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Preface

In 1975, Zadeh proposed Type-2 Fuzzy Sets (T2 FS) as an extension to the
previously introduced ordinary fuzzy sets (now called type-1 fuzzy sets). Type-2
fuzzy sets have the ability to capture the uncertainty about membership functions
of fuzzy sets through fuzzification of the membership function of type-1 fuzzy sets.
Instead of using a single crisp number from the unit interval [0, 1] as the mem-
bership value, as is done in a type-1 fuzzy set, in a T2 FS one or more crisp
numbers are used as membership values, and with different strengths. More pre-
cisely, a membership grade in a T2 FS is a type-1 fuzzy set; this introduces a new
third dimension into a fuzzy set which provides more degrees of freedom for
handling uncertainties. Unfortunately, practitioners are still cautious to put general
T2 FSs to real use due to their computational complexity. Consequently, there has
been extensive research toward simplification of the concepts of and operations for
T2 FSs, so that Interval Type-2 Fuzzy Sets (IT2 FSs) are often the preferred
method of choice.

As a special variation of a general T2 FS, an IT2 FS uses a subinterval of [0, 1]
as its membership value. This is in contrast to the membership grades in T2 FSs
that are type-1 fuzzy sets. Simplicity of the concept of IT2 FSs in comparison with
general T2 FSs, together with the affordable complexity of their operations, has
made IT2 FSs a widely used framework for implementation of fuzzy systems.

There has been a recent steady increase of attention and interest in T2 FS theory
from the research community. As of 1999 (when intensive research into T2 FSs
began), less than 40 publications had anything to do with T2 FSs or logic. As of
2012, there are thousands of articles that have something to do with T2 FSs or
logic. Quite a change in less than 15 years.

On one hand, there have been various studies on T2 FS theories with the
objectives of providing a uniform set of definitions and terms, a simple intro-
duction of concepts, justification of their existence, and development of efficient
algorithms for performing basic operations. On the other hand, there are endeavors
related to the applications of T2 FSs. This book is intended to explore recent
developments in the theoretical foundations and novel applications of general and
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IT2 FSs and systems. Leading researchers in the field of T2 FSs have participated
in the preparation of this book through contribution of their most important and
recent achievements in theory and applications of T2 FSs. The chapters cover
novel theoretical aspects of T2 FSs, methods for generating their membership
functions, and promising applications. This book is organized in three parts.

Part I is dedicated to the theoretical foundations of T2 FSs and is composed of
eight chapters. In chapter “Interval Type-2 Fuzzy Logic Systems and
Perceptual Computers: Their Similarities and Differences”, Mendel, compares
Interval type-2 fuzzy logic systems and Perceptual Computers and highlights their
similarities and differences. By focusing on inputs and membership functions,
fuzzifiers versus encoders, rules versus Computing with Words (CWW) engines,
inference versus output of CWW engine, output processing versus decoder, and
outputs versus recommendation plus data, this chapter shows that the differences
outnumber the similarities. In chapter “A Survey of Continuous Karnik—
Mendel Algorithms and Their Generalizations”, Liu summarizes the extensions
of the continuous Karnik—Mendel Algorithms in type-2 fuzzy logic. It provides a
general framework for the analysis and design of the Karnik—Mendel algorithms
with numerical analysis. In chapter “Two Differences Between Interval
Type-2 and Type-1 Fuzzy Logic Controllers: Adaptiveness and Novelty”, Wu
explores the differences between interval type-2 and type-1 fuzzy logic controllers.
This chapter shows that adaptiveness and novelty are two fundamental differences
between interval type-2 and type-1 fuzzy logic controllers. In chapter “Interval
Type-2 Fuzzy Markov Chains” Figueroa-Garcia presents a framework to use 1T2
FSs in Markov chains analysis. This is useful for handling multiple experts’
opinions and perceptions, multiple definitions of type-1 fuzzy Markov chains, and
uncertain type-1 fuzzy sets. In chapter “zSlices Based General Type-2 Fuzzy Sets
and Systems”, Wagner and Hagras provide a concise introduction to zSlices based
general T2 FSs and their associated set-theoretic operations. In chapter
“Geometric Type-2 Fuzzy Sets”, Coupland and John give a review and technical
overview of the geometric representation of a T2 FS and explore logical operators
used to manipulate this representation. In chapter “Type-2 Fuzzy Sets
and Bichains”, Harding, Walker and Walker study the variety generated by the
truth value algebra of T2 FSs. They identify weakly projective bichains for the
variety generated by the truth value algebra of T2 FSs with only its two semilattice
operations in its type. In chapter “Type-2 Fuzzy Sets and Conceptual Spaces”,
Aisbett and Rickard extend the conceptual space theory to incorporate T2 FS
structures. They study the usefulness of directional overlap (subsethood) as a
metric-free notion of similarity. Moreover, they relate the theory of conceptual
spaces to conventional multivariate classification and CWW and illustrate its
application to land use assessment tasks.

Chapters in Part II, discuss different methodologies for generating membership
functions of interval and general T2 FSs. In chapter “Modeling Complex
Concepts with Type-2 Fuzzy Sets: The Case of User Satisfaction of Online
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Services”, Moharrer, Tahayori and Sadeghian propose a two-phase methodology
for generating membership functions of general T2 FSs that model complex
concepts. As a case study, they extensively discuss modeling of human perceptions
of the linguistic terms that are used in evaluating online satisfaction. The chapter is
of importance from at least two points of view. First, a decompositional method for
implicit calculation of type-1 fuzzy set models of an individual’s perception of a
complex concept is discussed. Second, a fuzzy approach to the representation of
uncertainty in measurement is adopted for constructing the membership functions
of general T2 FSs. In chapter “Construction of Interval Type-2 Fuzzy
Sets From Fuzzy Sets: Methods and applications”, Pagola et al. present three
different methods to construct IT2 FS from type-1 fuzzy sets so that the footprint
of uncertainties of the IT2 FSs adapt to the model’s uncertainty. In chapter
“Interval Type-2 Fuzzy Membership Function Generation Methods for
Representing Sample Data”, Rhee and Choi discuss three methods based on
heuristics, histograms, and Interval Type-2 Fuzzy C-Means clustering for auto-
matic generation of interval type-2 fuzzy membership functions from sample data.

Finally, chapters in Part III introduce novel application of T2 FSs. In chapter
“Type-2 Fuzzy Logic in Image Analysis and Pattern Recognition”, Melin and
Castillo show experimental results for several edge detectors that are used to
preprocess the same image sets. By way of experiments, they find the better edge
detector that can be used to improve the training data of a neural network for an
image recognition system. In chapter “Reliable Tool Life Estimation with
Multiple Acoustic Emission Signal Feature Selection and Integration Based on
Type-2 Fuzzy Logic”, Ren, Baron, Balazinski, and Jemielniak present a type-2
fuzzy tool life estimation system. In their proposed system, type-2 fuzzy analysis is
used as a powerful tool to model acoustic emission signal features, and also as a
very good estimator for the related ambiguities and uncertainties. In chapter
“A Review of Cluster Validation with an Example of Type-2 Fuzzy Application
in R”, Ozkan and Tiirksen explain how interval valued type 2 fuzziness can be
used to develop a new cluster validation procedure. Their approach identifies the
number of clusters based on the stability of cluster centers with respect to the level
of fuzziness. In chapter “Type-2 Fuzzy Set and Fuzzy Ontology for Diet
Application”, Lee, Wang, and Hsu provide a T2 FS and fuzzy ontology for a diet
application. They use a type-2 fuzzy markup language to describe the related
knowledge base and rule base.

This book outlines notable achievements in the realm of T2 FS to date. The
editors hope the materials covered in this book, provided by the leading scholars in
the field, motivate and accelerate future progress. Of course, there are still many
theoretical and applied issues that need to be addressed before the full potential of
Type-2 Fuzzy Systems is realized. The editors encourage the readers to participate
in research opportunities that are associated with T2 FSs, e.g., to investigate and
demonstrate the applicability, effectiveness, and potential advantages of T2 FSs
over type-1 fuzzy sets in a wide range of complex real world problems.
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Theoretical Foundations



Interval Type-2 Fuzzy Logic Systems
and Perceptual Computers: Their
Similarities and Differences

Jerry M. Mendel

Abstract In this chapter, we compare the interval type-2 fuzzy logic system and
perceptual computer, so as to eliminate confusion among researchers about whether
or not there really are differences between them. We show that there are many more
differences than similarities between them by focusing on the following six issues:
inputs and membership functions, fuzzifier versus encoder, rules versus computing
with words (CWW) engines, inference versus output of CWW engine, output pro-
cessing versus decoder, and outputs versus recommendation plus data.

1 Introduction

This chapter compares two seemingly similar-looking systems that use interval
type-2 fuzzy sets' (IT2 FSs), an interval type-2 fuzzy logic system (IT2 FLS) and a
perceptual computer (Per-C). We do this because there may be some confusion
among researchers as to whether or not there really are differences between the
two. We shall demonstrate that there are many more differences than similarities
between the two. Our approach will be to focus on the generic architectures of the
IT2 FLS and Per-C and six associated issues.

To begin we provide the block diagrams for both the IT2 FLS and Per-C, in
Figs. 1 and 2, respectively.

' A type-2 fuzzy set can be thought of as a type-1 fuzzy set on steroids. Its membership function
no longer has a single value at each value of the primary variable, but instead is a blurred version
of that function, i.e., at each value of the primary variable the membership is itself a function,
called a secondary membership function (MF). When the secondary MF is a constant equal to 1,

J. M. Mendel (I)

Signal and Image Processing Institute, Ming Hsieh Department of Electrical Engineering,
University of Southern California, Los Angeles, CA 90089-2564, USA
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An IT2 FLS (e.g., [1-5]) is the extension of a T1 FLS (e.g., [4, 6-8]) from Tl
FSs to IT2 FSs. For an IT2 FLS, the important issues are about its inputs and
membership functions, fuzzifier, rules, inference, output processing, and outputs.

A perceptual computer [9-13] is one implementation of Zadeh’s paradigm of
computing with words (CWW) [14, 15], an implementation that focuses on the
broad class of applications that assist people in making subjective judgments. For
the perceptual computer, the important issues are about its inputs and membership
functions, encoder, CWW engine, output of CWW engine, decoder, and recom-
mendation plus data.

These issues, which will be compared one to one for the two systems, are
discussed in the rest of this chapter.

First, however, we wish to remind the reader that an IT2 FLS has been and con-
tinues to be applied to function approximation problems, e.g., fuzzy logic control
(e.g., [1, 16, 17]), signal processing (e.g., [1, 4]), and rule-based classification [4]. In all
of these applications, it is numerical values of the output of the FLS that are used and
great comfort is taken by the universal approximation property (e.g., [18]) of the FL.S
(proven for a T1 FLS, yet to be proved for an IT2 FLS, but believed to be true for it,
since an IT2 FLS reduces to a T1 FLS when all sources of MF uncertainties disappear).
On the other hand, the Per-C has been and continues to be applied to CWW problems,
e.g., investment advising, social judgments, distributed decision making and hierar-
chical, and distributed decision making [13]. In all of these applications, it is linguistic
recommendations plus data at the output of the Per-C that are used and great comfort
is taken by the ability to interact with the Per-C using words.

2 Inputs and Membership Functions

For an IT2 FLS, the inputs are numbers. How they are modeled is the subject of
our next section. For the Per-C, the inputs are a mixture of numbers, uniformly
weighted intervals of numbers, nonuniformly weighted intervals of numbers
(T1 FSs), or words (IT2 FSs); generally, it will not be numbers alone.

For both an IT2 FLS and the Per-C, the fuzzy sets that are used by rules are
modeled using IT2 FSs. It is the order in which these FSs are obtained that is
different.

Footnote 1 (continued)

the type-2 fuzzy set is called an interval type-2 fuzzy set or an interval-valued fuzzy set,
otherwise,it is called a general type-2 fuzzy set. The MF of a T2 FS is three-dimensional, with x-
axis called the primary variable, y-axis called the secondary variable (or primary membership),
and z-axis called the MF value (or secondary MF value). A vertical slice is a plane that is parallel
to the MF-value z-axis. The footprint of uncertainty (FOU) of a T2 FS lies on the x—y plane (i.e.,
the primary and secondary variable plane) and includes all points on that plane for which the MF
value is nonzero; it is the 2D-domain on which sit the secondary membership values. The FOU
can be completely covered by T1 FSs that are called embedded T1 FSs.
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Fig. 1 Interval type-2 fuzzy logic system [4]

Perceptual Computer, the Per-C

| Recommendation .
|1 + Data
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|
|

| IT2FS

|

Fig. 2 Perceptual computer [13]

In an IT2 FLS, numerical domains come first; they are then partitioned into
overlapping intervals of numbers after which IT2 FSs are assigned to them. It does
not matter what these fuzzy sets are called, because they are only used within
computer programs that ultimately provide numerical outputs for the FLS.
An exception to this is the FLSs where it is also important to interpret the rules;
however, for the most part, interpretability is still not so important in most real-
world applications of FLSs (e.g., fuzzy-logic control), although it is becoming
more important.

In the Per-C words come first, because for each application (A) the very first
step in designing a Per-C is to create the Codebook that will be used both to design
the CWW Engine and decoders. A codebook for an application is the collection of
pairs of word and the IT2 FS model for the word, i. e.,

Codebook = {(W;, FOU(W;)),i=1,...,Na} (1)

The words in the codebook must mean something to the end-user; hence, for the
Per-C the linguistic labels of the T2 FSs are very important.
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3 Fuzzifier Versus Encoder

For an IT2 FS, there can be three kinds of fuzzification [4]:

(1) Singleton fuzzification in which numbers are modeled as type-0 fuzzy sets, i.e.,
they are considered to be perfect. This is by far the most popular kind of
fuzzification today, because it leads to enormous simplifications of the infer-
ence process.

(2) Nonsingleton type-1 fuzzification in which each measured number is modeled
as a T1 FS. This kind of fuzzification is more realistic than singleton fuzz-
ification when measurements are corrupted by stationary additive measure-
ment noise.

