanda” right now?" A system with a large Data 8ad facts must search millions bytes of data leefor
to give output that it does not know an answer. 8lgprithms that “know what they do not know” aeeded. It is interesting area of research in Al.

5) Self awareness
Al system needs the capabilities to explainrtbehavior and to monitor, diagnose, and repaimg®ves in the presence of viruses. This requiresrial
mechanisms that can be called self-awareness.

6) Language and speech

Intelligent system will be required to interadth humans and other intelligent systems. In tdse it must be capable of using language closatioal
language (NL) and speech. Use of language andclspieeplies not only NL parsing and interpretatiolyagithms, but handling ambiguity and
nongrammaticality as well.

7) Error and ambiguity
Human communication is necessarily impreciseiaadcurate. Thus, Al system must be able to ttéezeror and ambiguity in communication. So, we imus
develop algorithms that can detect ambiguity asdlve it.

8) Real time
Intelligent systems such as autonomous mobidetsoor intelligent communication agents will néedespond in real time. This implies the developtra#
real time (on-line) algorithms for their behavior.

If we can create a system, which can duplicaationed above abilities, then we can considesyiseem as intelligent one. How to simulate all ¢hes
abilities in Al system?
Some models of such a kind of abilities we will sigier in our lectures.

Human Intelligence and Emotions

Al researches try to integrate results and idka®loped in cognitive science. Cognitive reseesaxamined human brain structures and its furctonl
received a very important result that is:
Human intelligence can not be separated from huimtuition, imagination, emotions, affects and wilbcesses
Researches have conducted a series of experiménits) have showed that left and right hemisphefdsuman brain are not symmetric, and have different
functions.
Left part is responsible for textual data, speésha work with numbers and formulas, that is fgmbolic information processing, while right parpglies
imagination, intuition, dreams, associations, impggEesses and creativeness processes, etc. A theimnwhich has destroyed relationships betwetn le
and right parts of brain has no intuition, can e dreams at night, do not understand humor, thedso
One important feature of human intelligence is #idlity to transfer image representation (non veiibformation) to textual representation (verbal
information) and vice versa.
How to simulate all mentioned above phenomenommputer systems? Some models we will discussiitestures.

Main Directions of Advanced Al Research

Finally, we can summarized the main directiohadvanced Al researches which are:
- knowledge representatioseeks to discover expressive and efficient formisraethods for representing information about sflezts of the world;
- learning and adaptatioseeks to discover techniques and mechanismsigoiatks;
- deliberation, planning and actincpncern methods for making decision, construgtiag and achieve specified goals;
- speech and language processs@gks to create systems capable of communicating;
- image understanding and synthesggks algorithms for analyzing visual data;
- manipulation and locomotioseeks to replicate the abilities of natural haadsis, feet and bodies;
- autonomous agents and robotich integrates to the other areas to createstphctive entities capable of independent igetit real time interactions
with the environment;
- multiagent systenseeks the tools and methods for cooperative wgrtirseveral agents;
- cognitive modelingeeks methods for human cognition simulation;
- mathematical foundatiortakes the concepts and techniques for formalizfrrgemtioned above researches.
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Al Application

Al-based systems as
Intelligent assistantsn
different Problem Domains :

,/l\

Control, Diagnosis, Planning,

Decision Making, Synthesis, Scheduling,
Natural Vision, Access to Data and
Communication, Robotics, Knowledge Bases,
Simulation Intelligent Agents Learning, etc.

Figure 1-4. Different Application Areas of Al systs.

As shown in Fig.1-4, Al technologies have basad successfully in different tasks involving gsi (for example, machine diagnosis), synthesish(sis
design), planning and scheduling, simulation, desisnaking, all of which lead to significant econiorgains. As we noted earlier, the best known eoovao
impact of Al is in the use of expert systems. Ekggstems save over a billion dollars each yeayuthin this technology. Al technologies are usefsbdbr
chemists and biologists in studying complex phenmmévedical doctors, for example, use medical @xpgstems as intelligent assistants in patient’s
diagnosis and treatment, and so on. The computkc@mmunication technologies make it possible faapad inexpensive sharing of knowledge.

Vision and robotics transform manufacturing. diigh 1980s, industrial robots have been proved tisgfulness in industrial environment and become
inevitable tools in advanced production systemswNe main interests of researchers and engingerstanging from tile robots for manufacturing
automation to robots in nonindustrial environmeiftse latter includes robots for disabled persorsistsice, service use, amusement, medical purposes,
educational uses, personal use, etc. Requiremanssi¢h robots in nonindustrial environments amwjng year after year.

As example, we will consider Al application for ttesk of development of intelligent mobile serviobot. Let call it IROS. This robot works in comple
office buildings with many rooms, floors, corridpedevators, other robots and human beings. Thet risbexpected to perform various kinds of tasks or
works instead of a secretary or service persono2dshin an office building autonomously.

The supposed tasks or applications of the inteitigeobile service robot are set mainly by next foategories:

1. Guidance of visitors and delivery of mails or doants;

2. Maintenance and control of building utilities;
3. Safety guard and prevention of fires;

4. Cleaning floor and carrying trash.
A human-operator can directly communicate with IROISot on restricted Natural Language by writing éocomputer keyboard installed on the robot)
instructions what the robot must to do. For examiplgructions may be as follows: "In the room i&re is a business correspondence for our
laboratory. Go to the room 113 and bring this gpondence.” or "Grasp a book located on the Jahahle and bring to room 212 on the second floor".

IROS
Layerl

l General Behavior l

Control System

A
A\ 4
y
4

Layer2 Layer3

External World
Perception Modeling Execution
System System
{Input Reasonin
: . > + | g - + Output
information} Intelligent - Intelligent > {adi(?ns}
Controllers Planning Controllers
4 Decision- A
Making
Learning/
Adaptation

Communication
N System W
» <

Figure 1-5. The general layered scheme of intalligontrol system for IROS

Delopment of intelligent robots with physical andelligent abilities requires a solution of diffatescientific and technical problems connected wlith
realization of the following properties:

1) variousphysical motor-sensory skil{such as vision, hearing, objects manipulationlandmotion ) and

2) intelligent capabilities such astional behavioytask-level planningself-learning direct human-robot communicatipetc.

We will study Al methods for robot’s intelligent pabilities design. In Fig.1-4 a general layeredesed of intelligent control system for IROS is shown
We introducéwo levels of intelligence in an intelligent belmvtontrol system
Layer2 Modeling, Reasoning, Planing, Decision-Making, leag, Adaptationand Language-based Communicajiaepresents thénigh level of
intelligence while Layers 1 and Prception, Task execution and Mofjioepresent thiow level of intelligence
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Intelligent Systems Design

/\

A Low level of A High level of
intelligent behavior intelligent behavior
Senso-motor skills, Reasoning, Planing,
Learning, Problem Solving,
Adaptation, Communication,
Self-organization Cognition, Creation, etc.

Intelligent Computation

Symbolic Al-based
Computing

@

Figure 1-4. General Computing Paradigm for InteltigSystems Design.

v
Soft Computing

(FM — Fuzzy Models; GA — Genetic Algoritem/ANN — Artificial Neurons Models; KBM — Knowledg@ases Models; PSM — Problem Solving and

Planning Models; NIM— Natural Interaction ModeldyIR- Reasoning Models, CM- Creation Models.)
Low level intelligence-based behavior appears Iniisg of different sensor-motor tasks (includingeitigent control of motion, recognition, and adatjzn).
For modeling low level intelligent behavior we wipply soft computing methodology. This methodoleay its application to intelligent control will be
considered in the second part of our Lectures Notes
High level intelligence-based behavior appearsoimiisg of communication tasks, in thinking (incladi decision-making, reasoning and generalization),
explanation, learning, cognition and memorizing.
We believe that namely the usage of language disishes the high level of intelligence from anotlesels of intelligent behavior, and we affirm ttzettigh
level intelligent behavior is based on a languagkerefore for modeling high level intelligent bef@avwe will apply different approaches of symbolic
paradigm of Al. Symbolic Al methodology and its &pgtion to intelligent behavior simulation will lmnsidered in the first and third parts of thetuees
Notes.

In Fig.1-5 the general computing paradigm feeliigent systems design is shown.
Finally, we note that there are two main approadhegesign intelligent systems. First approach @&uoal orknowledge-basedpproach, when intelligent
systems are directly programmed to perform givekgaln a second approach, which iearning-basedapproach, a system is evolved over time controlled
by a task-specific learning program. The first aggh consists of the following steps:
- Start with a task, which is understood by a humegineer;
- Design task-specific representations (a systenctstre, Data and Knowledge Representations, Modkhofvledge processing, etc.);
- Program a system for the given task and represensat
- Run program on the computer and validate progravotk.
According to the second paradigm, a system shoellddsigned to go through a long period of autonanewolution from “infancy” to “adulthood” stage.
This period can be named as artificial life of desid system. The second approach is based on dadeatificial neural networks, “supervised” and
“unsupervised” learning, evolutionary methods, &te will study both approaches and will considesitlapplications to intelligent systems design.

Lecture N 2 Expert Systems and Knowledge Engineeny Problems

In the Lecture 1 we have introduced two leeglmtelligence in a behavior of intelligent system

In Al it is affirmed that thénigh level intelligent behavior is based on a laage. Therefore thesymbolicAl research paradigm focuses on the attempt to
simulate human intelligent behavior by expresstrig language forms or symbolic rules.

The language serves four major functions in humeelligencecommunicationthinking (including reasoning and decision making) &atning,cognition
andmemorizing
All these functions are connected withpresentatiorand manipulation of knowledgehereforeany intelligent system may be considered as a lauyet
based system

The most successful symbolic Al productipert systemwidely used in practice in many areas.
We define theexpert system as a knowledge-based system thaim®mxpert knowledge and provides an expertisesfving problems in a defined
application area.

In Fig.2-1 the structure of traditional expertteys (ES) is shown.
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Figure 2-1. Expert System Structure.

ES has the following facilities:
1) representing existing expert knowledge;
2) learning and accumulating new knowledge;
3) making logical inferences and decisions;
4) giving recommendations;
5) communicating with users in a friendly way (oftenai restricted natural language), and
6) explanation of their “behavior” and decisions.

Expert systems apply a simple theoretical idea:m}im reasoning guided by heuristics over declamlty specified knowledge. But implementation & thi
idea results in impressive problem-solving ability.

ES development initiated investigationkofowledge engineering problems

The main research issues in ES developing are:

1) the extraction of domain knowledge and the critasad for decision making;
2) the knowledge representation and manipulatioknowledge.

Before considering these problems let us disthus following questions:
What isData? What isinformatior? What isknowledg® and How they do differ?

We will considedata as the “raw material”, the “mess of numbers”. Theuld be numbers only, without contextual meanfoggexample, such numbers
as: 3, 78.3,-23.

If data can be contextually explained, struatum organized in groups and structures, the dath are callethformation So, information is any structured
data which have contextual meaning, for exampketémperature is 20 C.

We defineknowledge as high level structured informatidmother words, knowledge is “condensed” inforroatiand represents our experience. For
example, “If the temperature is over 20, you maiicdwoff a heater”.

It is clear that any system can not exist somplex real world, if properties and laws of thatrld do not represented in the system. Human keiregd
knowledge in order to survive in the real worldhége amount of knowledge has been accumulatectimdinld during conscious existence of humanity. To
describe this knowledge human beings use a ndamgliage (NL). NL texts (in verbal, symbolic, regpgatation) save our knowledge in the form of books,
papers, etc.

Remarkl. There are another (nonverbal) languages for ledye representation. For example, graphical imggetires also save our knowledge about real
world. But, the language is the most powerful ftoolknowledge representing.

The base of our knowledge about the world comsifsystems of classificatioffthere are two types of human knowledge classifinacategory-base@nd
situation-basedatlassifications.
In the first classification, elements are joirircbne system according to the relatigretieral category — concrete eleménfsr example “a book — the
book”. In the second one, elements are joined & system according to sortypical situation for example, “ tools for work” or “crowd of pelgp or “jam
on roads”, and so on.
A natural way of human knowledge representatdrased on Natural Languages (NL).  Let usyaealvhat kind of knowledge can be represented in NL
1. Elements of NL may describe concrete objects ard tHasses. For example, “a table” describes thssoof all tables and “the table” describes the
concrete representative of that class of objects.
2. Some NL-elements describe object’s properties (lileenall”, “sharp”, etc).
3. Some elements of NL represent different relatidiegvieen objects, events, processes, ideas, etitons and mental actions. For example, “ The l@&np
onthe table”, or “ Peter iwalking on the street”, “At 9 o’clock | begin my wd, “A robot open a door and come in an officemdo“ | am going to buy
a book for my son”.
NL has imperative elements, for example, “do itgKe the book”, “wait”.
NL can describe states (initial, final, dangercets,), evaluations (“good”, “useful”, etc.), mod#itors (like “strongly”, “deeply”,etc.), quantifitas (
like “often”, “any”, “always”, etc.), and modalitie( like “may be”, “necessary”, etc).
Human knowledge does not only consist from mert above elements. These elements connectetnia structure representing relationships which are
characteristic for real world. These relationshipsy represent a snapshot of a real world, or malpgterm relationships, that is, nature’s lawsysvof
doing things, commonsense, ideas, methods, skils,
Human knowledge about the world is represented amyrfevels with different degree of generalization
Two questions are very important:

S

1) How to make use of existing knowledge in a compubgram?
2) How to represent it in such a way that we keepitieess and the depth of the knowledge and ald@rntaeasonable to use?
Knowledge engineering seeks answers on these goesti
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Knowledge engineering problems

Knowledge engineering includes the following maspectstepresentation of knowledgiaference acquisition of knowledgandlearning generalization
explanationinteraction,validationandadaptationproblems. Consider them [3].
1. Representatioiis the process of transforming existing problerowdedge to some of the known knowledge engineesaigmes in order to process it by
applying given model of knowledge processing. Térult of representation process is the knowledge baa computer format.
When we choose a method for knowledge representatime questions must be considered.
a) What kind of knowledge i®iStructured or unstructured? Exact or inexact@is&er imprecise? Complete or incomplete?
b)  Which method of representation bssits the way people solve that problem?
c) Are there alternative methods for representiing problem knowledge®hich one is the simplést

2. Inferenceis the process of matching current facts fromdti@ain space to the existing knowledge and infgmiew facts.
Different inference models may be chosen: clasicpt-based inference, fuzzy inference, neurakdasasoning, case-based reasoning, etc.

3. Learningis the process of obtaining new knowledge. Leayisra major characteristic of intelligent systems.
Three main approaches to learning are the following

a) Learning through exampleExamples of the form X; y,; ) wherex; is a vector from domain spaBeand yi is a vector from solution spa&, i =

1,2,..n, are used to train a system about the goal funétioB  S. This type of learning is typical for neuralwetks. Symbolic learning from examples is
also very popular scheme in Al.

b) Learning by being toldThis is a direct or indirect implementation of & skheuristic rules into a system. For example, iburistic rules to monitor a car
can be directly represented as rules or instrusti@iven to a system in a text form by an instrucfaritten text, speech, natural language) thay ba
transformed into internal representation in comptkis kind of “learning” called &nowledge acquisitioand it is typical for symbolic Al systems and fyzz
systems.

c¢) Learning by doingThis way of learning means that the system staitts @mpty (nil) or little knowledge. During its fationing it accumulates valuable
experience and profits from it, so it performs &etiver time. This method of learning is typical genetic algorithms.

4. Generalizatioris the process of matching new, unknowm input détia the problem knowledge in order to obtain tlesttpossible solution, or one close
to it. Generalization means reacting properly tev sguations, for example, recognizing new imageslassifying new objects and situations.
Generalization can also be described as a transifiom a particular object description to a genecalincept descriptiorthis is also a major characteristic
of intelligent system.

5. Interactionmeans a communication between a system, on thhanmk and an environment or user, on the other,liamider to solve a given problem.
Interaction is important for a system becausdaia to adapt to a new situation, improve itselgrh.

6. Explanationis a desirable property for many Al systems. It nsteacing, the process of inferring the solution, and rapgrit. Explanation is easier for
the symbolic Al systems when sequential infererateg place. But it is difficult for parallel mettodf inference and especially for difficult for the
massive parallel ones.

7. Validationis the process of testing how the solutions produmea system are good. The results produced bgytstem are usually compared with the
results obtained by a human expert or by otheesyst

Validation is very important part of the processdefreloping every knowledge-based system. Withoutparing the results produced by the system with

reality, there is no sense to use it.

8. Adaptationis the process of changing a system during itsatjperin a dynamically changing environment. Withadaptation there is no intelligence.
Separating Knowledge from Data and from Inferemcthe Knowledge-based Systems

There are many reasons for separating dataKrmwledge, and separating both from the inferencedgntrol) mechanism in a system.
Some of these are the following:
- Data may represent a current situation, for exantpke temperature of the cooling system in afcaharacteristic of data is that they may vary trectly.

Rules are stable, long-term information. Rulesidbdepend on slight variations in data descrilimgirrent situation.

- Separating the control, or an inference procedpmicable to a set of rules and data, providesgportunity to expand the knowledge when necessary
without changing the inference procedure.
It also makes the decision process clearer angrteess of designing the whole system program reaster.

Remark2. Separating data from knowledge and from comtooltrasts with standard programming techniquesetatpjve computer languages, for example,
C, PASCAL, MODULA 2, separate data (variables amthstants) from knowledge (procedures), but the robmhechanism is still embodied in the
procedures. A full separation is achieved in theated declarative computer languages, for exampgc programming languages (like PROLOG) and
production languages (like CLIPS), etc. These |laggs require the presence of structured problewlkdge.

In symbolic Al systems explicit knowledge iss#ed from the representation of the current data from the inference (control) mechanism.
Knowledge Representation Models
Knowledge representation modekn be divided on three main classes (Fig.2-2):
- declarative models

- procedural modetsand
- subsymbolic models
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Declarative modelsf knowledge representatiatesribe typically knowledge about objects, clasdexbjects and their properties, relations betwalgjects,
actions, states , events and their properties.y Tadude logical models, frame/script-based folismal semantic networks representation or some tiybri
models.

Procedural modelglesribe typically knowledge in the form of diffatenstructions (usually “if-then” rules), they abased on general production rules
models or fuzzy models.

Subsymbolic modejsin Neural Networks approach and Connectionistsiéfs.

Knowledge Representation Models

Declafative Proce&ral Subsyn%ﬂic
Models Models Models

| |
Logical M&dels, General Production Neural l
Frames& Models,
Cripts-based Models, Fuzzy Models Networks,
Semantic networks Connectionists

Models

Programming Languages and Shells

Figure 2—2. Knowledge representation Models.

Different aspects of knowledge representation mmbtan be distinguished:

Global vs. local knowledgeKnowledge can be global, for example, the kndgtethat human beings have learned throughout ¢leiution, or local, for
example, a rule on how to cross a road.

Shallow vs. deep knowledgénowledge can be shallow, for example, basedtionukis-reaction associations, or deep, for exampbenplex models for
explanation and analysis.

Explicit vs. implicit knowledgeKnowledge can be explicit, structured, for exagnpiritten in a text, or implicit, unstructured anidden, for example buried
in data.

Complete vs. incomplete knowledg@owledge is complete if it ensures a solutiorthi® problem in all cases or situations, or incat®lf it has a restricted
applicability.

Exact vs. inexact knowledg€nowledge is considered to be exact if it carubed and an exact solution to the problem is predlwhen exact input data are
supplied, or inexact, uncertain, when it produaea@proximate solution when exact or inexact degasapplied.

Hierarchical vs. flat knowledg&knowledge is hierarchical when some pieces of kedge apply over others, or flat when all the kremige is applicable at
the same level.

Hierarchical knowledge contains alseta-knowledgénowledge applicable over knowledge).

Popular Schemes of Data, Information and KnowleRgpresentations in Al Systems

Before considering knowledge representatiodet®let us refresh main schemes for data andniraftion representation in computer systems.
Different data representatiorschemes are known from the area of database s/stn example, an object (data) can be descrilyed telation and
represented as a tuple of the following type :
<name -of- the-object attributel valuel attributaRie? ... attributeN valueN >
For ex.: (objectl5 S=5 D=3.8 PW=0.1) oaishort form objectl5 = (5 3.8 0.4).

In general notation, a data set is characterizeahnbgttribute vectaX = (x4, X; ,..., X, ) wherex; is thei-th attribute. One data instance is a point (aorgct

in ak-dimensional attribute space.

Visualizing datamay help to choose a good data representatiampepdimensionality and proper method for solwimg problem.

Information is a collection of structured datiaincludes knowledge as well as simple meanihdétia. An information structure is a collectionimformation
elements with a defined organization, operatiores tive elements, and a defined method of accessety element.

Structures can be organizedsgatic or dynamic Static structurefiave a fixed number of elements.

Dynamic structureslo not have a fixed number of elements. Its elémare created and deleted during process of mantte information.

Dynamic structures are based on using elemeredgabinters. Aointer (Pnt) is a data element whose content is the locati@mather element.

Sets, stacks, queues, linked lists, trees and graghused as dynamic information structutest us shortly refresh these notations.

A setis defined as a collection of objects with openagi over it .

A stackis a collection of ordered elements and two opanat(“push” and “pop”) which can be performed onler the element that is currently at the “top”
of the stack (Fig.2-3, (a), here “nil” means emgtfierence).
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Figure 2—-3. Typical data representation schemes.

A queueis a data structure similar to the stack, butdteee two pointers used — one for the input, aredfonthe output element of the structure (Fig.®)3,
Linked listsare more general structure than stacks or queues.

Elements in a list may be linked in different wai®g.2-4). Typical operations over lists dresert an element in a lisgeletean element, andearchan
element in a list.

Pnt

=

v

A
A
A

Figure 2-4. A general representation of linked list

Knowledgeis a high-level structured information represegtiour experience. It represents long-term relalipss that is, ways of doing things,
commonsense, ideas, methods, skills, etc. Conga@jrrlar schemes of knowledge representations systems.

Very useful structures in knowledge engineeringtegesand graphs They are often used for representing decisiomtshalassification structures, plans,
scripts, etc.

A directed graphs a collection of a finite set of elements calfediesor vertexesand a finite set alirected arcghat connect pairs of vertexes (Fig.2-5,(b)).

g
) O
c o4

@) (b) (©

Figure 2 —5. Graphs structures: (a) simple nontiegraph; (b) directed fully connected graph;
(c) multigraph.

If the arcs in a graph are nondirected, then we l@aondirected graplfFig.2-5,(a)).

If there are a few of arcs between a pair of vexdexhen we haveraultigraph (Fig.2-5,(c)).

Remarlk3. Refresh some useful definitionspéth in a graphs a sequence of contiguous arcs in a graph. atfeyhich starts from one node and ends at the
same node is calledcycle

Sentence
Cyril Q

/ Verb

Nickolas@ b

Nou
group
Joe
/[ Ve Noun
John Mary

O Dianna
John likes Mary

(a) ®)

Figure 2-6. (a) A genealogical tree, (b) Adnag tree.
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A treeis a directed graph in which one of the nodededabot, has no incoming arcs, but from which each nodthéntree can be reached by exactly one
path. Vertexes that have no outgoing arcs arecclieves Examples of trees are shown in Fig.2-6, 2-7. ¥an see @enealogical tregFig.2-6,(a)), a
parsing treg(Fig.2-6,(b)) and aalgebraic expression tre@ig.2-7).

(sinx)2+ (A" B” C)

©
OEn®

ONCO
ONORONOXO.

Figure 2—7. An Algebraic expression tree.
Semantic networkssedirected graphor multigraphg to represent contextual information, natural lzage (NL) text's meaning, etc.
Figure 2-8 shows the contextual information repméson by a simple semantic network. The nodesesgmt objects and concepts of a given problem area
and the arcs represent relations between them.“l4eaé relation means the relation “to be a repreative of a class”.

bird

albatros

implies

S -

feather

Figure 2-8. Semamtetwork-based knowledge representation.

Figure 2-9 shows a meaning representation of th@afimg NL-sentence “A small cap of coffee is stayion a desk near a window”.

cap

s-a glasses

inside

coffee

desk

O window

Figure 2-9. Semantic network-based NL-meaning seprtation.

Semantic networks are useful for hierarchical krealgke, but they are developed mainly for staticrinfition representation. Updating data by learnimdj a
changing knowledge may be difficult to handle.

Logical Models of Knowledge Representation and Beag
Logical models often use the predicate logitheffirst order for representation of problem knenige. A lot of different logical models are develdpn Al

research area. Some of these logical models, napalyo-temporal and action logics we will discirsthe third part of lectures. Here we discuss nidéas
of logical approach to the knowledge representation

| Logic is the study of the methods and principlesagoning in all its possible forms. |

Any logical system consists of five parts:
. An alphabet- a set of basic symbols.

2. Syntax— a set of rules or operators for constructingteseses (expressions) from the alphabet elementsselktructures are syntactically correct
sentences and called well-formed formulas (WFF).

3. Laws of inference- a set of rules or laws for constructing semaifitieequivalent but syntactically different sentescthis set of laws is also called as a
set of inference rules.

4.  Axioms— describing all tautologies in the systéfautologyis aWFF which isalways trueregardless of the truth values of variables piadting in the
formula.

5. Semanticgor Interpretation Model— for defining the meaning of the constructiamshie logical system.
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Propositional Logic

Propositional logicdates back to Aristotle. There are three typesyofbols in propositional logic: (1) propositionghtbols (the alphabet); (2) connective
symbols, and (3) symbols denoting the meaning®ftntences.

There are rules (Syntax) in propositional logictmstrucWFF and rules to evaluate the semantics of the sesgenc

Consider, for example, the following syntax rulesdonstructingVFF.

1. If ais any term, thena) - WFF.

2. If aandb are anyWFF, then

(Ga),(a U b),(a U b),(@a® b),(a=b)arewrrs
where the following logical operations are introedc

{0 - negation U - conjunction ( called also AND operatoul)J - disjunction (called also OR operator® - implication and “=" — equality.
3. There is no anoth&FF.

A propositional symbol represents a statemenpi@position) about the world, for example, “The parature is over 20”.

The semantic meaning of a propositional symbolxjgressed by two possible semantical symbdlrue (t) or false (f). Propositions can be either true or
untrue (false), nothing in between.

The semantics of the compound expressions aregatkefiy the truth table given in Table 2-1.

Table 2-1. The truth-table of the bainnectives in propositional logic.

PIQ|PUQ|PUQ|P®Q|P=Q| Q3P |2Q
t{t| t t t t f| f
t{f| f t f f f|t
fle] f t t f t | f
flf] f f t t t |t

Example Given that the propositios= "Temperature is 20” an@® = “Humidity is high”are true. Compound propositiDP U Q, PU Q are also true.

Propositional logic has rules or laws for definsgmantic equivalence of syntactically correct stmes. These rules maldee process of inferenda the
space of possible propositions and give the trathesfor some propositions when the truth valuesfoer propositions are known.
Consider laws of inference in propositional logibe most popular laws of inference in propositidogic are callednodus ponenandmodus tollens

P® Q,P

Modus ponens

which means that if we have the rul@ ® Q and true inpuY andY =P, then we can infer thQ is true. Q is considered as an output of the inference
process.

P® Q,80Q
P ’

which means that if we have true in[ﬁQ and rueP ® Q , then @P is true, that isP is false.
Two other important inference rules are

Z(PUQ) Z(PUQ)
PPUDQ’ PPUDQ
Some simple inference laws are also valid in pritipos logic.
P® QQ® R

P® R
_P®Q
ZQ® OGP
B(DP)

Law of double negationr——.

Modus tollens

thelaws of De Morgan

Law of syllogism

Law of contrapositive

PUQ,oP

Disjunctive inference

All the laws of inference can be proved for comess using the truth table method, that is, byioiotz the truth table for the left and right sidefsthe
inference chain and then comparing them.
The inference rules allow deduce new tMEF from a set of axioms and given t'd&~F. These new formulae are calléeducibleformulae.

For example, the followingVFF are the axioms:
((a® b)U(b® ¢c))® (a® c)
(a® b)=(@aUb)

The inferenceq@ss consists of two stages:
(1) matchinginput with a left part of a rule;
(2) inferring of output expression by using a law of inference.
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Propositional logic is a useful way of repreggnta simple knowledge base consisting of propmsstiand logical connectives between them. The main
problem is that propositional logic can only de&thwcomplete statements. That is, it cannot exarttirénternal structure of the statement. A clasgsample
given in all the Al books is the following.

Example The following inference is not possible in propiosial logic:

All humansaremortal. Socratessa human

ThereforeSocratess mortal.

Propositional logic can not even prove the validitya simple syllogism such as that above, becthese is no tools to describe variables and quargifin
order to avoid these problems predicate logic wersitucted.

Predicate Logic

The following types of symbols are allowed iegicate logic:

- constant symbolare symbols, expressions, or entities, which dachange during execution. Constant symbols “tiaugl “false” are used to represent
the truth of the expressions;

- variable symbolsire symbols which represent entities that cangihanring execution;

- function symbolsepresent functions which process input valuesafpredefined list of parameters associated withfuhetion, and obtain resulting
values. The number of parameters in a functiomliedarity.

Constant symbols, variable symbols and functionymare callederms

- predicate symbolsepresent predicates which are true/false-typeioak between objects. Objects are representedistant symbols. The number of
arguments attached to a predicate define the afitthe predicate. For example, “father (persons@e)’ is a predicate of arity 2, and “father
(John,William)” is the constant predicate.

- Connective symbolare the same as those which are valid for prdpasit logic, i.e., conjuction, disjunction, negatjdmplication and equivalence.
They are defined by the same truth table as giweprbpositional logic.

- Quantifiersare valid for variable symbols. Aexistential quantifier$X means “there exists at least one valuexfrom its domain”, and aniversal
quantifier " X means “for alk in its domain”.

For example, the Socrates syllogism considered eabman be expressed in predicate logic by the faligwway. We introduce two predicates
Humar(x) and Mortal(x) . Using a universal quantifier and an implicatioa @an write:

" xHumar{x) ® Mortal(x), Humar(Socrate}.

Well-formed expressions in predicate logic aresgtitactically correct sentences. If a set of semgerin predicate logic is matched by a doniajrwhich
means that every variable is assigned a value ey predicate is assigned a truth value, thisiiedinterpretation

First-order predicate logi@llows quantified variables to refer to objects antito predicate or function. This is not a lifieit higher-order predicate logic.

In order to apply an inference to a set of predieapressions, the system should be able to detenviien two expressions match each other. The ggade
matching is calledinification In order to allow more freedom for matching arat restricting the variable domains, the existérdizantifier has been

eliminated by a so-calleskolemization procesé skolem function replaces the existential qlfam$ by a function which is returning a single value.

For example, the expression

" xHumar{x) ® $yMother(x, y)
can be skolemized as follows:

" xHumar{x) ® Mother(x, f (X)),

wheref is a skolem function.

Programming in Logic: PROLOG

PROLOG is a new programming language designeexjpert systems based on logical models of knowleejgeesentation.

In PROLOG, a quantifier-free, so-callelbrn-clausalnotation is adopted, which can adequately represérgt-order predicate logic system.
Arule (Al’ A2 yuus ,A,]) ® B in aHorn-clausalform is written by the following way:

B:- AA,.. A, 2-1)

which means that the goBlis true if all subgoaIsA_L, AZ yuus ,A1 are also true, Whereoﬁi, AZ . ’Ah y B are correct predicate expressions. The

symbol “,” in Eq.(2-1) is used to denote “AND" coestive. To denote “OR” and “NOT” connectives mayused symbols “;" and ¥J" respectively.
The left side of the clause is called asoconclusionand the right side of the clause is calieemises.
A factis represented adliteral clausewith a right side being the constant “true”. Se ttause representing a fact is always true. Famgie,

Humar(Socrate$: - true or shorty Humar(Socrate}.
The Socrates syllogism is represented in PROLOfGI@svs:

Mortal(X) : - Human(x)
Humar(Socrate}.

Knowledgeis represented in PROLOG as a set of clauses Wiaied one conclusion and premises (see Eq.(2- 1)).

A program in PROLOG consists of clauses and fadie. PROLOG-program is of a declarative, rather thfaa procedural type. The engine starts when a
goal is given. A goal can only be a predicate usate program. A block diagram of a PROLOG progiamiven in Fig.2-10.

Remarld. A backward chaining inference engine is impliclilyilt in the PROLOG interpreter. We will talk alidghis kind of inference in the next lecture.

Example.Consider design of a dialog system $earching of a family relationshigiven from [3]) The input to the system is an answer about a yamil
relationship between two person, for example, tisnJa grandfather of Peter?” The system consistsKfiowledge Base ( a set of rules describing famil
relationships), a Facts Base ( a set of the egigtints) and an Inference Engine ( for finding agrsaon the given questions). To design this sys¢ems
choose the Turbo Prolog programming language.
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Goal Standard
—Pp Inference 4’Yes, No, solutions,
Or fail
PROLO@ogram

User defined
Knowledge base

( clauses) + Facts

(literal clauses)

Figure 2-10. A block diagram of a PROLOG program.
(*Turbo PROLOG program “Searching for a Family Rielaship™)

(* defining the objects in the domain®)
domain
name =symbol

(*defining the relations between the objects*)
predicates

father (name,name)

mother (name,name)

parent (hame,name)

grandfather (name,name)

grandmother (name,name)

clauses

(*facts - defining the existing initial facts*)
father (John,Mary)

father (Jack,Andy)

father (Jack,Tom)

mother (Helen,Jack)

mother (Mary,Peter)

grandfather (Barry,Jim)

(*rules — defining the knowledge baje
grandfather (X,Y):- father (X,Z), parent (Z,Y)
grandmother (X,Y):- mother (X,Z), parent (Z,Y)
parent (Z,Y) :- mother (X,Y)

parent (Z,Y) :- father (X,Y)

Given in the program above Knowledge Base fanaily relationship may be graphically represerdsdéain AND-OR tree shown in Fig.2-11.

Grandfather (X,Y)

Parent (X,2)
Father (X,2)

Mother (X,Y)

Father (X,Y)

Figure 2-11. AND-OR tree répresenting relationsveen predicates.
A sample dialogue between user and the systeneéscking for family relationship is given as follew

User: Goal?- grandfather(John, Peter)
System: yes

User: Goal?- grandmother(Helen, X)
System: 2 solutions

X=Andy X=Tom

User: Goal?- grandmother(X,Y),X =Y
System: fail

The system tries to find facts (in the Facts Badalh prove the goal and the subsequent subgom(E2). The matching operation during the infeeen
process is called “unification”, that is, it matshgredicates, variables and facts in order to fincdinswer. In Fig.-3 the unification procedure RCROG is
illustrated on the family relationship example.
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Goal?
Grandfather (John, Petery —»Grandfather (X, Y)

Father (X, Z’—’
John I
Parent (X, Y)
Mary l ’ T

Mother (X, Y)

Peter

|

Figure 2—-12. Example of the unification in PROLO@Ggram.

Frame-based Knowledge Representation Model

Framesare structures representing structured informdtiorstandard, typical, situations of problem afHae frame consists alots(variables) andillers
(values). Slots may represent not only static mfation but dynamic information as well. For examplee slot may represent a procedure to be prodesse
over data from other slots, or it may be a refeeemt another frame. By using the references framssconstitute some structure represented by argema
network. Nodes of this semantic network are nanfidsames, and arcs are relations between theneXample “is-a” relation (the relation “general cept
— concrete example”) or “part-of’-relation, templovacausal relations, and so on.

The notion of a frame was introduced by M.Minsky. [de considershe frame as a minimal description of an approgiappearance of the real world
“Minimal description” means the following: if we e some part in this description, then the frémsetheir capability to describe this appearance.

Usually two types of frames are used for knowledepresentationframe-prototypeandframe-representative-irst one describes some typical entity of real
world (for example, objects, relations, eventscpsses, scripts, etc.), second one — a concresegpative of that frame.
Formally the frame may be described as a folloveitngcture:
( <name of frame:

<name of sldt> = <value of slat>, ...

<name of slotN = <value of slot™ ),
where N is the number of slotsname of frame and same of slot are symbols.

The walue of slot may be introduced more detail, for example, #evs:
<value of slot ::= <descriptor of value / “constant terrfi <name of frame/ (list of names of frames) / number/ <proceduM#F / *comments* / etc.
(Here WFF is a well formed formula representing edact of a real world). Examples of frames aregitzelow.
Example. Let us describe fiagment of knowledge representatiimn the taskof understanding and visualization of natural laage texts describing spatial
relations in some real worl€Consider, for example, the following NL-text:

“ Mary opened a door and saw a desk in the caritarroom. A small lamp was on the desk. In thebetk angle of the room was a wardrobe. A sofa was
located right and not far from the wardrobe. A dmale cat was sleeping on the sofa.”
This text describes one situation of a real wotldoene moment of time (@orld’s statg including objects in this state and spatial fefeghips between them.
Development of the system capable to understanillthiext and make the corresponding picture inchutfee knowledge base design stage. We will use the
frame-based formalism for this task, and will const the Knowledge Base as the set of all frametopmpes for the given problem area. The Data Barse,
Facts Base, contains the set of frame-represeesdfiv the given input.
In different realizations may be different syntdXrames. We choose the syntax shown in the fothowéxamples.
Frame-prototypes

(table:
isa = “prototype”;
(world: class = object;
isa = “prototype”; type  =“complex”;
name =room ; X = [number] ;
type  =‘“simple”; y = [number] ;
X = [number] ; z = [number] ;
y = [number] ; size-x = [number] ;
z = [number] ; size-y = [number];
size-x = [number]; size-z = [number] ;
size-y = [number]; color  =[number of color] ;
size-z =[number] ;) configuration = (top left-front-leg right-
front-leg left-back-leg
right-back-leg); )

In the left-hand side (relative to “=") of this free structure there are names of slots, and inghémand side descriptors of slots values arergifée names
of slots reflect the properties of the considemedjient of knowledge. In our case, the frame “worlgbresents the world named “a room”. This wosd i
represented as a parallelepiped with a coordinaters attached to it. The location of the coordirgtstem origin is described by values of the " And
“z"- slots. The world’s sizes along-Y-Zaxes (i.e. a length, a width and a height of amoare described by values of the “size-x", “siZe*gize-z" slots.

The frame-prototype “table” represents a classhgbjzal objects named “table” and a correspondiagrfient of knowledge needed for our task. We dascri
a table as a parallelepiped with a coordinate systitached to it. The location of the coordinatgtey initial point is described by the slots “x""gnd “z”
(see Fig.2-13). The table has a length, a widthaaheight (values of the “size-x", “size-y”, “siz8- slots).

We also consider a table as a complex physicakblfensisting of the following parts: top, left-fieleg, right-front-leg, left-back-leg, and righ&dk-leg.
This list of object’s parts is the value of “configtion” slot. Each object’s part is also a phykatgect and is described by corresponding franmepypes.
Figure 2-13 shows a graphical image of the objeile”.
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Figure 2-13. A graphical image of the object “t4lwlescribed by a frame-prototype.

(left-front-leg: X = [number] ;

isa = “prototype”; y = [number] ;

class = object; z = [number] ;

type  =‘“simple”; size-x = [number] ;

part-of = table ; size-y =[number];
size-z = [number];
color  =[number of color] ;)

Frame-prototypes for spatial relations

( near: (far:

isa = “prototype”; isa = “prototype”;

type = “position relation”; type = “position relation”;

membership-function = “F17; membership-function = “F2”,;

argumentl = object ; argumentl = object ;

argument2 = object ; argument2 = object ;

rule = Prog {"R001"} ;) rule = Prog{ “ R002"} ;)

The knowledge fragment connected with the spagiation called “near” describes a position relatietween two objects (for example, objectl andaiB)e
In order to represent procedural knowledge we éhtee special symbol Prog. The expression “ruleegRfR001"}" means that the value of the slot “rtile
can be defined by running the procedure named RB@lexample, it may be the program that calculatéscation of objectl if the position of object i
known.

Frame-prototypes for actions:
( move- itself:

isa = “prototype” ;

type = “physical action”;

who = agent-of-action ,

to =place;
from =place;
initial time =t ;

duration = time interval ;

necessary-condition = Prog {checldees the path from initial place to final placesbih acurrent scene P
action =GO-T initial point final poing ;

result-of-action = Prog{/FF-desigh

The frame called “move itself” represents knowledgenected with this physical action.

The action is described as a commaB®=TCO' (from an initial point or place to a final poiot place) performed by a person (agent of actiom)igial time

t. The person of the action is described by theevafithe “who” slot, the initial place of movinggsgven by the value of the “from” slot, and thedimpoint of
the action is given by the value of the “to”slat. drder to describe necessary conditions needethéomction performance and results of the actiomn,
introduce slots called “necessary-condition” arestit-of-action”. An output of the procedure call&éFF-designs a well formed formulaW/FF) describing
results of the given action. For example, for tbom “move itself” its result may be describedfalfowing WFF: (<the agent of the action><is situated in>
<the final place > <at time equatturation”> ).

Frame-representatives:
Consider examples of frame-representatives fofrtree-prototypes considered above.
Names of frame-representatives are given by thersys

(001: (002:

isa = world; isa = table;

name =room; class = object;

type  =‘“simple”; type  =“complex”;

X =0; X =

y =0; y =

z =0; z =

size-x  =4000 ; size-x =120;

size-y =4000; size:y =80;

size-z  =4000;) size-z = 60;)
color =1;
configuration = ( 003 004 005 006 007); ) *list mhmes of
frames-representatives*

Frame representative 001 means that it is the etecepresentative of the frame “world” with givemlues of slots. “002” is representative of therfea
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“table” with given values of slots, where 003,0®%M06,007 are representatives of table’s parts.

(003: (004: (005: (006: (007:

isa  =top; isa  =left-front-leg; | isa = left-back-leg; | isa  =right-front-leg; | isa = right-back-leg;
class = object; class = object; class = object; class = object; class = object;
type  =‘“simple”; type  =‘“simple”; type  =‘“simple”; type  =‘“simple”; type  =‘“simple”;
part-of = table ; part-of = table ; part-of = table ; part-of = table part-of = table ;

X = ’ X = ) X = ’ X = ) X = ’

y = ’ y = ’ y = ’ y = N y = ’

z = z = z = z = z =

size-x =100; size-x = 15 size-x = 15 size-x = 15 size-x =15;
size:y =60; size:y =15; sizery =15; sizery =15; size:y =15;
size-z = 10; size-z = 50 size-z = 50 size-z = 50 size-z = 50;
color = 1;) color = 1;) color = 1;) color = 1;) color = 1;)

So, shown above frame-representatives describabileet “table” in the room 001.

We have considered a few examples of frameoiymes for the task of NL-texts understanding aisdalization. Finally, we may note that a set ahfies
prototypes graphically can be represented as semargic network, where nodes are the frame-proéstyrames and arcs are relationships between the
frames, for example “is-a” relation, or “part-olation, etc.

Script-based Knowledge Representation

By using the frame formalism we can represetedge about different classes of objects, theiperties, and different kinds of relations betwégem.
Consider now how to describe more complicated kadgé concerning our experience. For example, halesaribe different typical situations and plans fo
achieving goals. For this aim we introduce a neawedge structure called a script [7].

Scriptsare structures for representation of chains atalsituations of problem area for achieving aegigoal The script describes a plan of actions, which
must be performed in order to achieve the goahefscript On the conceptual level scripts are more comsgtaxctures, but on the syntactical level they can
be represented by frame-like structures.

Let us discuss how to describe a typical situatioour real life named as “going to restauranttin€ider the followingscript represented as a frame-

prototype:
(going-to-restaurant):
isa = “prototype”;
type = “script”;
goal = {to have a lunch or dinner/to celebraterthtday/etc.};
time = [date] ;
duration = time interval,
who = person ;
guests = (list of persons)
plan-of actions = (“move itself into restaurantfinl where to sit”, "move itself to ittthg position”, “sit down”, "waiter is moving tthe person”,

“receiving menu”, “reading menu”, “making a choi¢éivaiting a food”, “eating”, “waiting a bill’, "mee itself to cashier”, “giving money and bill to
cashier”, “move itself out of restaurant”))
You can see that the notion of script is appliedtfe description of situations when one eventofedl the other. This is a simple script structurearé/
complex typical situations can be described byhicing different temporal relations inside a pdémctions.
Remarkb. Special tools and languages capable to work wimé-script-based representations must be develdpedifferent intelligent systems different
tools are used [8].

Procedural Models for Knowledge Representation

Procedural models desribe typically knowledgéhe form of different instructions (usually “ifi¢n” rules), and they are based on germduction rules
models or fuzzy models.

Production rulesire used to represent knowledge in the form ofrtife-Then”. Thegeneralized production rulmay be represented as follows:

IF Ag and Ay and Ay, THEN Cq,C5,...,Cp. (NT, SF, CP),
where condition eIementA‘ are either fuzzy or exact propositions of the fg¢xns A);

Cl’ C2 yees ,Cn are actions ( or facts); and

NT is anoise tolerance parameteBF isa sensivity factorCF is aconfidence factor
Consider, for example a generalized production typéeally used in medical expert systems:
IF Alis High andA2is Medium and\3is High THEN D1 is High and D2 is No (0.7, 190..
HereAl,A2,A3are medical symptoms, D1 and D2 are diagnoses( @r,1, 0.9 ) are values of theise tolerance parameteithesensivity factorand the
confidence factorespectively.

This kind of rules are very useful for modeliregasoning in social, economic, medical, politicaintrol and so on expert systems. In different expe
systems different reasoning techniques are devellojpethe second part of our lectures we will cdesidifferent fuzzy models for expert knowledge
representation and reasoning.

Subsymbolic models for knowledge representatiam eural Networks approach and Connectionists Modensidered also in the first part. The models
are based on representing knowledge as a statdeo$ta system consisting of many small elemenisiwimteract with one another. This way of représen
knowledge is distributed one: knowledge is reprekias a state of a coalition of element. We vahsider different neural models for expert knowkedg
representation and reasoning in the first partuoflectures.

In advanced expert systems a hybrid knowledpeesentation is used, for example one part of @vledge base is described by frames-prototypes
(declarative knowledge), and the second part okttosviedge base (procedural knowledge) is desciilygeroduction rules.

So, we discussed different methods of knowledgeesentation. There is no universal method thatlandle the variety of problem knowledge. What
method for representing problem knowledge can losah depends from problem area and system designer.
Discuss now very important question.
Symbolic, Fuzzy, Neural Systems — which one isebefor knowledge engineering?

Table 2-2 gives a rough comparison between them fhe standpoint of expert system’s capabilities.

Table 2-2. A comparison yinbolic, fuzzy, and neural-based expert systems.
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Issue Symbolic Fuzzy Neural
represention | structured| structured | unstructued
inference exact | approximae | approximaée
learning modest no verygood
generalizéion weak verygood verygood
interaction good good good
explanatimm | verygood good weak
validation good good modest
adaptation modest modest good

Lecture N 3 Knowledge Processing

Knowledge engineering requires mathematical risoded theories to represent and do reasoning émemvledge in a consistent weSuch theories are the
logic systems. So, a lot of logical models are @ in Al. They are used faxternal world modeling, knowledge representatiod eeasoningSome of
them we have discussed in our previous lectureghamropositional logic, predicate logic, anoth@azzy logic, spatio-temporal logics, action Iagietc.) we
will consider in following lectures.

Let us talk now abcknowledge processing. The main mechanism of thevleulge processing is an inference over knowledges@soning).

We defineinference over knowledgesthe process of acquiring new facts when interpgeéristing knowledge with a current data

The whole process of inferring new facts and thenipulation is calledeasoning

Inference(or reasoning in Al systems what corresponds to tleentrol in control systems, and what corresponds tgptbheess of “thinkingin the human
brain.

Reasoning is differently realized in differdogic systems and Al methods. There is a lot ofoeaing schemes in human reasoning: classical deduct
reasoning; approximative reasoning, including fuzegsoning; neural-based reasoning; inductive réagp abductive reasoning, including case-based
reasoning, reasoning by analogy, scale-based rieaseit.

Main part of reasoning process is an inferenoegxture. Consider typical inference schemes in Al.

Inference as a process of matching
Suppose the knowledge base contains input-bagsociations (rules, data pairBj = (XJ ,Yj ) , where all X j describe a domain spabe and all
*
Yj describe a solution spaeThe inference problem stated in the definitiotoifind a solution for a new input vectefj .

*
This vector is mapped to the solution space thraughain of rules until a solutiolyj (satisfying a given goal or constraint) in the siolu space is found.

Figure 3-1 illustrates this process. The solut®found after firing three rules in a chain. Thetfiwo infer partial solutions which are usedrgsut data for
the next rules in the chain.

The matching process can be either exact, or partia

*
Exact matchingneans that the matching facts coincide exactli wie condition elements in the left side of thiesuFor example, if the fact iXi , there

*
has to be a ruIer ® Yj , such thath = Xi . Exact matching is typical for symbolic Al systems

Solution space
-y Yir Vi

Domain space
B

WX

" Yiz =goal
\

Rulel: Rule2: Rule3: Knowledge Bag
X1®Y, X2® Y, X3® Ya

Figure 3-1. Inference as a chain of matches.

A partial match does not require equality between facts and tfteslde of a rule. In this case an approximationctrseness is enough. But how
approximately and how closely should a fact mataile in order to fire that rule? This point hash® determined by the method used for approximate
reasoning. Partial match is typical for fuzzy sgsteand for neural networks-based models.

* * *
The inference process can be considered &®ce of stateg yil, yi 2, yi3) in the problem (solution) space, where everyestapresentsa closer

approximation to the solutioifhe trace can be used for explainithg solution process.
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Forward and Backward Inference Schemes

Consider typical inference problem as follows:

Given a rule-based Knowledge Base and a set oentifacts from problem domain considered as thatitgpan inference procedure
Find a solution satisfying a given goal or constitai

Return to our definition of aimference process as a chain of matchifiygo mechanisms to organize these matchings amdéafivard chaining inference
andbackward chaining inference.

A forward chaining inferencapplies all the facts that are available at amgivement to all rules to infer all the possible dasions. So, the forward
chaining inference starts with data, this daga-driven inference scheme

Remarkl. Simple neural networks and fuzzy systems canrabsiize this type of reasoning because they regiate to be supplied to the inputs in order to
start reasoning (see Part 2 of Lectures Notes).

Example Consider the&Car monitoring expert system

The expert rule base consists of “if, then” rulesatibing different situations with a car and plolesactions, for example,
“If <There is overheating > OR <the sensor respaowly>, then <Stop a car>";
“If < The temperature is over 120> AND <the sensorks properly>, then <There is overheating >".
The rules can be representedaiecision treeshown in Fig. 3-2 (a,b).
Forward chaining inference starts with datag'tmperature is 130" and “the sensor is OK”) anfiers the solution "stop the car” (Fig. 3-2, (a)).

Temperature=130 Sensor is OK < Facts
From Facts
Sensor works properl
Temperatyé is over 120 properly
% AND,, i
; v
Brakes respond slown To the Goal

(or solution)

There is overheats

Output of inference:
Stop the car
Stop the car

Figure 3-2 (a). Forward chaining inference example.

Backward chaining inferenatarts after a goal is specifidtlis a goal-driven inference schenighen a search a rule which has this goal in itsatosion
(right) part is performed, and then data (facts)iethsatisfy all the conditions for this rule (Igfrt) are sought in the DataBase (see Fig. 3-2;Thg process
is recursive, that is, a condition in a rule mayaeonclusion in another rule (or other rules).

Backward chaining may imply laack-trackingprocedure. That is, if the goal is not satisfiedhvihe first checked fact, then other conditiond &acts are
checked (if more are available).

In our example, if the concrete fact is as folloitee temperature is below 120"(that is, there asaverheating), then inference procedure goes k-
connection in the decision tree and considers anahbgoal “Brakes respond slowly”. This mechanisnimplemented in the Al logic programming
languages.

Goal Stop the car

From the Goal

Subgoal

OR

Brakes respond slowl
fere is overheating

Temperature is over X

Sensor works properly

Temperature =130 Sensor is OK ¢ Facts To Facts

(b) Backward chaining inference example.

Figure 3-2. Two mechanisms of inference in expgsteins.



(Copia modificata per una migliore consultaziondiog)
Inference as a search in a problem state space

Generallyinference may be considered as a process of snlggarching in a problem state space which optisn&egoal functiorn(or achieves a given
goal).

Problem State Space Representation

There are problem areas (for example, gamepazues) where it is convenient to represent prolillemain as a space of states.

StateQ is defined as a set of variabl@ = qO y ql’ ‘e ,qn describing situations or events of some classbalem area. For example, for chess

playing task a state may be considered as ond@osit a chess board.
A way that is used to transform one state to amathealledoperator An operator may be an action (movement, for exejmpule, mathematical operator,
logical symbol, etc.

State space of a probleimdescribed as a tripl{aS, O, G}, where S is aset of all possible initial states of proble@ is a set of operators, alﬁ is a

set of goal states for the given problem.
So, a state space may be described by a grapretitasents all possible states and their relatipash an initial state’s set consists of only atate, then the
state space may be described by a tree structansid®r for example an old child game called “sfpsro” (Fig. 3-3).

0 1 2 3 al’
® ! ® ’ ® ’ ® ’ ® ’

0 0|’ 0|0}’ 0|0
initial - state goal - state

Figure 3-3. Example of the “cross-zero” game: plagrer begins and wins.

Here 0,1,2,,3,4 are the numbers of steps perfosubdequently by two players. For this simple gareecan describe the state space for all initiabstah
Fig.3-4 an example of a state space for one irstatk is shown.

-

/N LN

p E
0 7 ;

Figure 3-4. A“cross-zero” game state space reptatien for the given initial state.

In the case of “cross-zero” game, the inferencélpro is formulated anding a path from initial state to a goal state,finding an optimal path to reach a
goal state(by using some optimization criterion, for exampimimum of time).

Remark For the chess game there are a huge numbermissible states, aboIhCllG. Of course, a human being can not consider a8ipiisies in his/her
brain, and uses heuristics in order to find optiswlition.

If the problem state space is unstructutiedt is there isi0 structure that represents relations betweerestat the spacehen a random search may be used
(see quantum search algorithm approach). A stagerisrated randomly, and a criteria for “fithessapplied to evaluate how good the generated istate
possible solution.

When the problem state space is structui@dexample in a tree, then the most favasedrching strategieare:

(1) “breadth first searclis testing first all the states which are at daterevel in the tree and then going to searchragibe lower levels;
(2) “depth at first is searching for the leftmost leaf of the treel &imen for the next one.

Figure 3-5 (a,b) illustrates these two strategies.

A root
(initial state)

(a) Breadth first search.



(Copia modificata per una migliore consultaziondiog)

A root
'(initial state)

(b) Depth at first search.

Figure 3-5. Two strategies of searching in prob&ate space.

So, we discussed main inference (reasoninghseb@pplied in Al.
Finally, let us classify reasoning methods frttva following point of view:

- Monotonicversusnon-monotoniaeasoning. An inference processrisnotonicwhen every new fact contributes to an increag@ésent knowledge. It
is non-monotoniovhen knowledge may decrease in “volume” as newsface entered into the system. In the latter camme facts that have been
previously inferred based on the previous set dffanight need to be revised and retracted as eingnger valid.

- Exactversusapproximatereasoning. A reasoning proces®i®ctif it produces exact solutions when a current daigasupplied. It ispproximateif it
ends up with an approximate solution or a degresppfoximation attached to the inferred solution.

Let us return to beginning of this topic — t@er systems, which are the most visible contrdmutf Al to industrial applications, and considerexample
the expert system from the area of medical diagnosi

“Dasha” : the expert system for the choice of lower limbssfiretics and assessment of the prosthetic quality

“Dasha” (Central Scientific Research InstitafeProsthetic, Russia) [9] is the hybrid expertteys with depth representation of knowledge fordhbsign,
diagnostic and tune-up of bioengineering produstlf as lower limb’s prosthetics). It allows optimithe design process saving manufacturing time and
improving product quality. It helps also to finshecessary solution for a given patient in the cg®ung, non-experienced, medical person.

The system performs two main functions: 1)design of a bio-engineering produeind

2) diagnostics of the designed product for real patien

These two stages are realized in two system’ssshletiwn in Fig.3-6. Shell 1 is used for the desigpatient’s prosthetic (of lower extremities) aBlell 2 is
used for evaluation of the prosthetic quality.

Shell 1 includes the following expert subsyst¢EsS):

- Evaluation of the condition of a patient’s organiémposing contraindications to prosthetic fitting;
- Treatment resulting in elimination of the contragadions;
- Selection of the components of the prosthesisp#iiameters of its assembly scheme;
- Training in use of the prosthesis.
Shall 2 includes expert subsystems for:
- Evaluation of the quality of the prosthesis; and
- Elimination of defects.

ES for evaluating the condition of the patiemt'ganism automatically fills in thmedical chartand provides the recommendations in preparatiothfo
prosthetic fitting process.

ES for selecting prosthetic components inclutiedollowing stages:

1) selection of the casing material;

2) selection of the method of attachment;

3) selection of the knee mechanism;

4) selection of the foot material;

5) selection of the ankle type;

6) determination of the classification codes of thesfiretic and its elements.

User Interfce

I I

Expert system’s shell 1] Expert system’s shell 2
for the design of a for diagnosing of
Bio-engineering system Bio-engineering system
operations
Bio-object Selection of
Preparation <—»| characteristics
and Evaluation of a product
il 1
Product Product
Manufacturing Tune-up

Figure 3-6. The architecture of the hybrid expgstem “Dasha” for design and diagnostics of biokeeering products.
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Special system functions provide the system tigefollowing capabilities:
- organization of a question-answer dialog;
- connection with external software systems;
- file operations;
- decomposition of the knowledge base.

Each stage of any expert subsystem describad:abeharacterized by a strictly-specified solutspace. The knowledge bases include a wide ciolfeof
cause-and-effect relations with reliability factéwsaccount for the uncertainty in the knowledgee presence of different structure knowledge basdshe
use of different types of logical inference ardidguishing features of the described expert sysfiém basic elements of knowledge are represeistéuazay
rules (or productions) in the form “if <conditionthen <action>". Each productigns written as follows:

() IF <antecedent g THEN <consequent ¢f and {,CF,<author>,<date> <explanation>), where <anteueofg> and <consequent pf are described in
terms of linguistic variables represented by fuzets; CF is the degree of truth of the rule whiepehds on the rank of the expert who authoredutiee r
<author> is the identifier of the expert who is thethor of the rule; <explanation>) is the texttaf author’s explanation of the rule.

For example, fuzzy rules may be as follows. Lefttpaf the rules describe different symptom’s ngnaesl right parts of the rules describe names of
anomalies of a bio-engineering product. Examplesyofptoms and anomalies are shown in Fig 3-8.

The rules are autonomous in the sense that nae ofiles contains references to others.

The DataBase of the system is represented asoéfedibwing libraries:

- Library of absolute and relative contraindicatiboprosthetic fitting;

- Archive of the patient's medical data;

- Library of the elements of the prosthetic;

- Library of training samples;

- Patient’s complains and requests.

The model of a user interaction with the systeaeisigned for untrained user (for example, an uagpced medical person). The version of system
operation as a trainer includes a collection ofl@xgtion on the decision making process.

The main menu of the system includes the followingitions:
- medical hart;
- contraindications;
- element selection;
- assembly;
- quality control;
- system manual;
- “prosthetic history” print-out;
- exit from the system.
The system is implemented in two versions: pmsifnal and training. The latter is distinguished & large number of prompts, explanations and
interpretations. The system also includes a nurobgervice functions: knowledge base creation afitihg; printing and a multi-window interface.
Main menu and subsystems are shown in the followeigw Figures 3-7, 3-8, 3-9.

Diagnostic

Selection of ES

Medical Chart The given procedure iz designed
Contraindications for identification of a concrete
Selection of Units defect <Cgroup of defects) hy a

Alignment concrete set of the signs.
Quality Control On the idinput of a procedure the

user gives an observed vector of

Inguiry by the Data signs,. the System choosing from the

Input of Signes whole multiplicity of defects being in
.]ﬁfm_ the Knowledge Base the most completely
c}_laracter:i.zed by the given set of the
signs.

Figure 3-7. Main menu of the “Dasha” Expert System.

AWINNT S ystem32\CMD exe

Diagnoses 188

Extreme tightness of a belt below the thigh 5] 18
Redundant horisontal convergence of a "knee—shin" unit E] 18

Signs
Pains in the perineal field 5 5

FiA — Exit

Figure 3-8. Examples of symptoms and anomalies.
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Step

Walking

Curvatures

Clinical state of a stump
Socket

Swing of a prosthesis
Shin

Knee joint

Foot

SBuspension

Parameters of lengthiness
Hip joint

Figure 3-9. Menu for different signs input .

& CAYWINNTASystem32ACHMD _exe

RECOMMENDAT I ON =
— adjust the suspension:
— train a patient to a proper use of the suspension.

Pause . Press an

Figure 3-10. Inferred Recommendation of ES.

% CAWINNTASpstem32Y

Input of the Signs

Selection of ES

Medical Chart The given procedure is intended

Contraindications for the dinput of observed signs into

Selection of Units the System.

Alignment A list of groups of signs is

Quality Control delivered on to the display screen (if
grouping has not been performed. an
Inguiry by the Data overall list of all the signs is
delivered>.
Diagnostics To make the input of signs a user
must mark a sign required for him hy
means of a coloured marker. the System
sets the marker in a position of a
sign meaning. the user introduces the
number [B ... 181, characterizing the
meaning of expressiveness of a sign
ohserved.

Pause. Press an to Continue . . .

Figure 3-11. Input of signs submenu .

ABSOLUTE CONTRAINDICATIONS — HOT REUEALED
RELATIVE CONTRAINDICATIONS — NOT REUVEALED
59
79

normosthenic
27

urban

Middle zone
moderate

Social status:

officer

Figure 3-12. The fragment of the medical chart.
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Part 2 Soft Computing as Flexible Tools foKnowledge Representation, Processing and Acgquisiiin

Lecture N 4 Human Decision Making and Fuzzy Sets

In our everyday life we often use a linguistioprecise approach to describing input conditiond eules for decision making. For example, we ofiea
such linguistic concepts as “ very rapid”, ” vegld’, “not very large”, “not so warm”, “very young™near”, “often”, etc. There are a lot of situat®when
we say, for example: “If tomorrow will be very coldwill stay at home”, or “If a velocity of a can a road is small, and it is far from me, thean cross the
road”, etc.

For many practical problems an important infaioracomes fronhuman expertdJsually, information is not precise and is represd by vague terms like
mentioned above (small, large, not very large, smdn).

There are many reasons why expert informatiarsiglly expressed in a vague form, such as: fovemience, or lack of more precise knowledge, seea
of communication. May be also such sensitive wayiigh closer to human feelings than exact numeirniéatmation.

How do simulate such a kind of human decisioakimg and how do formalize such a kind of vaguerimiation? In this lecture we will talk about this.

Fuzzy systems arose from the desire to describpleamaystems and decision making process withibtiguescriptions.

In 1965,L. Zadeh[10] published the first paper on a novel way of chamming nonprobabilistic uncertainties, which ladled “fuzzy sets”.

Today fuzzy sets theory evolved into differeiscilines, such as fuzzy logic, fuzzy graphs, jueantrol, fuzzy modeling, and so on.

The applications of fuzzy systems include auti@ontrol, data processing, computer vision, sieai making, and others. A lot of control systerasign
is based on fuzzy modeling. Therefore we begiriudysthis approach. We will consider the followitagpics.

Classical (Crisp) Sets U Fuzzy Sets

Classical set’s operations Fuzzy sets operations

Classical Arithmetic Fuzzy Arithmetic

Classical Logic Fuzzy Logic

Classical Reasoning Fuzzy Reasoning

cC |C|C | C

Classical Control U Fuzzy Control

Let us refresh now basic concepts of classidahsery, and then we will introduce and considher hasic concepts of fuzzy set theory.

Classical Sets Theory Background

Basic notions

We shall consider theniverse of discourser universal set X
A classical set is a set with a crisp boundary.éxample, a classical sétcan be expressed as

A= {XX> 6},

where there is a clear, unambiguous point “6” shelt if x is greater this number, thenbelongs to the sét, otherwisex does not belong to this set.

A setA can be described either by naming all its elem@htslist methodl or by specifying some well-defined propertiesssegtd by the elements of the set
(therule methodl

For example, the following sets

A={a,a,..A }is defined by the list method ;

B ={ b |b has properties:PP;,...,R, } is defined by the rule method. (Here the synifollenotes the phrase “such that".)

A set may contain as finite number of elementsiafidite number of elements.

An important and often used universal set is th@®all points in then-dimensional Euclidean vector spaB (that is alln-tuples of real numbers).

We shall consider also the $¢to denote all positive integers, thalNs { 1,2,3,...}, and the seN n ={.23...n}

Consider now basic definitions.
Definition 1

A setAin Rn is calledconvexif, for every pair of points =TI il Nn ands=§ |i I Nn in A and for every real numbe( between 0 and 1,

exclusively, the point = (/ i + (1- /)S | Nn ) is also belongs té.

Another words, a setin R is convex, if for every pair of pointsandsin A, all points located on the straight line segmeminecting: ands also inA.
The process by which individuals from the universetX are determined to be or not to be elements of A san be defined by a followintharacteristic
function

1 if andonlyif xT A,

M (X) = .
AI= ot andonlyif xi A

Basic classical sets operations

Definition 2: (Subset )
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If every elemenk ofA(XT A) is also belongs to a th(XT B) thenA called asubsef B, and this operation is written #3 i B.
If Ai B and B i A\, thenA andB contain the same elements and called equal betss written ag\ = B.
If both Ai B andA1 B then Ais called @roper subseof B. It is denoted aAi B.

Definition 3: (Relative Complement)
Therelative complemertdf a setA with respect to seB is the set containing all the element8Bdhat are not also the elementsfofThis operation is written
as

B- A={xxT Band xi A} .
If the setB is universal seX, then the complement éfis absolute and is usually denotedAs The following formulas are true:
A=A =X, X =/ wherefEisempty set.
Definition4: (Union)

Theunion of setsA andB is the set containing all the elements that bedaither to sed alone, to seB alone, or to both sét and seB. This operation is
denoted as:

A B:{xxT Aor xI B}
The follows is true: A X=X, A /CE:A,A K:X.

Definition 5: (Intersection)
Theintersectionof sets A and B is the set containing all the elets belonging to both set A and B. It is denoeda B:

A B:{Xx] Aand xi B}
The follows is true: A X=A,A /E=/E,A K:/E.

In Fig.4-1 you can see the graphical interpretatif mentioned above basic sets operations.

X X
A B A B
A B A B
X
A B
A-B

Figure 4-1. Basic sets operations.
Properties of classical sets

There are several important properties thasatisfied by the sets operations. All these prageeere shown in the Table 4-1.

Table 4-1. Properties of cladsseds.
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1l.idempotantaw :

6.doublenegationlaw :

A A=A -

A A=A A=A
2.commutatielaw : 7.De Morganlaw :
A B=B A A B=A B,
A B=B A A B=A B

3.associatielaw :

8.complemerarity laws:
8.1:law of excludedmiddle:

(A B) C=A (B Q) A A=X,
(A B) C=A (B O 82:lawof contradicion:
A A=f
4. absorbtionaw 9.identitylaws:
A (A B)=A A X=X,
A (A B=A A X=A
5. distributivelaw : 10

A (B C)=(A B) (A Q)

A (B C)=(A B) (A C) A F=AA T=1

Fuzzy sets

Definition 6: (fuzzy set)
If X is theuniverse of discours¢henfuzzy sef in X is defined as a set of ordered pairs:

A= {(x, ma(X)|x1 X} ,

where mA (X) is called themembership functiofMF) of Xin A. The MF maps each elementsXfo a continuous membership value (or membership

grade) between 0 and 1.

This definition of fuzzy set is an extension of thefinition of a classical set in which the chaesistic function is permitted to have continuosueabetween
0 and 1.

Usually the universal set may contain either discrete objects or continualises.

Examples of Fuzzy Sets

Examplel. Fuzzy sets with Discrete X.

Consider the universal sktof ages of human beings as follows:

X ={5,10,20,30,40,50,60,70,80}. Introduce thedwling fuzzy sets labeled as:
infant, adult, young andold.

In Table 4-2 the elements of this fuzzy sets afineé.

Table 4-2
Elementgages)| Infant | Adult | Young| Old
5 0 0 1 0
10 0 0 1 0
20 0 08 08 01
30 0 1 05 02
40 0 1 02 04
50 0 1 01 | 06
60 0 1 0 08
70 0 1 0 1
80 0 1 0 1
In Fig.4-2 the membership functions for this fusegs are shown.
* mF
Adult
\ 4
v Nt /.
8 . /_old
7 I\ o
6 f Y /
5 [ houny”
2 | /4
3 [ K
2 |_Htant
1
) I 4 >

510 20 30 40 50 60 70 80
Years

Figure 4-2. Membership functions for fuzzy setsvain Table 4-2.
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You can see here ampty fuzzy setcalledinfant It is an example aémpty fuzzy set within the chosen universe
Consider another universal sétlefined as follows.
Let X={1,2,3,4,5,6,7,8} be the set of numbers of cositstudent may take in a semester. Introducaitzy EetA= “appropriate number of courses taken”:
A={(1,0.1), (2,0.3), (3,0.8), (4,1), (5,0.9),@6) (7,0.2) (8,0.1) }
This fuzzy set is shown in the Fig.4-3(a).

Example2. Fuzzy set with Continuous X.
Let X= R’ be the set of all possible ages for human beifigsn the fuzzy seB = “people about 50 years old” may be expressed as

) 1
_ ’ I Xt where =
o= {(x, ma (xT X}, unere 75 () 1+[(x- 50)/5

(see Fig.4-3(b)).