(3) Nonsingleton interval type-2 fuzzification in which each measured number is
modeled as an IT2 FS. This kind of fuzzification is more realistic than non-
singleton type-1 fuzzification when measurements are corrupted by non-
stationary additive measurement noise.

Inferencing for both nonsingleton T1 and IT2 fuzzifications is more difficult than
it is for singleton fuzzification; hence, such fuzzifications are rarely used, although
lately nonsingleton type-1 fuzzification is becoming more popular primarily,
because people are using nongradient-based optimization procedures (e.g., PSO
[19] or QPSO [20, 21]) to optimize FOU parameters during the designs of IT2 FLSs
(computing derivatives for such fuzzifications are very complicated [22]).

The encoder of the Per-C models words as IT2 FSs and there is no choice about
this (maybe in the future, people will model words using general T2 FSs, but
to-date this is not being done). Why? Because words mean different things to
different people, and the two kinds of uncertainties associated with a word cannot
be modeled using T1 FSs [11, 23, 24]. Those uncertainties are: intra-uncertainty—
the uncertainty that an individual has about a word—and inter-uncertainty—the
uncertainty that a group of subjects has about the word.

The encoder maps words into IT2 FSs. It uses interval end-point data that are
collected from a group of subjects. The subjects are asked a question like: On a
scale of 0—10 where would you locate the end-points of an interval that you
associate with word W? The interval approach [13, 25] [or its enhanced version,
the enhanced interval approach (EIA) [26]] maps the interval data into an FOU,
and it does not decide what kind of an FOU to choose ahead of time. Instead, it
includes a classification step that does this based on the data that are collected from
the group of subjects—the data speaks! The result is either a left shoulder, interior,
or right shoulder FOU (Fig. 3); but none of these FOUS are usually symmetrical.
The IA (EIA) transfers the uncertainties from each subject as well as the group of
subjects into the word’s FOU.
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Fig. 3 Left shoulder, right d Left-Shoulder i Right-Shoulder
shoulder and interior FOUS, FOU Interior FOUs FOU
all of whose LMFs and UMFs
are piecewise linear [25]

4 Rules Versus CWW Engines

For an IT2 FLS, rules may be obtained from domain experts, extracted from data,
or postulated by the designer and then optimized during a training/tuning proce-
dure. Rules are independent of the kind of FSs that are used to model their
antecedents and consequent, i.e. a rule is a rule is a rule... . When at least one
antecedent or consequent is modeled using an IT2 FS, the resulting FLS is an IT2
FLS.

There are two kinds of rules in an IT2 FLS, Mamdani and TSK. In a Mamdani
rule [27], the rule’s consequent is a FS, whereas in the TSK rule its consequent is a
linear combination of linear or nonlinear functions of inputs or its FSs.> Mamdani
rules for a T1 FLS have the structure (e.g., [4, 6, 7])

R': IFx; is F| and --- and x, is F,, THEN yis G',l=1,...,M;
Mamdani rules for an IT2 FLS have the structure (e.g., [3, 4])
R': IFxis F| and --- and x,is F), THEN yis G',/=1,...,M.
TSK rules for a T1 FLS have the structure (e.g., [4, 28, 29])
R':TF x; is F{ and --- and x, is FII,7 THEN yl(x):cé—&—cllxl—i—c[zxz—l— e —|—céx,,7
I=1,...M,
TSK rules for an IT2 FLS have the structure [4]
R':TF x;is F| and --- and x, is F},, THEN Y'=C{+Cixi+Chx+ - - +C,x;,

I=1,...M,

In the Per-C, there can be different kinds of CWW engines. To date, there are
two such engines, namely if-then rules and novel weighted averages (NWA).

2 TSK rules are also available in which their consequents are dynamical systems, but such rules
are outside of the scope of this chapter.
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The rules in the Per-C can only have the structure of Mamdani rules because in
CWW rules the consequents are words; however, the words must be in the
codebook (note that there is no codebook for an IT2 FLS).

A NWA is a weighted average [13] in which at least one weight (W)) or signal
(X;) that is being averaged is not just a number. When at least one of them is a
uniformly weighted interval of numbers, then the NWA is called an interval
weighted average (IWA). When at least one of them is a nonuniformly weighted
interval of numbers, then the NWA is called a fuzzy weighted average (FWA)
(e.g., [30]). When at least one of them is a word that is modeled by an IT2 FS, then
the NWA is called linguistic weighted average (LWA) [31, 32]. The FWA is
computed by using IWAs, and the LWA is computed by using FWAs.

A NWA can be expressed as:

Vawa = ==L 270 (2)

We call this an “expressive equation,” because (2) does not mean that the
NWA is computed by multiplying, adding and dividing IT2 FSs. How to compute
)?NWA is briefly described in Sect. 5.

A recently published linguistic weighted power mean (LWPM) [33, 34] gen-
eralizes NWAs to the following expressive structure:

- \]/
: (o xw
YLWPM = lim %
a=r\ i Wi
According to Rickard et al. [34], as r ranges over the real line, ?LWPM ranges
from logical conjunction of the inputs, X; A ... A X, (in the limit, as r — —o0), to
logical disjunction of the inputs, X; V...V X, (in the limit, as r — 00). Y wpu is
an orand operator that can be computed by using the KM algorithms but modified
to the LWPM, as explained in [33, 34]. When r = 1 it reduces to a NWA.

(3)

5 Inference Versus Output of CWW Engine

There are two main kinds of inference procedures for an IT2 FLS, Mamdani, and
TSK. Both can be thought of as a two-step procedure: (1) Obtain a firing interval
through activating the rule’s antecedents by means of the inputs to the FLS, and
(2) Blend the firing intervals from the fired rules with each rule’s consequent.

In Mamdani inferencing one uses the extended sup-star composition [4] to
formally compute the firing interval. For an IT2 FLS in which singleton fuzzifi-
cation is used, the firing interval only involves using the lower and upper MFs for
each of the antecedent’s IT2 FS, i.e., the lower value of the firing interval is
computed as the t-norm between the lower MFs of all of the rule’s antecedent
MFs, and the upper value of the firing interval is computed as the t-norm between
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the upper MFs of all of the rule’s antecedent MFs. Usually, minimum or product
t-norms are used. An example is given in Fig. 4.

Fired rule outputs may be combined or not depending upon the kind of output
processing that is used. If they are combined, then this is done using the union
operation, the result being one composite IT2 FS (see Fig. 5). It they are not
combined, then each of the firing intervals as well as some information about the
IT2 consequent FS of each fired rule is sent to output processing, as will be
discussed in the next section.

In TSK inferencing, one also computes the firing interval as in Mamdani
inferencing, but now this is done formulaically, i.e., there is no rigorous justifi-
cation for doing this. The firing intervals are then usually used to compute a
weighed average between each fired rule’s consequent expression, in which the
firing intervals act as the weights. Sometimes the firing intervals are used only to
compute an unnormalized linear combination of each fired rule’s consequent
expression [4].

Regardless of which kind of inference is used in an IT2 FLS, there is no
constraint on it that the resulting IT2 FSs have to resemble the FOUs in a code-
book, because, as mentioned above, there is no codebook for an IT2 FLS. The
same is not true for the output of the CWW engine of the Per-C.

Because words must also mean similar things to different people (or else people
will not be communicating effectively), we believe that the output FOUs from the
CWW engine must resemble the words that are in the codebook. This is a new kind
of constraint for a fuzzy system, but it is one that to date can only be checked after
the fact, i.e., it has yet to be used as a constraint during the design of a CWW

Firing interval calculation:

F&)=[f(x), f(x)]

Rule output calculation:

)
\\ i, () . Fou)
\ N

’ > xl
X
v Fired rule
u -
A
1-f---------- --- >y
FOU(F,) '
:Hﬁ: (x;)
M (X))
2
0 \ \ | X,

7
X

Fig. 4 IT2 FLS inference: from firing interval to fired-rule output FOU [5]
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4 Rule-1 Output 4 Rule-2 Output
1 1f-=""""""-7
FOU(GY 5 FoUG?
7 FOU(B") e L Fous)
f! 0
L >y >y
(a)

I~ I

(b)

Fig. 5 Pictorial descriptions of (a) fired-rule output FOUs for two fired rules, and (b) combined
fired output FOU for the two fired-rules in (a) [13]

engine. Perhaps, in the future, researchers will be able to invoke this constraint at
the front end of such a design.

When the Per-C engine is a collection of if~then rules, then, as for an IT2 FLS,
we: (1) Obtain a firing interval [35] or firing level [36] through activating the rule’s
antecedents by means of the inputs to the FLS, and (2) Blend the firing intervals or
firing levels from the fired rules with each rule’s consequent. Because of the
constraint that the output FOUs from the if-then rules must resemble the words
that are in the codebook, Step 2 is carried out differently from an IT2 FLS. It is
performed by means of a special LWA. Steps 1 and 2 together are called
Perceptual Reasoning [13, 35, 36].

Although it is possible to compute a firing interval for the first step, as in an IT2
FLS [35], we have found that the resulting FOU obtained from the second step
does not resemble the FOUs of the words in the codebook as well as when a
Jaccard similarity measure is used in the first step to compute a firing level.
Because the Jaccard similarity measure for two IT2 FSs is so important to the Per-
C, we provide its formula next [13, Chap. 4], [37]:

oo o min(ji (), () + SO0 min(y (x0), ()
smy(A,B) = =x — — ¥
2icn max (g (), g (%) + 225 max (p; (xi)aﬂg(xi))

Note that sm; (A, B) € [0, 1].
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The special LWA that is used in the second step of perceptual reasoning is one
in which the firing levels from the first step are used to weight the IT2 consequent
FSs. This way of aggregating fired-rule consequent sets is novel and is quite
different from taking the union (using the maximum operation) of such sets. If one
does the latter, then the resulting composite FOU does not resemble the FOU of a
word in a codebook [e.g., see FOU(B) in Fig. 5b; it looks quite different than
FOU(G") or FOU(G?), even if there is only one such fired rule, due to the clipping
operation of the minimum operation].

It has been proved that the output FOUs from the if-then rules of perceptual
reasoning resemble the words that are in the codebook [36, 13].

When the Per-C CWW engine is the IWA, then its output is computed by using
two enhanced KM algorithms (see Table 1), one for the left end point and one for
the right end point of the IWA. The KM algorithms (and EKM algorithms), which
were originally developed in the context of an IT2 FLS for type reduction
(see Sect. 6) [4, 38], have turned out to be essential tools for the Per-C.

When the Per-C CWW engine is the FWA, then its output is computed by using
the alpha-cut function decomposition theorem® [39], because the FWA is a
(nonlinear) function of T1 FSs. At each alpha-level the resulting computation
reduces to an IWA, because alpha cuts are intervals of real numbers [39].

When the Per-C CWW engine is a LWA, then its output, which is itself an IT2
FS, is computed as two FWAs, one for the LMF and one for the UMF. This comes
about by first representing each IT2 FS as the union of all of its embedded T1 FSs
[40, 41], so that the LWA can be viewed as a FWA involving a multitude of T1
FSs.

It has been proved that the output FOUs from the LWASs resemble the words
that are in the codebook [31]. An example of the LWA is in Fig. 6.

6 Output Processing Versus Decoding

For most IT2 FLSs, output processing consists of two steps: (1) type reduction
(TR) and (2) defuzzification.

Type reduction is a way to project an IT2 FS into a T1 FS [2, 4]. Just as there
are many kinds of defuzzifiers for a T1 FLS, there are many comparable type
reducers for an IT2 FLS. Center-of-sets TR is most popular. It consists of the
following two steps: (1) Compute the centroid of each consequent IT2 FS (it will
be an interval-valued set) and put them in storage; and (2) After the firing interval
has been computed for each fired rule, compute an IWA in which the firing
intervals act as weights and the centroid of the consequents act as the signals. In
the IT2 FLS literature, the IWA is called the generalized centroid [4, 38].

3 The MF for a function of T1 FSs equals the union (over all values of alpha) of the MFs for the
same function applied to the alpha cuts of the T1 FSs.
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Fig. 6 (a) FOUs of five signals, (b) FOUs of their corresponding weights, (¢) FOU of the LWA

No closed-form formulas are available to perform either Steps 1 or 2. Instead,
EKM algorithms are used in both of these steps. Step 1 only has to be carried out
one time after the design of the IT2 FLS has been completed. The use of EKM
algorithms in the second step may sometimes lead to a time-delay, because EKM
algorithms are iterative (however, they are quadratically convergent [42]). Such a
delay may be unacceptable for real-time applications, such as fuzzy logic control,
but does not pose a problem for nonreal-time applications, e. g., classification.

Because the type-reduced set is an interval of real numbers, defuzzification is
trivial; it is obtained as the average of the two end-points of the type-reduced set.

The type-reduced set also provides a measure of the MF uncertainties that have
flowed through all of the computations within the IT2 FLS. It plays a role that is
analogous to standard deviation in probability. When TR is bypassed, as is
commonly done in FLC, then no such useful measure is available.

To date, the three decoders for the Per-C are similarity, rank and subsethood
[13, 37]. More than 50 similarity measures have been reported for T1 FSs.
Additionally, the notion of similarity is very application dependent. Similarity of
word FOUs requires a similarity measure that can simultaneously capture the
similarities of FOU shapes and FOU proximities. The former is obvious; the latter
is because word-FOUs are aligned on a scale. To date, the Jaccard similarity
measure in (4) is the preferred one used for the Per-C, because it does an excellent
job of simultaneously capturing similarity of both shape and proximity of FOUs.

There is no optimal way to rank FOUs. Our approach for doing this is to first
compute the centroid of competing FOUs and then to use the COG of the centroids
to provide a numerical ranking [13, 37]. In addition, the centroid provides a
ranking band that is very useful, because it summarizes the uncertainties about
ranking. Let the centroid of A be denoted C(A) = [c/(A),c,(A)]. Then the
numerical rank for A, r(A), is 7(A) = [¢/(A) + ¢,(A)]/2. A useful way to sum-

marize the ranking information is as r(A) % [c,(A) — ¢;(A)]/2.
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Subsethood is useful when the output of the CWW engine has to be mapped
into a class. We use the following subsethood measure, introduced first by Vlachos
and Sergiadis [43], and later re-expressed by Wu and Mendel [37], so that it is very
clear that it is the extension of Kosko’s subsethood measure for T1 FSs [44],
namely:

S i ), B ) + S i () 1)
S i)+ 3N 25 (x;)

Although this formula resembles similarity formula (4) it is quite different,
because smy (A, B) = smy(B,A), but ssys(A, B) # ssys(B,A).