MF on a discrete X A MF on a continuous X

0.9

05
0.4 0.5

0.3
0.2

1 2 3 4 5 6 7 8
X number of courses 0 50 Xage

@) (b)

Figure 4-3. Examples of fuzzy set on themite universe (a) and on the continuous univérse (
Remarkl.
There is an alternative way of denoting of a fuzetA as shown below.
A= ma(x)/x, if Xisdiscrete
xjl X
or
A= o mn (%) X% if Xiscontinuous (4-1)

The summation and integration signs in Eq.(4-1ndtfar the union of(X, /77A (X)) pairs; they do not indicate summation or integratiSimilarly, “/" is

only a marker and does not imply division.
Using this notation, we can rewrite the fuzzyssetExamples 1 and 2 as
A =0.1/1+0.3/2+0.8/3+1.0/4+0.9/5+0.5/6+0.2/7+0.1/8

_ 1
) o+ 1+[(x- 50)/5]*

and

/X.

From examples 1 and 2, we can see that theroetisth of a fuzzy set depends on two things:
1) identification of a suitable universe of discagrand
2) specification of an appropriate membership fiomct

Representation of membership functions
We will consider a few classes of parametrizettfions commonly used to define MF's.

Definition 7: Triangular MF's.
Triangular MF (Fig.4-4,a) is specified by threegraeters §,b,¢ which determine the coordinates of three corners.

X-a C-X

triangular(x,a,b,c) = max min(——,——),0
b-ac-b
Definition8: Trapezoidal MF'’s.
Trapezoidal MF (Fig.4-4,b) is specified by 4 paesens f,b,c,d} as follows
. . X-a,d-Xx
trapezoidx,a,b,c,d) = max mln(b— L " ),0
-a -C
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A vF 4 v
1 1
0.5 05
0 = 0 ¢
0 a b c ool 0 a b c d 100
X X
(@) (b)

Figure 4-4. Trgmilar and trapezoidal membership functions.

Definition 9:Gaussian MF's.

Gaussian MF (Fig.4-5, a) is specified by 2 paramsais follows:

gaussiaffix,s ,c) = e [x- ¢y 5T .

Definition 10: Generalized Bell MF's.

A generalized Bell MF (Fig.4-5,b) is specified ®parameters as follows:
bell(x,a,b,c) =
1+

1
X-C
a

2b -

Definition 11: Sigmoidal MF's.

Sigmoidal MF (Fig.4-5,c) is specified as follows:
. . 1
sigmoia x,a,C) = .
gmoid( ) Lro docol

Triangular and trapezoidal membership functionsofien used in many applications, especially in tieze implementations. Sigmoidal MFs are used Wide
as the activation function of ANN (Artificial NeurBletworks).

MF MF MF
1 1 an
1
slope
05 > 05 i”/za 0.
0 > 0 > 0
0 c 100 0 c-a c ct+a >
X X 0 c X
(@) (b) (©)

Figure 4-5. Gsias, generalized Bell and Sigmoidal membershigptions.
Basic fuzzy sets operations

Definition 12: Fuzzy Containment (or Fuzzy Subset)
Fuzzy sefA contained in fuzzy s (or, equivalentlyA is a subset dB) if and only if My, (X) £ my (X) forallx.

In symbol form: Al BU mA(x) £ ITB(X)
Definition 13: Equality of Fuzzy Sets

The equality of fuzzy setd andB is written asA = B and defined as

A=BU mA(X):ﬂB(X) foreveryXT X.

Definition 14: Fuzzy Union (or Fuzzy Disjunction)
The union of two fuzzy se& andB is fuzzy seC, written asC=A B orAORBorA U B, whose MF is defined as
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e (X) =max{ ma (X), 15 ()} = () U 113(X).

Definition 15: Fuzzy Intersection (or Fuzzy Conjunction)
The intersection of two fuzzy seAsandB is fuzzy seC, written asC = A B, orC=AANDB,orC=A U B, whose MF is defined as

e () =min{ 7 (%), 15 (0} = mu () U (%)
These definitions of fuzzy AND and OR operationes satisfy theaw of distributivity
M\ B c)(X)=ma B) (A c)(X)
M\ B c)(X=ma B) (A c)(¥) (4-2)

Definition 15: Fuzzy Complement (or Fuzzy Negation).
The complement of fuzzy séf written asA ,or YA | or NOT A, is defined as
my (X) =1- mp(X).

In Fig. 4-6 all these basic fuzzy operatiores@@monstrated.

Remark2. Note that another definitions for fuzzy AND afudzy OR have been proposed in the literature opuar alternative for fuzzy AND and OR-
operations are:

my g(X) = mMa(X)ms(X),

my g(X) = Ma(X) + M3 (X) - MA(X)1(X). (4-3)
but these definitions do not satisfy the law ofmisitivity.

Properties of Fuzzy Sets

There are several important properties thatsatisfied by the fuzzy sets operations. Some ptigseare valid for both fuzzy and crisp sets, aomhe
properties are valid for crisp sets or for fuzzissmly.
For examplejdempotant, commutative, associatieevsdouble negatiorand De Morganlaws (see Table 4-1) are valid for both fuzzy amdp sets.
Definitions 14,15 of fuzzy conjunction, disjunctiamd negation given above satisfy the lavdistributivity, but definitions given in Eq.(4-3) do not satisfy
this law.

MF B MF NOTA

1 i 1

05 05

0 y O >
M M

A vE AOR B 4 wF
1 1
AAND B

0.5 i i 0.5

0 . o /\ R
M M

Figure 4-6. Basic
fuzzy sets operations.

Laws ofexcluded middlendcontradiction( see 8.1 and 8.2 in Table 4-1) are valid for csisfs, but in general are not valid for fuzzy sets

The law of excluded middle for fuzzy seA Al X.

The law of contradiction for fuzzy seth Al f , where/ means an empty set.
Figure 4-7 illustrates this difference.
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A A _ A

X (universe)

2>
>

x(

v

@)

X (universe)

>|
>
>

X1

(b)

Figure 4-7. The laws of excluded middle and corittazh for crisp sets (a) and for fuzzy sets (b).
In Fig. 4-7(a), one poinK( belongs only to the sétor to the setA .

In Fig. 4-7(b), one pointXl belongs to fuzzy set and to fuzzy setA with different membership values.

Definition 16: (a height of a fuzzy set)
Theheightof a fuzzy set is the largest membership gradiei¢yattained by any elements in that set.

Definition 17: (a normalized fuzzy set)
A fuzzy set is callethormalizedwhen at least one of its elements attains the maxi possible membership grade.
In Fig.4-8, (a) examples of the height and nonradized fuzzy set are shown.

A
n n

height

X A, X

<&
<

(b)

Figure 4-8. Graphical representation of a heigdtam& -cutof a fuzzy set.

\ 4
v

v

(@

Definition18: (& -cutof a fuzzy set)
An & -cutof afuzzy sefis a crisp seA @ that contain all elements of the universaléétat have a membership gradefigreater than or equal to the

specified value o8 . This definition can be written as
Ag ={xl X |m,(x)3% alt
In Fig. 4-8,(b) an@ -cut of fuzzy sef is shown.

For example, in Table 4-2 fg] =0.2,the@ -cut of fuzzy setyoung”is the following crisp set:
young = {5,10,20,30,40}.

Definition 19: (aconvexfuzzy set)

A fuzzy set isconvexif and only if each of it§] - cutsis a convex set.

In Fig. 4-9 convex and nonconvex fuzzy sets arevsho

AN A,

a
\/ 3 )
A, A, X A

»
% » % » <€ »

»
»

v

Figure 4-9. Nonconvex fuzzy set (a) and convexyiset (b).
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Definition 20 (a fuzzy number)
A convex and normalized fuzzy set defined on Refap§all real numbers) whose membership functiopiécewise continuous is calleduazy number

For example, the membership function given in FitP4can represent fuzzy numbers. You see here fuzmper 50.
A
n

A {

0 10 20 30 40 50 60 70 80 90 100

Figure 4-10. Fuzzy number 50.
Definition 21: (a support of a fuzzy set)

The support of fuzzy sétis the crisp set of all pointkl | U such that/7|: (U) > O

Definition 22: (a center of a fuzzy set) R

The center of fuzzy sétis the point(s)U | U at which /7|: (U) achieves its maximum value.
Definition 23: (a fuzzy singleton)

If the support of fuzzy set F is a single pointirat which /7|: =1, thenF is called the fuzzy singleton.

Linguistic Variables and Hedges

Consider now a formal description of linguistariables in the fuzzy set theory.
If a variable can take words in natural languageisvalues, then this variable is defined as gUiistic variable For example, the notion “size” may be
considered as linguistic variable because its vt be described by the following natural languagrds:small big, not small-not bigvery small etc.
Linguistic variable can take either words or nursbealues.

Consider another examples of linguistic variablése linguistic variable “speed” can take theduling valuesslow, mediumfast etc. It also can take any
real numbers. Let us now introduce a formal detniof a linguistic variable.

Definition 24: (Linguistic variable)
Linguistic variableis characterized by a quintupl(—“X(,T(X),U ,G, M ) in whichx is the name of variabIeT(X) is the term set of, that is, the

set of names of linguistic valuesofwvith each value being a fuzzy set definedU1; G is a syntactic rule for generating the namesadiies ofx; M is a
semantic rule for associating each value with igning.

The linguistic variable is an important concepgiites us a formal way to quantify linguistic dégtions about variables.

Let us describe the linguistic variable “speedaatordance to the definition 24. In this case:

X is “a speed”;

T (X) : “slow”, “medium”, “fast”;

U : for example, [0-200] on a scale with a km/h unit;

G: introduced by a human expert a set of nameselydislow”, “medium”, “fast”;

M: description of fuzzy sets “slow”, “medium”, “fisby introducing their membership functions.

In common human reasoning we also like to use waetls as “very”, “more or less”, etc. How to defirtheir meaning?

Definition 25: (Hedges)

Let F be a fuzzy set it (for exampleF = “small”). Then “veryF” is calleda hedge of a fuzzy sehd defined as the fuzzy setlihwith the following
membership function:

Myery(U) = (11 (U))?.

“More or less” is also considered as a hedgefafay set and defined as the fuzzy set in U withfdllowing membership function

Mhore- or - less(U) = (/7 (U))llz ,whereul U .

Comparison of representations by classical setSuany sets

Consider the following three sets:set of high persons; - a set of middle persond; an
- a set of low persons;
Let us describe them as crisp sets (a) and fuasy(b), compare and discuss what representatioettisr.

(&) Crisp sets based representation (Fig.4-11):

1 if x<170 1 if 170£x£180 1if x>180

Mow= it x3170 Mhidde = g ojse High = o it x£180
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A

v

Figure 4-11. Crisp representation of set.

(b) Fuzzy sets based representation (Fig.4-12).

v

Figure 4-12. Fuzzy sets representation.

Suppose we have three persons with the followinghlte Person A has 179 cm; person B has 171 crappéC has 168 cniwhat sets do they belong to?
According to the classical (crisp) set represeatatve have the following Table 4-3.

Table 4-3
Height | Low | Middle | High
Al 179 0 1 0
B| 171 0 1 0
C| 168 1 0 0

According to the fuzzy set-based representatiohawe the Table 4-4.

Table 4-4

Height | Low | Middle | High
Al 179 0 06 04
B| 171 | 04 06 0
C| 168 | 06 04 0

Compare now these two representatiamst representation is better?

According to Table 4-2 person A do not belong ® gkt of high persons, but according to Table 4-Béiongs to that with grade 0.4.
You can see that the fuzzy sets based representatimre flexible, more sensitive representation

Summarizing all mentioned above, we can say thleattmstruction of a fuzzy set consists of followstgps:
1) identification of a suitable universe of discoyrmsed

2) identification of the appropriate membership fiorct

Example of fuzzy sets application

In this example (taken from [11]), we will coneich computer-assisted matchmaking process foliagarusing fuzzy sets. Suppose a client wantsitbdn
ideal partner for marriage. He introduces what heta: “neither young nor old” and “annual incomesirioe of several thousands US dollars or more”.
Let be there are three potential candidates foriag®: B, C, and D. A database tells us their agesincomes (see Table 4-5).

Table 4- 5 Table 4-6
Name| Age| 2nudlincome Name| Age| Income| Total
(thousandU$) B 09 10 09
: = = C 06 05 05
C 32 50 . . .
D 48 20 D 02 0 0

We can express the notions “young”, “old” and “gevéhousands dollars of income” by using fuzzys st shown in Fig.4-13(a),(c).
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AN AN

Neither Youn(

Nor Old
Young Old Young J old

> >
10 20 3 40 50 60 70 10 20 30 40 50 60 70 Age
(@) (b)
n

Several thousan

v

10 20 30 40 50 60 780 Income

©

&ig 4-13. Membership functions images.

Because the client specifies “neither young not e have to define a corresponding fuzzyBéshown in Fig.3-1 (b)) as follows. We introducedyzet Y
as “not young”, and fuzzy set Z as “not old”, thar fuzzy set can be described as

F =Y UZ vitn 1 = mpyz =min(@- 7 (X)), (L~ 7g(x)) .

Comparing fuzzy seff and the actual age of each candidate, we cannotiteimembership value of the individual age. Ifmake the same to the income
level, we will get Table 4-6. Here thetal evaluationis obtained by the min-operation of membershipeslifor age and income. Finally, you can see that a
better candidate for the client is the candidate B.

Discussion about the nature ofjuzets and membership functions

Fuzzy sets deal with linguistic concepts, whéch uncertain and imprecise. In many applicatiomguistic concepts are used for describing behavfor
dynamic systems with unknown dynamic and structure.

Fuzzy sets are often incorrectly assumed tiwate some form of probability. It is importantriote that the membership values are not probatsiliti
Fuzzy set’s theory and probability theory are \different approaches. Primary difference issbbjectivityandnonrandomnessf fuzzy set.
The mathematical probability is described by valoés real numerical function defined on a classd#falized events, which represent results of an
experiment or observation. The concept of mathemalgpirobability deals with random processes amdlated with a relative frequency of event occuceen
The concept of a fuzzy set introduces another septation of uncertainty known as the fuzzy measthe value of membership function, tluezy measure,
indicates the degree of evidence or subjectivaireyt that elemernt belongs to the given fuzzy set.
The specification of membership function is quitbjsctive, and may be different for different persoFor example, fuzzy set “cold” may be described
differently by different persons.
The subjectivity comes from the indefinite natufeabstract concepts and has nothing with probabitit randomness. It representkreowledgeof a given
human expert in a given problem domain.
Finally, note main differences between crisp aratyisets as follows.

Main differences between crisp and fuzzy sets

Classi¢crisp)sets versus Fuzzysets
LA={}xTU -
o . LF ={x, m= (x},xT U,
(%) = Lif xI A u 01 [10]
A 0, otherwise é
~ 2. X) ismany- valued
2. mp(x) hasonlytwovalues U e (9 y
3.Acrisp sethasa clearboundary| U 3. A fuzzy sehasavague fuzzyboundary
4. Lawsof excludedniddleand 4.Lawsof excludedniddleand
contradicton for crisp sets 0] contradicton for fuzzy sets
A A=X;A A=f A At XA ALl

Lecture N 5 Fuzzy Numbers and Fuzzy Arithmetic Fuzg Relations

Let us talk now about a “fuzzy calculation” suah “about 2" plus “about 3" or “about5” minus “alio2”. When there is, for example, a relation
y= 3X + 2 betweerx andy, the value ofy for x = 4 can be calculated & 4+ 2 =14 Buthow can we calculate the valueyafhenx is given by
a fuzzy set such as= “about 4"?
How to introduce such kind of a fuzzy arithniatkhe extension principle gives us a method for ddiig)
Extension Principle

By introducing the extension principle, we cafimevarious operations of fuzzy sets. Firstlycdiss necessary ideas to explain the extensionipigr{d 1].
Consider a mapping from a $€to another seY such asf : X ® Y. LetAbe a subset 6. Then
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f(A) ={sly=f9.x1 A 1)

is called thamage of A by fNote thaff(A) is a subset of.
Similarly, letB be a subset of. Then

£ 4B) ={Xf () =y.yl B} 52
is called thénverse image of B by ff ~ 1(B) is a subset oX.

Relations (5-1) and (5-2) are defined for fuzzysgeandB by the extension principle given as follows.

Extension Principle:
Extend mappingf : X ® Yiorelate fuzzy seh on X to fuzzy seB on:

-1
sup M(¥), F (y)r f
m(p) = y=1(x) (5-3)
0 . Ty =f
(Here the sign f " means the empty set).
Whenf is a one-to-one mapping, we can write Eq.(5-3)p8ims

m () (Y) = mMa(X). (5-4)

Example Let us return to our example: how to find the vadfig = 3X + 2 whenxis given by a fuzzy set suchas “about 4"?
Consider the mapping = f (X) =3X+ 2. LetAberthe fuzzy set “about 4” described as

A=05/3+10/4+ 05/5.

Define X1 = 3, Xo = 4, X3 = 5 so that Vi = 3Xi + 2, i = 1,2,3. Becausé gives one-to-one mapping, we can apply Eq.(5-4jetdor the
fuzzy setA as follows.

3 3
f(A) = __1mf(A)(yi )I(yi) = __1’77A(yi )I(3% +2) =
05/(3" 3+2)+10/(3" 4+2)+ 053" 5+2) =

05/11+10/14+ 05/17 ="about 14’

Because f (A) is a symmetrical fuzzy set with the membership @aifil at 14, we can interpret this fuzzy set dola 14”.
Figure 5-1 shows the idea of the extension prieciphe process of calculation can be interpreted

as:3” "about4" + 2 ="aboutl2'+3 ="aboutl4".

Y A Ya
y=3x+2
20
about14 14
8
X
> >
n 2 4 6
>
about 4

Figure 5-1. The notion of extension principle.
Let us extend the extension principle to a gereasaé. In the definition the notion of Cartesiandoic is used.
Definition 1 (Cartesian Product):
Let Xq1,X2,...,Xp, be the elements ole, Xz,...,xn. The set of all combinations of¥q, X2,...,Xp,) is called theCartesian productof
setsxl, Xz,...,xn and is denoted a§(1' Xz I Xn .

Definition 2 (Cartesian Product of Fuzzy Sets):
Let Xl ’ X2 oL Xn be the Cartesian product of the univers&;(l, X2,...,Xn and let Ag_, A2,...,An be fuzzy sets on
Xl’ X2 ,...,Xn . The Cartesian product of fuzzy seA_l_, A2 ,...,An can be defined by
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AT AT A min{mpi(xl),...,mAnl(xn)}/(xl,...,xn) (5-5)
xl’ ..., Xn
ontheuniversexll XZ' . Xn.
Extension Principle (general case):
Let f be a mapping frole' Xz oL Xn to satisfy Y = f(Xl,Xz,...,Xn) , that is,
f :Xl' XZ' . Xn® Y.

Extending the functior, we get the relation between the Cartesian prongt' A2 oL An of fuzzy setsAg_, A2,...

= f(A]_' AZI e An)oanuchthat
sup min{/npi(xl),...m,)\n (xn)}, t -y
nB(y): y=1(x1,..Xn) , (5-6)
0 . iy =S

where T~ 1(y) means the inverse imageyof

Refresh now the definition of fuzzy numbers define operations on fuzzy numbers.

We call a fuzzy setA\ as auzzy numbeif it satisfies the following conditions (see Lers 4, Def.4-20):
1. Aisaconvex fuzzy set defined on the univétss real numbers;

2. Thereis only oneX(y that satisfiesmA(Xo) =1,

3. [T is continuous in an interval.

>

mm
Figure 3-2. Fuzzy numbéy and Flat fuzzy numbes.

Definition 3 (Flat Fuzzy Number):
If a fuzzy numbeA satisfies the following condition:

(m,mp)T R my <my
m()=1 " xI [m,my]’

we will call it as &lat fuzzy number
The difference between flat fuzzy numbers and furaybers is shown in Fig.3-2.
Operation of fuzzy numbers based on the extengiogiple

»-

,An and a fuzzy seB

The binary operatioﬁc of real numbers can be extended to binary operz(lﬁo) of fuzzy number#\ andB on the univers& such as

Maye(2) = sup [my() Ums(y)] (5-8)
zZ=x*y
If we rewrite Eq.(5-8) using fuzzy sets, we get
AMB= [m()Ums(n]i(x*y) 59
X" X

where X, Y, zl X.
Now using the preceding definition we can derive dnthmetic of fuzzy numbers.

Fuzzy Arithmetic
Addition: .
maB(2) = sup [m() Ums(y)] (510)
Z=X+Yy
Subtraction: R
Mop(2) = sup [ma(x) Ums(y)] (5-11)
Z=X-Y

Multiplication:
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MaB(2) = sup () Ums(y)] 512
z=x'y
Division:
Mye(2) = sup [m() Urms(y)] 13
z=xly
If an & - cut of a fuzzy set gives a closed interval, we k&place the preceding arithmetic of fuzzy numbétis operations of intervals:
[a,b]*[c,d] = {zlz =x*y,x1 [a,b],yT [c.d]} (5-14)
When we choose + or — for the operatf'f)n we get
[a,b]+[c,d]:[a+ c,b+d] (5-15)
[a,b]- [c,d]:[a- d,b- c] (5-16)
For example,

[35] +[48] =[713. [35] - [48] =[- 5.
Remark 1Multiplication and division cannot be written irganeral form as addition and subtraction.
If we assumeQ, b, C, d >0, we can write

[a, b]’ [c,d] = [a' c,b’ d] (5-17)
[a,b]:[c,d]:[a:d,b:c] 18)
For example,
[35]" [48] =[1240]. [35]:[48] =[0.375125].
Remark 2Note that in fuzzy arithmetic the subtraction @ an inverse operation of addition, and the darisis not an inverse operation of multiplication.
For example, if we subtract from a number the saumber(A- A) , the result is not zero, but a fuzzy number “alfijut

Examples of fuzzy arithmetic operations
Examplel. Figure 5-3 shows the addition of fuzzy numtfal®ut 2” and “about 3.

AN

about 3 “about 5"

4

A
v/

“about 2| AW \

v

0o 2 4 6 8 10

Figure 3-3. Addition of fuzzy numbers.

Remark3. Notice that the fuzzy number obtained from thkewation of fuzzy numbers has an increased degfrégzziness. The base of the resultant fuzzy
number is wider than the original fuzzy numbers.

Example2. Figure 5-4 shows the subtraction of fuzzy nurmbabout 5" and “about 3”.
AN

about 3 “about 5”

apout2 A
ANy

W‘:I:“‘I B
“about| 5-3"_ 7

-4 -2 012345678 2

Figure 5-4. Subtraction of fuzzy numbers.

Remark 4From the comparison of Figures 5-3 and 5-4, wesee that the result of subtraction “about@‘ “about 3” is not “about 2”.
Figure 5-5 shows the subtraction of fuzzy numbatmtt 3” and “about 3".
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AN
“about 3”
1
25 K
VY
] \
“about| 3-3” \A,' )
/, \ R
Vi A}
Vi \ >
4 -2 01 345

ghre 5-5. Subtraction of the same fuzzy numbers.

Remarks. From Figure 5-5 we can see that “aboul@' “about 3" is not z

ero but “about 0” which is a iynumber.

L-R Fuzzy Numbers

Consider now a special class of fuzzy numbersa&HR fuzzy numbers [1
Introduce functiong andR satisfying the conditions:

1) L(X)=L(- X),R(X) =R(- X);
2 L0O)=1R(0)=1;

3) bothL andR are not increasing functions.

Definition 4 (L-R fuzzy number):
L-R fuzzy numbeM is defined byL-R functions such as

m- X

2],

L , XEm, a>0

my () =

R—X, X>m
b

HereL andR are callecshape functionsnis called themean value& and
right of the mean value, respectively (see, fongxe, Fig.5-6).

(5-19)
. b>0

b define the length of the base in the triangulazjuzetM to the left and to the

FunctionsL andR can be of any type as long as they satisfy camtt(1)-(3). Typical functions are:

ax(01- |x|p), p30;
1P
=e X ,p3 0;

1/(1+|P), p2 0.

L(X) = R(X) =m
L(X) = R(X)
L(X) = R(x) =
A7
M
1
a b R

Figure 5-6L-R fuzzy numbers representation.

AN

v

10

Figure 5-7.-R fuzzy number (10,1,2).

Figure 5-7 shows the followinig-R fuzzy number:

m=10a :lb=2,nM(X):

max 01- m , XEm, a>0

max 0]1- m , Xx>m, b>0
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We will denotel-R fuzzy numbeM by the following simplified notation:
M = (m,a, b)LR'
The definition ofM for M > 0 is /T} (X) =0," X<0. The definition oM for M < 0 is iy (X) =0,"x>0.

Operations oh.-R fuzzy numbers
Addition:
(ma,b) lrA(ngd)=(m+na+g b+d)r.
Subtraction:
(ma, b) rQ(Ng.d)=(m- na+g,b+ad) R.
-(ma,b) g =(-mb.a)r..

Multiplication:
ForM >0 andN >0

(ma,b) g A(ng,d) g =(mMnna+mg,nb+md) g.

ForM<0andN <0 i
(ma,b) g A(ngd) g =(Mn-nb- md,-na- mg)g,.

ForM < 0andN >0 i
(ma,b) rA(ngd) g =(Mnna- md,nb- mg)g.

For / >0
/I A(ma,b) g=0Umla, lb)R
For / <0
/A(m,a,b)LR =(/m,- b - la )RL'
Inversion:

-1 _ -1 -2 -2
(ma,b) g =(M - bm “,-am ).
Division:
This calculation is derived by the following appiroation: M:N=M A N~ 1.

ForM >0 andN >0
_.m ma+na mg+nb)
N g2 | 2 LR-

(ma,b) r:(ngd) R

Another cases favl andN can be derived similarly.

Example3. Figure 5-8 shows the result of addition of twazy numbersM = (2,1,2) LR and N = (3,2,1) LR+ Where shape functions defined as
L(X) = R(X) = max(O,l- |Xi).AppIying the preceding formula we gelVl A N = (2,1,2) LR A (3,2,1) LR = (5,3,3) LR

AN

M N
1 MA.N

v

0 23456 810
gkre 5-8. Addition of.-R fuzzy numbers.
Example 4Fuzzy numbers based decision making

Consider a businessman traveling from Rome tarMiet the following four ways of transportatiare evaluated.
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N | Way- of -transportdion | Cost(100US$)| Time(hours) Remarks

1 bullettrain 24 4

2 expresdrain 19 6

3 airplane 28 2 includestransit to airport
4 car 27 6-8 includesgasand highwaytoll

The businessman chooses the best way of trandpartstsed on the following calculation:
(kuation) = (time) + (cost).
The best way is one with smaller evaluation’s value
The duration of each way of transportation doesmzitide delays, a time required for transfer, anan. If we include such factors, we can expreisstime
asL-R fuzzy numbers, for example, as follows.

M; = (45, 05, 05) g. M, = (65, 05, 05) g. M3 = (25, 05, 10)R.
M4 = (75, 10, 30) LR -

These fuzzy numbers are shown in Fig.5-9(a).

v

01 2 3 456 7 8 9

@

Figure 5-9 (a)L-R fuzzy numbers for ways of transportation.
Remark6. L-R fuzzy numbers for the airplane and car have wideges of values compared with those of trains.tifhe may vary for a car depending on
road traffic conditions and airplanes tend to lte tompared to trains.
Although the costs are definite values, they amumed ad -R fuzzy numbers with zero range. However, from tledimition of L-R fuzzy numbers,

a, b > 0. Therefore we will use a very small valld)” s as an alternative for the range.
N; = (24, 1072, 10°°) . N, = (19, 10°°, 10°°) g. N3 = (28, 10°°, 10°°) .
N, = (27,10°°, 10°°) .

The evaluation can be defined as a fuzzy numbéhéjyollowing way:

(fuzzy number of evaluation) = (fuzzy number fond) A (fuzzy number for costs).
So, we have:

Way 1 of transportatioEl =M 1 A Nl = (6.9, 0.5, 0.5) LR
Way 2 of transportationEz =M 2 A NZ = (8.5, 0.5, 0.5) LR
Way 3 of transportationEg =M 3 A N3 = (5.3, 0.5, 1.0) LR
Way 4 of transportationE4 = M4 A N4 = (10.2, 0.5, 3.0) LR-

These fuzzy numbers are shown in Fig.5-9(b).

v

4 5 6 7 8 9 1012 14

(b)
Figure 5-9 (b)L-R fuzzy numbers for evaluation

The result of businessman’s decision making basddzzy numbers is the best choice of transporiatiay, which is Way 3.
Example5. Qualitative Spatial Reasoning Based on Fuzzy barm

The termspatial reasoningefers in general to reasoning about problemsirpalith entities occupying space. Spatial inforimratis often imprecise and
approximate, so researchers have to represenizbméss in spatial data. Qualitative spatial reampabout space forms n integral part of our diéfity This
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kind of reasoning can be important for intelligenttonomous agents (e.g., robots), especially fosghoperating in uncertain or unknown or dynamic
environments. In such situations, several factarsenhance the benefits of using qualitative raagaechniques:
- it may be difficult (or often impossible) to coltggrecise information about the environment;
- there may be real constraints of memory and timelwprevent either the collection of large volunoégdata or the utilization of a large amount of
computation time;
- in hostile environments, quick reactions to sudstémuli may be facilitated by qualitative reasoning
- man-machine interaction can be enhanced (e.gruatins to robot can be given in natural language)
The focus is on defining a suitable computatidreanework for correctly representing qualitatiygatial information. Consider, for example, thédaing
spatial information: “Object A is about 5 milesrinmbject B in a north-easterly direction” (see 5id@0).

North

Object A

&

Distance = 6

. Angle=45

Angle=35 ",

Angle=55

Object B

v
Figure 5-10. Fuzziness in location of object Atiglato object B.

We can represent relative positions of objectsd\BRiby using fuzzy numbers as follows (see Fig.h-11

About 5 miles =M = (5,1,1) LR and north-easterly direction™ = (45,10,10) LR-

Assume that we have the following spatial descriptatement:
Object A is about 2 miles east of object B, an&dbfC is more or less 3 miles of object{Bote that in these two statements we are onlgewred with the
one-dimensional case.) How to find the answer erfdllowing spatial queniWhat is the spatial relation between objects A @ad

Assume that fuzzy sets “about 2 miles” and “moreess 3 miles” are represented by fuzzy numbivs = (2,1,1) LR and N = (3,1,2) LR

respectively. Then unknown spatial relation betwebjectsA andC can be calculated aM A N = (5,2,3) LR Which is to be interpreted as saying
that objeciC is about 5 miles east of objeft

AN AN

Fuzzy number

Fuzzy number . .
Y “about north-easterly direction”

“about 5 miles”

»
» »

0 4 5 6 Distance

0 35 45 55 Angle

Figure 5-11. Relative positions representationfsizsy numbers.
Fuzzy Relations

A fuzzy relatioris an extension of a classical relation. Clasgieattions are given by classical, crisp, setszyuelations are given by fuzzy sets.
Crisp (classical) relation Rs defined on the Cartesian product of two (or ehomiversal setsx Y such that:
L if (xy)I R
mr(xy) = :
0, otherwise

Binary (or more) crisp relation is given on 2-dirsmal (or multidimensional) space. So, the birargp relation represents a 2-dimensional crispvitbt a
definite boundary, and the binary fuzzy relatiopresents a 2-dimensional fuzzy set with a vaguathary.
In Fig.5-12 examples of crisp and fuzzy relatiores shown.

AY AY
Deﬁni}fboundary Vague boundary

X X

> > () (b)
Figure 5-12. Image of binary relations: (a) a crsfation; (b) a fuzzy relation.
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If we consider a definition of a simple fuzzy sgiy may note that the fuzzy set is defined on arieause of discoursk. (see Fig.5-13 (a)).
A fuzzy relation considered as an extension afisp relation is a fuzzy set given on a multidirsienal space (which is the Cartesian product of (ov
more) universal sets).
Let us introduce now formal definitions of fuzzyatons for discrete and continuous cases.

A A
my R Y

X X

(@) g ®
Figure 5-13. (a) Imageadtizzy set; (b) Image of a fuzzy relation.

Definition 5: (Binary fuzzy relation (discrete case))

Let the universeX andY are given as
X ={Xg,o X} and Y ={y1,00 Y}

The binary fuzzy relation given ofiandY is expressed in the matrix expression:

| n Y2 Ym-1 Ym
X | MR, ¥1)  MR(%,Y2) MR(%, Ym-1)  MR(X1, Ym)
R=Xy | MR(X2,Y1) MR(X2,¥2) - NMR(X2,Ym-1) MR(X2,Ym)

Xn | MR(Xns Y1) MR(Xn:Y2) o TR0, Ym-1) TR(Xn, Ym)
where ﬁh(Xi ) yJ )| [0,1]
A matrix expressing a fuzzy relation is sometimaked afuzzy matrix

Definition 6: (Binary fuzzy relation (continuous case))

Let the universeX andY be continuos. The binary fuzzy relation given art€sian product 0£X " Y s defined asR = /TR(X, y) /(X, y) .
XY

where /7R is the membership function Bfgiven on thex . Y as /7R: X'Y® [0,1] (see Fig.5-13,b).

Definition 7: (n- ary fuzzy relation (continuous case))

Let the universesxl, X2 ,...,Xn be continuos. The-ary fuzzy relation given on Cartesian productxl X2 . Xn is defined as

R: nh(xl,..-,Xn)/(le"'an)’
X1 ..l X

where /7R is the membership function Bfgiven on theXl, X2,...,Xnas ﬂ’h: Xl, X2 oL Xn ® [0,1]
Examples of fuzzy relations

Examplel. Consider two crisp relationsy equalsx” and “y is smaller thax”. In both case, boundaries are explicitly defilieee Fig.5-14 (a),(b)).

A X A X
y=X y <X
Y Y
(@ (b)
A X A X
y » X Yy »<Xx
Y A= Y
(© (d)

Figwel4: Images of crisp (a,b) and fuzzy relationd)(c,

On the other side, we cannot define the boundarissch cases asy fs aboutx” and ‘y is a little smaller thaw”. These relations are fuzzy relations (see
Fig.5-14 (c),(d)).
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Example2. Let us choose three citieéy , X, Xq in Cremona area and three citid4; , ’ from adjacent region Bologna.
2 "3 2: )3

Consider these cities as elements of Xets{ X1, Xo, X3} and Y= {yl, Y2, y3} respectively.
We may introduce the fuzzy relati®h= “close” by the following fuzzy matrix:

You see that according to this fuzzy relation tbgree of closeness between two citXf and y2 is 0.6, and so on.

Projection of Fuzzy Relations and Cylindrical Exgiems of Fuzzy Sets

Definition 8: (Projections of a binary fuzzy relation (contius case))
Let Rbe a fuzzy binary fuzzy relation given on Cartegpaoduct of X Y . Theprojection of R orX is defined as
proj[R; X] = (maxnir(x,y))/x
X Y
Theprojection of R on ¥6 defined as
proj[R X] = (maxr(x y))/y
X
Y

Figure 5-15 shows the ideas of projection and dyigal extension. Obviously, the projection andrajtical extension are opposite operations.

C(A)
Y
N7 " é /
X , "
Proj(R:X) ‘ A
(a) Projection (b) Cylindrical extension

Figure 5-55. Graphical images of Projection (a) @ytindrical extension (b) operations.

Definition 9: (Cylindrical extension of fuzzy set (continuaase))
Let Abe a fuzzy set on the univer§eThecylindrical extensionC(A) of fuzzy setA given on X Y is defined by the fuzzy relation
(A= m(X)/(xy)
XY
Let B be a fuzzy set on the univergeThecylindrical extensionC( B) of fuzzy seB given on X Y is defined by the fuzzy relation
c(B)=  m(y)/(xy).
XY
Definition 10: (Projections of- ary fuzzy relation (continuous case))

Let Rbe a fuzzy binary fuzzy relation given on Cartegpaoduct of Xl . Xz I Xn , and array(il,...,i k) be a subarray 0(], e n) . The

projection of R onxil ,...,Xik

proj|R; X, ... i, |= (M Mg i) (X i)
Xip.x, iim

is defined as

where the arra)( jl’ veny j m) is the complementary of the arré)i, . ,i k) , that is, the subarray &1, veey n) with (il, e ,i k) subtracted.

Definition 11: (Cylindrical extension af-ary fuzzy relation (continuous case))
Let R be a fuzzy relation given on the Cartesian produ&l’ Xz’ . Xm. The cylindrical extension C(R) of R given on
Xl’ XZ, . Xpam< n) is defined by the fuzzy relation

c(R) = M (X5 X)) [(X 520 XR)
X1 ... Xn

Example of Projection and Cylindrical Extension @g®ns. Suppose the universes X and Y are given as
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X :{Xl’ X2, X3} andY = {yl' y2’ Y3}

Now let us consider a fuzzy relati&on X Y such as:

The projection oR on X is then calculated as

ProjlR, X] = max( 0.61,0.3)/ x; + max( 0.50.20.8)/ X, + max( 0.1,04,0.7) / x3=
=1/ X+ 0.8/ Xo + 0.7/ Xg = A. (5-20)

(HereA is the fuzzy set projected on X).
On the other hand, the projectionfbn Y is calculated as

ProjRY] = max( 0.60.50.1)/ y; + max(1,0.204)/ y, + max( 0.30.80.7)/ y3=
=06/y, +1/y, +08/y3=B. (5-21)

The cylindrical extension of the fuzzy #ebn the Cartesian produt‘x Y (c(A)) and the cylindrical extension of the fuzzy Betn the Cartesian
product X Y (c(B)) are as follows:

(Y1 Y2 V3
=t 11
“x,| 08 08 08

X3 | 07 07 07

x3| 06 1 08

Now let us discuss the meaning of projection opamafigure 5-16 shows the idea of projection.
height- of - shadow 0.6 1 0.8 Y-axis

Y1 Y2 Y3
06 03

X | 05 02 08
X3 | 01 04 07

a sourceof light
Figure 5-16. An idea of projection.

Assume the values of matrix elements (membersHigyahow the height of objects. By illuminatingthbjects in the direction shown in Fig.6, we \git
shadows on a wall on the Y-axis, and the shadowsgyothe fuzzy sets obtained by the projectiontukdly, the shadows reflect the height of the leigth
objects in a column. This equals the max-operatids-20),(5-21).

Intersection of Fuzzy Sets with Different Univessal
The main point of this paragraph is how we chtaim an intersection of fuzzy sets representiogekample, “moderate height” and “middle age”. @an
express the intersection of “moderate height” &middle age” as

“moderate height”  “middle age?
If this operation could be defined, it would be sthing like that shown in Fig.5-17. However, beathe horizontal axes are different for the heagid the

age, we cannot formally derive such an operaticmaslerate height”  “middle age”. In this case we go by the followiwgy.
When we have fuzzy sets on different universesh sisc’height” and “age”, we can apply an operatiepicted in Fig.5-18.

»
|

Figure 5-17. Intersection of “moderate height” “middle age”.

A (moderaténeight” age)
(middleage” heighi

v
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Figure 5-18. Intersection of fuzzy relations.
Note that we have the universes “height” ance"and we need to think of their intersection ia @artesian space Jmeight’ age. Because the fuzzy

set “moderate height” is not related to age, we enakcylindrical extension of “moderate height” tods height’ age space. Let us denote this

extension as
c(moderate height) moderateheight’ age.

Similarly, we make a cylindrical extension of “mlddage” towardsheight' age space and obtain
c(middle age) -middle 2ag€” height.
Both these cylindrical extensions are fuzzy setshﬁighf age and now we can take the intersection of these Therefore we obtain the operation of
(moderateheight” age)  (middie ag€™ height.

In order to introduce a fuzzy logic notion and4y reasoning models let us refresh main ideatagsical logic and inference.

Lecture N 6 Fuzzy Logic

In order to introduce a fuzzy logic notion and4y reasoning models let us refresh main ideatagsical and nonclassical logics.
Any formal logical system is represented bysbats < A, S, P, R >, whereAis an alphabeSis a syntax, P is the setafioms Ris the set of

inference rulesand byinterpretation model IMor semantics)nterpretation moddM is a triple <, H, \>, whereZ is the set of interpretable valuétare
the rules of mapping of elements of alphabet onto Z

V is the interpretation function by which any weliied formula\WFF) F has some value ¥ I Z. For example, the interpretation function fasdical
logical systems is shown in Table 2-1 (see Lec®yre
Nonclassical logics overview
The basic assumption of classical logic is tabsd, that is every WFF is either true or fa{skor 0 ).
Nonclassical logicsire extension of classical logic. There are diffierkinds of extension. Extension of two-valuedititree-valued logic: truth (1), false
(0) and indeterminacy (1/2).
Five of three-valued logics are very famous (sdelelé-1).

Table 6-1
ab Lukasiewia Bochvar Kleene Heyting Reichenbat
uu OjuuUu U uu O uu 0 |uu U©
00| 0011 0011 0011[0011]0011
P T R N O P e s
2 2 212 2 2 2 2 2 2 2 2
01, 0110 0110 0110(0110(0110
1o 211211 1,111 ,1 /- 111
2 2 2 2|2 2 2 2 2 2 2 2 2 2 2
1111, ,/1111/1111/11, /11,5,
2 212 2 2 2 2 2|2 2 2 2|2 2 2 2
FO S T O I A D A O
2 2 212 2 2 2|2 2|2 212 2
10, 0100|0100 (0100|0100|01100
11,1 1f1 11 1)1 111,111, 11
2|2 2 2|12 2 2 2|2 2 2|2 2 2|2 2 2
11,1111 1111 1111 1111 1111

They introduce different interpretation of logicgderations. For example, Lukasievich Logic useddhliewing equations for logical operations integtation:

a2=1- a a b=min@l+b- a)
aUb =min(a,b) aU b=1-a- b
aUb = max(a,b)

There aranany-valuedogics, where truth values are defined by the fuoifg setTn :

1 2 n-2n-1

Tn = O, , . ) =1 . These values can be interpretediegrees of truth
n-1n-1 n-1n-1

There arénfinite-valued logicswhere truth values are represented by all themeabers in the interval [0,1].

Thefuzzy logicmay be considered as the extension of an infimisey-valued logic. Its ultimate goal is to provid&ndations forapproximate reasoning
with imprecise propositiongsing fuzzy set theory as the principle tool. Tisisinalogous to the role of quantified predicatgid for reasoning with precise
propositions. In order to deal with imprecise prsifions, fuzzy logic allows the use fofzzy predicates

Each simple fuzzy predicate such aX ‘is P " is represented by a fuzzy set. Assume, for exanthatx stands for the age of a person &htas the
meaning ofyoung Then, assuming that the universal set is theokattegers from 0 to 70 representing differentsagbe predicate X is P " may be
represented by a fuzzy set whose membership funigtishown, for example, in Fig.6 —1.

A n(x)

Young Old

Age

v

10 20 30 40 50 60 70
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Fig.6—1. Membership values of fuzzy predicates.

Consider now the truth value of a proposition aidiby a particular substitution feinto predicate, such as “Sergei is young”. Théntralue of this
proposition is defined by the membership gradeasf&i’'s age (for example, his age is 25 years aidhe fuzzy set chosen to characterize the cdrufep
young person (Fig.6 -1) .

Fuzzy logic operationsan be introduced, by different ways, for examaefollows.

Definition 1: (Fuzzy conjunction (or fuzzy AND))

The truth value of fuzzy conjunctioA UB is given by
mpus (X) = mMin(mu (x), 15(X)) .
where /7]p (X), g (X) are truth values of fuzzy predicaty, B respectively.
Definition 2: (Fuzzy disjunction (or fuz;y OR))
The truth value of fuzzy disjunctionA UBis given by

myas (X) = max@mu (x), 7 (X))
where /T]p (X), g (X) are truth values ofA\, B respectively.

Definition 3: (Fuzzy negation)
The truth value of fuzzy negatioA (or @A) is given by

My (X)=1- mu(x).
where /T]p (X) is truth value of A\ .

Remarkl. Note that another definitions for fuzzy AND andzy OR have been proposed in the literature. &loggrations are also called“@snorm” and
“T-conorm” respectively (see Appendix to the lecture). A gapalternative for AND and OR are:

myug (X) = My (X) s (X)
mauB (X) = mMa(X) + mg(X) - M (X) 115(X)

Fuzzy Implication and Fuzzy Reasoning

There are a few terms for thezzy implicationlt is called also asfaizzy if-then ruleor afuzzy rule or afuzzy conditional statemenEurther we will use
the termduzzy if - then ruler fuzzy rule A fuzzy rule assumes the following expression:

IFX IS ATHEN Y iS B, (6-1)
whereA andB are linguistic variables defined by fuzzy setauoiverses of discourseandY, respectively. (We will write this rule aR=A® B ).
The part “IF” (X is A) is called theantecedent, or premis&he part “THEN" (Y is B ) is called theeonsequence or conclusion
From (6-1) you can see that a fuzzy rule can bmeefasbinary fuzzy relation Rn the product spaCX Y ((X, y)T XY ) with some

membership valueTh (X,Y). soRis atwo-dimensional fuzzy set characterized byadimensional membership functiol'R (x,y).

There are a few ways to interpret fuzzy rBlehat is, fuzzy implication.
In Fig.6-2 two interpretation of fuzzy implicati@re introduced.

A
Y

v

@) (b)

Figure 6-2. Two interpretation of fuzzy implication
First interpretation (Fig.6-2,a) is as “ A coupleidh B”, the second one (Fig.6-2,b) is as materalication or Boolean logic implication :

R=A® B=@AUB.

Further we will use the first interpretation®fs “ A coupled with B”. Then fuzzy sBtcan be described as

R=A® B=aA" B= ma(X*mg(y)/(Xy), (6-2)
XY
where * is duzzy ANDoperator, that is,

MR(%Y)= my(x) U ng(y). (6-3)

Interpretation of fuzzy implication given in (6-B)called Mamdani implication.
There are another methods of fuzzy implicationrimietations as follows:

Lukasiewicz's implication:
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mr(%,y)=1U@- mp(X) + mg(Y)):

Algebraic product (or Larsen implication):

MR(X,y)= ma(X) *ms(y):

Bounded product:

M (%, y)= 0U(mp(x) + ms(y) - D:

Zadeh implication:

mr(%,y) =(my () Ums (y)) U@ ma(x));

Standard implication:
m(x) £ ms (y)

1
D0 s )

Kleen-Dienes implication:

mr(x,y)= @ (My(x) U (y);

Drastic Product:
m(x)  me(y)=1
mr(%y)= mg(y) m(x)=1 :
0 m(¥) <1 mp(y) <1

Goedel implication:
M) £ ms (y)

TROVZ ) 0> i)

Gougen implication:

m(X) £ ms(y)

mR(X,Y) = ms(Y) ma(x)  ma(X) > mp(y)

Fuzzy reasoning (also known as approximate reagpisran inference procedure used to derive coimiasrom a set of fuzzy rules and one or more inpu
conditions.

Generalized Modus Ponens Inference Rule
Traditionalmodus ponenisference rule is formulated by the following way:

premise 1 (fact)X is A
premise 2 (rule ): IFX iS A THEN Yy is B

consequent (conclusion)y is B

For example, we have the ruld ® B, whereA is “a tomato is red, arlis “a tomato is ripe”. If we define the fact ttitite tomato is red”, then we can
say (can infer) that “the tomato is ripe”.

Consider now fuzzy reasoning. We have the same A® B, whereA is “ a tomato is red”, anB is “a tomato is ripe”, but we know the fact thie

tomato is more or less red”A\( ). What we can infer as a conclusion? The anssv&he tomato is more or less ripe”. This can bitem as:

Premise 1 (fact): X is AC,
premise 2 (rule): IFX iS A THEN Yy is B

consequent (conclusion)y is B(

This rule of inference is callegeneralized modus ponens inference.rule
Discuss now: how can we calculate the membersHigwat a conclusion?

Another words, if we know the membership values/’b}q(;(X) and /TR (X, y) , how can we find the membership value of conchusﬁb'g¢( y) ?
Consider different types of calculation of conatusithat is, different types of fuzzy inference.

Fuzzy Reasoning Based on a Max-Min Composition
Compositional Rule of Fuzzy Inference

Consider the following task:

Let Ais a fuzzy set on X and R is a fuzzy relaioX’ Y: R= A® B.Findthe resulting fuzzy setBon Y.

Figure 6-3 (a,b,c,d) shows the design of a requftizzy set [13]. To construct resulting fuzzy Betre make the following steps:
(1) construct cylindrical extension ( denoted ad)Eith baseA. This means that we expand the donfafrom Xto X Y. ( Fig.6-3, a) );
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(2) find the intersection of @) with R (Fig.6-3, c) that is find &) R;

(3) project this intersection @§ R ontoy-axis (Fig.6-3, d). This projection is the resuitifuzzy seB.

Write now these steps formally. Lé?7p (x), ﬂt(A) (xY), my (y). and/TR (X, Y) are the membership functionsAfC(A), B andR,

respectively.

(A (X, y) = mA(X) by the definition.

Figure 6-3. Construction of resulting fuzzy set.

Then also by the definition we have

My ROGY) = min|men (%), mR(x,Y)|= min[m (), mr(x.y)] e

By projecting CA) R ontoy-axis we have :

7 (¥) =maxmin s (09, (% )] = U (9 U (%, ) 9
Formula (6-5) is calledhax-min compositiarDenote this composition by symbol “. Then we may write
B=A R 56

If we choose fuzzy AND operation as the productrafion (of membership functions) and fuzzy OR afien as thenax operation, then we haveax-
product compositioand

() = U () 8%, y)] -
Return now to our fuzzy inference problem:

Premise 1 (fact) :X is AC,
premise 2 (rule): IFX iS A THEN Yy is B

consequent (conclusion)y is B¢

and to the following question: if we know the memsbép values of mA¢(x) and IT{:;(X, y) how tofind the membership value of conclusion

ma(y)?

Now by using thenax-min compositiorule we can write:

nmy>=m3xmin[mm<x), R E g[mmx) Unk(xy) ©®

or equivalentIyB( =AC R .
Consider now different cases of fuzzy rules.

Fuzzy reasoning with one (single) fuzzy rule witlgée (one) antecedent
For this case we simPIify (6-8) by Elsing form(@a3): } R R
e ¥) = Urmna) U e ()] = Um0 Ol (09 U ms ()] =
max{ ) U (9] U g (y) = wU s (3). ©9)

The mechanism of calculating of formula (6-9) iswh graphically in Fig.6-4.
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n
A MIN A7

At
B¢

AN\

Figure 6-4. Fuzzy reasoning scheme for a singkewith a single antecedent.

»
>

We find W as the maximum of intersection of fuzzy s&tand AC Usually W is called diring strength Resulting fuzzy seB( is constructed as cutting
the membership function &by I .

Fuzzy reasoning with one (single) fuzzy rule witlotantecedents
A fuzzy rule with two antecedents is usually writes:
“F X IS Aanp y iS B tHEN Z iS C »
So, the inference problem is as follows:
premise 1 (facts) :X is AC and Yy is B,
premise 2 (rule): IFX is A anD Yy is B tHEN Z IS C.

consequent (conclusion) Z is C(

This fuzzy rule represents a ternary fuzzy relaRomhich can be defined by the following membershipction:

mR(%,Y,2) = ma gy c(%¥,2) = m(X) Ung(y) Ung (2) (6-10)
Resulting fuzzy sefC(can be represented as:
Ct=(AC B) R (6-11)

By using (6-10) and extension of (6-5) for the cés¢1), we can calculaté?tq(Z) as:

nz;¢<z)=XUy[(mA¢(x) U msel(y)) U nk(x,y,2)] =

= XUy[(ﬂAa:(X) Unge(y)) U(na(¥) Ung(y) Unc(2)] =

XUy[(mAax) U nse(y) Uma(x) Uns ()] U (2) = 6-12)

U Um(] U g@dy)u@(y)] U (2) = Uw, U (2)

w w2

The mechanism of calculating of formula 6-12 iswsharaphically in Fig.6-5.

AN AN MIN

ny

Ac

ANTTAN 77N

Figure 6-5. Fuzzy reasoning for multiple antecéslen

We find Wl and W2 (firing strength): Wl is the maximum of intersection of fuzzy sétand AC W2 is the maximum of intersection of fuzzy sBts
and BC. Then we give the value dft as a minimum from the valuddq and W> .

The resulting fuzzy seC Cis constructed by cutting the membership functib@ by W .
Remark Consider another type of fuzzy rule like: “IK is AoR Yy iS B TtHEN Z ISC »
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In this case the firing strength is given as the maximum frofl4 and W/ .
Fuzzy reasoning with multiple fuzzy rules with nipilé antecedents

Consider the following example of this case.
premise 1 (fact) : X is AC and Yy is B,

premise 2 (rulel): IFX IS Aq AND Y IS By THEN Z is Cy.
premise 3 (rule2): IFX IS Ap AND Y IS By THEN Z is Cy.

consequent (conclusion) Z is C(

Here we consider a fuzzy sk Cas
Cl-(A¢ B® (R, R, (6-13)
Since the max-min composition operator is distilmibver the  operator we can rewrite the (6-13) formula as:
C(ACB) (R Rp))=
(A BY R] [(AC BY Ry]=Cf Cs
where C{ and Cé are the inferred fuzzy sets for rule 1 and rule 2.
So, the final result is constructed as sum (or nodtvo inferred fuzzy setq and Cé .

In Fig.6-6 the mechanism of calculating be¢(2) is shown graphically. This method of fuzzy inferens callednin-max methad
Consider now a general case of rules as follows:
RuIeI :

F(X is F{ )and(x, is Fa)..and(x, isF ) mven (Yis G'). (14
wherel = :L e M , M is the number of fuzzy rules.

For the given fuzzy values of inplE (Xi ) the final conclusion of reasoning is given by

M .
my) = W Umy (), 619

where W] = U ITE(X]_)UH{:]! (Xl) Uu Uuu ﬂ'ﬁ_'(Xl)U/qﬂ (Xn)
X1 Xn n
y "

Remark Different fuzzy inference techniques are differgdtite choice of interpretation of fuzzy AND, fuz®R and fuzzy implication operators.

Fuzzy Rules Chaining

We considered simple types of fuzzy rulégzzy rules without chainindhis means that variables in antecedent partvanables in consequent parts of
rules are different. For example,

IF XIS AQ AND Y iS By THEN Z is C
IF XiS Ay AND Y iS By THEN Z is Cy

IF XIS A, anD Y is B, THEN Z IS Cpy.
In this case variables in the antecedent parén(ly) and variables in the consequent paztsafe different.
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Figure 6-6. Fuzzy Reasoning for multiple rules withltiple antecedents.

Consider now fuzzy rules with chaining. There ave types offuzzy rules chainingsingle, and multiple.

In single chainingdf rules, arintermediate variablis present in the consequentooferule and in the antecedent of another one. For gplam
IF XIS AQ AND YIS By THENpis P
IF pisP AND Y iS By THEN Z is Co.

In multiple chainingof rules, theéntermediate variablis present in the consequentsefverakules and in the antecedent of another rule. Famegle,
IF XIS A AND Y iS By THEN  pis B
IF XIS Ay AND Y iS By THEN  pis P
IF pis P3anD yis By THEN Z is C
IF pis P4 AND Y is B4 THEN  Z is Co.

Remark Formulas for calculation outpmimay be easily written by using Eq. (6-15).

Appendix
Generalized Fuzzy Conjunction , Fuzzy Negationfumry Disjunction Operations

Consider the generalization of fuzzy conjunctom disjunction operations basediemormandT-conormconcepts [14].
Definition A1:

T- normandT-conormare defined as functiof, S: [0,1]' [0,1] ® [0,1] satisfying the following properties:
(@) T(X,l) =X, S(X,O) = 0O (boundary conditions);

@ TY)ET(U,v) and S(x,y) £ S(u,v) if XE U,y £V monotonicity);

©) T(X, y) = T(y, X), S(X, y) = S(y, X) (commutativity);

@ T(M(XY),2=T(XT(y,2) S(S(X,Y),2) =S(X,S(Y,2)) (associativity).

Definition A2:
A negationis defined as a functiax: [0,1] ® [0,1] satisfying the following properties:

@ N@©)=1 N =0;
N(X) £ N(y) if y£x.
Definition A-3:

A negation is called aimvolutionif on [0,1] it is fulfilled the involutivity property:

N(N(X)) = x.
Introduce garametric class of Sugeno involutive negatiahsich has the following form:

N ==X /-1
1+/x%

when / = O we obtain theregation of ZadehN (X) =1- x.
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T-norms andl-conorms can be obtained one from another as fellow

S(x,y) = N(T(N(x), N(y))
T(x,y) = N(S(N(x), N(y))

whereN is an involution.

The simplest examples of T-norms and T-condgmmsually related by mentioned above relations) N (X) =1- X are shown in Table A-1.

These simplest functions will be used later fordhastruction of parametric conjuction and disjimtioperations.
Generally, for anyf-norm andT-conorm it follows that

Ta(Y)ET(XY) ET(XY) £ Sc(XY) £ S(X,Y) £ Sq (X, Y).

Table A-1.
To(x, y) = min{x, y} Se(%,y) = max{x, y}
Tp(X,y) =xy Sp(X.y)=x+y- xy
x, if y=1 X, if y=0
Tqg= vy if x=1 Sqg= vy, if x=0
0, otherwise 1, otherwise
Tp(x y) =max0,(x+y- If | Sy(x,y) =mif 1(x+y)

Hence,T—normsTd and TC are the minimal and the maximal boundaries foralbrms. Similarly,T-conormsSCand Sd are the minimal and the

maximal boundaries for dll-conorms.

RemarkA-1. These inequalities are very important from a peatipoint of view because they establish the bavied of the possible range of operatidns
andS.

Consider popular parametric classe$-oorms.
- Schweizer-SklafT-norms:

T(X, y) = max(o,(x' p + y' p_ 1)-1/ p)
T(x,y)=1- [(1- X)p +(L- y)p - (1- X)p(l_ y)p]1/p;

- Yager'sT-norms:

T(xy) =1- minf,(@- 9P+ @+ y)*) ) pso.

- Dombi's T-norms:

T(xy) = L

1+[1/(x- DP+U(y-DP- @-xPA- yP

]1/ D ,p>0.

Definition A-4:

A fuzzyconjunctionoperation and fuzzy disjunctiomperation are functions, S: [0,1] . [0,1] ® [0,1] satisfying the following properties:
@ TXD)=TLXx)=x;

@ S(x,0)=S(0,x) =x;

® TXY)ET(U,V) and S(x,¥) £ S(u,v) if XEu,yEv

RemarkA-2. Naturally, anyT-norm andT-conorm will be a fuzzy conjunction and a fuzzyjdiietion with respect to this definition.

PropositionA-1:
Conjuction and disjunction operations satisfy thiéofving properties:

TOyY) =T(x,0)=0;
SLy)=3S(x1) =1;
TaXY) ET(X V) ETe(XY) £ Sc (X Y) £ S(X Y) £ Sq (X, Y):
TOO=TON=T@O)=0, T =1
S(00) =0, S(01)=S@0)=S@l=1.

Lecture N 7 From Fuzzy Logic to Fuzzy Systems

A Fuzzy System (or Buzzy Modglis a popular computing framework based on corsceptuzzy set theory and fuzzy reasoning.
The basic structure of the fuzzy system is shiowfig.7-1.
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Fuzzification |—® Inference Mechanism |— Defuzzification

[ ﬂ

Input values utput value

o

Knowledge Base

Database

Figure 7-1. The basic structure of a fuzzy system.
Fuzzy system consists of the following components:
- Knowledge Base including Fuzzy Rules Base and Ratb
- Reasoning (or Inference) Mechanism, and
- Fuzzification/Defuzzification modules.
Fuzzy Rules Base contains a set of fuzzy ruleth®f”. The Database defines membership functioed irsthe fuzzy rules.
The fuzzification component converts input varigblelues (crisp values) to fuzzy set values. ThRizizification component converts fuzzy set valtes

output crisp value.

Fuzzification

Fuzzification ighe process of finding the membership degﬂ% (a) for an input crisp valued . The fuzzifier performs a mapping from a crisp point

a | U (whereU is a universal set) into a fuzzy getn U.
There are two possible choices of this mapping:

- singleton fuzzifierin this case fuzzy sétis defined as:/7]y (X) =1for X=2a and
M (X) = O for all other X 1 a.

- nonsingleton fuzzifieiin this case/7) (a) =1and My, (X) decreases from 1 aX moves away from@ . For example,

mp(X) = exp{- (x- a)2 /s 2 , where S 2 is a parameter characterizing the shapefbA(X) :

In many applications the singleton fuzzifier hasesed. A nonsingleton fuzzifier may be useftié inputs are corrupted by noise.
Remarkl. If we have a partition of a chosen universeis¢aurse on some parts described by appropriatebersinip functions, then the fuzzification
process may be considered as shown in Fig.7-2.

ma(a)

v

a

Figure 7-2. Fuzzification example.

Defuzzification
When the input data are crisp and the outputefa) are expected to be crisp too, defuzzificathmuule is used. The purpose of defuzzificatiorcpss is

to obtain a crisp value from inferred membershipcfion /7 (Z) zl Z.
So, a defuzzifieperforms a mapping from fuzzy setZ to a crisp valueZ . There are a few possible choices of that:

- maximum defuzzifietefined as

z=arcsuf n(2);

- center of gravity defuzzifietefined as

me (2) 2z e (2)z

Z= z for continuous caseZ = Z for discrete case.

e (2)dz e (2)
2 2
Remark2. The main idea of a center of gravity defuzzifedescribed in Appendix.
Different defuzzification strategies are shown ig.F3.

Example of defuzzificatio€onsider the following universal s = {1,2, - 8} and let an inferred sét be as follows:
c={ 05/308/4,1/505/6,02/7}

Then the outputf based on the center of gravity defuzzifier is cated as:
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05" 3+08 4+1" 5+05 6+02" 7 _

zZ= 47
0.5+0.8+1+0.5+0.2
A n n
Bisector Center of

B¢ of area gravity
/ z

Sméllest Mean Largest'

of max of max of max

Figure 7-3. Different strategies of defuzzification
Typical Fuzzy Models
Consider three types of the most commonly usedyf models. They are using different fuzzy infeetechniques and defuzzification methods.

1. Mamdani Fuzzy Model
The typical fuzzy rule in Mamdani model is follimg:

Rulei:“F XIS A AND Y is B THEN Z is Cj (1 =12,...,m).
Mamdani fuzzy inference technique is based amguglamdani fuzzy implicatiormin andmaxfor fuzzy AND and fuzzy OR operations (see Lectbye

In this case for given fuzzy values of inpﬁ( and B( Mamdani Fuzzy Model infers a fuzzy vaId@tq;(Z) of the output as follows:

m - < . . m .
U G0 0my 0] 0 ) 0, 7] O, ) =~ 0 0w, 0 )
X i=1

wy w2
* *

i * i *
For crisp values of the inpuX , Y the above expression for tHé/i is simplified:l/l/]I_ = mAi (X ), I/I/IZ = ﬂ’Bi (y )

and we get the following; L N .
’ Yed2) = () U, U (2
i=1
In Fig.7-4 a graphical representation of Mamdaaifuinference technique based on
usingmin andmaxfor fuzzy AND and fuzzy OR operations is shown.
In Fig. 7-5 a graphical representation of Mamdanzy model based on usipgoductandmaxfor fuzzy AND and fuzzy OR is shown. In this case

calculate resulting fuzzy set as follows:

nu(z);ml(w{' Wy, ()
i=

A, 4, MIN &,
G Cf
A A AN Y
> / \ > »
A cg¢
A o
N /Ny Z,

X* yk
MAX

Ct

| z

v

z

Figure 7-4. Max-min Mamdani fuzzy inference techugq

* *
Here you can see two types of inference: min-makraim-product. Crisp valueX and Y are the input, the output is crisp valde

2. Sugeno Fuzzy Model
This model is also called as Takagi-Sugeno fumagel. The typical fuzzy rule in Sugeno model iofeing:

if XIS Aand Y iS B thenz= f(X,Y),
where Z = f (X, y) is a crisp function.
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Usually f (X, y) is a polynomial function.Whenf (X, y) is a first order polynomial, then fuzzy model &ledfirst-order Sugeno fuzzy mod@hen

f (X, y) is a constant, then fuzzy model is caliedo-order Sugeno fuzzy madel

When f (X, y) is a first order polynomial, then fuzzy model &ledfirst-order Sugeno fuzzy modeVhen f (X, y) is a constant, then fuzzy model is
calledzero-order Sugeno fuzzy madel

Product
A, A” A,
g G Ct
/ \ L= .
cg
B
Ao 2 Wi=wg " w
N/ Ny z

v

X y
MAX
C
/'/l\ z

z

v

Figure 7-5. Max-product Mamdani fuzzy inferencehtgique.
In Fig.7-6 a graphical representation of Sugerzzy inference technigue is shown.

3. Tsukamoto Fuzzy Model

In Tsukamoto fuzzy model the consequent of déazky rule is represented by a fuzzy set with a etomical membership function as shown in Fig.7-7.
Output crisp value is defined as weighted average.
All mentioned above models of fuzzy inference aigely used in Fuzzy Controllers (We will consideese examples in the next lecture).

Example of fuzzy logic applicatibRuzzy logic-based driving a car.

Consider the situation of driving a car [11]. Humexpert uses some decision making before to mpkeations of gas pedaling and braking. For example,
when a car is climbing a hill, we know that the @&lf lose a speed, if no action is taken. Therefave step on the pedal fmore gasvhen the hill is steep,
and may be only kttle when it is not so steep.

A n MIN or

PRODUCT
) = pX+quy+n

A Bl
/ \ "

»
>

4

Ay B2

Zy = PaX+Qpytr;

N
~

\

weighted averageﬂ

;= MAt We2zp
wy +wp
Figure 7-6. A graphical representation of Sugermzy inference.
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\ 4
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Figure 7-7. A graphical representation of Tsukanfomzy inference.

Consider another driving situation when a car mms road and a driver looks another car on the idéront of him. If a distance between cartoisg and a
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speed islow, then the driver holds the gas pedal steady (miaithe speed).

This kind ofhuman control strategys difficult and unnatural to express in matheggltiequations. In this case we will use ‘“if-theniles. Once we
establish the fuzzy rules, we can realize the obstrategy by fuzzy reasoning. For the situatibdriving a car on a road, assume the followingsuior this
fuzzy reasoning:

Rule 1: IF distancebetween cars ishortAND speeds slow, THEN hold the gas pedal steadyaintain the spegd

Rule 2: IF distancebetween cars ishortAND speeds fast THEN step on the brakeefluce the spegd

Rule 3: IF distancebetween cars i®ng AND speeds slow, THEN step on the gas pedagrease the spegd

Rule 4: IF distancebetween cars iong AND speeds fast THEN hold the gas pedal steadyaintain the spegd

The preceding rules are written in ordinary wordsd we cannot directly apply fuzzy logic. At firstie introduce the following linguistic variables:
“distance”, “speed”, and “acceleration”. Then weshdescribe their values “short”, “long”, “slow'tep on brake” and so on by corresponding fuzzy. $ets
our example, these fuzzy sets can be representeteimpership functions shown in Fig.7-8.

A A,

“slow” : “fast” : B
“short”: A “long”: Ay By 2

distance speed
> >
> >
0 10 20 30 40 50 (m) 0 10 20 30 40 50 70 (km/h)
Ap
“prake”  Ca
“hold” : C1 “gas”: C3
acceleration
>
> >
-20 -100 10 20 (km/h<)

Figure 7-8. Membership functions for example 1.
These membership functions need to be definpcbapately for the situations under consideratieor. example, the speed of 70 km/h would be “fasta
street road but it would be “slow” on a highway.

Let us introduce the following linguistic variableX is a distance between a cy,is a speed of a car, and is an acceleration of a car (it allows to adjust

the car’s speed by gas pedaling or braking opersitio
The respective universal sets can be defined as

X ={{0£x£40} (m v={yo£y£10¢ wm | z={4- 20£ x£ 20fkm/h?

Remark3. The preceding regions can be determined by comranges For example, the distance between cars ansbted cannot take negative values.
There are certain upper and law bounds on thendisthetween cars and there is a speed limit oad ro
Let us now label each fuzzy set as:

Alz“short ; Bl: “slow” (speed); Q]_i “maintain” (speed);
(distance-between- cars) BZ: fast” (speed) C2  reduce” (speed);

AZ: tlong’; C : “increase” (speed)
(distance between cars) 3 '

Then the preceding rules written in ordinary woeds be rewritten in the IF-THEN form such as

Rue 1:1F X IS A and Y IS B, then ZiS C;
Rue2:IF X IS A and Y IS B, men Zis C,
Rue 1:1F X IS A, and Y IS B, Hen Z IS Cg
Rue1:IF X IS A, and Y IS B, THEN Z IS C.

We can also express these rules as the followinig-lp (or fuzzy rule) table:

B | B,
X| A |C |G,
A |G| C

Remarkd. When the number of rules increases, it can becoore and more difficult to see individual rules isequential order. In such a case, it is better to
summarize the rules into a rule.
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In Fig.7-9 the reasoning process is shown. Heretinpsp values for the distance between carslamdpeed are 18 m and 48m/h, respectively. We use
Mamdani fuzzy inference model. The final fuzzy setonclusion may be called as “reduce speedl@’liffthe output crisp value is calculated as theteeof

gravity point and is shown by sign “ ” on the picture.

Rule 1
Akm -~ 4
n km/h / |\ kmn?
o 10 0 10
0 10 20 30 40 0 10 20 30 40 50 60
Rule 2
m A

m km/h km/h?

v

0 10| 20 30 40 0 10 20 30 MT 50 60 10 o 10
Input: 18 v 48nkh
Rule 3
A
n A
/ km/h?
m o km/h >
410 0 10
0 10:20 30 40 o 10 20 30 40 50 60
Rule 4
I A A
km/h / \ km/h?
m_ >
> > >
0 10 20 30 40 0 10 20 30 40 50 60

-10 0 10

1 1 |

Input Input
X =18m y = 48km/t

acceleration
>

109 0 10 o

output

Figure 7-9. Reasoning process for a car drivingrodn

Finally, let us discuss main properties of fuzzydels.
Properties of Fuzzy Models

Fuzzy Systems as Universal Approximators
Fuzzy systems have very attractive propertcémtrol systems design, namely, a fuzzy systenbeaconsidered as an universal approximator of syste
with unknown dynamic and structuihat is an approximat@r

A set of fuzzy rules “ iin , then yi “ can be considered as a mapping functigri— f (X) such that it approximates to a certain level ofiaacy all the

data (X , Yj). The functionf is used to calculate the output vaMé for a new inputX{ possibly not in the data set.