SSVs(A,B) = (5)

7 Outputs Versus Recommendation + Data

The output of an IT2 FLS is usually just a number. If TR is bypassed, then it is
only a number—the defuzzified output value. If TR as well as defuzzification are
performed, then the outputs of the IT2 FLS will be both the defuzzified number as
well as the type-reduced set, which, as has been mentioned earlier, provides a
measure of the MF uncertainties that have flowed through the IT2 FLS.

Observe, in Fig. 2, that the outputs from the Per-C are both a recommendation
and data. In our earlier works on the Per-C, its output was only a recommendation
or even just a “word.” Psychologists have shown that although people want to
communicate using words—the recommendation—they also want the recom-
mendation to be backed up by data. For example, if your boss gives you a poor
evaluation for the year, you will want to know “Why?” He or she will then
provide you with the reasons for this and those will usually involve “data”
(e.g., “You did not meet your sales target of $X for the year.”). For the Per-C, the
centroid, ranking bands, and similarities can be used to provide the data. People
seem to understand such measures. On the other hand, we would not use subset-
hood because people generally do not understand it.

8 Recapitulation and Conclusions

By comparing an IT2 FLS and the Per-C in terms of inputs and membership
functions, fuzzifier versus encoder, rules versus CWW engines, inference versus
output of CWW engine, output processing versus decoder, and outputs versus
recommendation plus data, it should be clear that there are many more differences
between these two systems than there are similarities. In the Per-C:

e Words come before their MFs because one must first establish the vocabulary
that will be used by Per-C.
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e Words mean different things to different peoples, so IT2 FSs are used.

e Words must also mean similar things to different people, so IT2 FS models must
also include this requirement.

e Words or a mixture of words and numbers always excite the Per-C.

e CWW engines are constrained; their outputs resemble the FOUs in the
codebook.

e Similarity, rank and subsethood are very important in the Per-C.

In an IT2 FLS:

e Words that label a FS are not used by the calculations; hence, the MF can come
before the word.

e Uncertainties about the labels of the FSs do not play an important factor in using
IT2 FS; it is their additional design degrees of freedom that are important.

e Words do not excite it; numbers (certain or uncertain) do.

e Rules are aggregated in such a way that universal approximation can be
appealed to; the shapes of the aggregated FOUs are unimportant.

e Most often, their output is a number that is obtained either directly by de-
fuzzification or by a combination of TR plus defuzzification.

Something that is similar to both an IT2 FLS and the Per-C is they both rely
heavily on the EKM algorithms. In an IT2 FLS, TR uses the EKM algorithms, and
in the Per-C, NWAs, centroid, and ranking use the EKM algorithms. Although the
EKM algorithms were developed in the context of IT2 FLSs, their use has crossed-
over into CWW. Perhaps there are other FLS tools that will do the same.

Finally, an IT2 FLS and the Per-C are used for very different applications.
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A Survey of Continuous Karnik—Mendel
Algorithms and Their Generalizations

Xinwang Liu

Abstract Karnik—Mendel (KM) algorithms are important tools for type-2 fuzzy
logic. This survey chapter summarizes some extensions of continuous Karnik—
Mendel algorithms. It is shown that the solution of KM algorithms can be trans-
formed into the solution of root-finding problems, and that the iteration formula in
KM algorithms is equivalent to the Newton-Raphson root-finding method in
numerical analysis. New iteration formulas are summarized that accelerate the
convergence speed and it is shown that numerical integration methods can be used
to improve computation accuracy. This chapter demonstrates that properties and
structures of KM algorithms can be understood and improved with the techniques
from numerical analysis.

1 Introduction

A type-2 fuzzy logic system (FLS) allows for better modeling of uncertainty than a
type-1 FLS, because a type-2 fuzzy set (T2 FS) has a Footprint of Uncertainty (FOU)
that gives it more degrees of freedom than a type-1 fuzzy set (T1 FS) [2, 13, 23]. An
interval type-2 fuzzy set (IT2 FS) is a simplified version of a general T2 FS because
its membership grade is a crisp interval rather than a function. Most applications of
type-2 FLSs involve only IT2 FSs. It has been shown that IT2 FLSs can outperform
their type-1 FLSs counterparts in a variety of fields including information pro-
cessing, fuzzy control, and decision making [2, 3, 7, 16, 23, 30, 31].

The centroid of an IT2 FS, developed originally by Karnik and Mendel [6],
which provides a measure of the uncertainty of that FS [32], is also one of the most
important computations for that FS, and is a commonly used type reduction

X. Liu (<)

School of Economics and Management, Southeast University,
Nanjing 210096, People’s Republic of China

e-mail: xwliu@seu.edu.cn

A. Sadeghian et al. (eds.), Advances in Type-2 Fuzzy Sets and Systems, 19
Studies in Fuzziness and Soft Computing 301, DOI: 10.1007/978-1-4614-6666-6_2,
© Springer Science+Business Media New York 2013



20 X. Liu

method in T2 FLSs [8, 14, 21, 22]. Popular and efficient algorithms, called
“Karnik-Mendel (KM) algorithms,” were developed for centroid type reduction
for interval type-2 FLSs [6, 13]. Mendel and Liu [20] proved monotonicity and
super-exponential convergence of the algorithms. The iteration number of KM
algorithm is usually less than seven for accuracies of 1072, Wu and Mendel [29]
proposed Enhanced KM (EKM) algorithms to reduce the computational cost of the
standard KM algorithms. Yeh et al. [33] proposed the Enhanced Karnik—Mendel
algorithm with new initialization to compute the generalized centroid of general
T2 FSs. Similarly, Zhai and Mendel [34] proposed a new centroid flow (CF)
algorithm to compute the generalized centroid of general T2 FSs without having to
apply KM/EKM algorithms for every a-plane. Mendel [17] gave reviews on the
centroid, the algorithms for centroid computation, and its applications.

KM algorithms and their extensions have been applied to many applications of
T2 FSs and play an important role in interval type-2 and general type-2 FLSs [5, 8,
13, 15, 16, 21, 23, 26], computing with words [23, 30, 31] and fuzzy weighted
average problems [4, 9, 27]. The latest theoretical development related to KM
algorithm is proposed by Liu and Mendel [10], in which the KM algorithm is
discovered to be equivalent to the Newton-Raphson method in root finding. KM
algorithms can be understood and studied from this novel point of view.

In this survey chapter, new forms of continuous KM algorithms are proposed.
Section 2 gives preliminaries about IT2 FSs and the centroid computation of IT2
FSs; Sects. 3-7 provide the extensions of the KM algorithms using our new
continuous KM algorithm, and, Sect. 8 summarizes the main results and draws
conclusions.

2 Preliminaries
This section provides some background about IT2 FSs, the centroid of such fuzzy

sets, the KM algorithms, and continuous KM algorithms.

2.1 Interval Type-2 Fuzzy Sets

An interval type-2 fuzzy set (IT2 FS) A is characterized as [1, 13, 18, 19]:

A:/ / 1/(x,u):/ / 1/u| /x (1)

x€X uel,Clo,1] xeX | uel,C[o,1]

where x, the primary variable, has domain X; u € U, the secondary variable, has
domain J, at each x € X; J, is called the primary membership of x; and, the
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secondary grades of A all equal 1. Note that (1) means: A:X — {[a,b]:
0 < a < b<1}. Uncertainty about A is conveyed by the union of all the primary
memberships, which is called the footprint of uncertainty (FOU) of A, ie.,

FOU(A) = {(x,u) :u € J, C[0,1]}

The upper membership function (UMF) and lower membership function (LMF) of
A are two type-1 MFs that bound the FOU. The UMF is associated with the upper
bound of FOU(A) and is denoted iz (x), Vx € X, and the LMF is associated with
the lower bound of FOU(A) and is denoted ().

An embedded TI1 FS, A,, is a function whose range is a subset of [0, 1]
determined by p;(x,u), ie.,

Ac={(vut) |xexues)} 2)
When the primary variable x is sampled at N values, xj,...,xy, and at each of
these values its primary memberships are sampled at M; values, y; , ..., 4; , then

there will be ny = [[., M; embedded T1 FSs that are contained within FOU(A).

2.2 Centroid of an Interval Type-2 Fuzzy Set

Recall that the centroid, c(4), of the TL FS A (A € X = {x1,x2,,xy}) is defined as

c(A) — i Xt (x0) 3
W vazl 1 (x;) ©

The centroid, Gy of an IT2 FS, A, which was developed by Karnik and Mendel
[6], has turned out to be a very important concept for IT2 FSs and their associated
FLSs. The centroid Cy is the union of the centroids of all its embedded T1 FSs A,,

ie., [28]:

C(A) =[ci(A),c,(A)] (4)
where
(A) = minc(4,) (5)

¢,(A) = maxc(A,) (6)

e
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2.3 KM Algorithms

Let x;(i = 1,2, N) represent the discretization of the primary variable of an IT2 FS
A. The centroid of IT2 FS A, ;= [ci,¢;], can be computed as the optimal
solutions of the following interval weighted average problems [6, 20]:

koo — N
Zfil x;i0; . Doty Xty (%) + Zi:k,+1 Xilly (xi)

= min = 7
Woelp; (), T ()] SO, 0 A (%) + o () @)
kr _
o — ma va 1)619, . Zi:lxiﬁg(xi) + Z?]:k,.Jrl it (x;) (8)
r ko —
R €l (), T3 ()] Z, 1 0 Dol Ha(xi) + Z?]:k,.+1 a7} (xi)

where k; and k, are called “switch points” with x;, < ¢; <xg4+1 and xi, < ¢ <X, 41
The determination of k; and k, can be performed by using the KM algorithms
and are summarized in Table 1 [6, 13, 23].
Recently, Wu and Mendel [29] proposed Enhanced KM (EKM) algorithms
given in Table 2, which improve the KM algorithms with better initializations,
computational cost reduction techniques, and stopping rules.

2.4 Continuous KM Algorithms

Continuous KM (CKM) algorithms [24, 25] were proposed for studying the the-
oretical properties of IT2 FS centroid computations, e. g., they were used to prove
that the KM algorithms converge monotonically and super-exponentially fast [20].

We assume all the x;s are different and they are bounded in [a,b], where

a= lIgun {x;} and b = ]max {x;}." Then, the continuous versions of (7) and (8) are

fvqu xdx—i—f Xph (x)dx

¢; = min ¢/(&) = min )
Eefad) elabl [ Tix(x)dx + [7 pr(x)d
“x xX)dx + [, xpix(x)dx
¢, = max ¢,(&) = 5 fi il (10)

( max ——
E€lab] ¢€lad] ffﬁx X)dx + fé '“K x)d.

Continuous versions of the KM algorithms for ¢; and ¢,, which give the optimal
solutions of (9) and (10), are given in Table 3.

1" As noted in [25, p. 363], if Gaussian MFs are used, one can extend the theoretical results to
a — —o0, b — +o00; but, in practice, when truncations are used, a and b are again finite
numbers.
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Table 1 KM algorithm for computing the centroid end-points of an IT2 FS, A [6, 13, 23]°
Step KM algorithm for ¢; KM algorithm for ¢,

a= min_ (XX, x0:/ YN, 0:) Cr = maxyg,elu (x)7i () (e Xi0i/ Sy 0:)
0l (5)7 ()] &

1 Initialize 0; by setting 0; = [p; (x;) + i3 (x:)]/2,i = 1,2, N and then compute

¢ =c(01,04,,08) = vazl Xi91/ vajl 0;

2 Find k(1 <k <N — 1) such that x; < ¢ <oxgyi.
3 Compute Compute

L‘l(k) — Z,A:z X'?A(-‘J*Z%m X’ﬁ/\(x‘) C,(k) — Z,k:z Yt (X’)+Z:’:k71‘i’ﬁ?‘(x’)
Z,:l Ha ("'”Z,zm #50x0) Z;:l far (X’Hz,:kq Hi (xi)
4 Check if ¢;(k) = . If yes, stop and set Check if ¢, (k) = . If yes, stop and set
ci(k) = ¢; and k = L. If no, go to step 5. ¢,(k) = ¢, and k = R. If no, go to step 5.
5 Set ¢’ = ¢;(k) and go to Step 2. Set ¢’ = ¢,(k) and go to Step 2.

% Note that x; <xp < -+ <xy

Table 2 EKM algorithms for computing the centroid end-points of an IT2 FS, A [23, 29]3,

Step EKM algorithm for ¢, EKM algorithm for ¢,
. N N N N
Cc] = min i )C,'Hi i— 9,‘ Cr = max i— )C,'Q,' i— 0,‘
" ol () ) (66 321 0) VO,€ (5 7 ()] (i 56/ 2 0)
1 Set k = [N/2.4] (the nearest integer to Set k = [N/1.7] (the nearest integer to
N/2.4) and compute N/1.7) and compute
k N k N
o= xifty () + >0 X (xi), o= xip; () + >0 Xl (x),
i=1 i—k+1 i1 i=k+1
k. N k N
ﬁ:ZIMA(Xi)-F ;lﬁ;\()ﬂ)- ﬁ:Z‘TﬁA(XiH ;]Hg(xz')-
i= i=k+ i= i=k+

Compute ¢’ = a/f.
2 Find k' € [1,N — 1] such that xp < ¢’ <xpyg.
3 Check if k' = k. If yes, stop and set ¢’ = ¢; Check if &' = k. If yes, stop and set ¢’ = ¢,

and k = L. If no, go to step 4. and k& = R. If no, go to step 4.
4 Compute s = sign(k’ — k) and Compute s = sign(k’ — k) and
max (k.k') max(k,k')
{X/ =o+s Z 1/ —g—s
i=min(k.k")+1 i=min(k.k")+1
[ () = 115 ()|, [y (5 = 115 ).
max (k") max (k,k")
F=p+s > F=p-s
i=min(k,k')+1 i=min(k,k')+1
[Fa ) — g5 )] [Fa ) = g )]

Compute ¢” (k') =o' /B
5 Setcd =c"(k'),a=0¢,=p and k =k and go to Step 2.