Let us discuss the following question:

Can fuzzy systems be used to achieve arbitrary lesmpapping, that is, can fuzzy systems be an nsaivapproximato?
There are two so-callezkistence theorenthat proof fuzzy system can be an universal apprator [15].

Theorem 1 (Kosko, 1992 [15]):

An additive fuzzy system uniformly approximate&iaction f:x® Y . if the domain of X is compact (closed and bounded) aifidis continuous.
Theorem 2 (Wang, 1994, [16]):

. . . 1 n . . . .
For any given real continuous functioh on a compact setb | R" and arbitrary€ , there exists a fuzzy logic syste|'|_1 with product fuzzy
implication , singleton fuzzifier and COG ( centdrgravity ) deffuzifier, and Gaussian membershipctions such that

IF(¥)- f(x)|<e.

These theorems justify the wide application of fulogic systems to nonlinear control.

Useful Lemmas
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Consider a fuzzy system consisting of the followiazzy rules:

RuIeI :
(X, is F{ )and(x, is Fy)..and(x,, is F ) e (yis G'). ¢
wherel = :L e M , andM is the number of rules of the fuzzy system.

Lemma 1 (Wang, 1994 [16]).
The output of a fuzzy logic system witliuazy rules baseepresented as shown in (7-1), with #iregletonfuzzifier and thecenter averagelefuzzifier, and
with Mamdani max-product inference engine can beutated by the following:

M D
7'(O mi (%))
- f(x) =)zl =1
y ==
output- of - fuzzy system (C) ,7{:| (%))
I=1i=1 |
where X = (Xl, X2 ,...,Xn) is a crisp input vector to a fuzzy systely, is the value at which membership functidﬂG| achieves its maximum,

. i
|.e.nG| (Y )H=1

Lemma 2 (Wang, 1994).
The output of a fuzzy logic system witliuzzy rules baseepresented as shown in Eq.(7-1), veithgletonfuzzifier, center averagelefuzzifier, with
Mamdani max-product inference engine and Gauss&mbership functions can be calculated as follows:

2
M n 5l
yl Oa|| exp - M
=1 =1 s
f(x) = ’
N o | X; - Yl 2
Oai exp - I7|I
I=1i=1 Si

_ vi
where X = (Xl, X2,...,Xn) is a crisp input vector to a fuzzy systery is the value at which membership functicﬂG| achieves its maximum,
RV
(Xi - %)
| 12
~ S.
ie. nG| ( y ) = 1; and membership functions are given/ﬁi%_;| (Xi ) = ai' xe !
i

Finally, let us define an adaptive fuzzy sys@sm fuzzy logic system equipped with a trainimgpathm, where théraining algorithm adjusts parameters of
the fuzzy logic system.
Different training algorithms we will consider inlfowing lectures.

Appendix

Main idea of defuzzification

As a result of applying fuzzy reasoning téghe, we get a fuzzy seﬂc (Z) that describes for example for each possible obméilue Z , how

reasonable it is to use this particular value.threowords, for every possible control valyeve get truth valueﬂt (Z) that describes to what extent this

valuezis reasonable to use. In automatic control apixing, we want to transform this fuzzy informatiato a single valueZ of the control that will
actually be applied.

So, we want to select a crisp value of contdolthat, on average, would lead to the smallest effrore chooseZ , and the best control & then the control
5 s . S 2

erroris Z - 2. Thus, to determineZ , we can use the least squares method. As weigheath squaréZ - Z) , we can take the grade of truth

ITt (Z) with which zis a reasonable control value. As a result, wehgefollowing formula for determining? :

mc (z)(Z - Z) 2 dz® min. Differentiating the minimized function with resgi@o the unknownZ and equating the derivative to 0, we get the

formula
z ¥\ (2)dz
me(2)dz

zZ=

This formula is calledentroid defuzzification

Remarls. In many real situations of control the knowledgséeonsists of compatible “if-then” rules. In situations, the above defuzzification
methodology leads to a good control. But, therstexgal situations in which some rules are incoibfmtFor example, let us consider a following case
Suppose we have an automatic controller for alttre car is moving on an empty road, and themmisbstacle straight ahead of the car (e.g., dhmiXell
from a truck), then a reasonable decision is tagevto avoid this obstacle. Since the road is enthre are two possibilities:

- swerve to the right; and
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- swerve to the left.
For swerving, the control variabtgs the angle to which we steer the wheel. Basetth@mlistance to the obstacle and on the spedteafdr, an experienced
driver can describe a reasonable amount of steeng In reality, ZO will probably be a fuzzy value, but, for simplicitye can assume thio is
precisely known.
As result of formalizing expert knowledge, we cartt# that for the case of empty road, there arepesible control vaIuesZo and - ZO , both with
grade of truth 1. For this

/7(2) , centroid defuzzification formula leads ®= 0, i.e., the car will run directly into the box.
Once we have detected such a situation, how caepar it? There are two possible ways of doing it:

- we should carefully analyze the rules, find outabhof them are inconsistent, and modify them s awoid inconsistency;

- if it is impossible to analyze the rules, then westruse heuristic approaches, e.g., we can us@bkpaore complicated, defuzzification methods.

Lecture N 8 From Fuzzy Systems to Fuzzy Control

Before considering of fuzzy control systemsustrefresh main ideas of control problem at aitl discuss some questions related to generallyraont
systems, and more particularly to control systecostfollers) using artificial intelligence to cookr nonlinear plant. The general scheme tdembackor
closed loop control systenis shown in Fig. 8-1:

Xy e(t) U(t)

Controller Controlled X(1)
Object i

A central componernit the feedback control system is@ntrolled objectotherwise known as a proceggdnt’, whose output variables are to be controlled.

\ 4

Figure 8-1. Generic structure of a closed loop @rsystem

The task of deedback control systeisito maintain the outpwif a plant at a desired valméd in spite ofexternal disturbancéorces
that would make the output away from desired value.

In Fig.8-1, X(t) is a state vector describing behavior of a coletobbject (a plant)),(d is desired state of the controlled object, cafltsh as aeference

signat e(t) is anerror calculated af(t) =Xd - X(t) ,and U(t) is a control vector.

Consider simple example of a feedback contrsiesy: ahousehold furnaceontrolled by ahermostat
The thermostat continuously measures the air testyper of the house, and when the temperaturetfeltsv a desired minimum temperature the thermostat
turns the furnace on. When the furnace has warimedit above the desired minimum temperature, thethermostat turns the furnace off. The therntosta
furnace system maintains the household temperatuaeconstant value in spite of external disturbarsuch as a drop in the outside air temperatinela®
types of feedback control are used in many apjioat
In this example, theontrolled objects the house, the output variable is the air teatpee of the house, and the disturbance is ttve dbheat through the
walls of the house. Theontrol systenis the thermostat in combination with the furnace.
The thermostat-furnace system usiesple on-off feedback control systemmaintain the temperature of the house.
In many control environments, for example maioeed control systems, simple on-off feedback obrginsufficient
More advanced classical control systems rely onlgoations of proportiongkeedback control, integral feedback control, andvdéve feedback control.
Feedback control that is the sunpobportional plusintegral plusderivativefeedback is often called as PID control (see F®).8-

X4 et) u(t)

PID R Plant - X(1)
Controller i -

t
u=Kpe+K; edt+Kye
0

Figure 8-2 . Block diagram of a classical PID cohslystem

In Fig.8-2, control signaU(t) is calculated as
t
u=Kpe+K; edt+Kge,
(0]
where €is the error signal,€is the derivative of error, ancKp, Ki y Kd denote proportional gain, the integral gain and deeivative gain,

respectively.
ThePID control system is a linear control system tisdbased on a linear dynamic model of the plémtlassical control systems, a linear dynamic rhisle
obtained in the form of dynamic equations, usuailjinary differential equations as follows:

X = Ax+ Bu,

wherex is a state vector of a plant, abll = K > X is the control vector. MatriK is called a gain matrix, matricés B are constant.
A typical behavior of a closed loop control systismshown in Fig.8-3.
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A

N AW
\/ \V4

time

Figure 8-3. Typical response of a closed loop cdrsystem.

The plant is assumed to be relatively linear, timeariant, and stableHowever, many real-world plants are time varyinighly nonlinear, and unstable. For
example, the dynamic model may contain paramegegs, (masses, inductances, aerodynamics coefficiettt) which are either poorly known or depend on
a changing environment.

If the parameter variation is small and the dynamaézlel is stable, then the PID controller may Héant. However, if the parameter variation isda, or if
the dynamic model is unstable, then this kind oftoa system is incapable to perform the contrekta

Evaluating the motion characteristics of a nonlinpant is often difficult, in part due to the laocka general analysis method
Conventionally, when controlling a plant with nerdar motion characteristics, it is common to firdtain equilibrium points of the plant and the rooti
characteristics of the plant are linearized in aimity of an equilibrium point. Control is then lesk on evaluating the pseudo (linearized) motion
characteristics near the equilibrium point. Thishtréque works poorly, if at all, for plants desedbby models that are unstable or dissipative.
Classical control methods are based on mathemdtoalulas and solving a set of differential equasioBut there are some difficulties in using cleaki
control methods.
First difficulty:
Solving a set of differential equations might be stow for a fast real-type control process.
Second difficulty:
A slight change in the parameters of the objeatéf@ample, the resistance of air) requires a newfsdifferential equations to be defined.

In order to avoid all mentioned above and otheblams new intelligent (Al-based) control systene reeded.
What is an intelligent control?

Intelligent controlis the realization of human control strategies ataptation/ optimization skills in a control syate

Human control strategies are implemented in Fuzayt@l Systems (called also Bazzy Controllersby using a fuzzy logic approach and human adimptat
optimization skills are implemented @ptimizersby using genetic algorithms and neural networksetdraining.

So, new types dself-organizing Al control systeradapted to control a nonlinear plarsea fuzzy controller together with an optimizer
Consider examples of intelligent control based dueay logic approach.

Fuzzy Controllers Design Problems

Fuzzy systems are used widely in control apfiboafor Fuzzy Controllers (FC) design. The struetaf a fuzzy controller is shown in Fig.8-4.
Design of Fuzzy Controllers consists of four maeps:
1. construction of control (fuzzy) rules ;
2. selection of inference technique;
3. parameters tuning to determine fuzzy sets;
4. validation and revision of control rules.

t u(t
*d & Fuzzy ® Control X(1)
Controller Object i

\ 4

Fuzzy Controller
Knowledge

Base
Y

M Inference "

Fuzzifier mechanism > Defuzzifier
T v
Input Output control

Figure 8-4. The Fuzzy Controller structure.

Once we establish fuzzy rules, we can realize tinérol strategy by fuzzy reasoning. Therefore,stracture of the Fuzzy Controller is the structoféuzzy
reasoning itself (see Fig.8-4).

There are a few important questions in the desfdfCo

1. How do we choose an appropriate inference techflique

2. How is a fuzzifier chosen?

3. How is a defuzzifier chosen?
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4. How do we determine functional forms for the menshar functions?
5. How to tune parameters of fuzzy sets?
In general, we may use the following criteria floese questions.
Empirical Fit fuzzy logic systems are used to incorporate listitiinformation, it is important that the choicgenerate appropriate models of real-system
behavior.
Computational Efficiencyfor large problems or limited computing power, may have to select simpler fuzzy logic systems.
Easy for adaptationbecause we will develop training algorithms foe fuzzy logic system, the selection must resuftystems, which are easy to adapt.

Consider examples of fuzzy controller design faqpical applications.
Examplel: Elevator Fuzzy Controller.

Elevator controller must perform a control of 4 fifiotion. For this task we will not use classicaananical modeling based on an equation of motien,
will use fuzzy modeling. Let us discuss design peots of the elevator fuzzy controller.

The first step in FC designing is defining of a skfuzzy rules (usually given by a human expefr example, let the following rules are given by
some human expert:

1) IF the elevator is moving upward with a slow spaad its position is far below the desired positibBHEN make a motor move it rapidly upward.
2) IF the elevator is moving upward with a medium spaed it is a little below the desired position,BHl make a motor move it slowly upward

These rules can be expressed in conventional fgrintboducing the following linguistic variableposition andvelocity. For our example we consider the
following values of linguistic variables:

SP — small positive; MP — medium positive; LP -g&positive; SN — small negative; MN — medium negat_N — large negative.

Rewrite now the above rules as follows:

1) IFvelocity is SP (small positiveAND position is LN (large negative) THEN motor voltage is LP (large positive)
2) IF velocity is MP (medium positive)dND position is SN (small negativeJHEN motor voltage is SP (small positive)

The task of FC is to process these two rules (@sdiply others) when specific values of positiod aealocity have been determined (by sensors).
In Fig.8-5 a fuzzy reasoning process in the elevatatrol system based on then-maxmethod of inference is shown.

You can see how Fuzzy Controller would processnvies when specific values of position and velobiye been determined by sensors.
Discuss briefly this reasoning process. Followimgpit values are determined by the sensors

- current velocity input is equal Offlse¢ and

- current position input is equal -T0from the desired level.

The velocity input of 0.%t/secis considered by SP membership functiofRafel. Parameter is found equal to 0.6.
The position input of -1@ is considered by LN membership functionRaflel, and parameteW2 is found equal to 0.8.

The output fuzzy set’s membership function is carged by cutting the membership function of consegeby the W = min{0.6, 0.8}= 0.6. (seth )
By the same way the membership function of consecpiefRule2 is constructed. The velocity input of Gt&ecis considered by MP membership function

of Rule2. Parameter is found equal to 0.3.

The position input of -1 is considered by SN membership functiorRofe2, and parameteW2 is found equal to 0.2.
A

n n A MIN A RULE 1
n
Small Large
positive negative Large
positive
#2708 /\ cg
"1=0.6
e [\ v
\ w =0. \
X
Y z
> >
01 -10
input velocity input positiot
RULE 2
Ap ma MIN
A n
Small Small
Medium egative positive
positive
Wy cg
1=0.3 o N2
\ Wi_g > &
\ X Y z
> > >
0.1
input velocity -0 )
input position Output membership
function ¢
Output crisp value of
motor voltage ;
< >
0 - 7 10

Figure 8-5. Min-Max Fuzzy reasoning for Elevatam@ol.
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> ’ Y, ~J 0.0¢ >
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v

0 7 10
Figure 8-6. Product-Max Fuzzy reasoning for Elev&ontrol

The output fuzzy set's membership function is carged by cutting the membership function of consegeby the W/ = min{ 0.3,0.2}= 0.2 (the set
C5).

The next step of inference is to combine the outpiues of the 2 rules as sum (or max) of two nef@fuzzy set£{ and C& .

The final step is finding a crisp value of the auttgThe crisp value of an output motor voltageéfimed as X -component of @entroid point(or center of
gravity poin).

In Fig.8-6 the inference technique basegmuuct-max methodf inference is shown. }
The output fuzzy set’s membership function of Ruketonstructed as the product of the membershiption of consequence anld = 0.6  0.8=0.48.

(set Cf )

The output fuzzy set’ membership function of Rule2onstructed as the product of the membershiptifom of consequence and = 0.3 " 02=0.06.
(set C& )

The crisp value of a motor voltage is definedXscomponent of @entroid point(or center of gravity point

Example2: Inverted pendulum control problem.

Consider the task of a fuzzy controller developmmaintaining an inverted pendulum in the vertioadiion despite external disturbances.
This is a classical control problem. In Fig. 8-@raphical representation of the problem is shown.

q System Conditions
A pendulum is fixed to a cart which can
move in two directiondorward andbackward.
7
Control :
Force Control Control probler_n. ‘
Force keep the pendulum standing vertical.

—> .7 <4+

<+

Figure 8-7. The inverted pendulum system.
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To keep the pendulum (or pole) balanced, a fddceshould be applied to the cart to move forwardamkevard continuously according to the current stéte
pendulum.

There are two inputs to the control systefh:(Theta ) is the angle between the pendulum andcaéexis; § = DC] ( Dtheta ) is the rate of change of the
Theta angle ( angular velocity).
The output of the control system is the value otdd&urrent.

Classical nonlinear control method is based athematical formulas to calculate the values ofdimgput control. The inverted pendulum problem oaint
is described by second-order differential equatfongalculating the force to be used for moving tart:

_ gsing +cosg - u/mig®sing +ml(g?si
q = Mg +m , ;= u*rml(g=sing - gcosg) , (8-1)
me +m
|4 mcos? g
3 m+m

whereg is the acceleration due to gravity (usua@.8 m/SG(,Z), mc is the mass of the carp is the mass of the penduluimis the half-length of the
pendulum, and is the applied force in Newtons.

T T
By defining the state vect erX2X3X4] = [q qz Z] , We can put the preceding equations (8-1) intodsted format for state equations:

X2
T ) 2
X gsing +cosg u/mlg©sing
Xo me +m (82
X= = f(xu) =

X3 4 mcos’ q
X4 3 m.+m

X4

u+ml(g?sing - gcosg)
m +m
(Note thatX; = and Xq = (. Also, Xo = { by definition, so we haveX; = X5 . Similarly,

X3 = X4.)

The task of control is to find the control lald = f(X) of a controller that maps a state vector x (oreor signal X4y - X)

into an appropriate force u, such that a controhfjoan be achieved in a satisfactory manner.

Usual control goals for the inverted pendulum gysireclude the following:
- Keep the pole balanced, regardless of the cartiposi
- Keep the pole tracking a desired signal, regardiésise cart position.

Above we discussed the difficulties in using cleakcontrol method based on mathematical formutasrder to avoid them, we will use fuzzy logic—eds
approach to controBo, instead of classical modeling we will use fuzageling
A fuzzy controller (FC) of the inverted pendulummisich easier to develop. Discuss main steps ofdé€ign (Fig. 8-8).

Contr
e e Forc

94 =0 FC

v

Figure 8-8. The structure of the Fuzzy Controller.

We will describe input-output parameted ((Theta ) and = DC] ( Dtheta ) ) by the following membership function:
Z - Zero, NS - Negative Small, NM - Negative Maai, PS - Positive Small, PM - Positive Medium.
Membership functions and fuzzy rules are showni@ng9.

A

IFg isPMandDgisZ | THENuis PM
IFg isPSandDg isPS| THENuis PS
IFg isPSandDg isNS| THENuis Z
IFg isNM andDgisZ | THEN uis NM
IF g isNSandDg isNS| THENuis NS
IF g isNSandDg isPS| THENuis Z
9.0g,u IFg isZandDgisZ | THENuis Z

v

(@) (0)

Figure 8-9. Input/Output membership functions & fuzzy rules for given control task (b).
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Remarkl. Note that in this example the membership functfongheta, DTheta and Motor Current are the sailtieoagh in general case they may be differ.

In Fig.8-10 the simulation system of the invérpendulum control is shown. Four control situagiane considered: a) fuzzy control in equilibribpfuzzy
control when some impulse to right (external distunce) is given; c) fuzzy control after the impulse

P WY NS Z PS PV
# NV PV
NS PS Z
z PV PS Z NS Y
PS z NS
PV Y
—> .2z — Look-up-table of FC.
<> (&) Fuzzy logic controller in equilibrium.
———
%8& NV NS V4 PS PM
0 NV PM
[ NS PS z
# " z = V= z N5 Y
PS Z NS
PV NM
(b) Fuzzy Control after impulse to right (external diiance).
47

NV NS z s 2\
NV =Y
! NS PS Z
# i z M B Z N N
Ps z NS
=Y NV
2 le— (c) Fuzzy Control recovering from impulse.
<>
———
NV NS A Ps 21
NV 21
NS PS 4
z PM PS A NS NV
PS 4 NS
PM NV

(d) Fuzzy control near an equilibrium

Fig@d€.0. Fuzzy Controller for inverted pendulum cohtr

Comment of the simulation results.the right part of the pictures (a,b,c,ok-uptable of FC is shown. In the look-up table input membgrsunctions
associated with Theta and Dtheta are located alumdporizontal and vertical axes, respectivelyerior squares of the table represent consequeriteny
rules (“then” parts).

In the case (a) the Fuzzy Control in an equilibrigsndescribed. In this case both Theta and DThetaero, and the rule with zero Motor Current isvac
(see light square).

The output value is equal 0.
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In the case (b) the Fuzzy Control after impulsddscribed. The pendulum is moving to the rightthiis case Theta =36, DTheta = 26. So, both PS &hd P
membership functions are activated for the Thetd, tao rules for output are active (see light sgeawhere output NS and NM membership functions for
Motor Current are shown). The output value of Md@airrent is equal -66.
In the case (c) the pendulum is moving back.his tase three Motor Current membership functioasative: PS, NS and Z. The output value is edlial
In the case (d) the pendulum is passed its cemstign and is moving slightly to the left. In thisse two rules are active with PS and Z Motor €hirr
membership functions. The output value is equal +1.

Example3: Fuzzy control of a double inverted pendulum
Consider a control of a double inverted penduluig.(8-11) based on two fuzzy controllers.

‘g [NLINM] zZ [PM ] PL ‘g |NL[NM | Zz [Pm | PL
% | o ]
NL | NL | NL | NL | NM | NS NL | NL | NL | NL | NM | NS
NM | NL| NL [NM | NS | PS NM | NL | NL [NM [ NS | PS
NS! | NL|NM | NS| PS|PM NS| | NL|NM | NS|PS|PM
PS| |NM|NS|PS|PM|PL PS| |NM|[ NS|PS|PM|PL
PM! | NS|PS|PM|PL|PL PM | | NS| PS|PM | PL|PL
PLi |PS[PM|PL|PL|PL PL! | Ps|PM|PL|PL|PL

(a) Output: Stage 1 (b) For the input “Stage” = Zutput: Motor Current

Figure 8-12. Look-up Tables for Fuzzy Controllg@l and Fuzzy Controller 2 (b).

Fuzzy Controller 1 has two inputs: angﬂﬁz and angular velocitﬂz . The output is called “Stage 1” and is used astinpriable to Fuzzy Controller 2.

Fuzzy Controller 2 (FC 2) takes as input threealsds: “Stage 1” and ang@'l and angular velocitﬁl. The output of FC 2 is the value of a Control eorc

(Motor Current).
For each output value of the variable “Stage 1&pasate look-up table is used to represent the fale=C 2. The look-up tables for FC 1 and FCr2Stage
= Z (zero) are given in Fig.8-12.

Fuzzy PID Control
The structure of a Fuzzy PID-control system is shawfig.8-13.
Fuzzy Controller

Knowledge Base

A

4

- Inference —

Fuzzifier mechanism Defuzzifier
A
Ky Ki Ky
t) +e(t) \

X, u(t
d PID ® | Plant X0

QQ Controller i

] \

Figure 8-13. Block diagram of Fuzzy PID controlteys.
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The input-output relation of the PID controllereigpressed as

t
u=K e+K; edt+K,e
o]
where U is the control signal€ is the error signal€ is the derivative of error, ancK p Ki ’ Kd denote proportional gain, the integral gain and the
derivative gain, respectively.
If different values ofK p Ki ’ Kd are chosen, then it is obvious that various resgeof the plant will be obtained.

From Fig.8-13, it is follows thahput variablesfor fuzzy reasoning are therror and derivative of errorand output variablesof fuzzy reasoning are

K D! Ki , Kd parameters
If 1y and N, are the numbers of membership functions for ther@nd its derivative, then there will Hdy I, fuzzy rules expressed as:

If eiSAiand eiSBl , then Kp :C11’ Ki = D117Kd = Ell

If eiSAi and €IS an , then Kp :C1n2 ) Ki = D1n2 ) Kd = Elnz
If eiSAZ and €IS Bl , then Kp = C21, Ki = D21, Kd = E21

(8-3)

If eiSA2 and €IS an , then Kp :C2n2 ) Ki = D2n2 ) Kd = E2n2

If eiS/A\,l and eiSan then K =C K:=D Kd =E

p mnz’ "ol mnz’ mnz

where Ai’ AZ yuus ’Al and Bl’ BZ yraey an are membership functions & and €, and

Cll’ ‘e ’Cn1n2 , Dll’ . "Dn1n2 and Ell’ . E”]_”Z are real numbers that satisfy

Ko min £C; £ KpmaxlEI ENLE JEN,
£D; £K nmlETEMLE JEN,

K I,max
Kamin £ Ej £Kgmax LEIENLE JEN,.

i,min
d,min d,max

According to Sugeno fuzzy inference model and fuzdgs (8-3), the outputs will be as follows:

m 2 c m m 2
i:1]:1Wij T i=1 j:1Wij O i=1 j:1Wij S (8-4)
Kp = K, = Ky =
m n2 m m n2
a W W,
- ) s 1] - 1]
i=1j=1 i=1j=1 i=1j=1

where M’ij = A (e) 3 Bj (e)

Example4: Fuzzy PID control of a ball and beam system.

Consider the fuzzy PID control of the ball and besystem shown in Fig. 8-14.

Figure 8-14. A ball and beam system.

We assume that there are five membership funcfmn€ and € , represented as shown in Fig.8-15.
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A

Membership
functions

NL NS ZE PS PL

e

Figure 8-15. Membership functions fd€ and € .

For the ball and beam system shown above, the mati@l model is given by the following equation:
J .
0= —g+ M r +MGsing - qu2
R
t =(Mr2+J+Jp)g + 2Mrrg + MGr cosg,
wherel is the torque applied to the beaff, J are the angle and the moment of inertial of therhelV] ) J b R, I' are the mass, the moment of inertial,
the radius and the position of the ball, respebtjendG is the acceleration of gravity.

If I',I,q,q are chosen as state variables, then by defining

B=—J , =-(Mr2+J+Jb)
72 + M
R
state equations of the system will be expressed as
X1 X2 0
X2 _ B(xXj - Gsinxg) Lo (8-5)
X3 X4 0

X4 (2MxgxpxXg + MGy cosxg)/C - 1/C
where [X1X2X3X4] = [r r QC]J
In classical PID control theontrol problemfor this task is as follows:

Based on mathematical model (8-5), generate théredesorque (control) such that the ball and beaystesn can be driven from initial state
[r r QC]] = [0.3m 0 - O6rad 0] to the zero final statb’ r QC]] = [O 000].

Since both the state variablésand § are to be driven to zero, the input-output refatiéthe PID controller will be given as (hefe = U)
t t
u=Kp e+ Kiloeldt+ Kg,@+Kp, e + Kizoezdt+ Ka, &'
where@ =lgq -, € =04 - Q.
We assume thak Py’ Kil , Kdl are determined b, € and K Py Ki2 , Kd2 are determined by , €2, respectively.

In fuzzy control, we select these parameters byguiizzy modeling including expert fuzzy rules bdssign(8-3) and fuzzy computatio(8-4).

Fuzzy rules for definingK Py Kil , Kdl and K po Kiz , Kd2 parameters for PID controller of the ball and bestem are shown in Table 8-1
(a,b).

Table 8-1. Fuzzy rules fdesting parameters of the PID controller.

C)] (b)

If & | ande |thenKp | Ky, Kp, If & | ande; | thenKp, | K, Kp2
NL NL | 30.0000 | 0.0012| 52500 NL NL 40.0000 | 0.0019| 0.4375
NL | NS | 64.0000 | 0.0071| 7.6000 NL NS | 150000 | 0.0014| 01172
NS ZE 4.0000 | 0.0006| 0.3375 NS ZE 38.0000 | 0.0033| 0.5344
ZE ZE 55.0000 | 0.0019| 10.4844 ZE ZE 14.0000 | 0.0007| 0.8531
ZE PS 9.0000 | 0.0180| 0.1688 ZE PS 24.0000 | 0.0008| 2.2500
PS | PL | 320000 | 0.0064| 5.800 PS PL | 26.0000 | 0.0260| 1.4625
PL PL | 16.0000 | 0.0007 | 3.0500 PL PL 17.0000 | 0.0007|1.1688

Remark.In next lectures we will discuss how to constrautomatically these look-up tables for fuzzy PiDirol.
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Exampleb: Fuzzy Control in Autonomous Robot Navigation Kas

The development of techniques for autonomousgasion in real-world environments is one of thejonarends in current research in intelligent ratsat
Important problem in autonomous robot’s navigat®the need to cope with the large amount of uaa@st that is inherent for natural environment.
Real-world environments typically have complexdainpredictable dynamics: objects can move, dalgents can modify the environment, and relatively
stable features may change with time (for examgémsonal variations). Prior knowledge about enwiemt is, in general, incomplete, uncertain, and
approximate. For example, maps typically omit sahetails and temporary features, spatial relatiogisvéen objects may have changed, and the metric
information may be imprecise and inaccurate.
Fuzzy logic has features that make it adequutis for the task of autonomous navigation.
The robot uses two kinds of sens@sternalandinternal. By using external sensors, like a CCD-camera andrsor infrared sensors, robot observes the
state of environment. By using internal sensoks, iompass and shaft encoders on the wheels, malsahformation about the state of its own body.
Autonomous navigation task consists of two Ievelodeling and planningnd execution Planning module constructs a plan of actions withtperform
the given task in the given environment. The exeauayer performs this plan. Performance of eaciipa is decomposed into small independent decision
making processes, drehaviors Each behavior implements a control strategy fog epecific subtask, like following a path, avo@isensed obstacles, or
opening and crossing a door, etc. Consider sortteesk tasks and their realization based on fuzyig techniques.
Consider example of behavior calledraeactive navigationfollowing a given path while avoiding unforeseasstacles in real time. This behavior consists of
two parts.
Path tracking behaviofor control): bring the robot from initial positido a target position following a planned path.
This behavior may be described by the followingegahrule:

IF {path- condition} THEN{commangl}

Obstacle avoidance behavi@r control): avoid unforeseen obstacles in rieaét
This behavior may be described by the followingegahrule:

IF {obstacle- condition} THEN{commangl}

Behavior coordination problem
The problem of behavior coordination is onelaf tajor open issues in behavior-based approachesbotics. This problems consists of two different
subproblems:
1) how to decide which behavior(s) should be activaieehch time moment;
2) how to combine the results from different behaviote one command to be sent to the robot’s effsdfjpossibly, taking weights into account).
First problem is calletbehavior arbitrationproblem, second one is calledmmand fusioproblem.

Command fusion

The simplest way to fuse the commands from diffeberhaviors is to use a switching scheme: the adtpm one behavior is selected for execution, alhd
the others are ignored. Which output is selectgrbdés on the arbitration strategy.

Consider example of behavior calledreactive navigationfollowing a given path while avoiding unforesemstacles in real time.

A general rule of command fusion for this type ehbvior can be described as follows:

IF (obstacles close) THEN{Avoid- obstaclg
IF (obstacleis far) THEN{Go-to-Targe}

Reactive Obstacle avoidance control
A typical fuzzy control rule for this task looks: as

IF (obstacle-right-distances close AND (obstacle-left-distancis far) THEN {turn left

IF (right-distanceis clos§ AND NOT(obstacleleft) THEN {turn lefg,
where ‘bbstacle-right-distance’ obstacle-left-distan¢e” obstacleleft” are linguistic variables described by fuzzy sets.
Remark.The rich bibliography of considered problem istaeamed in [17].

So, we considered a few examples of intelligamitrol system design based on ideas of fuzzy Itduit are closer to human control strategies. Final
discuss the following important for control thegmpblems.

Robustness, Stability and Controllability of ComtBystems
Control system isobust if changing the parameters of control object dussnecessarily require changing the control syste
Fuzzy Controller is robust control system, if chiaggof the parameters of the control object doesahange the set of fuzzy rules.

For example, FC developed for inverted penduluntrobis a robust fuzzy control of inverted pendulu@onsider the following case. Let us put a gldss o
wine on the top of pendulum. Experiments with gifenzy controller demonstrated that without chagdine set of rules, the pendulum with the glass of
wine was balanced.

Let us replace the glass of wine with a live modseexample, and so on. Must we also change thefsezzy rules?

There is a very important questidrow much the parameters may be changed withouhetbd for changing the fuzzy rul@his problem is connected with
the stability problemof a control systemThe feedback control system must maintain stabityen the control object is subjected differenteaexal
disturbances or changes.

If for every bonded control signal input, themut state of a controlled object is bounded, ttencontrol system is calleslable.An unstable systetmas an
output that grows without bound (exponentially, éaample).

The question of stability is clearly defined fiorear dynamic systems. In nonlinear dynamic systéhe problem of stability is more complex, anffiedent
methods for stability analyzing of nonlinear syssesme developed, for examplgjapunov’s stability methodsdentropy production-based methfdd].

Stability of linear systems depends only on slgstem’s parameters, and doesn’t depend from liitaditions. But the stability of nonlinear system
depends on the initial conditions as well as systgrarameters. Nonlinear system can exhibit a steddponse (output) to one type of input, and biesta
response to another type of input.

The concept of controllability is also very imnt in control theory. A system is completelyntrollableif there exists a control which transfers every
initial state (input) at =t, to any final state (output) &t T for allt, andT .

Controllability property means that by a contradtgyn we can stabilize a controlled object (thathis,controlled object can reach an equilibriunteta
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Lecture N 9 Genetic Algorithms: Theoretical Backgrainds and Applications

Let us discuss how to improve the capabilitiefupzy controllers based on a fuzzy logic approach
Fuzzy logic approach enables us to translatétatiree knowledge about the problem into a reasgriystem capable of performing approximate pattern
matching and interpolation. But, in fuzzy logic bdgechnology the generation of membership funsti{dF) and fuzzy rules (FR) is a task mainly doge b
human expert. Human expert also solves the tasifioing (or tuning) of knowledge base.
Fuzzy logic approach does not have adaptatidiearning capabilities for self-constructing (autdic constructing) of MF’'s and FR’s for fuzzy cuiter.
These tasks can be successfully solved by @eargetic AlgorithmgGA) andAtrtificial Neural NetworkgANN), another Soft Computing technology.
So, a parameter’s tuning step in a fuzzy contrsliéesign can be performed on the base of GA tdoggo
Before GA definition, let us refresh traditionahsemes of finding solution in optimization task aranpare them with a human like optimization.

Main Schemes of Optimization

1. Calculus-based optimizatiois based on gradient descent methods. In this wasseek optimum of a given function by using adgmat of the
function and have to solve a nonlinear differengigiation.
2. Enumerativeschemes investigate every point in a search spamk find better. This method requires a lot ofetimnd not efficient for large
dimension tasks.
3. Random search algorithmigvestigate randomly all space of solution, amtifa solution. They are also not effective on ladgmensions of
solutions space.
Let us discuss now how people solve optimizatickga
4.  Human like optimization

Using conventional search algorithms we askyetigre: does the method reach an optimum or no8tHar words, we must prove the convergence to the
optimum. So, the goal of classical optimizatiothis achievement of the optimum itself. Consider an#ike optimization behavior. In our common lifeg
often try to do something better and better retatovthe past performance. But, convergence tbébeis not an issue in a human optimization bemavhe
goal is to find a “good enough” solution. So, ie thuman like optimizatiothe most important goal of optimization is improeamGAs use this idea.