“Note that x; <xp < -+ <xy
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Table 3 Continuous KM (CKM) algorithms for computing the centroid end-points of an IT2 FS,

A
Step CKM algorithm for ¢; CKM algorithm for ¢,
b b
x01 x0(x)dx
= mm L, e ¢ = max M
Vo)l () 5 ()] [ 0 Vo)l (0.7 (0] [ 0x)dx
1 Let 0(x ) (p5 () + 5 (x )) /2, and compute the initial value £, as
b
. x0(x)dx
¢= j;b
[{ ) 0(x)dx
2 Compute Compute
. f Xt (x) dx+f xu x)dx ff Xi (x)dx+f;h Xt (x)dx
= g &= b
j; i (x dx+j; H; (x)dx .f; ﬁ;‘()()d.H»f5 i (x)dx
3 Check if | — &| <& (¢ is a given error Check if |£ — &,| <& (¢ is a given error
bound of the algorithms). If yes, stop and bound of the algorithms). If yes, stop and
set ¢, = &,.. If no, go to step 4. set ¢; = . If no, go to step 4.
4 Set £ = &; and go to Step 2. Set £ = ¢, and go to Step 2.

The continuous version of EKM called continuous EKM (CEKM) is given in
Table 4.

3 Transforming the Solution of KM Algorithms
into Root-Finding Problems

The solutions of (9) and (10) can also be transformed into the solutions of root-
finding problems.

Theorem 1 [10] (1) ¢; = ¢;(&") is the unique minimum value of (9), and & is the
unique simple root of the monotonic increasing convex function:

9

0(&)= [ (&~ 9zt dx+/b X)dx (1)
¢

a

(2) ¢, = ¢, (&%) is the unique maximum value of (10), and & is the unique simple
root of the monotonic decreasing convex function:

j —x,u~ dx—/b —XHA( x)dx (12)

Proof See [10]. |
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Table 4 Continuous EKM (CEKM) algorithms for computing the centroid end-points of an IT2
FS, A

Step CEKM algorithm for ¢, CEKM algorithm for c,
. f" x0(x)dx bx@(x)dx
Cc| = min r Cr = MaXv((x)e(u. (x)Ji; (x)] 5
! Vo)l () 5 (0] [ 0()dx VO0(x) €l (x):753 ()] [ 00
12 Setc=a+ (b—a)/2.4, and compute Set c =a+ (b—a)/1.7, and compute
c b c b
o= }lfxﬁ;‘ (x)dx + [xHA (x)dx, o= ;[XHA (x)dx + ‘\fxﬁ;, (x)dx,
c b c b
B = [Ba(x)dx + [ p; (x)dx. B = [xp;(x)dx + [xfiz(x)dx.

Compute ¢’ = a/p.
2 Check if |¢ — ¢| < & (¢ is a given error bound Check if |¢ — ¢| < ¢ (¢ is a given error bound

of the algorithms). If yes, stop and set of the algorithms). If yes, stop and set
¢ =¢;. If no, go to step 4. ¢ =¢,. If no, go to step 4.
3 Compute s = sign(c’ — ¢) and: Compute s = sign(c’ — ¢) and:
max(c,c’) max(c,c’)
=a+s [ x[ﬁ;‘(x) fﬂ;‘(x)]dx, o =a—s5 [ x[ﬁg(x) fEA(x)]dx,
min(c,¢’) min(c,c’)
max(c,c’) max(c,c’)
p=bes | () —w@]ax.  p=p-s I (73 3) = 5 (0]

Computec” =o', /
4 Setc=c,d=c",a=d,8=p and go to Step 2

#The initialization step utilizes the shift-invariant property of computing the centroid of an IT2 FS
[25], i. e., one can always set a = 0, so that the total sample number N corresponds to the integral
length b — a.

From Theorem 1, the computation of ¢; and ¢, can be transformed into root-
finding problems. Liu and Mendel [10] have also proved that the iteration formula
in the CKM algorithms is equivalent to the iteration of the Newton-Raphson root-
finding method in numerical analysis, for the root-finding problems (11) and (12).
More specifically, the Newton-Raphson iteration formulas can be stated as

L 99
fz—f-i—(p,(é) (13)
and
r _ z lpl(é)
qr—§+—¢,(é) (14)

When the respective derives are substituted into (13) and (14), then those equa-
tions become the same as the iteration formulas in Table 3, respectively. EKM
algorithms use the same iteration formula as KM algorithms; hence, convergence
speeds of KM and EKM algorithms are quadratic, because Newton-Raphson
algorithms are known to be quadratically convergent.
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From this viewpoint, the KM algorithm iteration can be regarded as a special
form of a root-finding method, which suggests that other techniques from
numerical analysis can also be used to further improve the KM algorithms.

4 Halley’s Method to Accelerate the Convergence
of KM Algorithms

Motivated by (13) and (14), one can use Halley’s method from numerical analysis
to improve the convergence from quadratic to cubic.
For the root-finding problem (11), it follows from Halley’s method [12], that

-1
0 [, _eO)e"(9)
é_£¢@KIZW©Y> 1
where
¢ b
/ — i+ [ (&= () (16)
é b
o0 = [mreax+ [ o (17)
a ¢
@"(&) =Tz (x)(&) — pz(x)(&) (18)
Similarly, for the root-finding problem (12), a comparable algorithm for ¢, is
I GYARGIAGA "
R (1 2(«//(6))2> "
where
4 b
06 = - [ ¢~y /-ﬁm (20)

b
00 =~ [ e~ [ iz 1)
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V(&) = —p (0)(&) + B (¥)(E) (22)

Although convergence is improved by using (15) and (19), complexity is
increased.

5 Another Way to Accelerate the Convergence
of KM Algorithms

A Taylor series expansion of ¢(¢&;) around ¢, is

~@"(&)(& - &)

(&) = (&) + ' (& - &+ 3

If ¢” (&) # 0, then the one root of ¢(¢) = 0 that is closer to & is

\/(/7 _2(P )" (&) (23)
= 7@
On the other hand, if ¢”(¢) = 0, then
. 99
&=¢ o0 (24)

Observe that (24) is the same as a KM algorithm or the Newton-Raphson iteration
formula (13), which provides those algorithms with another interesting
interpretation.

Considering these two cases together, we have the following new algorithm for
computing &;:

{55 if ¢"(&) =0
G = . (25)

1y (2 o~ .
¢ - OV 000G i (g) 0

Similarly, for &,, we have

¢ -4 ify(&) =0

'(&)— —2 ey .

Note that ¢(&) and (&) and their derivatives are given in Sect. 4.
These new algorithms can be proved to be cubically convergent (omitted), and
they can be used to replace &; and ¢, in the Table 3 CKM algorithms (Step 2).



28 X. Liu

6 Extension of EKM Algorithms to Weighted EKM
Algorithms

By comparing KM algorithms and CKM algorithms, and also EKM algorithms and
CEKM algorithms, respectively, we observe that the former compute the centroid
using the sample points of the FOU, whereas the latter compute the centroid using
MFs of the FOU. The summing operations in (E) KM algorithms are the
approximations of the integral operations in C(E)KM algorithms. Using numerical
integration techniques, weighted EKM (WEKM) algorithms can be obtained to
improve computational accuracy [11]. Table 5 gives weighted EKM algorithms,
where some weight assignments are given in Table 6 for some well-known
numerical integration rules.

Ordinary EKM algorithms are special cases of the WEKM algorithms. Like
EKM algorithms, WEKM algorithms obtain the centroid values of an IT2 FS

Table 5 Weighted EKM (WEKM) algorithms for computing the centroid end-points of IT2 FS,

AR
Step  WEKM algorithm for ¢, WEKM algorithm for ¢,
. Z:VIMX‘O, Z?’lwxl(),
VUE[ﬂmm)MA S b Cr = MAXy0; €, (x;). 1 ()] S il
1 Set k = [N/2.4] (the nearest integer to Set k = [N/1.7] (the nearest integer to
/ N/2.4) and ComPUteb' N / 1.7) and computeb'
o= Z}wx,uA(x,) + ;lwx,yA(x,) o= wa,,uA(x,) + ;lwx,,uA(x,)
i= i=k+ i=k+
p= ZWMA(LH E wifl; (x;). B= szuA(xz)Jr Z Willz (x;).
i=1 i=k+1 i=k+1
Compute ¢’ = a/f.
2 Find k' € [1,N — 1] such that xy < ¢’ <X 41-
3 Check if k' = k. If yes, stop and set Check if k' = k. If yes, stop and set
¢ =c¢jand k = L. If no, go to step 4. ¢ =c, and k = R. If no, go to step 4.
4 Compute s = sign(k’ — k) and: Compute s = sign(k’ — k) and:
max (k") max (k,k')
o =a+s > o =a—s
i=min(k.k") i=min(k,k")
w24 (31) — g1y (30 wi 2y (31) = gty ()
, max (k,k') , max (k.k')
B=p+s > BF=p—s >
i=min(kk’) i=min(kk’)
w4 (3) — gty (30 wi g (31) — gty ()

Compute ¢ =o' /f.
5 Setc=c",a=0o,p=p and k =k and go to Step 2.

“Note that x; <xy < -+ <y
b, are given in Table 6
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Table 6 Weight assignment methods of WEKM (EKM) algorithms,

Algorithms Integration rule Weight value
EKM Riemann sum w;=1(i=1,2,,N)
TWEKM Trapezoidal rule _[1/2 ifi=1,N,
W"*{ 1 ifi#1N.
SWEKM Simpson’s rule 1/2 ifi=1,N
w; = 1 ifi=1mod*(2)andi # I, N,
2 ifi = 0 mod(2)andi # N.
S3/8WEKM Simpson’s 3/8 rule 1/3 iti=1,N

2/3 ifi=1mod(3)andi # 1,N,

Wi 1 ifi=2mod(3)andi # N,
1 ifi=0mod(3) andi # N.
? mod is modular arithmetic operator. i = j(d) means i = nd + j, where n is an integer

approximately. Such approximate values approach the exact values only when the
sample size N — oo.

Numerical examples have shown these new algorithms significantly outperform
current KM and EKM algorithms as far as computational accuracy.

7 Relationships Among the Three Extensions
of Continuous KM Algorithms

By connecting the transformation of the two KM optimization problems to
equivalent rooting-finding problems, demonstrating the equivalence between KM
algorithms and Newton-Raphson algorithms, and using different kinds numerical
integration methods to obtain WEKM algorithms, three new kinds of methods for
computing the centroid of an IT2 FS have been obtained:

1. Direct root-finding methods: using Theorem 1, the centroid values of an IT2 FS
can be obtained by solving for the roots of (11) and (12) directly. Various root-
finding methods can be applied to do this.

2. CEKM algorithms and their accelerations: the centroid values of an IT2 FS can
also be obtained using the CEKM algorithms in Table 4, which are improve-
ments of the CKM algorithms in Table 3. These algorithms can be accelerated
using the new iteration formulas in (25) and (26) from quadratic to cubic.

3. WEKM algorithms and their accelerations: WEKM algorithms are the imple-
mentations of CEKM algorithms using various numerical integration methods.
EKM algorithms are special cases of WEKM algorithms. EKM/WEKM can
also be accelerated by using the discrete versions of (25) and (26).
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8 Conclusions

This chapter has summarized many extensions of KM/EKM algorithms that are
used in the centroid computations of interval type-2 fuzzy sets. Most important is
the fact that the KM algorithm iteration is a special form of root finding solved by
using a Newton-Raphson formula. Different iteration formulas are given that
accelerate the convergence speed. Different numerical integration formulas can be
used to improve the accuracy of KM algorithms by means of so-called weighted
KM algorithms.
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Two Differences Between Interval Type-2
and Type-1 Fuzzy Logic Controllers:
Adaptiveness and Novelty

Dongrui Wu

Abstract Interval type-2 fuzzy logic controllers (IT2 FLCs) have been attracting
great research interests recently. Many reported results have shown that IT2 FLCs
are better able to handle uncertainties than their type-1 (T1) counterparts.
A challenging question is: What are the fundamental differences between IT2 and
TI1 FLCs? Once the fundamental differences are clear, we can better understand
the advantages of IT2 FLCs and hence better make use of them. This chapter
explains two fundamental differences between IT2 and T1 FLCs: (1) Adaptiveness,
meaning that the embedded T1 fuzzy sets used to compute the bounds of the type-
reduced interval change as input changes; and, (2) Novelty, meaning that the upper
and lower membership functions of the same IT2 fuzzy set may be used simul-
taneously in computing each bound of the type-reduced interval. T1 FLCs do not
have these properties; thus, a T1 FLC cannot implement the complex control
surface of an IT2 FLC given the same rulebase.

1 Introduction

Interval type-2 fuzzy logic controllers (IT2 FLCs) have been attracting great research
interests recently. Many reported results have shown that IT2 FLCs are better able
to handle uncertainties than their type-1 (T1) counterparts [1, 5, 10, 22, 23].
A challenging question is: What are the fundamental differencesbetween IT2 and
T1 FLCs? Once the fundamental differences are clear, we can better understand
the advantages of IT2 FLCs and hence better make use of them. In the literature,
there has been considerable effort on answering this challenging and fundamental
question. Some important arguments are [17]:
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1. An IT2 fuzzy set (FS) can better model intra-personal and inter-personal
uncertainties," which are intrinsic to natural language, because the membership
grade of an IT2 FS is an interval instead of a crisp number in a T1 FS. Mendel
[11] also showed that IT2 FS is a scientifically correct model for modeling
linguistic uncertainties, whereas T1 FS is not.

2. Using IT2 FSs to represent the FLC inputs and outputs will result in the
reduction of the rulebase when compared to using T1 FSs [5, 10], as the ability
of the footprint of uncertainty (FOU) to represent more uncertainties enables
one to cover the input/output domains with fewer FSs. This makes it easier to
construct the rulebase using expert knowledge and also increases robustness
[20, 22, 23].

3. An IT2 FLC can give a smoother control surfacethan its Tl counterpart,
especially in the region around the steady state (i.e., when both the error and
the change of error approach 0) [6, 20, 22, 23]. Wu and Tan [24] showed that
when the baseline T1 FLC implements a linear PI control law and the IT2 FSs
of an IT2 FLC are obtained from symmetrical perturbations of the T1 FSs, the
resulting IT2 FLC implements a variable gain PI controller around the steady
state. These gains are smaller than the PI gains of the baseline T1 FLC, which
result in a smoother control surface around the steady state. The PI gains of the
IT2 FLC also change with the inputs, which cannot be achieved by the baseline
T1 FLC.

4. IT2 FLCs are more adaptive and they can realize more complex input—output
relationships which cannot be achieved by T1 FLCs. Karnik and Mendel [8]
pointed out that an IT2 fuzzy logic system can be thought of as a collection of
many different embedded T1 fuzzy logic systems. Wu and Tan [21] proposed a
systematic method to identify the equivalent generalized T1 FSs that can be
used to replace the FOU. They showed that the equivalent generalized T1 FSs
are significantly different from traditional T1 FSs, and there are different
equivalent generalized T1 FSs for different inputs. Du and Ying [3], and Nie
and Tan [14], also showed that a symmetrical IT2 fuzzy-PI (or the corre-
sponding PD) controller, obtained from a baseline T1 PI FLC, partitions the
input domain into many small regions, and in each region it is equivalent to a
nonlinear PI controller with variable gains. The control law of the IT2 FLC in
each small region is much more complex than that of the baseline T1 FLC, and

! According to Mendel [11], intra-personal uncertainty describes “the uncertainty a person has
about the word.” 1t is also explicitly pointed out by psychologists Wallsten and Budescu [15] as
“except in very special cases, all representations are vague to some degree in the minds of the
originators and in the minds of the receivers,” and they suggest to model it by a T1 FS.
According to Mendel [11], inter-personal uncertainty describes “the uncertainty that a group of
people have about the word,” i.e., “words mean different things to different people.” 1t is also
explicitly pointed out by psychologists Wallsten and Budescu [15] as “different individuals use
diverse expressions to describe identical situations and understand the same phrases differently
when hearing or reading them.”
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hence it can realize more complex input—output relationship that cannot be
achieved by a T1 FLC using the same rulebase.

5. IT2 FLCs have a noveltythat does not exist in traditional T1 FLCs. Wu [16, 17]
showed that in an IT2 FLC different membership grades from the same IT2 FS
can be used in different rules, whereas for traditional T1 FLC the same
membership grade from the same T1 FS is always used in different rules. This
again implies that an IT2 FLC is more complex than a T1 FLC and it cannot be
implemented by a T1 FLC using the same rulebase.

This chapter explains why adaptiveness and novelty are two fundamental differ-
ences between IT2 and T1 FLCs. Methods for visualizing the effects of these two
differences can be found in [17].

2 Interval Type-2 Fuzzy Sets and Controllers

This section introduces background materials on IT2 FSs and FLCs, and shows
two numerical examples on IT2 FLCs.

2.1 Interval Type-2 Fuzzy Sets (IT2 FSs)

T1 FS theory was first introduced by Zadeh [25] in 1965 and has been successfully
applied in many areas.

Definition 1 A 71 FS X is comprised of a domain Dy of real numbers (also called
the universe of discourse of X) together with a membership function (MF)
i, Dy —[0,1], ie.,

x= [ w0 )

Dy

Here [ denotes the collection of all points x € Dy with associated membership
grade p (x). O

Despite having a name which carries the connotation of uncertainty, research
has shown that there are limitations in the ability of T1 FSs to model and minimize
the effect of uncertainties [4, 5, 10, 22]. This is because a T1 FS is certain in the
sense that its membership grades are crisp values. Recently, type-2 FSs [26],
characterized by MFs that are themselves fuzzy, have been attracting great
interests. IT2 FSs [10], a special case of type-2 FSs, are currently the most widely
used for their reduced computational cost.



36 D. Wu

Fig. 1 An IT2 FS. X (the
LMF) and X (the UMF) are
two embedded T1 FSs

Definition 2 [10, 12] An IT2 X is characterized by its MF u}(x, u), ie.,

x€Dy  ueJ, C[0,1] x€Dy  uel,C

:/ / l/u/x

xeDg | uel C[0,1]

(2)

where x, called the primary variable, has domain Dg;u € [0, 1], called the
secondary variable, has domain J, C [0,1] at each x € Dy;J, is also called the
support of the secondary MF; and the amplitude of py(x, u), called a secondary
grade of X, equals 1 for Vx € Dy and Yu € J, C [0, 1]. O

An example of an IT2 FS, X, is shown in Fig. 1. Observe that unlike a T1 FS,
whose membership grade for each x is a number, the membership of an IT2 FS is
an interval. Observe also that an IT2 FS is bounded from above and below by two
T1 FSs, X and X, which are called upper membership function (UMF) and lower
membership function (LMF), respectively. The area between X and X is the
footprint of uncertainty (FOU). An embedded T1 FS is any T1 FS within the FOU.
X and X are two such sets.

2.2 Interval Type-2 Fuzzy Logic Controllers (IT2 FLCs)

Figure 2 shows the schematic diagram of an IT2 FLC. It is similar to its T1
counterpart, the major difference being that at least one of the FSs in the rulebase
is an IT2 FS. Hence, the outputs of the inference engine are IT2 FSs, and a type-
reducer [8, 10] is needed to convert them into a T1 FS before defuzzification can
be carried out.

In practice the computations in an IT2 FLC can be significantly simplified.
Consider the rulebase of an IT2 FLC consisting of N rules assuming the following
form:

R": IFx isX|and ---andx;is X!, THEN yis Y".n = 1,2,...,N
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Fig. 2 The schematic aﬁ Fuzzifier ‘ ‘ Rulebase ‘ ‘ Defuzzifier ’Tisp’

diagram of an IT2 FLC inputs TIFS output
Inference
. Type-reducer
IT2 FSs Engine | 12 Fss

where X7 (i =1,...,1) are IT2 FSs, and Y" = [y", 3] is an interval, which can be
understood as the centroid [7, 10] of a consequent IT2 FS,2 or the simplest TSK
model. In many applications [20, 22, 23] we use X” =y", i.e., each rule consequent

is represented by a crisp number.
For an input vector X' = (x{,x},...,x}), typical computations in an IT2 FLC
involve the following steps:

1. Compute the membership interval of x; on each X}, [wy:(x}), pz(x])],
i=1,2,...,,n=1,2,...N.
2. Compute the firing interval of the n™ rule, F"(x'):

F'(X') = [y () X - X e (37), pir (6) %o X e G = [ ] (3)

Note that the minimum t-norm may also be used in (3). However, this chapter
focuses only on the product t-norm.

3. Perform type-reduction to combine F"(x') and the corresponding rule conse-
quents. There are many such methods [10]. The most commonly used one is the
center-of-sets type-reducer [10], derived from the Extension Principle [25]:

iy
Yeos(X') = = [y, v,
cos (X) f”gx,) er:]:lfn b, vl (4)

yeyn

It has been shown that [10, 13, 18]:

_ . Zﬁ:l f an + Zy:kﬂanXn _ th:lf an + ZnN=L+l y
Y= min E—— N = I - N " (5)
kelN=1] 3+ S St S + Yon—r1f

DO D DAPIEY i LD DA i LD DA i
yr= max [ N 7 = R m N 7
ke[LN-1] Zn:li + Zn:k+1fn Zn:l[‘ + Zn:R+1f

where the switch points L and R are determined by

(6)

Y <y <y (7)

% The rule consequents can be IT2 FSs; however, when the popular center-of-sets type-reduction
method [10] is used, these consequent IT2 FSs are replaced by their centroids in the computation;
so, it is more convenient to represent the rule consequents as intervals directly.
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Fig. 3 TIllustration of the switch points in computing y; and y,. (a) Computing y; switch from the
upper bounds of the firing intervals to the lower bounds. (b) Computing y, switch from the lower
bounds of the firing intervals to the upper bounds

<y, < (8)

..........

tively. y; and y, can be computed by the KM algorithms [8, 10] or their many
variants [18, 19]. The main idea of the KM algorithms is to find the switch
points for y; and y,. Take y; as an example. y; is the minimum of Y. (x’). Since
y" increases from the left to the right along the horizontal axis of Fig. 3a, we
should choose a large weight (upper bound of the firing interval) for y* on the
left and a small weight (lower bound of the firing interval) for y" on the right.
The KM algorithm for y; finds the switch point L. For n < L, the upper bounds
of the firing intervals are used to calculate y;; for n > L, the lower bounds are
used. This ensures y; is the minimum.
4. Compute the defuzzified output as:

yl+yr
=, 9
y 3 9)

3 Examples of IT2 FLC

A pair of T1 and IT2 PI FLCs are used in this section to illustrate the differences
between them.

3.1 The T1 and IT2 PI FLCs

The MFs of the T1 PI FLC are shown in Fig. 4 as the bold dashed lines, where the
standard deviation of all Gaussian MFs is 0.6. Its four rules are:
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Hxe
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Fig. 4 Firing levels of the T1 FLC, and firing intervals of the IT2 FLC, when
x' = (¢,¢) =(-0.3,-0.6)

R': IF éis X¢ and e is X¢, THEN it is y'.

R*: 1IF éis X¢ and e is X§, THEN i is y?.

R*: IFéis X and eis X¢, THEN i is y°.

R*: TF éis X§ and e is X5, THEN i is y*.
where i is the change of the control signal, e is the feedback error, and e is the
change of error. y! — y* are given in Table 1. For simplicity the rule consequents

are crisp numbers instead of intervals. However, they can be arbitrary numbers or
intervals and do not affect the conclusions of this chapter.
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Table 1 The rule

consequents of the T1 and — Xi (XD X5 (X5)
IT2 FLCs Xt (X)) y=—1 ¥ =-05
X4 (X9 ¥y =05 V=1

An IT2 fuzzy PI controller may be constructed by blurring the T1 FSs of the T1
FLC to IT2 FSs.? In this chapter, we blur the standard deviation of the Gaussian
MFs from 0.6 to an interval [0.5, 0.7], as shown in Fig. 4. The rulebase of the IT2
FLC is
R': TFéis X¢ and eis X§, THEN i is y'.

R?>: IFéis X{ and e is X5, THEN i is y°.

R*: IFéis X; and eis X¢, THEN i is y°.

R*: IFéis X; and e is X4, THEN i is y*.

Next, the mathematical operations in an IT2 FLC, introduced in Sect. 2.2, are
illustrated using two numerical examples, which will be revisited in Sect. 4.

3.2 Example 1

Consider an input vector x' = (¢/, ¢) = (—0.3,—0.6), as shown in Fig. 4. The
firing levels of the four T1 FSs are:

iy (&) = 0.5063, 1y (') =0.0956,  pux:(¢) = 0.8007, sy, (€') = 0.0286

The firing levels of their four rules are shown in Table 2. The output of the T1
FLC is

Y Y Y

fl +f2 +f3 +f4
For the IT2 FLC, the firing intervals of the four IT2 FSs are:
[,uﬁ (é/),ﬂiél' (&")] = [0.3753,0.6065], [py: (&), pwe (€')] = [0.0340,0.1783]

i_‘ ) ,LL—;
s (¢), iz (¢)] = [0.7261,0.8494], [y, (€'), gz (¢')] = [0.0060,0.0734]

a4 1 4

= —0.3886.

The firing intervals of the four rules are shown in Table 3. From the KM
algorithms, we find that L =1 and R = 2. So,

3 An IT2 FLC can also be constructed from scratch without using a baseline T1 FLC [22, 23].
This chapter uses a baseline T1 FLC for comparison purposes.
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Table 2 Firing levels of the four rules of the T1 FLC in Example 1
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Rule no.:

Firing level — Rule consequent
R': fl :ﬂx'('/)'lle(e/):05063><0-8007:0~4054 — yl=-1
R*: = Hxi (€') - piye (€") = 0.5063 x 0.0286 = 0.0484 — y> =-05
R3: =y (é)- Hx% (¢') = 0.0956 x 0.8007 = 0.0766 — ¥ =05
R*: = 1y (¢) - g (¢) = 0.0956 x 0.0286 = 0.0027 — y=1

Table 3 Firing intervals of the four rules of the IT2 FLC in Example 1

Rule no.:

Firing interval —  Rule consequent

Bl 21 . . 1_ _

R [ 7] = [y (&) - s (€), pige () - i ()] - v =l
= [0.3753 x 0.7261,0.6065 x 0.8494] = [0.2725, 0.5152]

R2. 2 . . 2 _

R?: 12 71 = [ (€1) - iy (€ b (&) - g ()] - y=-05
= [0.3753 x 0.0060,0.6065 x 0.0734] = [0.0022, 0.0445]

D3 . =3 . . 3 _

R [P 7] = iy (&) - s (€)1 () i ()] -y =035
= [0.0340 x 0.7261,0.1783 x 0.8494] = [0.0247, 0.1514]

> -4 . . 4 —

R I, 71 = [ (&) - g (€, i (¢) - i ()] - =l

= [0.0340 x 0.0060,0.1783 x 0.0734] = [0.0002, 0.0131]

=l
B f yl +‘]:‘2y2 +z3y3 +z4y4
AP+ +r
0.5152 x (—

1) +0.0022 x (—0.5) + 0.0247 x 0.5 + 0.0002 x 1

0.5152 + 0.0022 + 0.0247 + 0.0002
~0.9288
=3 —4
[1)71 _’_[ZyZ +f y3 +f y4
4L +P 7
0.2725 x (—

Yr

(10)

1) 4 0.0022 x (—0.5) +0.1514 x 0.5+ 0.0131 x 1

0.2725 4+ 0.0022 4 0.1514 + 0.0131
—0.4209

Finally, the crisp output of the IT2 FLC is:

PR +y,  —0.9288 —0.4209

2 2

= —0.6748.

Observe from the above example that for the same input, IT2 and T1 FLCs give
quite different outputs.