What is Genetic Algorithm?

John Holland was the first researcher who inlt®i20 developed and analyzed genetic algorithmis @énetic Algorithms are global optimum search
procedures with a probabilistic component basethemechanism of natural evolution.
What is a natural evolution?
Natural evolutionis a process that operatesamomosomeswvhich are special organic devices.
Chromosomes encode the structure of living beimgiyduals). The set of individuals is callegpapulation
The population evolves over time through competitsurvival of the fittestThis is the biological law of evolution.
Three main processes characterize the naturaltémoigelection, recombination and mutation.
Natural selectiorprocesses are as follows:
1) link chromosomes with the performandgr(ess) of their decoded structure ;
2) define the chromosomes that encedecessful structurgswhich have a maximum values of fitness ) and
3) cause those better chromosomes to reproduce nterethin a chromosomes encoding not successfatstes.
Recombinatiomprocess creates different chromosomes in childyecombining material from the chromosomes of the parents.
Mutation process causes the chromosomes of children tdfbeedt from the chromosomes of their parents.
GA incorporates these features of natural evoluticcomputer algorithms to solve difficult problemisoptimization through evolution.

Consider main idea of GA by using a simple example.
Let we define two point A and B in some space, @advant to find an optimal path from A to B in tisisace (for example, the path with a minimum of
time). In this case GA manipulates with a set bpatential solution of the problem. GA consideligpath’s from A to B, and by using stochastic @am)
mechanism finds a subset of good path’s so thaptimal solution is contained in this subset.
Main paradigm of GA:
GA investigates a search space, finds and maingappulation of individual's structures that reymet candidates of optimal solution to the curpeablem.
GA can be applied to a wide range of optimizatind earning problems, including routing and schiedyimachine vision, control systems design andrso
We consider the using of GA for the task ofzfgrules and members hip function design for fuzaytrollers.
Let us discuss the basic structure and mechaofissi\.

Basic Structure and Mechanisms of GA

Step 0Coding

GA operates on a coding of the parameters of tokl@m. Thus, at first, the parameters of the prolieust be encoded in finite length strings (like
chromosomes).

A chromosome can be considered as a vedoconsisting ofI genes:

x=(a,a,..a,),al A,

where| is the length of the chromosomef)\ . is the alphabet . Commonly, afy isthesame,thatiA:L = A2 = .. = AI = A
|

If A ={0,1} then chromosome is representedbinyary genes
iF A = R {real numbers} then chromosome is representetkbisvalued gened-urther the following steps are performed by GA.

Step 1:nitial population construction

The initial population can be initialized using wer knowledge is available about possible sahstidn the absence of such knowledge, the initial
population should represent a random sample otkegrace.

Randomly generate an initial populatio (0) = (Xl, X2,...,Xn) .

Step2: Fitness evaluation
Compute a fitnessf (Xi ) of each individualX] in the current populationX (t) .

In the step 2 each member of population is evatLiatel assigned a measure ofilisessas a solution. Fitness can be measured by using fitness
function (called also as objective function, orleadion function).

When each individual in the population has beeruatad, a new population of individuals is formadwo steps (step3 and step4).

Step3: Selection



(Copia modificata per una migliore consultaziondiog)

Generate an intermediate populatiéﬁr (t) (called also as Blating poolor a set of possible parents) applying igroduction (selection) operator

In this step individuals in the current populatame selected for replication (reproduction, copadédd on their relative fitness. Individuals witgthrelative
fitness (“good” individuals) might be chosen sevéraes for replication, while individuals with lovelative fitness (“bad” individuals) might not bhosen
at all.

The probability p(xi ) that an individuaIXi will be copied into the next generation dependsnugf the ration of its fithess valud (Xi ) to the total

fitness,F, of all individual in the population. This ratiof((Xi ) | F) is called aelative fitness

The reproduction is done by conducting a serieammflom trials in which each string is copied toititermediate population a number of times that is
proportional to the value of its relative fitne$bis random procedure can be, for example, likéoate Carlo random procedurealled also as “wheel of

fortune” (or Roulette wheel) (see Fig.9-1).

Figure 9-1. Roulette wheel procedure (or “Wheébofune”).

Each chromosome (in the roulette procedure) ocsugmearea that proportional to its relative fitness

Expected number of timesE ¢ (X) ) that chromosomeX will be selected is given as follows:

selec
E select (X) =N Pselect (X) : (9-1)
whereN is the population size; an _ f (X) ) 9-2)
Iq)selec'((x) - N
")
i=

(We approximate the value of (9-1) to the neargsiger.)

Remarkl. Besides the “roulette wheel” procedure, may belseranethods of selections. For example:

- uniform selectioneach chromosome has an equal chance of seleetiandless of its fitness;

- tournament selectiorsmall number of chromosomes is uniformly chosdigr they compete with each other on the basikeif fitness.

- Selection with elitismthe fittest chromosome is transferred to the rgedteration without change. Then random selectsooperformed over last
chromosomes.

In the absence of any other mechanism, the regudgtective procedure would cause the best indadio occupy a larger and larger proportion in the
population over time.

Step 4 Crossover and Mutation

Generate the populatioﬁ( (t + 1) applying genetic operators to ﬂ'xr (t) .

In this step the selected individuals (frer (t) )) are altered usinggenetic operatorto form a new set of individuals for evaluation.rSmler two main
genetic operatorgrossovermndmutation

Crossover Operation

The primary genetic search operator isahessover operatomwhich performs the following functions: 1) seketivo parent’s individuals, 2) mates (or
combines) the features of these two parents afwf @) two similaoffspring (children)

There are many possible forms of crossover. Thelsshis the following. Pairs of parents are selédeandomly. For each pair of parentsoint of crossover
(one or two, or a few) is selected also randomhjispoint indicates how many bits on the right ehéach string should be interchanged.

For example, if the parents are represented bijsise

( ) and ( )
alaZ a3 a4 a'5 blb2 b3 b4b5
and the point of crossover is shown by the symbol “*,

then the crossover-operator produces the followiifgpring:

aa,b.bb)ad bba.,a. a.)

172737475 172737475
You can see that trmntiguous groups of bits at the right end of tivings are interchanged their values
Remarl2. There are another types of crossover, for exantipbse shown below.
a) Uniform crossover

parents : offspring

(AMBy CiD; B Fp) (AB1C2DoE F7)
(001101) - a crossover mask)

(A2B, CyDy, Ep Fj) (A2B,C1D1E5Fq)

In the uniform crossover, a bit string calledrassover masls used to generalize the rossover process.ifh thiits mask indicates that corresponding bits in
the parents are to be interchanged; bit 0 indigaddsit interchange.
b) Linear interpolation 2-point crossover
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parents offspring

(AlBlcl DlEl Fl)
2A, + A, 2B, + B, 2C,+C, D, + 2D,

3 3 3 3
E, +2E, 2F, +F,
3 3 )
(AZBZCZ D2E2 F2)

(ALt 2A; By+2B, G +2C, 2D, + D,

3 3 3 3

2E,+ E, F,+2F,

3 3 )

In generating new individuals for testing, tliessover operator usually based only on the inftongresent in the structures of the current iighlials. If a
specific information is missing, due to storageitiations or loss incurred during the selection psscof a previous iteration, therossover can not produce
new structureshat contain it.

Mutation

A mutation operatomhich alters one or more components of a selestredture, provides the way to introduce new infation into the population.
A wide range of mutation operators have been preghasnging from completely random alterations twerheuristically motivated local search operators.
Mutation operator serves as secondary search op¢hat allows GA to investigate all points in #earch space.
The resulting offspring are then evaluated andrtedeback into population, replacing older members.
Specific decisions about how many members areceglduring each iteration, and how members aretseldor replacement, define a range of alternative
implementation.
Step 5 Checking of End_Test
t=t+1; IF NOT (End_Test) THEN go to Step2 ; else stop.
The “End_Test” describes the condition of finishiitgrmination) of GA. It is a stopping criteriah& “End_Test" is usually given by the number of
generation (for examplé= 1,2,...,100 ), or by the time-length of work@# ( for example, 3 hours) , or may be some speciai/ergence criteria.

So, final generation of individuals represents latgmn of a given optimization task. In this case say that GA converges to the optimal solution.
Convergence of GA means the situation when al@thromosomes in the final population have theesgeme values.

We have seen that even simple GA exhibits a sapaistl information processing capabilities.

Block-diagrams of GA are shown below in Fig.9-Db(a,d).

Coding and Evaluation

To coding and
evaluation

Initial population

Generate
population

’ Fitness function call‘

v

’ Save best solution‘

Output best solution
(Result)
N

Relative fithess assignment:

RelFitness= P;Abﬁ:w

AbsFitness

i=1

J

(@)

Figure 9-2, a. Coding and Evaluation steps of GA.
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Selection
Generate
random numbe
RI [0,1],
ARF=0;
1=0;
| ARF=ARF+RelFitness |
To crossove& Place I-th.
YES chromosome in the
NO mating pool
| I=1+1; |
ARF: Accumulated Relative Fitnes(%)
Crossover
NQ I<PS >«
=
A Randomly select two
To mutatiot different chromosomes
from mating pool Plac_e CHR1 a_nd CHF
(CHR1 and CHRY) into offspring
Generate p 4
[
CHR1(CP,:)=CHR2(CP,: Generate crossover
T CHR2(CP,:)=CHR1(CP,:J* | point CP
PS: Population size
pi [0,1]: Uniformly distributed random number
CH [1,L]:Uniformly distributed random number, crossopeint, L- length of chromosome
()
Figure 9-2. Selection and Crossover steps of GA.
Mutation

To mutatior

NO
I<PS <
To coding and M
evaluation Select chromosome

from the offspring
(CHR) Replace CH%
A

; YES
CHROIP =GR, | CSTEre taion L 52 oy~

PS: Population size
pl [0,1]: Uniformly distributed random number
MPI [1,L]:Uniformly distributed random number, mutatipnint, L- length of chromosome

(d)
Figure 9-2. Block-diagrams of GA.
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Example of GA-based optimization

Consider now a simple example in order to urtdadshow a genetic algorithm works. Let us considerfollowing task: optimize the functidx) = X2
over the interval [0-31] by using GA search meckaniThus, the problem for GA is to find the valtieX which gives a maximum value of the given
function f ( x) on the given interval.

At first we consider the set of parameters of tivergtask which must be optimized. It is a sex &om interval [0-31].
GA operates on a coding of the parameters. Thegpdhameters of the problem must be encoded te fiength strings. We will use a binary coding and
consider a five-bit strings: { 00000 - 11111}.

Remark3. A binary string of length can represent’andividuals. So, ifi = 5, then we can represent 1,2,3,...32 numbets 82) . Therefore in order to code
all numbers from interval [0-31] a five-bit stringse enough 1¢ = 5).
Let us consider initial population by usingadam procedure. Let the initial population pool d&t a set with four individuals as shown in Te®bige.

Table 9-1. Initial popudat.

initial « f(x) relative fitness
population (fitness ) | (percent of total )
01101 13 169 14 4
11000 24 576 49 .2
01000 8 64 5.5
10011 19 361 30.9
Sum - fithess 1170 (100.0%)

Remarl4. In Table 9-1 you can see a binary and decinmésentations of numbers. The rule of transfornaifsgnary number to a decimal number is shown
below:

abcde =a2* +b2%+c2? +d2! + e2%
01234 - positions - from - left - to - right

Forexample01101 = 032% +152% +1522 + 052" +1>2°=8+ 4 +1=13.

Our next step is reproduction. Reproduction opemtaluates and selects pairs of strings for maioug by the following way: one copy of string 011.@&wo
copies of 11000, and one copy of 10011 are seldxstesing a roulette wheel method.

Next we apply the crossover operator as illustratéthble 9-2. The crossover point is determined bgndom number generator.

Table 9-2. Mating pool stringglacrossover.

Mating pool | Mates | Swapping New population
01101 1 0110[1] 01100
11000 2 1100]0] 11001
11000 2 11Jo00] 11011
10011 4 10[011] 10000

After crossover the mutation operator are appliaiclvmay modify a random bit in the given stringe8ial probabilistic functions for determining the
probability of mutation are used.

In Table 9-3 a new generation of string after matais shown (here you can see, that there is nation). Then the end-test is applied in orderefire:
continue the GA work or stop.

You see here that GA achieves very quickly (onlywy generation) a solution which is very closéinal (optimal) solution.

Table 9- 3. Next generatiéstoings.

initial « f(x) relative fithess

population (fitness ) | (percent of total )
01100 12 144 8.2
11001 25 625 35.6
11011 27 729 415
10000 16 256 14.7

Sum - fitness 1754 (100.0%)

Finally, discuss the following main properties oA.G
Differences between Classical Methods of Optimaratnd GA

1) Conventional (classical) optimization techniques based on finding of the parameters of thematical modedf a problem which produce the
global maximum (or minimum) of some givebjective functiorior this problem.
Genetic Algorithm itselfloesn’t use a mathematical modeinvestigates populations of solutions of alpem, and operates by maintaining and
modifying the characteristics of a population. G#&dind a population of good solutions of the penblthat contains an optimum solution of the
problem.

2) Classical optimization techniques represent a atéskerivative - based methad$his means that for optimal solution finding djestive function’s
derivative information is needed.
GA represents derivative-free optimizatidinis means that for optimal solution’s searchangobjective function’s derivative informationrist needed.
In this case GA can be used both for continuosdisaiete optimization problems.

3) Classical methods operate with parameters of angiveblem.GA operates on a coding of the paramet@isus, the parameters of the problem must be
encoded in finite length strings. The string mayabsequence of any symbols. The binary symbolsaitd “1” are often used in GA. A selection
(choice) of a coding method is very important.
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4) GA optimization is performed on a set of stringusyng probabilistic mechanism and fithess measarra tring.
5) GA can operate without any knowledge of a seareleep
6) GA provides a means to search an optimal solutiggoorly understood and irregular spaces.

Theoretical Foundation of GA

Let us define simple genetic algorithms (SGA) foligna
Definition 9-1 : (simple genetic algorithjn
SGA is defined as following 8-tuple:

<c.F.,.mW.G.D.Y >

whereC is the genetic coding scheme of individual forivaeg problem;

F is the fitness ( or evaluation, or objective) ftioie to compute the fitness value of individual;
PYis the initial population;

/7. is the size of population;

W s the selection operator;
G s the crossover operator;

D is the mutation operator;
Y s termination conditions (End_Test).

SGA usually apply a binary coded strings . We saly, that such strings are produced from the algth@ = {0,1}. Each symbol in a string is ideraid by
its bit position, wherit position equall means the first left symbol in a string

Definition 9-2: (a schema)
A schema S (the plural is schemata) is a stringithconstructed from alphabet A’ = {0,1,*} , wieet indicates “ don’t care” .

For example, the following string is the schema:
S=*1*0**00. (9-3)

Definition 9-3: (a representative of a schema)
A string which matches a schema in all of its dédibit position (0 or 1) is called the representabf given schema.

The following strings A, B, and C represent sché&given in (9-3):
A=11001000
B=01100000
c=11101100.
Definition 9-4: (an order of a schema)
The order of a schema(S), is the number of definite bit positions .
For the schema given in (9-3)S) = 4.
Definition 9-5: (a defining length of a schema)

The defining length of a schemae,' (S) is the distance between the Ieftmcb;éft) and rightmost bright ) bit positions holding either a 0 or a 1.
0’ (S) is calculated abright - bleft .

For our example (9-3)0 (S) = bright - bleft =8-2=6.

Implicit Parallelism of GA

Suppose that the strings are Ien&th Each string represen2 l schemata. For example, the string 1101 has leswgthl 4, and therefore represerfts 26
following schemata:
1100’ 110*’ 11*0’ 11**1 1*00’ 1*0*’ 1**0’ 1***’ *1CD, *10*’ *1*0’ *1**, **00’ **0*1 ***0’ 0***, ****'

If there is a population aof string, the total number of schemaﬁals is

2l £ ng £ 02l

Since each string can represent many schemataaisrthat GA operations defined on a populatiastrofgs process a much
larger number of schemata in parallel. This propisrtalledimplicit parallelism of GA

Consider the following task [20].
Let some schema S haB(S,t) representative strings in a population at ttmeéWe will calculate how many representativeshef given schema will
appear in the next generation:

n(Sit+1) =-

This number depends upon the operations of reptimhy crossover, and mutation. The effects of esitithe considered separately, and then combined.
Reproduction
According to the formula (9-2) the probabilitp(Xi ) that an individuak; will be copied into the next generation dependsnugf the ration of its fitness
value f (Xi ) to the total fitnes§ of all individual in the population :

p(xi)=f(X) /F.

Thus, the probabilityp(Si ) , of a stringS which is a representative of the scheBnadeing copied to the next generation is defirled as:
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p(S)=1(S) /F.
where f (Si ) is a fithess value of strin§ , F is a total fitness of all strings in the populatio

According to the formula (9-1), each representaﬁe of schemé&is copied to a Mating PodNf (S| )/ F times. Hence,

NSt+1) -  NF(S)/F. (04
i=1

Consider the average fitness of sche&wehich is as follows:

" 1(S)

f(gy=2L -
n
From (9-5) we have:
n
f(S)=f(S)n. (96)
i=1
By using (9-6) we may now rewrite (9-4) as follows:
n(S,t+)=n(S,t)nf(S)F ©9-7)

where f (S) is the average of the fitness functions of schmA is the number of nonoverlapping representativesgsty F is the total of all fitness
functions taken across all strindé) (n the population.
Consider f (P) = F/N which is the average of the fitness over all gtiitnthe population. Then we can write (9-7) as
n(S,t+1) =n(S,t) f(S)/ f(P) (9-8)
This shows thathe number of representatives of a schema grows feneration to generation at a rate that depenuisuthe ratio of their average fithess

to the average fitness of the population. Schemittalarge fitness get increasing numbers of reprgative. Schemata with small fithess decreases.
If we have a schema, which has fitness greatertth@average of a population, for example, asvalo

f(S) = (L+Kk) f(P) = f (P) +kf(P) (6-10)
then
n(S,t+1) = n(S,t)[ f (P) +kf (P)]/ f (P) = n(S,t)(1+k) (6-11)
After n generations the number of representatives of Soeill
n(S,t+n) =n(S,t)(1+k)"*L (0-12)

Equation (9-12) is the well known Holland’s theorém

Holland’s theorem 1:

The number of representatives of schemata withe@bwerage fitnessf (S) > f (P) ) grows in the population exponentiallyj,

while those schemata which have below averageﬁt(lé (S) < f (P) ) decrease exponentially.

Crossover
Despite the effectiveness of reproduction in insieg the percentage of “good” representativesptbeedure is essentially sterile. It can not create and
better strings.
Crossover and mutation operators perform this fanct
Consider the following example (Table 9-4). Let gmpulation consists of a string A and string Birfgt A is the representative of schematasd $, and
string B represents neither.

Table 9-4. 8¢$ and Schemata

SIZ**O*\***l

82:****‘01**

A = 0100|0101 (S.,S,)

B =1010 1000 (no S;,no S,)

Consider a crossover operator which mates randdars @strings. It cuts the strings at a randomdyedmined position, and interchanges all bits éoright

of the cut point. Doing so with strings A and B ssover produces the following new strinﬁé( and B(:
A(=0100[1000 (no S;no S,)

B¢=1010/0101  (S,)

Discuss the results of crossover operation. Novstlieg A( does not represent schematasd 3, but the strinB(represents SThis fact shows that
crossover operator can reduce the number of repriasige of a schema

The probability plost of schema S losing a representative from a randohugen cut position (a crossover point), may lpgessed as:

Piost = PcA(S)/(1 - 1)

where pc is the crossover probabilit)]; is a length of a string.
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If we define pretaining as the probability of schema S retaining a reptesier, then

Pretaining= 1~ Piost=1- p.a(S)/(l - 1 (©-13)
Combining (9-7) and (9-13) we obtain
n(S,t+1)3 [n(S,t)f(S)/ f(P)[[1- p.a(S)/(I - D] (9-14)

Equation (9-14) is the following theorem 2 of Holth

Holland’s theorem 2:

The growth of a schema depends upon the valueedittiess functions of its representatives, as alts defining length.

Thus, aschema with high fitness function and short defjiength is more prolific.

Mutation
Each bit in a string has a chance of mutationstojiposite value. Letpm be the probability of mutation in any bit positidrhen, the probability that a bit

does not change is ( 1P, ).
If a string represent a schema that &@&) bits that are either O or 1, then the probighitiat all corresponding(S) bits in the string do not mutate is

o(S
(1 - pm) (S) . In other words, the probability that a stringneens a representation of a schema after mutation i

o(S)
d- Pm) ©1
Since pm is usually small then formula (9-15) can be sinigdifas:

@- o(S)py) 9-16)

We now can write the combined effects of reprodurttrossover and mutation. Combining the form{@a#4) and (9-16) we have the following schema

theorem of Holland.
Schema Theorem: Fundamental Theorem of GA.

n(St+1)3 [n(St)f(S)/ f(P1- p.a(S)/(I - H]1- o(S)py,]

(9-17)

Schemata grow exponentially if they have high sealues, short defining length, and low order.
In (9-17) following designations are used:

n(S,t) is the number of representatives of sch&uaatimet ;
f (S) is the average fitness function for sche®na

f (P) is the average fitness function over the poputatio
pc is the crossover probabilit)l; is a length of a string;
O(S) is the defining length of schensa

O(S) is the order of;

pm is the probability of mutation at any bit position

Final discussions

Coding problem
So far we have dealt with a simple coding schesieg a binary alphabet. How do we know that tirigiry coding is optimal, or effective? May be drest
way of coding will be better? Only way to answer‘amat coding method is better” through simulation.
Experimental observations shown that GA are rolihat,is they produce good results despite theriffce in the coding. But, we must give carefidrdion
to the coding method because it can have a signiffieffect on the accuracy and efficiency of the GA
Goldberg (1989) [21] proposes two principles fifeetive coding:
1) Theprinciple of minimal alphabets
2)  Theprinciple of meaningful building block%a user should select coding so that short defiféngth and low-order schemata are relevante@iben
problem”.

Why is needed first principle? A small alphabetduees a long string. In this case the efficiencliraplicit parallelism” property is increases. Gblerg
shows that: a binary alphabet yields the maximumber of schemata for a string of a given lengthkintathe binary alphabet the optimal choice of ogdi

in GA.
But, binary coding is not a requirement. Anotheding methods are used in GA. For example, real-d¢atieomosomes consisting of real or integer numbers

Other Evolutionary Algorithms

The literature contains a variety of evolotioy techniques, some of which show promise inisglproblems that are difficult for the simple GRor
example, in the biological reality most high creatupropagate through sexual reproductions8guial reproduction-based Ges two classes of
chromosomes: females and males. This representdtaws to refine and improve the selection procBss little research has been reported where $exua
reproduction is simulated, perhaps because bereétaot clear.

Another example of evolutionary algorithms is atldal evolutionary algorithm (BEA) [22].
The BEA incorporates another operations analopédalirect transfer of strands of genes from hdi ¢& set of chromosomes) to other cells. The atjpeof
bacterial mutatioris applied to each chromosome one by one by th@afisig way: first chromosome is chosen and it groeluced irm clones. Each



(Copia modificata per una migliore consultazioneliog)

chromosomes is divided on parts: partl, part2,.rt,pa@ne part | ) is randomly chosen, and genes withinithepart ofm-1 clones are mutated. At this
stage thé-th part of all the clones is replaced by ithepart of the selected chromosome.

Thegene transfer operatiosubstitutes the crossover operation in a simple IG&orks with two classes of chromosomes in aytaqion: with better fitness
and with bad fitness. It propagates "good” parefibetter chromosomes into bad one (see detail22i).

Lecture N 10 GA Application in Intelligent Control Systems Design

GAs have been used to devise control rulea faariety of dynamic systems. Discuss GA applicafar tuning membership functions and fuzzy rules o
fuzzy controllers. Consider following examples.

Examplel. Cart-centering control problem: centering ammgbging a cart located on a one-dimensional track.

In this case we have the followiffgskl (Fig.10-1):design a fuzzy controller which for given initialecity and position on the track will bring thertéo
zero velocity and zero location in minimum time.

A

%0:Vo x=0,v=0
Figure 10-1. Cart centering problem.

The input variables for this problem is the locataf the cart -X , and the velocity of the cartV . The output variable is the forgeapplied to the cart. The

equations of motion for the cart are:
X(t + 1) = x(t) + tv(t)
v(t+1¢)=v(t) +£F(t)/m,
where is the time stepnis a mass of the cart.
Example2. Truck-Backing Control Problem.
In this case (Fig.10-2) we have the followihask2:

design a fuzzy controller which is used to con&rdtuck from an arbitrary initial position to thpeial final position ( called “loading dock”) inimimum
time.

We will describe a truck location as a point on 10a00 grid at a given angle to the horizonfél,

The goal is to control the truck so that in a minimtime it goes from the initial Iocation)(o y yO y fO ) to the location of “loading dock”X =50 m,y =

100 m, [ =90).
A
T $% g
os0.
y=100 4
fe
Yo %

&/) fO

& X0

5 >

Figure 10-2. Truck-Backing Control problem.

The controller must provide a turning an@ that moves the wheels and turn a truck every step.
For the truck motion we have the following relasbips:

f(=f+qg xt=x+rcosf( y(=y+rsinf(

where X(, y(, f( are the new values of the truck position and aafjker each time step.

Consider the application of a simple genetic @igm (SGA) method for these tasks.
At first let us remember what is needed to desifuray controller?
The following steps are needed:
- description of input-output parameters asdrétlues spaces (Table 10-1 for the task 1 anceTdBR for the task 2);
- division input-output spaces into differenttjieon sizes ;
- description of these partitions by membership fiomst (MF) (Fig.10- 3);
- construction of a set of fuzzy rules (FR).
So, different fuzzy controllers have different Mi#sd FRs, and we want to find optimal parametefdgs and optimal set of FR’s so that a given fuzzy
controller performs the control task in a minimume.
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Table 10-1. Cart Control problem Table 10-2. Truck Control problem
variable value
m 20kg
t 002sec variable value
r 2m
X - 2 to+2m g | -30 to+30
\% -2 to+2m/s f|-90 to+270
X 0 to100m
F |-150 to+150N T 0 to10m
47 4 Peak points
NM NS ZE PS PM NM NS PM
Base length
iy locatjon velocity
3 2 -1 0 1 23 3 2 -1 0 1 23 (mk)

Figure 10-3. Membership functions.

Let us consider GA application for tuning paréene of the cart fuzzy controller (Task 1).
In this task five fuzzy sets with triangular M&® used to partition of the input and output spafFig.10-3) : NM - Negative Medium, NS - Négat
Small, ZE - Zero,
PS - Positive Small, PM - Positive Medium.
For a fuzzy control of the cart we will considee ttollowing type of fuzzy rules:
IF Xis { NM,NS,ZE,PS,or PM} andV is { NM,NS,ZE,PS,or PM} ) THEN futpu.
The task of GA is to find optimal set of theseyfuales.
The first step in GA application is a choice ofaaling method of potential solutions.

Coding for the optimization problem of the cart trofier design

We must create a string representing our piafestlutions. In this case, what is our potersg@ltion? It is a set of fuzzy rules. For fuzzjesicoding we
will use an integer-based coding method by thefdtg way. Let us introduce the integer numbergHerfive fuzzy sets as:
1-NM, 2-NS, 3-ZE, 4-PS,5-PM. Then teeaf fuzzy rules can be described by the lookalpet shown in the Fig.10-4.
positior

NM | NS | ZE | PS | PM

NM 1 4 3 2 1

. NS 5 2 4 3 2
velocity

ZE 1 2 4 | 5 1

PS 4 3 1 2 2

PM 1 1 314 5

Figure 10-4. Look-up table for the Cart Fuzzy CGother
We can describe this set of rules by the followstring (consisting of 25 positions):

{1432152432124514312211345}.

So, we will use such a kind of chromosomes in oftased controller design.
The task of GA is to find an optimal solution, tigtto generate the population containing optifuzaty rules for our control task.

Let us remember the definition of our task: we nugststruct a fuzzy controller which for given initposition and velocity on the track will bringetbart to
zero velocity and zero location in a minimum time.

If the coding method and a fitness function (selew) are defined, then SGA software can be usedder to find optimal solution. The SGA program
allows the user to define the values of populasiae; of maximum number of generations, of prolitiésl of crossover and mutation. For our Task 1 the
following values are chosen:

100, 100, 0.7, 0.03.

In order to select the individuals for the ng&heration, a special selection method called ftaorent selection” is used. ine “tournament selection”, two
or more individuals of population are selectedaatdiom and their fithess compared. The individuatls thie highest fithess are copied to the next geio.

For the search of optimal solution of our tdske GA process is divided into 2 stagetagel( calledevolution stageandstage2( calledrefinement
stagg. In the first stage GA is used to find satisagtsolutions ( controllers) which are solved taskt1 with a tolerant error at some time ( naessary
minimal time). In the second stage, GA attempteghittimize the amount of time needed to bring th&€#ocation and velocity to zero.

Stage 1.

In this stage GA performed 30 generations. Thedisrfunction rewarded an individuals of the popaiteaccording to how well it come to the toleravegue
equal £ 0.5 for both location and velocity. The toleranedue shows the admissible value of error (a difiee between real final location and velocity of
cart and desired final location and velocity equeab).

The number of generations equal 30, at which tlstuéion stage ended, was obtained experimentally.
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A main problem in GA application is the definitiofian appropriate fithess function for the givealgfem. In the previous lecture we discussed the
properties of GA, and pointed that GA do not reg@mathematical model. However, from another €demust have a method to evaluate the controller's
performance. In this case the mathematical modebeaused to evaluate the fitness of a given iddadi of a population.

Consider the fitness function for this stage.

Fitness Function for Evolution Stage.

(it ([} <0:5) and M < 0.5)thenfitness =81 75/ time

X and V are within tolerance values }
else( if ( tIME = 175 ythen
{ simulation times out beforeX and V are within tolerance values }

(if (|XI <1.0)and M < 1.0)thenfitness = 3.5/ X2 + y2 else

fitness=- 1 )))
it ( (X>5.0)and (V| >5.0)thenitness == 7 ).

Let us comment this fitness function.

If the controller succeeded in bringing anditithin the tolerance, then it is evaluated byfitmess relative to the time it took. The minimfditness in this
case is 8 (since 175 is the time limit).

If the controller “timed out” (that is did noboverge by 175 time steps) , it was slightly puedhvith negative fitness, or slightly rewarded depeg on
location and velocity.

If the controller has the value of location etocity greater than 5.0, the fitness was givesrgdr negative value.

Stage 2.

The second stage, from generation 31 to generaf0, finds the solution based on a time ceteri
The fitness function is as follows:
Fitness Function for Refinement Stage.

(if (|xl <0.5)and M < 0.5)thenfitness = 0.3 (175~ time)

X and V are within tolerance values }

else .
(if ( tIME = 175 ythen

{ simulation times out beforeX and V are within tolerance values }

thenfitness = - 424/ X2 + y2 )

it ( (X >5.0)andV >5.0)thenfitness =- 300).

Comment.

If the controller reached the tolerance valitesas rewarded according to how short a timeaktdf the controller “timed out”, it was punishedcording
to the error values. If the controller has theueadf location or velocity greater than 5.0, thedss was given a larger negative value.
Following pictures illustrate a fitness evaluatfmocess of each individual (chromosome) in a ctipepulation.

chromosome A set of fuzzy rules

U g

IF x is NM andv is PS THEN F is PS

Rule 1

n

n A

NM PS PS
}Rule k ‘
X
EEE% :}- Rule n \ F

Figure 10-5. Decoding structure of a chromosoméSarbased optimization of a fuzzy controller .
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Fitness Evaluation

|

initial
t=1,%y,Vy
Output control
Fuzzy Mathematical
Input » Reasoning Model X1, V1
- F &+ X5,V,
X1, Vp
Xo Vo t=t+1
XV, X1V

Evaluate fitness

Figure 10-6. Fitness evaluation process in GA-bagtinization of a fuzzy controller.

Consider now some problems connected to initiatit@ms.
A potential optimal controller must be able to gterover the entire range of initial conditionsmHoust GA work in this case? This can be done lygus

multiple initial conditions in the evaluation ofa@wsindividual of a population.
If a single initial conditions were used, for exdm;Xo =0.7m andVo =-0.5m/s, then GA would find a controller whislerks well around that particular

point, but may fail elsewhere. In order to avoiis tisadvantage, in evaluating of each individdgdapulation, the total fithess of the individuslused. The
total fitness is calculated as a sum of the fitraéssach initial condition. Different initial coritins are shown in the Table 10-3.
Table 10-3. Initial conditions foart controller.

Controller Initial - conditiongxg,Vg)
333 (-2-2)(- 22)(00)(2-2)(22)
555 | (-2-2)(- 22)(- 1- H(- 1)(00)(L- H(AN(2- 2)(2.2)
557 | (-2-2)(- 22)(- 1- D(- 1)(00)(L- H(1H(2-2)(2.2)

Remarkl. Controller 333 (555,557) means that 3 (5 ané$pectively) membership functions are used fotdbation input variable and 3 (5 and 5,
respectively) for the velocity description, and 3kl 7, respectively) membership functions are tiedutput description.
In Fig.10-7 the result of GA optimization for tiiask 1 is shown.

AN 4 Peak points
NM NS ZE PS PM NM NS  Z PS PM
1
1
posmorl velocity
3 =2 -1 0 1 23 (m) 3 2 -1 0 1 23 (mis)
(@) (b)
7Y
positior output
NM | NS | ZE | PS | PM
NM 5 4 4 4 2 . NM NS ZE PS PM
. NS 5 5 5 1 1
velocity
ZE 5 5 3 1 1
PS 5 5 1 1 1
PM 4 2 2 2 1 >
75 50 25 0 25 50 75 (N)
d
() (d)

Figure 10-7. The optimal fuzzy cart controller.

Remark2. To simplify understanding of our example we considleonly the optimization problem for the set afzfurules. If we want to consider the
optimization problem for membership function’s pagters too, we must introduce this information imocnosomes. Two input parameters (position,
velocity) and one output parameter are describedlByMF's (five fuzzy sets NM,NS,ZE,PS,PM - ¥r, five fuzzy sets foM , and five for output ).
Triangular MFs can be described by its base lengtlues (or their end points) (see Fig.10-3). W fivil by SGA optimal values of end points for elti
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Let the end point's value is described B bits, then 1411 bits are needed in order to encode all memberalnigtfons for input /output parameters. So, to
represent a set of FRs and end points of input MBmary string of (Zé 3+15 M) bits is needed.
Remark3. 1) The fitness functions considered for the Tasksdl2 are obtained experimentally. In Fig.10-7ules (a), (b),(c) are obtained by GA; part (d),

output MF’s, was fixed.
Consider now Task 2, a Truck-Backing Problem.