42 D. Wu

Hxe
X
28

Fig. 5 Firing levels of the Tl FLC, and firing intervals of the IT2 FLC, when
x' = (¢,¢') =(-0.3,0.6)

3.3 Example 2

Consider another input vector X' = (¢/, ¢') = (—0.3,0.6), as shown in Fig. 5. The
firing levels of the four T1 FSs are:

,uxf(é’) = 0.5063, Nx;(é/) = 0.0956, ,uxf(e’) =0.0286, iy (e') = 0.8007
The firing levels of its four rules are shown in Table 4. The output of the T1 FLC is

PO e e A e
fl +f2 +f3 +f4

= 0.0393.
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Table 4 Firing levels of the four rules of the T1 FLC in Example 2
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Rule no.:

Firing level — Rule consequent
R': fl :yx('/)-yxf(e’):05063><0.0286:0.0145 - yl=-1
R*: = Hxi (€') - piye (€") = 0.5063 x 0.8007 = 0.0484 - ¥ =-05
R3: =y (é) 'Hx; (¢') = 0.0956 x 0.0286 = 0.0027 — ¥ =05
R*: = 1y (&) - g (¢) = 0.0956 x 0.8007 = 0.0766 — y=1

Table 5 Firing intervals of the four rules of the IT2 FLC in Example 2

Rule no.:  Firing interval —  Rule consequent

Bl 2l . . 1_ _

R [ 777 = [y (&) - s (€), g () - i ()] - oy =-l
= [0.3753 x 0.0060,0.6065 x 0.0734] = [0.0022, 0.0445]

B ) . . 2 _

R I P = [ () g (€), g () s ()] - Y =05
=[0.3753 x 0.7261,0.6065 x 0.8494] = [0.2725, 0.5152]

53 . 3 B . . 3_

R*: [P 7] = 1y (&) - s (€)1 () - iz ()] -y =035
= [0.0340 x 0.0060,0.1783 x 0.0734] = [0.0002, 0.0131]

B4 2 . . 4 _

R [ 777 =l (&) - g (€), pige (€) - g ()] - y=l

= [0.0340 x 0.7261,0.1783 x 0.8494] = [0.0247, 0.1514]

For the IT2 FLC, the firing intervals of the four IT2 FSs are:

0.3753, 0.6065],
0.0060, 0.0734],

i (&), 1 (&) =
e (€), e ()] =

1

()] =
luxs (€), pg(e)] =

0.0340, 0.1783]
[0.7261, 0.8494]

The firing intervals of the four rules are show in Table 5. From the KM algorithms,
we find that L =2 and R = 2. So,

=1 )

Y Y+ + 15
=1 =2
fF+fr+r+r

0.0445 x (—

Y=

1) 4+ 05152 x (—0.5) + 0.0002 x 0.5 + 0.0247 x 1

0.0445 4 0.5152 + 0.0002 + 0.0247

—0.4743
=3 4
‘]:-lyl _|_‘]:'2y2 +f y3 +f y4
4L+ P 7
00022 x (—

Yr =

(11)

1) 4 0.2725 x (—0.5) + 0.0131 x 0.5+ 0.1514 x 1

0.0022 + 0.2725 4+ 0.0131 + 0.1514

0.0443
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Finally, the crisp output of the IT2 FLC is:

S —&2-y, _ —0.47432+ 00443 _ oo

Observe again from the above example that for the same input, IT2 and T1 FLCs
give quite different outputs. The next section explains the fundamental reasons
behind this difference.

4 Fundamental Differences Between IT2 and T1 FLCs

Observe from (9), and also Examples 1 and 2, that the output of an IT2 FLC is the
average of two “T1 FLCs”. However, these two “T1 FLCs” are fundamentally
different from traditional T1 FLCs, for the following reasons [16, 17]:

1. Adaptiveness, meaning that the embedded T1 FSs used to compute the bounds
of the type-reduced interval change as input changes. Take y; in (10) and (11) as

an example. The firing levels of the four rules in (10) are fl,fz,f37 and f*,
respectively, which are computed from different lower and upper MFs, as
shown in the first part of Table 6 and Fig. 6a. The firing levels of the four rules
in (11) are shown in the second part of Table 6 and Fig. 6b. Comparing the two
parts of Table 6, and the two sub-figures in Fig. 6, we can observe that when
the input (¢’, ') changes from (—0.3, —0.6) to (—0.3,0.6), different embedded

Table 6 The embedded T1 FSs from which the four firing levels in (10) and (11) are obtained.

X¢ Xs X¢ Xs
UMF LMF UMF LMF UMF LMF UMF LMF
Equation (10) ]71 vV vV
(¢,¢) = (—0.3,-0.6)
* v v
f% \/ \/
7 v v
Equation (11) 7oV v
(¢,¢) = (—0.3,0.6)
7 4
f3 \/ \/
7 v v

Observe that 2 is used when (¢/, ) = (—0.3, —0.6) andj_”2 is used when (¢',¢’) = (—0.3,0.6); as
aresult, different embedded T1 FSs are used in Rule R? when the input changes. Observe also that
when (¢/,¢') = (—0.3, —0.6) both the UMFs and LMFs of )N(f and }?f are used in computing y;, and
when (¢, ') = (=0.3,0.6) both the UMFs and LMFs of X¢ and X are used in computing y;
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Fig. 6 The embedded T1 FSs used in (a) Eq. (10) for computing y;, where (¢/,¢’) = (—0.3, —0.6)
and the LMFs of X f and X 7 are used in computing the firing level f ) of Rule R?; and, (b) Eq. (11)
for computing y;, where (¢, ¢') = (—0.3,0.6) and the UMFs of )?‘f and )~(§ are used in computing
the firing level f, of Rule R2. Observe that in (a) both the UMFs and LMFs of X ¢ and X { are used
in computing y;, and in (b) both the UMFs and LMFs of X { and )?; are used in computing y;

T1 FSs of )?f and )~(§ are used in computing the firing levels for Rule R? and
hence y;. This adaptiveness is impossible for a T1 FLC since it does not have
such embedded T1 FSs.

2. Novelty, meaning that the UMF and LMF of the same IT2 FS may be used
simultaneously in computing each bound of the type-reduced interval. Observe
from the first part of Table 6, and also Fig. 6a, that both the upper and lower

MFs of X ‘f are used in computing y;, and they are used in different rules: The
UMF of )?f is used in computing fl, the firing level of Rule R', whereas
the LMF of X is used in computing f, the firing level of Rule R?. Similarly,
the upper and lower MFs of )?f are used simultaneously in different rules for
computing y;. Observe also from the second part of Table 6 and Fig. 6b that the

upper and lower MFs of X { and )~(§ are used simultaneously in different rules
for computing y;. This novelty is again impossible for a T1 FLC because it does
not have embedded T1 FSs and the same MFs are always used in computing the
firing levels of all rules.
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We consider adaptiveness and novelty as two fundamental differences between
IT2 and T1 FLCs. Though they are illustrated by specific numerical examples, they
are fundamental to an arbitrary IT2 FLC. Furthermore, [17] presents several
methods for visualizing and analyzing the effects of these two fundamental dif-
ferences, including the control surface, the P-map, the equivalent generalized T1
fuzzy sets, and the equivalent PI gains. It also examines five alternative type-
reducers for IT2 FLCs and explain why they do not capture the fundamentals of
IT2 FLCs.

Theorem 1 [17] y; in (5) cannot be implemented by a Tl FLC using the same
rulebase.

Proof In this proof we make use of the following two facts:

e Fact I: The rule firing levels used in the KM algorithms are the bounds of the
firing intervals. For an upper bound, all involved embedded T1 FSs must be
UMPFs, and for a lower bound, all involved embedded T1 FSs must be LMFs.
There is no mixture of UMFs and LMFs in computing the firing level of any
rule.

e Fact 2:]7l and ij are always used for computing y; in (5), though we are not sure
about whether the upper or lower firing levels should be used for the rest of the
rules. Forfl, all involved embedded T1 FSs must be UMFs. For fv , all involved
embedded T1 FSs must be LMFs.

We consider two cases separately:

1. Rules R! and RY share at least one IT2 FS )N(i. In this case, according to Fact 2,

for Rule R! X; must be used, whereas for Rule RV , X; must be used. This
novelty cannot be implemented by a T1 FLC using the same rulebase.

2. Rules R" and R" do not have any IT2 FS in common, (e.g., for y; in (11), R!
involves X¢ and X¢, whereas R* involves X% and X%). This case is more
complicated than the previous one. We prove it by contradiction. Assume y; in
(5) can be implemented by a T1 FLC, where the same T1 MFs are used in

computing all firing levels, e.g., if the UMF of )N(f is used in computing the
firing level of Rule R', it must also be used in computing the firing levels of all
other rules involving X f In the second case, it is always possible to find a Rule
R¥ such that Rules R! and R* share at least one common IT2 FS X ;» and Rules
RF and R share at least one common IT2 FS )~(j (e.g., for y; in (11), Rules R!
and R? share )?f and Rules R? and R* share )?5) According to Fact 2, X; must
be used in Rule R' for computing fl. If y; can be implemented by a T1 FLC
using the same rulebase, then X; must also be used in Rule R*. According to
Fact 1, Yj must also be used for Rule R*. For a T1 FLC, this means Yj must also

be used in Rule RY , which is a contradiction with Fact 2. So, again y; in (5)
cannot be implemented by a T1 FLC using the same rulebase. O
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Theorem 2 [17] y, in (6) cannot be implemented by a Tl FLC using the same
rulebase.

The proof is very similar to that for Theorem 1, so it is omitted.
Based on Theorems 1 and 2, we can easily reach the following conclusion:

Theorem 3 [17] An IT2 FLC using the KM type-reducer cannot be implemented
by a Tl FLC using the same rulebase.

Theorem 3 is very helpful in understanding why IT2 FLCs may outperform T1
FLCs. It suggests that an IT2 FLC can implement a more complex control surface
than a T1 FLC: when there is no FOU, an IT2 FLC collapses to a T1 FLC; with
FOU, an IT2 FLC can implement a control surface that cannot be obtained from a
T1 FLC using the same rulebase. Note that Theorem 3 does not conflict with the
fact that T1 fuzzy logic systems are universal approximators [2, 9]: Being a
universal approximator requires a T1 fuzzy logic system to have an arbitrarily
large number of MFs, whereas in this chapter we only consider IT2 and T1 FLCs
with the same rulebase and a fixed (small) number of MFs.

5 Conclusions

IT2 FLCs have been widely used and demonstrated better ability to handle
uncertainties than their T1 counterparts. A challenging question is what the fun-
damental differences are between IT2 and T1 FLCs. Once the fundamental dif-
ferences are clear, we can better understand the advantages of IT2 FLCs and hence
better make use of them. In this chapter, we have explained two fundamental
differences between IT2 and T1 FLCs: 1) Adaptiveness, meaning that the
embedded T1 FSs used to compute the bounds of the type-reduced interval change
as input changes; and, 2) Novelty, meaning that the UMF and LMF of the same IT2
FS may be used simultaneously in computing each bound of the type-reduced
interval. As a result, an IT2 FLC can implement a complex control surface that
cannot be achieved by a T1 FLC using the same rulebase.
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Interval Type-2 Fuzzy Markov Chains

Juan Carlos Figueroa-Garcia

Abstract Uncertainties in fuzzy Markov chains can be treated in different ways.
The use of interval type-2 fuzzy sets (IT2FS) allows describing the distributional
behavior of an uncertain discrete-time Markov process through infinite type-1
fuzzy sets embedded in its Footprint of Uncertainty. In this way, a finite state
fuzzy Markov chain process is defined in an interval type-2 fuzzy environment. To
do so, its limiting properties and its type-reduced behavior are defined and applied
to two explanatory examples.

1 Introduction and Motivation

Markov chains are processes well studied through probabilistic measures (For
additional information see Grimmet and Strizaker [12], Ross [30], Gordon [11],
and Stewart [34]). A first approach to type-1 fuzzy Markov chains (T1FM) was
given by Avrachenkov and Sanchez [2, 3] where they used the max-min operator
for finding its stationary behavior.

The use of interval-valued probabilities has been suggested by Araiza et al. [1],
Campos et al. [5] and Skulj [33]. In these approaches, the transition probabilities of
a Markov chain are defined by a bounded interval. Buckley and Eslami [4], Kurano
[17, 18], and Symeonakia [35] applied fuzzy theory to interval-valued probabili-
ties, finding complementary results.

Some approaches to IT2FS were provided by Zeng and Liu [39]. In this study,
they used a hybrid of Markov random fields (MRFs) and type-2 fuzzy sets (T2FS)
to solve a character recognition problem characterized by ETL-9B and KAIST
databases. Zeng and Liu [38] defined an IT2 fuzzy hidden Markov model where
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the secondary membership function of the IT2FS f,(u) was defined as a probability
distribution. Figueroa [6] defined a pure interval type-2 fuzzy Markov process
(IT2FM), which is the starting point for defining some necessary conditions for
uncertain T1FS through an IT2FS, and also for defining its primary and its sec-
ondary membership functions, namely J, and f,(u)/u = 1/u.

The following chapter is organized as follows. First, some concepts about type-
1 fuzzy Markov chains (T1FM) are given. A brief discussion about uncertainty in
fuzzy sets is provided in order to give some definitions about IT2FM. Later, a
general procedure for computing the stationary distribution of a TIFM is presented
followed by a section where an algorithm to compute the IT2FM stationary dis-
tribution is presented and a type-reduction method is proposed. Finally, two
application examples are provided, and the concluding remarks of the chapter are
presented.

2 Basic Definitions of Fuzzy Markov Chains

As in classical Markov processes analysis, the definition of a fuzzy Markov chain
is based on a square relational matrix that represents the conditional possibility
that a discrete state at an instant ¢ changes into any state at the next instant # + 1.

Avrachenkov and Sanchez [3] defined some concepts of fuzzy Markov chains,
which are shown next:

Definition 2.1 Let S = {1,2,...,n}. A finite fuzzy set for a fuzzy distribution on
S is defined by a mapping x from S to [0, 1] represented by a vector x = {xi,
X2,.. %}, where 0<x; < 1,i €.

In this way, x; is the membership degree' that a state i has regarding a fuzzy set
S, i € S with cardinality m, €(S) = m. In this approach, all operations and relations
are defined for fuzzy sets, so their properties and computations are preserved.

Now, a fuzzy relational matrix P is defined in a metric space S X S by a matrix

{pij}ij—) where 0<p; <1,i,j € S. The complete set of all fuzzy sets is denoted by

Z (s) where €(S) = m.
Definition 2.2 At each instant ¢, t = 1,2,...,n, the state of the system is
described by the fuzzy set® x\¥) € Z(S). The transition law of a fuzzy Markov
chain is given by the fuzzy relational matrix P at an instant ¢, T = 1,2,...,n,
as follows:

(t+1)

= T&X{x;” Apii},J€S. (1)

! As a function of the iy state e.g. x(i).
2 This matrix is also known as the F uzzy Distribution of x.
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XD = 0o p (2)

where i and j, i,j = 1,2,...,m are the initial and final states of the transition and
x©) is its initial distribution.

In probabilistic Markov chains, it is possible to obtain the steady state of a
Marko-vian process based on convergence laws of random variables and/or matrix
powers. Now, the powers of a fuzzy transition matrix P can be obtained as follows:

A -1
pi= max{ou Aoy} ®)

Note that pj; = p; and pj; = d; where d;; is a Kronecker Delta. In matrix form:

PPEpop! 4)
Specifically, the state x*) at the instant = 1,2, ...,n can be computed as:
(0 _ (0) ' .
X = I%alsx{xj A pii}’ JES (5)

Which can be shown in a matrix form:
X = 0 5 pt (6)

In a fuzzy environment, it is also posible that P’ never reach a steady state
(see Figueroa et al. [7]). On the other hand, Thomason [36] shows that the powers
of a fuzzy matrix exhibit a stable behavior if the operator used is the max-min.
Moreover, Chin-Tzong Pang [29] used these results to obtain the powers of a fuzzy
matrix using the max-archimedean operator. For further information about powers
of a fuzzy matrix, see Sanchez [31, 32]. In this way, the following theorem is
useful to find the stationary distribution of a fuzzy matrix by using a time con-
vergence criterion.

Theorem 2.1 (Thomason [36]) The powers of the fuzzy transition matrix {p;}];_,
either converge to idempotent {pfj}:';:l with elements m; where t<n, or oscillate
with a finite period vstarting from some finite power.

Consequently, the Stationary Distribution of a fuzzy markov chain is defined as
follows:

Definition 2.3 (Stationary Distribution) Let the powers of the fuzzy transition
matrix P converge in 7 steps to a nonperiodic solution, then the associated fuzzy
Markov chain is called aperiodic fuzzy Markov chain and P* = P" is its stationary
fuzzy transition matrix.

Figueroa et al. [7] found that the use of the max-min operator could lead to a
periodical behavior, so they defined two useful properties of a T1FM, Definitions
2.4 and 2.5 below:
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Definition 2.4 (Strong Ergodicity for FM) A fuzzy Markov chain is called Strong
Ergodic if it is aperiodic and its stationary transition matrix has identical rows.

Definition 2.5 (Weak Ergodicity for FM) A fuzzy Markov chain is called Weakly
Ergodic if it is aperiodic and its stationary transition matrix is stable with no
identical rows.

These definitions imply that any fuzzy markov chain with a stationary distri-
bution given by both an idempotent and aperiodic matrix P* with no identical rows
is an Ergodic Markov chain on a weak sense. In other words:

Proposition 2.2 Denote P} as the iy, row of the stationary distribution of P
obtained from its T powers. If P is strong ergodic then:

P, =P, forall i #iy i1,i €m, (7)
Now, P is Weak Ergodic iff:

P; # P, forany iy # i, i1,i €m, (8)
So any fuzzy markov chain fulfills only one of these two statements.

Now, if the stationary distribution of P is given by P* = P* where lim P" = P*,

n—t

then P becomes an idempotent matrix as described in Theorem 2.1.

Remark 2.3 (Periodical FM) The Definition 2.2 refers to an ergodic FM that has a
steady state with the possibility of having nonidentical rows. Another case is a
periodical FM, where P® has a stable but periodic behavior (see Theorem 2.1). This
case has been recently treated by Martin Gavalec [8—10] so his results are useful
for identifying the period of a fuzzy markov chain.

2.1 From Classical to Uncertain FM

Type-1 fuzzy sets are measures of imprecision based on the perception about a
variable through its linguistic label. Uncertain-based models use multiple per-
ceptions about the same linguistic variable, where uncertainty can be treated in two
ways: Linguistic and Random uncertainty. Mendel [24, 25] extends the concept of
linguistic uncertainty through type-2 fuzzy sets and its Footprint of Uncertainty. In
this way, an uncertain FM can be defined with uncertain type-1 fuzzy sets, in other
words, an uncertain FM can be defined with type-2 fuzzy sets.

An IT2FS approach involves uncertainty in the sense that it covers different
opinions of the experts around p = g (x) by using a secondary grade, namely
fx(u) /u. This uncertainty is modeled by means of a three-dimensional membership
function with point value (x,u, ug (x,u)) where x € X and u € J,. Note that J is
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the primary membership function of x defined for an interval boundary of mem-

bership values e.g. J, = {ﬁ& (x), i, (x)}

This bounded interval J, which encloses an infinite number of type-1 fuzzy sets,
represents a large number of possible choices that an expert can use for x,
moreover, J, has embedded the perception of many experts about p and together
with their estimates. On the other hand, another source of uncertainty is given by
the numerous techniques and methods available to obtain p, which lead to the
following question: what is the correct method to define p? In this sense, an IT2
fuzzy sets approach can handle this kind of uncertainty.

3 Definitions for IT2FM

In the last section, a discussion about how to come from classical to interval type-2
fuzzy sets was provided, so we need an appropriate framework for using IT2FS in
Markov chains. To do so, all the theory used in this chapter is based on the results
of Mendel [14, 16, 19, 23, 26, 27], and Melgarejo [20, 22]. Now, some basic
definitions about interval type-2 fuzzy Markov chains are presented next.

Definition 3.1 (IT2 fuzzy conditional state) Let P be an Interval Type-2 fuzzy
relational matrix defined in (S) x %(S) with elements {p;};_,, composed by n,

embedded values of p{j:‘ in the closed interval [ Bij’ﬁij] characterized by a sec-

ondary membership function f,(u)/u = 1/u, J, C[0,1]Vx € S, j € S. Denote the

conditional state {x' = j|x'~! =i} as x;, then we have:
S,’ZZ Zl/u /X,'J‘Vl.ES (9)
Xij=1 | u€lJ,

Xij

and consequently:

w,
Ty = [Z l/ujk] /xu ihjes (10)

k=1

Note that each S; is composed by an infinite amount of fuzzy sets, n,. The union
of all those n, embedded fuzzy sets namely (e(i)), is:

~ - a4 ~l
si_; S (11)

where §! (i) is defined as follows
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S‘Ie(i) = Z[l/ujk} /xij’ Ujp € Jx,',- [Ov 1} (12)

xes

Now, an IT2FS called P can be composed by m individual IT2ES S;, obtaining the
following result:

Si= {(xz'pu(s,-)(xz:f)) | xj =1 } Lj€S (13)

This leads us to define a compact form of an IT2FM, whose elements are con-
ditional statements according to the Markovian property, as we present as follows.

Definition 3.2 (IT2 fuzzy conditional matrix) Let S; be a row conditional state of
an IT2FS. A squared matrix P of m states is defined as follows:

1, (x7) pit P2 - Dim

~ H(s,) (x2)) D2 D2 Dm

P= = (14)
,U(Svm)(.xmj) ﬁml i’mZ o i’mm

where P can be decomposed into the following two matrices:

Py P 0 P DPii P12 ' Dim

. Py Py 7 Py, Dyt DPn ' P

P= , (15)
Eml Bmz Bmm ﬁml I_7m2 e ﬁmm

Here p;; is the IT2 membership degree that any x\¥) = j state reaches regarding
the fuzzy set S conditioned to an initial state i, i,j € S where %(S) = m. Thus, the
P IT2 fuzzy transition matrix can be defined by two matrices P and P:

P=[PP] (16)

The footprint of uncertainty namely FOU of an specific set S; is displayed in
Fig. 1. The continuous line shows the FOU where n, sets S‘i(i) are bounded by two

values: V which represents p;; and A which represents Py
Now, some useful theorems about the distribution of P are:
Theorem 3.1 Mendel [23]. The Join U |F; of n IT2FS Fy,F,,...,F, having

domains [ly,r1],[la, 2], s [lny 1], respectively, is an IT2FS with domain
[(LVDLV... VL), (nVrV...Vr,)] where V denotes maximum.
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Theorem 3.2 Mendel [23]. The Meet V.| F; of n IT2FS F\,F>,..., F, having
domains [l1, 1], [la, 2], [luy 1] , respectively, where 1; 20 and r; >0 , is an
IT2FS with domain [(Iy¥hL<. . ¥¢l,), (r1¥er . . 35r,)] where S5 denotes either
minimum or product t-norm.

There exists an infinite amount of T1FM enclosed in the FOU of an IT2FM,
which is a natural condition of the process. Moreover, the powers of P namely P’
are bounded by the interval P, P’ and any T1FM namely P' embedded in its FOU
is enclosed in {B’,Ft}, that is P’ C [E,FZ}.

This allows us to define the transition law of an IT2FM as follows.

Theorem 3.3 (Transition law for an IT2FM) The transition law for an IT2FM is

given by fuzzy operations on its IT2 fuzzy matrix P at an instantt, T = 1,2,...,n,
as follows:

7D u{i(’)l‘lﬁij},jeS (17)

J ies U/

By using the max t-conorm as the union operator, and the min t-norm as the
intersection operator, we have

5 = nl_leasx{xj” Mpgt,j€S (18)
D = 350 o p! (19)
Py oA} 20)
where X0 is the IT2 fuzzy initial distribution of {x;}.

I v Set p,; €5
0.9 I I FOU
08 A Set Py es;
0.7 F
0.6
05
04r
031

ZZITTI L L ITII

1
0 2 4 6 8 10 12 14 16 18 20 22
State j € S

Membership Degree, p;;

Fig. 1 Footprint of uncertainty of an IT2FM
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Remark 3.4 Usually ¥ is unknown, so a common approach is to use the fol-
lowing supposition:

5c(0>:]31:i:1_7ij:1f0ri:j7 and O for i #j

By extension of Definition 2.3, it is possible to define the following statements:

Proposition 3.5 The powers of an IT2FM transition matrix {p;};;_, either
converge to an idempotent {13;}71;:1 where t<n with elements 7; , or oscillate with
a finite period v starting from some finite power.

Remark 3.6 Note that it is possible that only one of the primary transition
matrices oscillates with a finite period.

Therefore, it is suitable to define the Time Limiting Distribution of a fuzzy
matrix.

Definition 3.3 Let the powers of the fuzzy transition matrix P converge in 7 steps
to a nonperiodic solution, then such solution is called Aperiodic Type-2 Fuzzy
Markov Chain and it is divided into two matrices: P* = P* and P = P* namely
its Limiting Type-2 Fuzzy Transition Matrix.

The transition law of an IT2FM can be divided in two steps: (a) computations
for the lower fuzzy transition matrix P and (b) computations for the upper fuzzy

transition matrix P, where there exist n, embedded T1ES §; = 3 S"e 0

Remark 3.7 1t is important to emphasize that an IT2FM is completely ergodic if

and only if both P and P are aperiodic and meet the condition given in Theorem
2.1.

4 Computing the T1 Fuzzy Limiting Distribution

Several algorithms and methods can be used to compute the limiting fuzzy
distribution of a TIFM process (see [2, 3, 31, 32]). A first method consists in
computing the max-min operations for a fuzzy matrix P, as follows:

P'=PoP" ' =...=PoPo.--0P
—_—

n times

(21)

This method converges to lim P" = P*, turning P into an idempotent matrix.

n—Tt
Sanchez [2, 31, 32] has created three useful algorithms in order to reduce the
computing complexity for obtaining the limiting fuzzy distribution of P. His
results are based on the definition of an Eigen Fuzzy Set similar to the classical
concept of an Eigenvector and Eigenvalue. These two definitions are given below:
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Definition 4.1 Let P be a fuzzy relation in a given matrix format. Then x is called
an Eigen Fuzzy set of P, iff:

xoP=x (22)

Definition 4.2 The fuzzy set x € #(S) is contained in the fuzzy set y € 7 (S)
written (x C y), iff x; <y; for all i € S.

Definition 4.3 Let 2 be the complete set of eigen fuzzy sets for P, namely:

ZE{x € Z(S) |xoP =x} (23)

The elements of (X) are invariants of P according to the o—(max—min) compo-

sition. Then, if there exists any)vc € Z(S) such that x C X for any x € (X), then X is
the Greatest Eigen Fuzzy Set of P.

Sanchez uses these concepts to find a maximum eigen fuzzy set, idempotent and
stable; in other words:

Vv 1

X = max P (24)
Recall that if P is a Strong Ergodic fuzzy Markov chain, then its greatest eigen
fuzzy set converges to an idempotent matrix P* with equal rows. This implies that
all rows of the ergodic projection and the greatest eigen fuzzy set are equal.

Séanchez then designed three algorithms to compute the greatest eigen fuzzy set,

namely Method I, Method Il and Method III. In this chapter, Method II will be
used as described below:

. .1 . . .

(i) Determine x first with the elements corresponding to the greatest element in
each column of P.

(ii) Compute P> = P o P and determine the greatest elements in each column of

P?. They yield ¥ where manPg = (;kcoP"")j :fcj,j =1,n, for all k = 0.
1€
Here k=2 and j = 1,m.
(iii) Compare )Zc with )lc: If they are different, compute P> = P? o P to get )3c where
33 ooy 3 . —
HileaSXPU =(xoP), =X, j=1m
(iv) Compare X with ¥: If they are different, compute P* = P* o P to get ¥ where

max P} = (jc oP?), = 34cj, j = 1,m. And so on. Stop when V is found such that
IS

1 Y

n)+c :)ré, that is x = x o P.