Truck-Backing Problem
Let us state this problem as follows: by usiriyd&sign a fuzzy controller which is used to cohéreruck from an arbitrary initial position to tffieal
position (X =50 m,y =100 m f =90) in a minimum time.

For this task also two stage are used. In thedtegge working controllers are found, in the secstade the optimal controller is determined basetinoe
minimization. The fitness function for this taskdisfined by the following way:
Fitness Function for Evolution Stage:

(if (‘Xerr‘ <‘Xtol D , (‘ yerr‘ <‘Ytol D and (‘ferr‘ < ‘ftol D then

fithess = 2.0elsefitness =-5) .
Fitness Function for Refinement Stage:

(if (‘Xerr‘ < ‘Xtol‘) ; (‘ yerr‘ < ‘ytol D and (‘ferr‘ < ‘ftol D then

fitness = (100 time) elsefitness =-50),

where Xarr » Yerr - ferr are the difference between the real final locatind angle of the truck and the desired final locaand angleX . Yo »

ftol are the tolerance values.
In Fig.10-8 (a,b,c,d) the result of GA-based optation for the Task 2 is shown.

A b
n @ R (b)
NM NS ZE PS PM NL NMNSZEPS PM PL
1 1
location Angle
0 10 20 30 40 50 60 708090100 -120...-30.0 30 60 90 120 130 ..270 300
location A
NM [ NS|zE[ PS| PM Output g
NL 7 7 7 7 1
NVl s 717171 7 NL NM NS ZE PS PM  PL
1
NS 1 4 5 5 7
angl
ZE 2 2 4 6 5
PS 2 4 2 4 5
PM 1 1 1 3 1
PL 1 2 1 3 1 >

-30 -25 -20 -15-10-505 10 15 B D

(c) (d)
Figure 10-8. 757 fuzzy truck controller.

In Fig.10-9 simulation results of the truck motiamder fuzzy control is shown.

Motion of truck from x = 20f, = -80 degrees
Figure 10-9. Simulation of the truck motion

GA-based Tuning of Parameters of PID-Controllers



(Copia modificata per una migliore consultaziondiog)

In general, a classical PID-control system candsedbed as shown in Fig.10-10.

t u(t
Xd et PID © Plant X(®)
_’ > »
Controller

Figure 10-10 . Block diagram of a classical PIDtcoinsystem

The input-output relation of the PID controllereigpressed as
t

u=K,e+K; edt+K e
o]
where U is the control signal€ is the error signal€ is the derivative of error, anK p Ki y Kd denote proportional gain, the integral gain and the
derivative gain, respectively.

If different values ofK p Ki ’ Kd are chosen, then it is obvious that various respeof the plant will be obtained. Therefore, theameters tuning

problemof a PID controller can be consideredsakecting the three parameteK p Ki y Kd such that the response of the plant will be desivée
will use GA for this task. The block diagram of G&ased tuning is shown in Fig. 10-11.

Input variables for fuzzy reasoning are the errat derivative of error, and output variables ofzfureasoning are the PID parameters. If thereﬂieand

n2 membership functions for the error and its dematthen there will benl n2 fuzzy rules expressed as:

If eiSAiand eiSBl , then Kp :C11’ Ki = D117Kd = Ell

If eiSAi and €IS an , then Kp :C1n2 ) Ki = D1n2 ) Kd = Elng
If eiSAz and eiSBl , then Kp = C21, Ki = D21, Kd = E21

(10-1)
If eiSA2 and €IS an , then Kp = C2n2 ) Ki = D2n2 ) Kd = E2n2
it €ISA, and €SB, nen K, =C . K; =D, , Ky =Ep,.

where AL’ Az o ’A’l and Bl’ BZ yerey an are membership functions & and € , and

Cll’ ‘e ’Cn]_ng , Dll’ o .,Dnlnz and Ell’ “iey En]_n2 are real numbers that satisfy

K pmin £Ci Ko LETEN LE [ £,

Ki min £ Dij £ Ki’max,lfli EnlE JEn, (10-2)
Kamin £ Ei £ Kgmax LETENLE JEN,.

Genetic
N Fuzzy tuning |—
¥
Xd ) | et PID ut) Plant
0 e(z Controller |~ » J(t)

v

Figure 10-11. Block-diagram of GA-based tuning dfizzy-PID controller.

According to Sugeno fuzzy inference model and fuzigs (10-1) , the outputs will be
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m n2
i=1j 1,/,/ij Cij o n
i=1j=
Kp =, - mby B (10-3)
m np K. = i=1j=1 K. = i=1j=1
7z : n HZW d n nZW
i=1j=1 i=1j= iztj=

where M’ij = A (e) 3 Bj (e)
We have the following optimization task :

By using GA define optimal values d1( p’ Ki ’ Kd that is define optimal values &:ij y Dij ’ Eij corresponding to each rule in (10-1).

In order to apply GA we must also define fitnessction for our task. We introduce the following titaess as the reciprocal of the squared error:

1

Fitness —t— (10-4)

e2dt
0

In this case larger values of the fithess will espond to a lower total error and , hence, a bpédormance of PID.
Since GA works with a coding of parameters, letiescribe a coding method.

Without any loss of generality, we can assumettiere are Nl! N2 , N3 bits for each value oiCiJ- , Dij ’

chromosomes representing set of fuzzy rules (10-1) is defiaec(nl ’ n2) ’ (Nl + N2 + N3) bits.

Let us expresSas S= S.lSZSn]_ r12,whereSj = 511812813 , j = 1,2,...,(”1 ’ nz) are strings 01(N1 + N2 + N3) bits.

For example, if

S} =00...001 Sf =00...010,an¢ S° =00...011,

N1bits N2bits N3bits

Eij respectively. In this case, the size of

These binary strings represent decimal number8,Ir&pectively. Then the values Q’ll’ DllEll (see Appendix) that correspond to the first fuzzy
rule in (10-1) will be:

Kpmax - Kpmi

Cu=—""ha A Kpmn
Ki e~ Kimi

Dll - Ivm;’)f‘z - ]'-’m'” 2 KLmin

_ Kd,max - Kd,min .
Ell - N 3+ Kd min
2™ -1 '
When the coding method, the fitness function angartant genetic parameters such as the populatientee crossover and mutation rates, and the aumb
of generations are defined, then we may use GAebssarching procedure.
So, the PID parameters tuning procedure based ona@4e summarized as follows:

1. Give the membership functions & and€ .

Define the fitness measure as shown in Eq.(10-4).

Determine the population size, number of generatiorossover and mutation rates.
Produce an initial generation of binary stringgirandom way.

o robd

For each string in the generation decode the bimmsts of string into the corresponding values Q D

ijr™ij
i=12,...,(n," ny),j=12,...,(n," n,).

Evaluate the fitness of the decoded valuegi ’ Dij y Eij .

Eij , respectively, for all

Reproduce an intermediate generation (mating gmothe roulette wheel selection.
Perform crossover and mutation in the mating pool.

Define a new generation from old members and dffgpr

0. Repeat steps 5-10 iteratively until the numberesfegations reaches a prescribed value.

Boo~N o

Example3: Simulation example: a ball and beam system.
To illustrate the proposed above tuning method idens ball and beam system shown in Fig. 10-12.

Figure 10-12. A ball and beam system.

We assume that there are five membership funcfmn€ and € , and the values oNl, N 29 N3 are all chosen to be 6. We also assume that

membership functions fo€ and € are represented as shown in Fig.10-13.
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Figure 10-13. Membership functions fd and €.

In applying the mentioned above GA the populatiae,she crossover rate, the mutation rate andrgéoe number are chosen to be 100, 0.98, 0.05and
respectively.
For the ball and beam system shown above, the mati@l model is given by the following equation:

0= J—2+M r + MGsing - qu2
R

t =(Mr?+J+Jp)g + 2Mrrg + MGr cosg.

wherel is the torque applied to the beaff, J are the angle and the moment of inertial of thenbeM ) J b1 R, I' are the mass, the moment of inertial,
the radius and the position of the ball, respebtj\endG is the acceleration of gravity.

If I',I,g,q are chosen as state variables, then by defining
M

B=————, C=-(Mr?+J+J)
Jb o\
R2
the state equations of the system will be expreased
X1 X2 0
X2 _ B(xX3 - Gsinxg) N 0 . (10-5)
X3 Xq 0

X4 (2MxgxoXg + MGy cosxg)/C - 1/C

where [X1X2X3X4] = [r r C]C]J

Based on Eq.(10-5), the control problem in thisnepk is to use a PID controller to generate théreés$orque such that the ball and beam systenbean
driven from initial state]l’ I QC]] = [0.3 mO - 0.6rad O] to the zero final state.

For the simulation process, the values of the patars are chosen as follows:
J =0.036kg>xm?,M = 05kg, J, =2° 10" °kg>m?,R = 00Im,G = 9.8m/s>.

Since both the state variablsand § are to be driven to zero, the input-output refatid the PID controller will be given as (hefe = U)
t t

u=Kp e+ Kiloeldt+ Kg, @ +Kp, e + Kizoezdt+ Ka, €'

where@ =lgq -, € =04 - Q.

Then by assuming tha€ Py Kil , Kdl are determined b®y, €] and K Py Ki2 , Kd2 are determined b2, €2, respectively, the fuzzy

tuning rules of the PID controller for the ball dnelhm system are generated on the base of GA ifged@bove). In Table 10-4 (a,b) results of GA-base
fuzzy rules determination are shown.

Table 9-4. Fuzzy tuning rules for parameters ofRHe controller.

(@) (b)

If & |ande | thenKp | K Kp, If e; | ande, | thenKp, | K|, Kp2
NL NL 30.0000| 0.0012| 5.2500 NL NL 40.0000 | 0.0019| 0.4375
NL NS 64.0000 | 0.0071| 7.6000 NL NS 150000 | 0.0014| 0.1172
NS | ZE | 40000 | 0.0006| 03375 NS | ZE | 380000 | 00033 05344
ZE | zE | 550000] 00019 104844 ZE | ZE | 140000 | 00007] 08531

ZE PS 24.0000 | 0.0008| 2.2500
PS PL 26.0000 | 0.0260| 1.4625

ZE PS 9.0000 | 0.0180| 0.1688
PS PL | 320000 | 0.0064| 5.800

PL PL 17.0000 | 0.0007| 1.1688

PL PL | 16.0000 | 0.0007| 3.0500

Simulation of the ball-beam system motion under Bdbtrol (with optimal gains founded by GA)) is shroin Fig.10-14.
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t=0.0 sec. t=0.3 sec. £ 0.6 sec.
£ 0.9 sec. £ 1.2 sec. £ 1.5 sec.
£ 1.8 sec. t 2.1 sec. £ 2.4 sec.

Figur@-14. Simulation of ball-beam system movement.

We studied main ideas of GA methodology and itsiegtion and considered its effectiveness to sap#@mization problemsThis methodology allows to
design self-constructing adaptive fuzzy controlferdifferent application areas

Fuzzy Inference System Tuning Method Based on GA

In this lecture we discuss the GA-based metlwodutomatically and simultaneously select approgriale base and membership functions of a fuzzy
system structure [23]. Consider the following tdsfinition.

Task definition:
Develop the GA capable to tune a Mamdani typeyfuaference-based control system. Tuning is basethe training patterns represented as a table-of i
out pairs.

Fuzzy system structure

Consider the following fuzzy sets used usuailg ifuzzy rule base of a fuzzy system: “Negativeged, “Negative-Medium”, “Negative-Small”, “Zero”,
"Positive-Small”, "Positive-Medium”, "Positive-Lagj, and so on.
Let us introduce special notations for the designaif these sets.

We will use the index selm :{- m,-m +1...r :LO,:L,IT] -] m} m T N (set of natural numbers), to describzm +1)

linguistic values for a linguistic variabl . For example, let we havFj (Xl ) and j || 3. Fj (Xl ) defines thej -th fuzzy set for theX; -th

linguistic variable. Thus, there are the followifogzy sets for theXi -th linguistic variable:

F.3,F.2,F.1,Fo. F1,Fp, F3,

which may be called d®legative-Large”, “Negative-Medium”, “Negative-Sitfa“Zero”, "Positive-Small”, "Positive-Medium”, Positive-Large”.
Mamdani type Fuzzy Inference System consists azayfrules base of the following type:

F X s Fj, (%) AND  AND ;s Fj (%) meny s Oy, i1 Iy - mEKEmM,
where XI and y stand for input and output linguistic variablesspectively. FJI (Xl ) and Ok are fuzzy sets characterized by membership funstion
Let input fuzzy variables are described by Gaussiambership functions:
(%~ jib)?
nFji (Xi)= e SO i {- my,..m}
and output fuzzy variables are described as fotllows

1 it y=ko kT {- m,..,m}.

M= 5 4 yi ko

Consider central value€y) of /7Fji (X|) and Ok as follows (see Fig.10-15):

v /M (X)) = Jj Dj andev(Oy) = kD, ki {- m,..,m}.
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Figur0-15. The membership functions of a fuzzy rule.

So, the membership functions are defined by thematersT} , M, D| 55, D.
Let us write a general form of a fuzzy rule by fbkowing way:

Rulel (RI)
If AND(X] is ”}:ii (%) ) Then ( yI is /ﬁy), jli |mi A1 {ZLM}

According the Lemma 1 (see Lecture 6), we can tatiedhe total output of given fuzzy system as:

"y O ) 7 N (10-6)
y= 04 %) =55 =15 —.wherez' = Q e, (x)
QO me, (%) z =

and )7' is the point of maximum value (called here asrare¢value) of ﬂ%,l (y) .

Consider now the following task:
By using GA and training input-output patterpsypdate numbers of membership functions for irguiput linguistic variables, membership functions

parameters, and the set of fuzzy rules so thabtaéerror measureE is minimal.

Define E P as: E b= 1/2(f (Xp) -d p)2 and E= E P , where X pand d pare input-output pattern.
p

We will consider a few stages of GA based (evohaiptuning.
First stage evolutional updating of fuzzy rules and membeydhinction’s parameters, while the number of mersiigrfunctions is fixed.
Second stageminimization of fuzzy rules.
Third stage evolutional updating of numbers of membershipcfions for input-output linguistic variables andmizership function’s parameters.
In order to apply GA to perform tasks mentioaedve, we must define our searching space. Thetsagrspace consists of a set of parameters
1 M
s@m,...,my,m,Dq,...,Dy, 5,...,.87,8 D, R,...,R™)
and we will select an appropriate S .

So, first we must codg as a finite-length string (chromosome) and themaefor a better solution in the searching spacesing chosen fitness function
.The tuning ranges of given parameters are defiedrding to given application area.

Evolutional updating of fuzzy rules
The set of fuzzy rules described above can bsidered as a mapping:

f { my,-my +1,...- 101,...,my - lml}'
{- my,-my+1...- 101,...m, - Lmy} ® { m,-m +1..-10L...m -1m }

’,

So, you can see that in order to approximate sarkeawn functiorf by the set of fuzzy rules we can approximate #tesrules by an index function
f(ig-nin)-
We may considerf (jl,...,jn) as f (jl,...,jn) = <a1j1 + azjz +...+a, jn> = <b> , Where<b> denotes the integer nearest to the

valueb.
-m if bE-m+1/2

< >_ int(b- 1/2) if -m+1/2<b£m- 1/2,
int(b- 1/2) +sign(b- 1/2) if O<b£m- 1/2,
m if b>m-1/2

There are(2m+l) fuzzy setsok for the output variable. So, combining the samesequent fuzzy set, we can represent the competeot rules by

the following (2m + 1) fuzzy control rules:
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Rulexk:
F OR{ XgisFj, (x)1AND  AND [Xnistn(Xn)]Ka1j1+a2j2 +...+anjn>=k}
THENYisOy, i1 Im .- mEKEm. (10-7)

We will interpret theOR -operator as LukasievicOF operator (called asOR) and theAND-operator by the following way:

_n W n
LOR(py.....Pn) =min( P D, pil o] | AND(py, pz.....Pn) = O p
i= i=1
Now we modify our formula (10-6) into the following
m
Dy cv(O) i=n
y=k='mm— ,WhereDk = LOR @) /7*: (Xl)
D (agig+.+anjn)=k 171 M
k=-m it Tmy

and CV(Ok) are the central values of fuzzy s@k .
Observing the fuzzy rules (10-7), we find that finzzy rules base is defined by the parame(e’:?g_, a2 yoes ,an> , and the membership functions are
defined by the paramete(sml,...,mn ,m, Dl,...,Dn 111150 Sy D) .

So, the control performance depends mainly onetm:sad<al, az,...,an> and(rT]]_,...,mn ,m, Dl,...,Dn 1SSy Sy D) . Therefore,

GA may be used in order to find optimal parameters.
Remarkn practical applications, where there are lang@ant of input-output variables and large amounhembership functions, the number of fuzzy rules

is very big. In general case it equals(tan'h_ + 1) . (Zn'h + 1) rules. So, in order to find appropriate fuzzy ribese by GA, we must consider

chromosomes ofN\ (2ml + 1) oL (2mn + 1) length that results in extremely large time of Gérkv In considered method the fuzzy rules base is

defined by the paramete<sa1, as,... ,an> , hence a chromosome length is proportionadflto

Appendix
Coding and decoding of real —valued parameters

Consider a vector of parameteXs= {Xi }, i = 1....n, where eachX| T [Ui 'V ] i R, U <Vv;.
- N | - N I
We will code this vector by a bit stringl = (al,. et ) | IB" suchthad = nlx . So, each segmer@q ,. .. ,aﬂx | 1B of @encodes

the corresponding varialei . This process is illustrated in Fig.10-Al.

A
grid

I s [ >
T T 11 UL >
Ui Vi

01 23456 7 8 9N(points)

Figure 10-A1. Coding of variable; .

|
Decoding of a segment works by decoding the btsdorresponding integer value between 0 3(3( - 1 and then linearly mapping that integer to the
real interval|U; , V; |
Simple decoding of binary (base two) numbers tardak(base ten) numbers takes the form:
. V. - U Ix-1 .
i — i i j 10-A1
Y (ayay, ) =u t ol 1>< jzoai(lx-i) X2 CoAD

This mechanism implies that in the continuous sgdigarameters of the original problem with sontieefss f only a search on grid points is performed.

In this case, instead of the true global optimurimipio can be expected to find that grid point waadisness function value is the closest to optiuale.

The numberl « Of bits for coding one variable; , X; | U,V | R, U < V; , determines the distancBXi between two neighbor points in the

grid according to
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Dx; S B N (10-A2)

i.e. accuracy of the results can be improved b;e'mingl X

If the distance of discretization is giveDXi , then from (10-A2) we may obtain

|, = Fix (Iogu +1 (10-A3)

integer part
Lecture N 11 Artificial Neural Networks: Background and Application

Consider now another soft computing methodofogsimulation self-learning and adaptation mechans in intelligent systems based on artificial maéur
networks.

Artificial neural networkdANN) areparallel computational models comprised of densgtlyrconnected adaptive processing units

Two key features of ANN define very broad applioas of this model.

1) A very important feature of these networks Eithdaptive naturavhere “learning by examples” replaces “programrhingsolving problem.
2) intrinsic parallel architectureof ANN allows for fast computation of solutionsgiven problem area.

These properties of ANN make possible their use for
- function approximation, when a set of data is @mnésd;
- pattern association and recognition;

- data clastering and classification;

- learning statistical parameters;

- accumulating knowledge through training;

- prediction and forecasting;

- optimization;

- associative memory;

- non linear modeling and control.

The networks are “neural” in the sense that tieye been inspired by neuroscience, the studymfnurain and nervous system. Atrtificial neuroredus
are thought to be very simple models of real bialgneurons. However, this does not mean that sineyaithful models of biological neural or cogvet
phenomena — those are of a much more complex nature

What is Artificial Neural Network?

The history of ANN research begins with the veodf McCuloch and Pitts (1943), Hebb (1949), Ro&&hi§1958,1961), Rochester (1956) , Widrow
(1960), and continued by Kohonen (1972) ,Hopfild®82), Cohen and Grossberg ( 1983) and others [24]
ANN researches were inspired by biological neuetvorks investigations dealing with organizationl &unctions of a human brain.
Let us look at brain organization at first.
The human brain contains aboutieurons and has about'dterconnections (links) between them. This is/\lwg number, which is approximately equal
the number of stars in the Milky Way Galaxy. Thegance of such a high number of links determinkgla level of massive parallelism of information
processing which is specific for brain mechanism.
The human brain is a complicated communicationesystThe brain consists of different types of neardrhey differ in shape and in their specialized
functions.
The massive parallelism property explains brairdgitg in a comparatively short time to analyze quex problems and to react adequately to unknown
situations.
The main human brain’s ability is a learning abiliModeling of this ability is the goal of ANN'&search and applications.

Biological neuron model

In Fig.11-1 a structure of a typical biological n@u is shown.

Figure 11-1. The structure of a biological neuron.

The neuron is composed o€ell (or cellular) body, also called the soma , anbite or several branches.
The branches conducting information (stimulus) iatcell are called dendrites.
The branches conducting information (reaction)afuhe cell are called axon.
An activation of a neuron, called an action potnis transmitted to other neurons through itsnax® signal (called also spike) emitted from a reuis
characterized by frequency, duration, and amplitude
The interaction between neurons takes place atlgtdetermined points of contact called synapses.
ANN'’s are simplified models of the central nervaystem. They are networks of highly interconnectedral computing elements that have the ability to
respond to input stimuli and learn to adapt togh@ironment.

Artificial neuron model
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A mathematical model of neuron proposed by Mao&iland Pitts is shown ir_1 Fig.11-2.
Mathematical neurocomputes a weighted sum of i} input signals, X i J = 1,2,..., n.and generates an outgutqual 1 if this sum is above

a certain threshold. Otherwise, an output is 0. So, mathematicallaetivation functionis

n
y="Ff( wjxj-u) (ay-1
j=1
where f is a unit step function ande is thesynapse weighissociated with thie input. Positive weights correspondexcitatory synapsesvhile
negative weights modéihibitory ones. Often formula (11-1) is written also asdaiing:
y = f(nef), (11-2)
n n
where Net= (WpXxg + _ 1ijj): | Owjxj andWg =-U,Xg =1.
I= 1=

The input XO is called a bias. In this case we can consiaet) input signals.

*
X2 W3
—_—

X

Xn

Figure 11-2. Artificial neuron model.

This model has been generalized in many ways. Giye iwto use different activation function, othleain threshold function, such as sigmoid, or Ganss
(Fig.11-3).

(a) threshold function (b) sigmduehction (c) Gaussian
function

Figure 11-3. Different activation functions of ANN.
From neuron to a system of neurons

Artificial neural networkscan be viewed aweighted directed graphs in which artificial neusomare nodes and directed edges (with weights) are
connections between neuron outputs and neuronsnput
Today too much variety of neural network’'s modslsiéveloped. They differ in the following points:
- the type of neuron used, and the type of calculatio
- the mathematical model used for representing aodegsing of information in the network includingthrels of training;
- the class of problems they can solve.

ANN is defined by three parameters:

1) type of neurons ( also called nodes , because ralmeetworks described by the graph formalism);

2) neural architecture, called also@snectionist ( connection) architecturt means the organization of the connectioms$l) between neurons (nodes);
3) Learning algorithm.

Based on the connection architecture ANNs cagrbeped into two classes (Fig.11-4):
Feed-forward networks, in which there are no loaps
Recurrent (or Feedback) networks, in which loopsiobecause of feedback connections.
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Neural Networks

/\

Recurrent/ Feedback

Feed-forward Networks Networks
Single- Multi- Competitive Kohonen's Hopfield
Layer Layer Networks Networks Networks
Perceptron Perceptron
A v
Radial Basis Adaptive ART
Function Nets Networks Models

Figure 11-4. Classification of ANN'’s architectures.
Different types of connections yield differemtwork behavior. The response of feed-forward neka/to an input is independent of the previous petw

state. Recurrent networks are dynamic systems beazfithe feedback path the inputs to each newoe modified depends of previous states, andttieen
neuron output is computed.

dBatypes of neural networks

Perceptron
The perceptron consists of a single neuron withstdple Weightst j = 12,...,n and thresholdu, as shown in Fig.11-5.

Xo

_ Lf(nep>0
"~ 0,otherwise

Figure 11-5. Am input, one output perceptron.

Given an input vectoiX = (Xl, X2,...,Xn)t , thenet inputto the neuron is as follows:
n n
y = f(net), where Nnet=(wyXxg + Wij): WjXj andWp = - U, Xg =1 and
=1 j=0
f is a unit step function. The outpty of the perceptron is equal +1 f (net) >0, and 0 otherwise.
Perceptron can solve the following two-class cfasgtion problem: compute a two-class membershiquping of input stimuli patterns.

For example, the components of the input vextgiven by the(Xl, X2 ,...,Xn) , may describe visual properties of object. Thegoubf the perceptron
might correspond to the presence of some visuaicbbj

n
In a two-class classification problem, the peraaptissigns an input pattern to class 1 if Wj Xj >u,
=1
and to the class 2 , if
n

. W j X j<u

=1
The linear equation

n
Wj Xj -u=0 (11-3) defines trexidion boundary (a hyperplane in tie
j=1

dimensional input space) that halves the space.
Consider, for example, 2-dimensional case. In¢hise (11-3) will be as:

u
WX +WoXo - U=0;  Xo :ﬂx1+—.
Wo W2
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Separating plane classification line for this ciasghown in Fig. 11-6.

Xo **
A

e

v

X1

Figure 11-6. Two-class classification problem.
Layer repentation of ANN

Feed-forward ANN may be represented as a set@fconnected layers, where there is no connectitwela® neurons in the same layer.
This representation is shown in Fig.11-7.

Multiple Layer Perceptron

The Multiple Layer Perceptron (MLP) is used in &b practical problems including classificatioecognition and control. A typical structure of MIRL
shown in Fig.11-7.

01 3#™ 21

S

@/

"

Figure 11-7. A typical structure of MLP.

\

According to Eq. (11-2) we can calculate net-inpatd outputs of node§15, n6 y n7 as follows:
f(ng) =1(-5) +0x3+1x2+0x4=-3<0® yg = outpui(ng) =0
f(ng) =156 +0xX-1) +1X-2) +0%6=4>0® yg =outpui(ng) =1
f(N))=ysX(-D+Yyg2=0X-D)+1x=2>0® y,; =outpui(n;) =1
Output y7 of the noden7 is the final output of the multi-layered perceptand equal 1.
Multi Layer Perceptron as Universal Approximator

If we consider a Multi Layer Perceptron (MLPXkvhonlinear continuous activation functions thiea following theorem is proven [25].

Existence TheoreiftHornik et al. 1989):

An MLP with one hidden layer can approximate angtowos function to any desired accuracy, subjeet sufficient number of
hidden nodes.

The proof of this fundamental theorem is basetheKolmogorovtheorem(1957), which states that:

Any real-valued continuos function f defined onradimensional cube can be represented as a sum ctidos which have thei
arguments as sums of single-variable continuoustifms.

Formally, it can be written as:
2n+1 n

fOoXn) = gk( hy (X)), (11-4)
k=1 =1

where J| and h k, jare continuous functions.

So, for any continuous function, there is an MLRalftan approximate it to a desired degree of amyif, for example,{ and /7 -functions are chosen as
sigmoid functions. Unfortunately, this theorem doessuggest how to construct the MLP.
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1+exg- a(x- )%

Remark Remind a sigmoid function, which is defined gs(X) =

Neural Networks as Associative Memories

Associative memories are used in tasks of meazimgyj association and recalling of patterns.

Pattern associatiofs the process of memorizing input patterns iraatoassociative networkrchitecture in order to recall the patterns wherew input
pattern is presented.
It is not required that the new input pattern baatly the same as one that is memorized. It catifferent but similar to it.

An example of autoassociative neural networkhiswn in Fig. 11- 8. Every neurotj y j = 1,2, ..., in the network is connected back to every other

one, except itself. Input patteerj are supplied to thexternal inputsl i and cause activation of tlegternal output@k .

The response of such a network, when an inpetovés supplied during the recall procedure, isalyic, that is, after supplying the new input patt¢he
network calculates the outputs and then feeds thaok to the neuron. New values are then calculated,so on, until an equilibrium is reached. The
equilibriumis considered to be the state of the system whgvubsignals do not change for two consecutiveesjobr change within a small constant. The

weights in a Hopfield network are symmetrical feasons of stability in reaching equilibrium, trmelj = Wji . The network is of an additive type, that
is,
.= . . A
uj = (Wij >0j)+1j,it |,
|
where Oj (output ofj neuron) =1 iij > Qj (threshold for théth neuron), anch =oifU; = Qj )

45 1*
0; 0, On

45 #1*
Figure 11-8. Hopfield autoassociative neural nekwor

Adaptive networks
The structure of adaptive network is shown in Eit:9.

This network has layers and laydr(1 =0,1,...L; | =0 represents the input layer) hé) nodes.
The output of a node depends on the input sigmalglee parameters set of the node.

Denote the output of nodke in layerl as y| i

Yii = fiti-w-Yi-ung-0.a2.0,9).,

where &, b,g are the parameters of| j function of the node.
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Figure 11-9. Architecture of an adaptive network.
Fuzzy neural networks

The neural network models presented so far agants of McCulloch and Pitt’s neuron to buildetwork.
New types of neuron fuzzy neurons have been introduced for tasks of control.
A fuzzy neuromas the following features, which distinguishrdrh the ordinary types of neurons:
- the input to the neuron represent the fuzzy inpuiables;

- the weights are replaced by membership functionspaft variables and firing strengths of fuzzy sije
- a threshold level is not assigned.

A fuzzy inference process can be implemented anarglized adaptive neural network including fuzeyrons in their structure. This kind of neuralwak
is calledFuzzy neural network$&NN).

Remark In some models of fuzzy neural networks in additio membership function weights are also intreduc
Consider an example of FNN design for a fuzzyrieriee system based on the first-order Sugeno foziel [26].

Example of an FNN design for a fuzzy inference exyst

For simplicity we assume that the system hasimwotsx andy , and one outpu
Typical rules in Sugeno fuzzy model can be expressefollows:

Rule 1: f X IS A]_ and Y is Blthen2= fl(X, y) = pX+hytn,
Rule 2: “f X IS A2 and Y is Bz then Z = fz(X, y) = PaX+Qoytrs.

In Fig.11-10,(a) a reasoning mechanism for thigeBo model is shown. In Fig.11-10, (b) the coresiing FNN architecture is shown.

@ Layer 4

il
Xy

Figure 11-10. FNN architecture of Sugeno fuzzy elod

Denote the output of node in layerl as y| Ji and discuss this layered representation.
Layer 1

Every nodei in this layer has output defined byl i = nAi (X) , for | = 1,2,and

Vi = nBi_ , (y) for | = 3,4, wherex andy is the input to the nodenA‘_ (X) and nBi_ 5 (y are membership functions .

For example, they can be the generalized bell fonstas follows:
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My ()=
1+ ()2
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Where{ai ’ Q ’ Ci } are the parameters set. Parameters in this lageailedpremise parameters

Layer 2
Every nodel in this layer has output (a product of two fuzagues) defined by:

Yoi =W =My (x)” Mg, (y).i=12

Thus, each node in layer 2 represents the firirength of the rule.

Remark: In this case the product operation repnéséhe fuzzy AND, but another interpretation azfuAND can be used.

Layer 3
Every nodel in this layer has the following output:
= M
Ya3; =W =———— i =12,
W + W,

Layer 4
Every nodel in this layer has the following output :

Yai =W fi =W (px+qy+r).

where \)\/. is the output of layer 3 and p , q , [. }isthe parameters set callednsequent parameters.
| i i i

Layer 5
Every nodel in this layer computes the overall output andthasfollowing output:
7 Wi (11- 5)
ys; =overal- output= W f, ='——
; : W

i
We can written formula (11-5) as follows:
W,
f=—4_ g4+ 1
Wy + W Wy + W

=(WiX) py + (W Y) o + (WyX)ry + (W X) Py + (W, Y) 0, (W),

By using learning algorithm the consequent patans { pi , qi , ri } and premise paramete{s a. ,b_ , C. } can be updated.
| | |

fo=wf +w,f, =

Thus we constructed a fuzzy neural network thathesame function as a Sugeno fuzzy model bubedearned.

Premise Consequent
parameters parameters

Figure 11-11.
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FNN architecture that is equivalent to a twotibfirst-order Sugeno fuzzy model with nine rulesere each input is assumed to have three assibciate
membership functions is shown in Fig.11- 11.

Final discussions

ANN can be viewed agirected graphs in which artificial neurons are msdand directed edges (with weights or without ttsigare connections between
neuron outputs and neuron inputs

The functioning of ANN, when an the vectors the input, can be considered as a mappingifumEt: X®Y , whereX is the input state space a¥iis
the output state space.

Thus, the ANN simply maps input vecboll X into output vectoy I Y through the “filter"of the weights. That is outipvector y = F (\N, X) ,

whereW is called theonnection weight matrix

The weight matrix represents the “knowledge”, thegtterm memory, of the ANN system, while activati@mlues of the neuron represents the current, state
the short-term memory of the ANN system.

Lets consider the following main characteristic\bNs :

- learning and adaptation capabilities;

- generalization ability;

- massive parallelism property;

- robustness ;

- associative storage of information;

- spatio-temporal information processing.

Learning and adaptation capabilities are the furetdal trait of human intelligence. A precise defon of learning is difficult to formulate.

A learning processn ANN context can be viewed &se problem of updating network architecture andrection weights so that a network can efficiently
perform a specific task

A generalization ability(of ANN) means the recall process, when similangli recall similar patterns of activity. For exafa, it can recognize full patterns
from partial or noisy input patterns.

A robustness propertsneans that ANN can continue to perform succegstutien part of the network is disabled or when @nésd with noisy data.
Associative memorig characterized by its ability to store the paiseto recall these patterns when only parts eritlare given as input (Fig.11-12).

Figure 11.12. Pattern association task.

Lecture N 12 Learning in Artificial Neural Network s Fuzzy Neural Networks and GA-based FNN Tuning

One of the most important developments of recenral network research is the discovery of lesymlgorithms to adjust the weights in networkkisT
development opened the way for more general ANNmding to solve different nonlinear problems.
The learning (or training) process in ANN is a @s& of mapping between the output data and the dgia.
Different network architectures require appropria@ning algorithms.
The network usually must learn the connection wisigfom available training pattern.
To understand or design a learning process you hax& a model of the environment in which an ANMmapes, that is you must know what information is
available to the network. This is so callettarning paradigm
There are three learning paradigmspervised, unsupervised and hybrid
In supervised learninghe network is provided with a correct outputdeery input pattern, and then weights are detezthas close as possible to the known
correct output (Fig.12-1).

Supervised Learning

Input Neural .| Output
Training Network
Facts
Target
| «—(desired)
value

Figure 12-1. Supervised learning scheme in a netalork.

During the training process the set of trainingadfacts is repeatedly applied to the netwoniil the difference between the output results tredtarget
values are within the desired tolerance.

In unsupervised learningan known output is not needed (Fig.12-2). ANNlesgs the underlying structure in the input datad arganizes patterns into
categories.

Unlike supervised learning in unsupervised oneetli€mno target value. Instead, the set of datatwbontains the facts is repeatedly applied to #tevork
until a stable network output is obtaindtlhas been suggested that this form of traingngnore similar to the biological neuron as in bigtal situation there
is no normally a target value.

Hybrid learningcombines the first two paradigms.

Designing of efficient algorithms for ANN learnimga very active research topic.

Consider typical learning rules in ANN.
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Unsupervised Learning

Input R Neural R
Training g Network Output
Facts

r

Figure 12-2. Unsupervised learning scheme in aah@etwork.

Error-correction rules of learning

Consider thesrror-correction rules
This is a supervised learning paradigm, in whiaghnbtwork is given a desired outpd for each input pattern (called also as trainingnegle). During the

learning process the actual outpM is generated which is not equal desired ouﬁllt. The basic principle is to use the error sigﬂd - y) to modify

the connection weights to gradually reduce thisrerr
Evaluating an error can be done in many ways.

(1) Err = |( d - y) | (instantaneous error);
(2)Err = (d - y)2 /2 (mean-square error (MSE));

(3)Err = Erl’jp (a total MSE),
(p)())

where p is the number of patterns (training examplgs the number of outputs of neural network , aEl’ij is the error for th@-training example.

There are two widely used kinds of supervisoryreay based on error-correction ruferceptron learningnderror back propagation-based learning

Perceptron Learning

The perceptron learning rule is based on thelsish case of the mentioned above error-corregtiomtiple.
Rosenblatt developed a learning procedure to déterthe weights and threshold in a perceptron,rgaveet of training patterns [27]. The learningoeithm
for a perceptron neural network consists of thip¥dhg steps:

1) Initialize the Weights\Nj (j = 0,1. 2,.n) to small random numbers.

t
2) Present a pattern ian(tXl, X2y ,Xn) , wheret is the iteration number.

3) Calculate the actual output of perceptron neurdiolasys:
n
1, if  wjx; >0,
y= j=0
0, otherwise

4) Compute the errdgrr = (d = y) , whered is the desired output for the input

t
Pattern(Xl, Xo,... ,Xn) .
5) Update (modify) the weights according to :

WJ (t + 1) :Wj (t) +h>Err> Xj where N is a learning coefficient - a number between 0&nd

6) Repeat steps 2 - 5 until error becomes sufficidothy ( Err < Errmax), that is the perceptron goes into a convergence.

Back-Propagation Learning

Consider the back-propagation learning algoritbnthe feed-forward type neural networks withded layers androutput node (Fig.12-3).
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Figure 12-3. A schematic representation of errakkaopagation learning

Neurons in these networks have continuous valugtsngnd outputs and nonlinear activation function.

In order to find optimal connection Weigh\Ni- which minimize a global errdg, we will use agradient descent ruleThis rule says: a change of a weight

DVVi- atacycle(t + 1)

isin the direction of the negative gradient of theoeiE .
The general formula will be as follows:

E
Dw, (t+1) =~

T (1)

(12-1)

where /7 is a learning rate coefficient.

This rule ensures that after a number of cyclesgthorE will reach a minimum value.
A global error for all the training examples candadculated as follows:

E= ErrP,
(p) (1))

wherep is the number of patterns ( training examplgs the number of outputs of neural network , dﬁd’rjp is the error for th@-training example which

can be calculated, for example as MSE :

P_yPy2
b _@f-yP)
J 2 ’

where d jp is the desired output of tfieh output node for thp-training example,yjp is the actual output of theth output node for thp-training

Err

example.
Usually two types of (12-1) are used for trainiegd-forward NN.

Delta rule:
DWij (t+1)=h>Err;>y; (12-2)
and
Generalized delta rule:
Dw; (t +1) =h>Err; >g{net;) >y, (12-3)
where Errj is the error between desired output value andeheilue of thg output node,g((netj ) is the derivative of the activation function of

thej output node, i.e.

Z
gt(netj)z—ﬂg( )
ﬂZ z=net
If the activation function is, for example, theilstic function g(Z) = — ,then
1+¢e?
= 1 2o 1 1 _ (12-4)
)= -5 = 1- =9(2)a- 9(z
9%2) (+e )? he? S lrer 90 9(2)

By using (12-4) we can write
g(net;) =g(net)(- g(net))=y;L- y;) a2y

Eq. (12-3) can be written now as:

DWij (t+1)=h>Errj Y >(@- yj)>yi (12-6)
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Discuss now how to caIcuIaEI’l’j ? Ifj-th node is aroutput nodethen we may calculate it 461 jp - yjp‘ but how to find error for hidden nodes.
Consider two versions of back-propagation algorghm

The training algorithm consists of two passesa(fbrward passwhen inputs are supplied and propagated trouglhitiden layers to the output layer; and (2)
a backward passvhen an error is calculated at the outputs anfagated backward for calculating the weight's ¢jesn

Changing weights can be done by two ways: (1) hyimizing of average error for all training examplé®) the error is calculated and weights are ckéng
after every training example.

Back-propagation Algorithm 1

Forward pass
1. Initialize the weights to small random values.

2. Randomly choose an input patte¥ = (Xl, X2 ,...Xn) P .

3. Propagate the input vectof forward through the network and calculate thgpout

4.  For every output neurgn(layerL) compute Errj as: Errj = ‘d jp - pr

Backward pass
5.  Adjust the weights between the intermediate neufiaysrL-1) | and output neuron§  according to the calculated error:

DVV” (t + 1) = hEI’Tj yJ (1‘ yJ )yl + aDVV” (t) , whered is a parameter, called

momentum

6. Calculate the erroErri for neuronsl in the intermediate layer as:

Erri = Errjw; .
j
7. Propagate the error back to the neurdef lower Iayer(l = L - 2,0)

Pwi (t +1) =hErry; @- y;)yx +abDwg(t)

8. Go to step 2 and repeat for the next pattetihthe error in the output layer is below the givealue or a maximum number of iterations is redche

Back-propagation Algorithm 2

1) Initialize the weights to small random values.

2) Randomly choose an input patte¥a = (Xl X2 ,...Xn) P .
3) Propagate the input signal forward through the negtw

4) Compute the error signal for the noi:|ein the output Iayerl( =L)as
— L
eL’i = g((neq_’i )(dip - Y ) , here g((nel]_,i ) is the derivative of the activation
function of the nodk | neTL j is thenet inputto the nodel .

5) Compute the erroE| i for nodei in Iayerl by propagating the errors backward by the foltayvivay:
- +1 -
8. =g&net;) Wilj €4 forl =(L-1),...2
i

6) Update weights as follows:
DWin (t+1) =hErr;y; =he yil_lfor [=12,...L

7) Go to step 2 and repeat for the next pattern theilerror in the output layer is
below the given threshold or a maximum numbetesgtions is reached.

Back-Propagation Learning in Feed-Forward AdaptiNetworks

Consider the back-propagation learning rule deneralized type of networks called feed-forwar@mive networks. The structure of a feed-forward
adaptive network was introduced in Lecture 11.Usetepeats it here (Fig.12-4).
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Figure 12-4. The architecture of feed-forward anl@ptetworks.

This network has layers and Iayel ( | =0,1,.L; | = 0 represent the input layer) hdg | ) nodes. The output of a nodein the Iayerl depending
on the input signals and the parameter set of tide s described as follows:

Vi Wi e Yicang-10@.0.9,.)

whered , b, C are the parameters set of the ndde

The central idea of a learning rule for adaptieéworks concerns how to obtain learning algorithmvhich the error measure is minimal with respect
parameters. That is we want to construct the alyorbf updating (learning) of parameters of netwdmkthis case we also us@eadient descent rule

Before the calculation of the gradient vector, \&a note that change in parame@r in the nodel of the IeveII results in as shown in Fig.12-5.

Change in Change in the
Parameter s | otout of node

containinga

Change in the Change in the
- output of final Output error
layer measure

Figure 12-5. Results of change of paramegkr in the nodel of the Ievell .

Assuming the given training data set has P traiexsmples. Define the error measure for the paftém=1,2,...,P) as
N(L)
— 2. 12-7
Ep_kl(dkp_yﬂk) (12-7)

where dkp is thek-component of the desired output vector for inpedterp , and yf Kk is the actual output vector for input vecpor

We defineerror signal q i as the derivative of the error measure with resfeetite output of nodé in Iayerl :
)

8= 1E7
N
™ i
The error signal for nodé at the L output layer can be calculated as:
_ fEP
€=
iy,

By using (12-7) we can write:
eL,i__z(di_ yL,i)'

The error signal for nodé at the hidden Iayel is a function of error signals of nodes at Iaydr #1) and derivative of the activation function oféa (
| +2).
Thus the error signal for nodat the hidden Iayel can be derived by the following way:
3 ﬂEp _N(I+1) ﬂEp ﬂfl+:Lm _N(I+1) ﬂfl+:Lm
e . = = p 4 = e X—— . (12-8)
L,i [+1,m

Ty m=1 Wiszm TV, m=1 ™

The gradient vector is defined as the derivativthe error with respect to each paramete@|fis a parameter of the nodein layer I , we can write by
using Eq. (12-8)
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The total error measure with respectdb is:
1E _ P EP
fa p=1 Ta

The update (learning) rule for the paramﬁ is expressed as follows:

Da=-h1E

Ta

where NN is the learning rate coefficient.

Unsupervised Learning in Neural Networks

There are two main approaches in the conteanpamsupervised algorithms: ({Apncompetitive learningand (2)competitive learning
In the first casenany neurons may be activated at a timéhe second caseeurons competend after thatonly one neuron is activated at one time.

Noncompetitive Learning

Most of today noncompetitive training algorithf8s20,29] are influenced by the Hebb training madeich is expressed as follows:
Wij (t+1) = wj;j (t) +c>0; >0,

where Wi] (t) is the weight of the connection between fhih and j th neuron at the moment and Qj and Oj are the output signals of neurohsand

j at the same time momentThe WeightW”' (t + 1) is the adjusted weight at the next moment (). This principle was used in supervised laggni

but then we knew the desired outputs. Here, thputsitare as they are produced by the network &ifferent modifications of this rule have been sesfgd,
for example, the differential Hebbian learning ld¢osko,1988):

Wij (t +1) = w; (t) +c>g; >0; + Doj Do .

The differential Hebbian learning law introduces fhist derivatives of the activation signal to thebbian law.
- Grossberg’s competitive law (Grossberg,1982) exqg@ss:

Dwjj = c>0j X0 ;).
- The differential competitive learning law (#a,1990):
Dwij =c>Doj X0 - W)

The differential competitive learning law introdsdie first derivative of neuronal output valuesit® competitive learning law.
- Adaptive vector quantization (Kohonen,1982,1990):

Wi (E+1) = wi (1) +CX(X(t) - w; (1),
where Cis a learning rateX(t) is the input vector at momet)th is the vector of the weights from the input nesramthe neuronj .
Unsupervised learning is also applicable when nigipeesent. For example, the random signal Hebltéia looks like:
Wij (t+1) = wj; (t) + >0 >0 +1y,
where nij is a noise introduced to the connectio® j .

Competitive Learning

With no available information regarding the dediputputs, unsupervised learning networks updatghts only on the basis of the input patterns. The
competitive learning networik a popular scheme to achieve this type of unsigesl data clustering or classification. In Fig-@ an example of a
competitive learning network architecture is shown.

I o PR
| |

Figure 12-6. Competive learning network.
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All input units i are connected to all output unitjs with weights \NU . The number of inputs is the input dimension, e/tiile number of outputs is equal to

the number of clusters that the data are to belelivinto.
A cluster center’s position is specified by the gieivector connected to the corresponding outpitt &or the simple network in Fig.12-7, the three-
dimensional input data are divided into four clust@and the cluster centers, denoted as the wegtgtsipdated via the competitive learning rule.

T T .
The input vectorX = [Xl’ X2, X3] and the weight vectoWj = [le ’WZj ’W3j for an output unit | are generally assumed to be

normalized to unit length. The activation valaaj of output unit j is then calculated by the inner product of thaitrgnd weight vectors:

3
a; = XwW
i=1
Next, the output unit with the highest activationsnbe selected for further processing, which iatvighimplied bycompetitive Assuming that output unit
K has the maximal activation, the weights leadinthi® unit are updated according to the competiiveo-called winner-take-all learning rule:

w, (t+12) = Wi (t) + D(x(t) - w (1))
‘ Wi (©) +h(x(®) - i )]

The preceding weight update formula includes a adimation operation to ensure that the updated lwtegalways of unit length. Note that only the gras
at the winner output unik are update; all other weights remain unchanged.

=xT>wj =WJ-T><x

Figure 12-7. Clastering of input data based on aitipe learning paradigm.

Training Algorithm for Hopfield Networks

The training procedure for a Hopfield networkdsgluced to a simple calculation of the Weigmﬁ on the basis of the training examples with theafse

the following formula:
Vvl] = ml(zxxi(p)_l)x(zx)(gp)- 1)
p:

(p)

where the summation is held for all the traininggras X( p) , X| is thel th binary value of the input patteppnand the expression in the parenthesis
can be only 1 or 0 according to the value of thptrpattern.
An interesting characteristic of the weighﬁflj is that they measure the correlation betweenrdguéncies of firing of heuroris and j over the full set

of examples. It is a variant of the Hebbian leagriaw, that is, the connection weights increasevdf adjacent nodes fire simultaneously.

Recall Procedure for Hopfield Networks

The recall procedure is described by the followsteps:

. new
1. Apply new input patternX .
new
j .
3. Calculate the next output vaIL@j (t + 1) as follows: Oj (t + 1) = S(Uj (t + 1)) , Where S is the threshold activation function and

2. Assign initial vaIuest (O) to the outputs of the neurop$ = 1,2,...n, to be the corresponding input vaIu@:j (0) =X

Uj (t +1) is calculated as a sum.

4. Repeat step fdr= 1,2,3, and so on until all the outputs no longenge their values for at least two consecutyetes (momentsandt+1). Such a
state of the network is called a stable statehimdase the network reaches an equilibrium.

The recall procedure executed as shown above carghaized in following modes:

- asynchronous updating: each neuron may changefesa any time;

- synchronous updating: all neurons change theiesitnultaneously at a given moment;

- sequentional updating: only one neuron changesdts at any moment, thus all neurons changedtegis, but sequentially.

GA-based Training of Neural Networks: an example

Consider the task of design of fuzzy neural wekw{FNN) for cart-centering control problem ané NN training by using GA.
Let refresh some aspects of this task (see Ledi@jeWe considered the following problem: desigiuzzy controller which for given initial velocityna
position on the track will bring the cart to zerelecity and zero location in minimum time.
The input variables for this problem is a locatimmf the cart, and a velocity of the carfThe output variable is fordeapplied to the cart. Equations of
motion for the cart are:



(Copia modificata per una migliore consultaziondiog)
X(t+1t) =x(t) +t v(t)
vit+t)=v(t)+t F(t)/m,
wherel is the time stepmis a mass of the cart.

We introduce the following fuzzy rules:
IF X is {NM,..., PM} andvis {NM,..., PM} THEN Fis { NM, NS, ZE, PS, PM}.

GA have found a set of fuzzy rules for optimal eoh{in minimal time), and for each stefp the following pairs are determined:

(X, V) ® Fp,(%2,V2) ® Fpyn (X, V) ® Fy

Now we may consider these pairs as the training ffar our fuzzy neural network.

v \2
_(x-%)
S-2
Let input-output fuzzy variables are described lay&sian membership functions: IT]:I (XI ) = 1)9 :
FNN-tuning task: by using the error back-propagatgorithm perform training of FNN with teachingtferns generated by GA (Fig 12-75.
GA-utput:
FNN / teaching

Input tuning Output pairs

> > f(Xp) error xP dP
1

A

Figdi2-7. FNN tuning scheme.

Error is calculated as (X p) -d I3).

FNN imitates the work of a fuzzy system (in ouregas fuzzy controller). Let us define the fuzzyeieince model for our task. It contains thax-product
inference method, singleton-fuzzyfier, and COG (theter of gravity) defuzzyfier.

Let us write a general form of a fuzzy rule by fokowing way:

Rulel:

IF AND( X isn'h:i )THEN(yI isr’dy)

According to the theorem of Wang (see Lecture B)can calculate the total output of given fuzzytesysas follows:

M| 2 Mo
y' O nhe (%) y'z i
y=f (X, Xy) = '='\1A r'fl :%: ':lsl ,where 7! :CN)/ﬁl:i (%)
élﬁFi (%) ZI =1
I=1i=1 =1

- I
Here yI is the point of maximum value d?n), (y) .

The architecture of the fuzzy neural network fduzzy cart control is shown in Fig.12-8 (a,b).
Consider now the following task:

. L =l ool I o
By using training input-output patterns update FluArameters (Y ,Xi ,Si ) so that the total error measule P is minimal.

pefine E P as follows: EP = %(f (Xp)- d p))Z

p
1EP
We will update our parameters accordgrgdient descent methadhere for some parametél its change is given bDa =- /71_[— .
a

Calculate derivatives of error measure functiondiar parameterS'

TEP fif (x ) _

( (f(Xp) dP)%)=(f(xP)- dP)x—=
% '

—(f(xp) dp) 1.

I =Lty am) = (1 Py 0P LD -

™ ! %'
2(xI x.)

=(F(xP)- dP)(7 - F(xP)) A
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p
:Eil ““’( (f(Xp) dP)2) = (f(xP)- dPyx2 2 ﬂf(x ) _
i ﬂsl I

— (5 (xPY. PV 1!
(F(P)- dP)2 e s

Error back-propagation algorithm for FNN trainingveloped for the task of neuro-fuzzy cart-centedogtrol based on GA:

1) Choose randomly (or apriori) FNN parameters as lsmahbers (between 0 and 1); setkig O; E P 0;
2) SetuppP = 0;

3) If p=P(the given number of patterns), theif (E P < emax, then stop , elsgo to
step 2);

4) p=p+l;

5) propagate the inpptpattern through the FNN, calculate output;

6) Calculate the total error as

EP-EP +1/2(f (xP)- dP)Z,

7) Update parameters as follows:

Y (kD)= (- h =
y
p
% k) =% (0- AT sl ke =5y (- H I
% s
8) Goto Step 3.
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Lecture N 13 Soft Computing Application Benchmark: Intelligent Robust Control of Extension-CablelessRobotic
Unicycle

Discuss now the applications of soft computilggpathms for design oBenchmark®f advanced robotics and intelligent mechatror@mnsider the
example of soft computing application for the iigeint robust control system design of fheension-Cableless Robotic Unicy{#8] (Fig. 13-1). (Details of
the robotic unicycle hardware design are given ppéndix.)

Intelligent mechatronics based on researching results of new kinds olimear mechanical systems motion, modern conteshaods and intelligent
computation for the development of smart contrgbathms. The extraction of knowledge from new ldrad a movement is based on the study of different
Benchmarks. The unicycle motion is a new kind of/emoent and described as@nlinear nonholonomic, global unstable dynamidesysThe research of
such dynamic systems is quite interest as for neali mechanics (for development of new researchadstof nonlinear effects) and so for the modern
control theory (for development of new intelligentrol algorithms).

Unicycle systems developed earlier were considendylfrom the mechanical point of view, i.e. frohetpoint of a mechanical model design. Earlier
researchers didn't take into account that a unécgohtrol is realized by a skilful human-operater, they didn’t consider the unicycle as a bionaatdbtal
system. Now we do it. We consider the unicyclenabiomechanical systemcluding the new phenomena in a control systeah s intuition, instinct and
emotion. It is the algorithmic unsolvable probleon &dvanced control system theory based on traditicalculation methods. But it solvable problemtfe
new intelligent control method based on soft conmgufl8]. Background of this method is a qualitatphysical analysis of unicycle dynamic motion and
introduction of intelligent level in control systemith realization of instinct and intuition mechamis on basis of FNN and GA.

Control of a unicycle movement is based on thedioation of complex movement’s components (pedading movement of an operator trunk). A change
of coordination types gives new types of moveméstiaightforward movement, obstacles avoidancecelgnmping and etc.).

Remarkl. A unicycle is a good example of a simulator amtjgular for rehabilitation and training invalidsy example, to use an artificial limb.

Figures 13-2 and 13-3 show the new structufazdy simulation of intelligent control dxtension-Cableless Robotic Unicycle

Remark2. In Fig.13-3 the following designations are used:

1. GA — Genetic Algorithm; 9. FC - Fuzzy Controller;

2. f - Fittness Function of GA; 10. FNN - Fuzzy Neural Network;

3. S- Entropy of System; 11. FLCS - Fuzzy Logic Classifier System;

4. S - Entropy of Controller; 12. SSCQ - Simulation System of Control Quality;

5. S - Entropy of Controlled Plant; 13. K - Global Optimum Solution of Coefficient Gaathedule
6. - Error; (Teaching Signal);

7. u*- Optimal Control Signal; 14. LPTR - Look-up Table of Fuzzy Rules;

8. m(t) — Disturbance; 15. CGS - Coefficient Gain Schedule Kzl ks, ks).
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Figure 13-1. a) Photo of extension-cableless ri icycle; b) Coordinate description of the unleymodel; c) “Complicated” model for emulating
human riding of a unicycle model. d) “Simple”modi@ emulating human riding of a unicycle model.
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The control of nonlinear global unstable objectsigisycle demands introducing new control princip/e introduce the following new physical control
principle —the principle ofminimum entropy production rate control systems and in control object motiomg@neral[31].

FLCS SSCQ
GA with Calculation of
LPTR ENN K - chlis Entropy
= min o Production
X, U ds_ (dSC a8 )
dt ~ "t dt dt
FC —
CGS ‘
o 4+ e PD u Robotic ®
Controller Unicycle
- \ "

Figure 13-3. Self-Organization Structure of Intggint Robust Control System with the new Physicahddiee of Control Quality.

The physical measure of entropy production rateeditness function in GA. Such approach guarantiee global dynamic stability of control objectifo
unicycle) and providesobust control
In off-line mode the calculation of entropy puation rate in a movement and control system isezhout. Entropy production rate and entropy mezsu
for the robotic unicycle motion and the controlteys are calculated directly from the proposed thletynamic equations of motion (see below). On thesba
of entered fitness function the GA selects (frospace of all possible decisions) an optimal degjsidhich is the law of change PD - Controller pagtemns
(the control law). In the next step, the contrel lis the teaching signal for FNN, which performainiing and adaptation to the given control law. NN

output signal forms the look-up-table for the FuZontrollers. On basis of the developed look-upelshanging the parameters of PD Controllersiisech
out.

The Biomechanical Control Model of the Robotic Uytie

Human riders (called also as human-operators) alinty actions on a unicycle are using their torghoulders and arms in a quite complicated mode.

The study of human rider's stability control of miaycle was began with the observation and anatystee human riding behavior due to vestibular and
control systems (Fig.13-4).

Behavior of Mechanical an
Human — Operator Control Systems

Skill Oneratni Ninimiim Entranv Pradiirtinn Ra

Figure 13-4. Conceptual Interrelation.

From the observation and analysis we found thatitter body’s thighs and shanks construct a twaedolinks loop. This special mechanism plays an
important role for the rider's postural stabiligntrol in the unicycle system (Fig.13-1). To emelatiman riding a unicycle by a robot including atuition
and instinct control mechanisms (like in a humaters behavior), the new biomechanical model of thigotic unicycle was developed in [31]. In the
unicycle model, two unique and characteristic $tnes are contrived. One is an overhead rotor éfiere rotor) mounted on the torso (body) and agoth
the double 4 bar-closed link mechanism on bothssafehe wheel. These two structures are consider@iay important roles in the biomechanical cohtr
system.

For the computer simulation of a skillful human-ggier’s intuition mechanism, the GA with a fithdaaction as a physical measure of entropy prodactio
rate was used. So, the intuition mechanism is densd to be like GA performinggobal randomized search of optimal control for a glattability of the
robotic unicycle throughout the full space of pbsisolutions. The instinct mechanism is considedocal active adaptation process with the minimum

entropy production rate in the learning procesa wéstibular system. For the computer simulatiothefskillful human-operator’s instinct mechanishiNe
was used.

Qualitative Physics and Thermodynamic Equationdation for the Extension-Cableless Robotic Unicykledel

First of all for the entropy measures of the rabohicycle motion and the control systeimermodynamic equations of motiare proposed [31].

The thermodynamic equations of motion for the riboemicycle with a symmetric rotor are given asdais,

-1
a _ M(a) - 1104 t - B(a)[a,q] - C(@)[a?]- D(a)la]- G(q) , (13-1)
/ E(@ O - F(q,09)
dsSy 1
d - M@ 0" ry-B(@lg.al- C@)g’]- D(@)Ma] g - (13-2)
d;c 1 0 - F(q,0) 0

Parameter’s description of equatio(3-1)and(13-2):
In equations (13-1) and (13-2) the following desitjons are used:

d; ®) =[a.,g, b,qnv,9L,g2,g3,g4,N] .j=1.2,...9 aregeneralizectoordinates(see Fig.13-1);
/- Lagrangian multipliers;
M (Q) - an inertial acceleration’s matrix;

E(q) - closed-links mechanism constraints
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B(q, q) , C(q, q) - matrices including Coriolis and centrifugaintes;

G(q) - a 9-dimensional vector of gravity terms;

D(q, CI) - a 9-dimensional vector of viscous friction casénts;

F (q, q) - a9-dimensional vector of friction forcesntey;

[, - a9-dimensional vector of torqdg = [0,0,00,0,000,7 (/7)3] :

In Eqg. (13-2)S, is the entropy of the robot unicycle’s motion &ds the entropy of both controllersg are dissipative parts of the control torque (fo t

PD-controller the dissipative part is describedlﬁ)(g, b) )-
For the stability analysis and the computer simoitadf the robotic unicycle’s dynamic behavior H@8-1) are rewritten in the traditional form of ordry
differential equations a€}, =/ ; (¢}, Z,t) .

Lyapunov Function and fthedynamic Conditions
for Stability the Robotic Unicycle

The analysis of the robot model stability as esaknonlinear system is based on the interrelabiewveen Lyapunov and entropy production rate foneti
We will use the new approach for the definition byapunov function [31]. The Lyapunov function fohet system (13-1) is defined as
1,6 2 2 _ — . . . .
V==( gf +S¢) . whereS=5-Sand(} = (@,9,b,a,9, b) . Here we introduce the following relation betwagmpunov function and
i=1
entropy production for aopensystem like a unicycle

6
&= /i@y s S S

(13-3)
dt 4

From Eq. (13- 3) the necessary and sufficient camtbtfor the Lyapunov stability of a robotic units/és expressed as follows:

q/.(q.,z‘t)<<su s %) 0% 05

(13-4)
dt

From Eq. (13-4) the stability measure for the rabonicycle can be obtained by computing the mimmentropy production rate of the system and the
controllers.

Remark3. From the qualitative physics the robotic unieybks two unstable states: 1) a local unstableridtie equilibrium in lateral plane (angle of
rolling ); and 2) a global unstable dynamic state in larmiital plane (angle of pitching).

These two correlated states have to be controligl wo fuzzy controllers [31]. This is necessandasufficient condition for the improvement of the
control stability of our robotic unicycle.
Two fuzzy controllers realize the control of an yyetransfer with the minimum entropy productioorfr lateral to the longitudinal planes using theaiyic
of non-linear cross braces in our robotic unicyuledel (a compensation of the energy transfer frastable dynamic motion "in large" to longitudinddupe
according to Eq. (13-3)).
The fuzzy controller in the lateral plane execlwtawle of human riding by organizing a spegalametricexcitation in the non-linear cross braces. These
parametric excitations generate some energy antbantompensates the transfer energy from thetiedigal plane with the unstable state (thus, thetabie
state "in small' compensates the unstable stattafge"). A stable motion of the robotic unicyct®del is the result of nonlinear control (at theelilgent
level) of the correlated energy transfer betweem twstable virtual states. This is the physicahpof view on the human riding behavior based duition
and instinct mechanisms.

So, two adaptive fuzzy controllers mentioned abmadize a self-organized process of the contrdiity on robotic unicycle using intuition and iistt
schemes.

Fuzzy Intelligent Control of the Extension-Cablsl&obotic Unicycle with Soft Computing Based on &% FNN

In the intelligent control system of the unicycleot PD-controllers are adopted: one is for the symmmeotor, and the other is for the closed link
mechanisms. The control torque to the symmetriarristgiven as,

fh:kp2'k3'g+kd2'k4'g, (13-5)

where, fh is the torque to the rot0|J:(p2 and de are constant feedback gairks;andk, are fuzzy schedulers changed in [0,1] with FNNe Tontrol

torque applied to the link 2 and link 4 are given a
[672:_[674:_kpl, kl’b-kd]_, kzlb, (13-6)

Where,fqz andf g4 are the torques to the link 2 and 4 respectivkl[()l and kdl are constant feedback gaifksandk; are fuzzy values changed in [0,1]

with FNN.
Remark4. The biomechanical analysis of a posture stahilftthe unicycle shows that a PD-control represémtsminimum complexity necessary to the
stable posture control. The componEnfproportional) contains anti-gravitational foraasd compensates the position errors. The compdhéderivative)

contains an anti-Coriolis compensation and providlee some kind of damping actions. The parame{tkrpl , kpz) may be interpreted as a stiffness

(spring constant) arising from passive and actiwescular forces, whereaskdl, kdz) might be compared with a viscous damping, asimbiawith a

wheel dashpot.
The fuzzy tuning rules fd, k;, ks andk, are formed by the learning system of the FNN bpaiseaching patterns from GA.

Simulation Results
By using the proposed control methods we are abt®hduct computer simulations. In the first cagesBnulates an intuition mechanism of choosing the
optimal structure of the PD-controller, using tlapacity of the fitness function, which is the measaf the entropy production rate.
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Temporal thermodynamic behavior of the Yaw. Temptbrarmodynamic behavior of the Pitch & Roll.
Figure 13-5. Simulation result of thermodynamicdsbr of the control system in the Yaw, Pitch &Roll

Figures 13-5 shows simulation results of the temptirermodynamic behavior of the robotic unicydlée have calculated the entropy production rate

—2 (yawing angle),

dt
dS dS

b
— (pitching angle), andd—tg (rolling angle).

From the simulation results we obtain that thetimiadTSC > di (Eqg. (13-4)) is true and the GA realizes the deafcoptimal parameters for the PD
t t
controllers with a simple structure using the pipie of minimum entropy production rate. The FNNtoller offers a more flexible structure of conlecs
with smaller torques, and the learning processuywesl less entropy (Fig.13-5). However, a time rengsfor achieving an optimal control with the leag
process on FNN (instinct) is larger the time neassfor the global search on GA (intuition).
These results have confirmed the possibility ofiifiig of the optimum decision in case of soft conmmapplication.
The results show also that the entropy productda in the rotor control system is bigger thenehtopy production rate in the links control systdris

is experimental proving of results described below.

Simulation Results for the Fuzzy Gain PD-Contraller
In this subsection, two fuzzy gain schedule PDtaplers are considered. One is for the rotor dveddther is for the closed-link mechanisms. Theguerto

the rotor is the same as that in Eq. (13-5) anddftpie to links 2 and 4 is given in Eq. (13-6).
Trg [Nm] Trg [Nm] Trg [Nm]

dg /dt[rad/s] dy /dt[rad/s]
a) Simulation Result of rotor torque with PD-GA ) simuylation Result of wheel torque with PD- c) Simulation Result of pitch torque with PD-GA
controller GA controller controller

dS./dt d&/dt d&/dt

dc /dt[rad/s] dy /dt[rad/s] db /dt[rad/s]
¢ [rad] y [rad] b [rad]

d) Simulation Result of entropy production rate e) Simulation Result of entropy production rate c) Simulation Result of entropy production rate
of rotor PD-GA controller of wheel PD-GA controller of pitch PD-GA controller

Figurel13- 6. Simulation results.

Figures 13-6 show the 3D simulation results ofrtteehanical and thermodynamic behavior of the rehaticycle with PD-GA-controller for the "simple”
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unicycle model. The initial posture is set by tperator, who removes his hand immediately aftemtheel starts to go forward.

Remarks. Comparing the experimental results reporte#j find in this chapter we find that it is muchieato achieve the robot's posture stability with
the fuzzy gain schedule PD-controllers. If theiahiposture of the robotic unicycle is near theaidgtable posture (= 0.0 rad and = 0.0 rad), the postural
stability can be obtained in almost all trials. Hmer, the postural stability with two fuzzy gairhedule PD-controllers can be achieved even if teype is
randomly disturbed to some extent by the groundlitiom.

In Fig.13-7 the temporal behavior dﬂ,g, a - angles and fuzzy gairks, ko, ks andk, are shown.

a) b) c)

d) e) f) 9)
Figure 13-7. Simulation results for the two fuzaygschedules PD controllers: a) pitch angle; Bamgle; c) yaw angle; d-d , ks, ks andka.

The simulation results show that the proposed obmiethods are quite effective for achieving padtstability, which can be maintained over a faidgg
time period. The simulation results also show thatroll angle can be stabilized around zero effitly and the pitch angle can also be stabilizedrzdt a

The comparison with the results above indicatesttiepostural stability is not influenced to agiextent by the robot's initial posture. Furthemrtbe
simulation results show that the postural stabddy be achieved if both the initial pitch angl¢ &nd the initial roll angle ||are less than ~ 0.1 rad.

Appendix

The manufactured new extension-cableless roboiicycle shown in Fig.13-1 is composed of a wiéth two cranks, a main body, an overhead rotor and
two closed links on both sides of the wheel. Thoset! link mechanism is used for a longitudinaliitaland the symmetric rotor is used for a latestability.
The wheel is driven through only the close linkschanism's motors.

The rotor is driven by a harmonic drive motor (&d - 34W, for new - 60W) installed on the body.eTleft and right closed links are driven directly b
harmonic drive motors (for old - 20.3W, for newOW) on links 2 and 4 (Fig.13-1). The links motors the same for the symmetric geometrical struciace
balance of the robot.

A 32-bit personal computer is used for the systentroller. The wheel, symmetric rotor and closed linechanisms are driven by torque controlled nsotor
with a software-servo control. All the control prams are written in C-language.

As shown in Fig.13-1, there are three rate-gyrseen(sensor A, B and C) mounted on the three ipah@axes of the robot's body for measuring the
angular velocities of the body inclination in thiéch, roll and yaw directions. The resolution oétangular velocity of the sensors is 0,1 degreefskcAn
optical rotary encoder (500 pulses/revolutionnistélled on each servomotor to detect the rotatiagie caused by the rotation of the servomotors.udage
of the coordinates defined in Fig.13-1,b, enablestaicalculate the robot's posture or Euler's arfgle ) related to the global reference coordinates
measured from the angular velocity, y, and , by the three rate-gyro sensors angdis the angular velocity related Bx ,  is the angular velocity
related taPys, . is the angular velocity related Rz .

Using this kind of small rate-gyro sensors thera rift on the output due to the time and the geaof temperature. The drift may yield an unfavé@ab
influence on the calculation of the postural angieshe experiment. Thus we selected the sensdtstive smallest drift. The experiments are condlicte
within 8 seconds, because the drift of the sensatjsut within is not so big this time.
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