It is important to recall that if P is a Strong Ergodic fuzzy Markov chain, for any
T < n, then the greatest eigen fuzzy set converges to an idempotent matrix P* with
equal rows. This result implies that the rows of the strong ergodic matrix are equal
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to the greatest eigen fuzzy set of P. Now, for the Weak Ergodic case, the following
proposition is given:

Proposition 4.1 Let P be a weak ergodic fuzzy transition matrix. Since P* has no

L ) o v
equal rows, then a proper estimation of its steady state is its eigen fuzzy set, X.

5 Computing the IT2 Fuzzy Limiting Distribution

There are two ways for computing the steady state P* of P: either by computing the
fuzzy powers of P or by using an adaptation of the above algorithm to compute its
steady state efficiently. For this purpose, the following Lemma is given.

Lemma 5.1 Consider an IT2FM chain namely P, decomposable into two
matrices: P and P where P <P . If all powers of P can be obtained by operations
on P and P separately, as presented in Proposition 4.1, then each one of its

stationary distributions converges to its greatest eigen fuzzy set x only if each one

of them is strong ergodic, that is X — P% and the IT2FM has a steady state
composed by the two stationary distributions P* and P".

Therefore, the steady state of P can be decomposable into two stages: P* and
P°, and each one has a greatest eigen fuzzy set which represents the point of major
inertia of the matrix. Based on the above Lemma and on the Proposition 4.1, the
following algorithm is proposed for finding the steady state of P:

1. Compute the eigen fuzzy set )_vc for the lower fuzzy transition matrix P, called P*
by using any of the referred methods in Sect. 4.

2. Compute the eigen fuzzy set )!c for the lower fuzzy transition matrix P, called P'
by using any of the referred methods in Sect. 4.

3. Compute the type-reduced steady state of the process called P; by using any
IT2FS type-reducer.

4. Compose the uncertain steady-state fuzzy distribution P° whose elements are
they type-2 stationary possibilities called 7; by using the three distributions

mentioned above (P?, P' and P7) as follows:
pr = <£T’P;7FT> (25>

where P* < P} < P". P" has elements called 7;, P* has elements called T, P
has elements called 7; and P} has elements called 7,;.

In practice, the analyst should make decisions using a real-value criteria, because it
reduces the complexity of the problem, increasing its interpretability. The use of a
type-reducer improves the inference process by reducing its computing cost. In
this way, the following definitions about type-reduction are proposed.
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6 Type-Reduction of an Interval Type-2 Fuzzy
Markov Chain

Most decision-making applications use real-value criteria to reduce the complexity
of the problem, increasing its interpretability. These measures can be computed
using a type-reduction strategy that employs well-known algorithms.

The type-reduction of an IT2FM can be performed in two ways: Type-reduction
of its stationary distribution and the type-reduction of its expected value
(Centroid); the first one is defined as follows:

Theorem 6.1 (Type-reduced stationary distribution) The IT2FM type-reduced
distribution of the steady state of an ergodic IT2FM, namely P}, is the average
between its lower and upper fuzzy distributions, element by element as follows:

_Ej"’ﬂ?j

Proof First, it is assumed that a stationary distribution for P exists, and by
extension, the existence of an ergodic IT2FM is ensured. Now for an IT2FM, its
secondary membership function is defined as one, that is f.(u)/u = 1/u, so
dividing the FOU of any jth state by M; parts and using (10) leads to:

Jr = lzj: 1/“4 /ﬁj, JeS (27)

k=1
The centroid of Zgil 1/up = myj yields™:

ﬁ?’ x dx

Ty =

f:’ 1 dx

Which finally is the centroid of any jth state of the IT2FS:

T+ T
Ci, = [—f 5 j]/ﬁj,jeS

TA+T,
=i

; ! and the proof

where the type-reduced stationary distribution 7,; of each 7; is
of the theorem is complete.

The type-reduced expected value of an IT2FS can be obtained by using any
type-reduction strategy. In this work, a centroid-based defuzzification method is
implemented since it is a well-known measure of central tendency of an IT2FS.
This leads us to the following statement

3 Here, § denotes crisp integration.



60 J. C. Figueroa-Garcia

Proposition 6.2 Given P® in (25) and its finite projections onto xj, it is possible to
compute its centroid, called C(i”), through any centroid-based type-reduction
method, which yields the following interval:

c(P) =1/ [cl(iﬁ); Cu(i’f)} (28)

where C;(P*) and C,(P") are the lower and upper centroids of an IT2FS.

In the same way, an IT2FM is defined by a finite amount of states, the com-
putation of the centroid of P is bounded by m. The best known type-reduction
algorithms were proposed by Mendel, Karnik, Melgarejo, and Liu [15, 20, 21, 23,
28, 37]. Unfortunately, both the IASCO and the EKM algorithms have nonclosed
forms, so (29) and (30) are expressed as general forms of C;(P?) and C,(P?),
where m is the cardinality of the markovian process.

L _
DN T N T

Cl(ﬁf) = L —
DI E D DIE .

(29)

U _

Do N Yy X T
7] —
Y E Yy T

As usual, a crisp measure is a desirable output of the model, so the most used crisp
output of an IT2FS is the expected value of its centroid

C.(P%) = (30)

() W (31)

The uncertain fuzzy expected value of P is defined by (29-31) where L and U are
computed using either the IASCO or the EKM algorithm.

Remark 6.3 The type-reduced centroid C(P) of P can be computed by either the
IASCO or the EKM algorithm. The main focus of both the IASCO and the EKM
algorithms is to compute the values of L and U iteratively, which minimizes and
maximizes C(PT), finding C;(P*), and C,(P") respectively. For all technical
details about their initialization points, their recursive iterations and computations,
see Melgarejo [21] and Mendel [15, 28].

7 Application Examples

Two introductory examples are presented. First, a five states matrix and afterwards
an inventory control example.
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7.1 A5 x5 IT2FM Example

Let P have the following transition matrices P and P:

0.721 0.569 0.438 0.025 0.241 0.856 0.773 0.529 0.160 0.734
0.342 0.020 0.452 0.824 0.915 0.563 0.061 0.626 0.924 0.974
P={0.529 0.060 0.289 0.774 0.057 | P=|0.734 0.080 0.404 0.871 0.348
0.746 0.013 0.385 0.015 0.008 0.880 0.154 0.449 0.108 0.067
0.746 0.490 0.459 0.356 0.521 0.870 0.690 0.763 0.732 0.582

By using Method II, exposed by Sanchez [31, 32], the following vectors P° and P°
are obtained:

P"=10.721 0.569 0.459 0.569 0.569 ]

P =10.856 0.773 0.763 0.773 0.773 ]

The type-reduced fuzzy stationary distribution P} is obtained from (26), achieving
the following results:

P; =[0.789 0.671 0.611 0.671 0.671 ]

The type-reduced expected values C;(P*),C,(P*) and C(P") are obtained from
(29)-(31), achieving the following results:

C/(P7) = 2.759; C,(P") =3.093; C(P") =2.926

7.2 An Inventory Control Example

This example is taken from Lieberman [13]. The case consists in a seller who can
only hold three cameras in his store with the following policy of weekly ordering:
If there are no cameras in stock at the end of the Saturday, the store must order of
three cameras. However, if there is one or more cameras in stock, no order is
placed. The stochastic process is defined as amount of cameras are sold in week ¢
as a function of the demand of cameras and the stock of the store in week ¢, namely
X;. For our purposes, we assume that the demand of cameras is a random variable
and there are multiple experts who try to define a transition fuzzy matrix that
represents having X, cameras in stock regarding the previous week X, ;. For
instance, if X, = 1 and X;_; = 0 means that the store ordered three cameras in
week X;_; and only two of those were sold in week X;, and so on.

Now, the opinion of all experts is collected and embedded into an IT2FM where
P is composed by the matrices P and P.
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0318 0.268 0.539 0.392 0479 0.289 0.641 0.549
0472 0375 0 0 0766 0489 0 0
E=10204 0426 0241 0 P=10267 0485 038 o0
0314 0312 0490 0.415 0534 0367 0.654 0.477

where the vectors P* and P are:

P =10.426 0.426 0.426 0.415]
P°=1[0.534 0.489 0.534 0.534]

Finally, the type-reduced stationary distribution of P is:

P; =[0.480 0.458 0.480 0.475]

By using (29)—(31) its type-reduced expected values C; (P’),Cu (f’f) and C (131),
are obtained as follows:

C)(P*) = 1.388; C,(P") = 1.612; C(P") = 1.5

Now, the camera seller should have an average of 1.5 cameras in store per week,
so the demand of the market is less than 1.5 cameras per week. In fact, the demand
of cameras is less than [1.388, 1.612] on average; this means that the possibility of
having more than two cameras sold per week decreases as their demand decreases.

8 Concluding Remarks

A theoretical framework of IT2FS applied to Markov chains is provided assuming an
effect of linguistic uncertainty contained in the opinion of multiple experts about the
same conditional relational matrix P. The computation of its stationary behavior, its
type-reduced centroid and its properties are presented through two examples.

This study presents some interesting definitions about uncertain fuzzy markov
chains, treated as IT2FS where the type-reduced behavior is computed through
well-known type-reduction methods such as the IASCO and the EKM algorithms.

There are different methods to handle uncertain probabilities (see Sect. 1), but
the focus of this work is to define some necessary conditions of a pure fuzzy
approach through the use of IT2FS.

The results of Avrachenkov and Sanchez can be extended to a type-2 fuzzy sets
approach. While these authors use type-1 fuzzy Markov chains processes, this
work extends its scope of their findings to uncertain FM by means of IT2 fuzzy
transition matrices.

Finally, an uncertain fuzzy Markov chain can deal either with the opinion of
different experts or inference methods to get an interval of solutions, and therefore
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yield a crisp stationary solution using a type-reduction algorithm. Linguistic
uncertainty embedded into the FOU of an IT2FS is involved in the problem, and its
crisp solution can be found by using any type-reduction strategy.

9 Future Work

The use of general type-2 fuzzy sets (GT2FS) and quasi type-2 fuzzy sets (QT2FS)
emerges as a new subject in the field of Markov chains analysis. These approaches
use the secondary membership function f,(u)/u of an IT2FS, inducing researchers
to take new directions.
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zSlices Based General Type-2 Fuzzy Sets
and Systems

Christian Wagner and Hani Hagras

Abstract This chapter provides a concise introduction to zSlices based general
type-2 fuzzy sets and their associated set-theoretic operations. zSlices based
general type-2 fuzzy sets allow the representation of and computation with general
type-2 fuzzy sets by modeling each fuzzy set as a series of zSlices, i.e., modified
interval type-2 fuzzy sets, thus greatly reducing computational as well as design
and implementation complexity. The chapter proceeds to illustrate the role and
application of zSlices based general type-2 fuzzy sets as part of general type-2
fuzzy systems and reviews their utility as part of both traditional, control style, as
well as more recent applications such as fuzzy set based agreement modeling.

1 Introduction

In 1975, Lotfi Zadeh first introduced the concept of type-2 fuzzy logic in the context
of linguistic variables [1]. While the concept was clear and the utility of type-2 fuzzy
sets and systems (FSSs) seemed obvious, the complexity (specifically in computa-
tion terms) prevented the wider application of type-2 FSSs until the late 1990s. Since
then, the vast majority of research and application have focused on a simplified
version of type-2 fuzzy logic, generally referred to as interval type-2 fuzzy logic.
While (general) type-2 fuzzy sets are an extension of type-1 fuzzy sets in the sense
that rather than the membership function of the set associating each given point with
a crisp degree of membership as in the type-1 case, in the (general) type-2 case, each
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point is associated itself with a type-1 set as its membership. Interval type-2 fuzzy
sets finally are a simplification of the general case of (general) type-2 fuzzy sets in
the sense that each point is associated with an interval type-1 fuzzy set, effectively
modeling the membership of each point through an interval rather than a distribution
(type-1 set), as in the (general) type-2 case.

Since about the year 2000, the interest in type-2 fuzzy logic has been growing
rapidly driven by a several landmark publications such as [2, 3]. While the majority
of the work focused on interval type-2 fuzzy logic (e.g. [4—10],), an increasing level
of interest in “taming the complexity” of general type-2 FSSs in order to leverage
their potential as part of applications led to the development of new approaches for
the implementation of general type-2 FSSs, most notably the development of novel
representations of general type-2 fuzzy sets and associated set-theoretic operations
[11-16]. The first complete alternative representation reducing the computational
complexity of general type-2 FSSs was proposed by Coupland et al. in 2007. This
was followed in 2008 by the introduction of the alpha-plane and zSlices represen-
tations which were independently developed by Liu et al. and Wagner et al.,
respectively. The full detail of a complete implementation of a zSlices based general
type-2 fuzzy system (FS) was published for the first time in 2010 in [17]. The alpha-
planes and zSlices representations allow the representation of general type-2 fuzzy
sets as a series of modified interval type-2 fuzzy sets and thus not only greatly reduce
computational complexity but also allow the re-use of most of the theoretical results
developed for interval type-2 fuzzy FSSs.

This chapter focuses on an overview of the zSlices based representation for
general type-2 fuzzy sets and its utility for general type-2 fuzzy systems. It pro-
vides insight into the theory behind and the applications of general type-2 FSSs
and briefly introduces some of the recent areas of application, specifically the
notion of agreement as modeled based on general type-2 fuzzy sets.

Parts of the material provided here have been adopted from previous publica-
tions by the authors.

2 General Type-2 Fuzzy Sets

General type-2 fuzzy sets [1] are an extension of type-1 fuzzy sets. While a type-1
fuzzy set F is characterized by a type-1 membership function (MF) pg(x), where
x € X and p,-(x) € [0, 1], a general type-2 set F is characterized by a general type-
2 MF pj(x,u), where x € X and u € J, C [0, 1], i.e.,

F = { ((x,u), pp(x,u))¥x € X,

Yueld, C[0,1]} m

in which pz(x,u) € [0, 1]. F can also be expressed as follows [2]:
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F= [ [ wew/wn sco 2)

xeX uel,

where [ [ denotes union over all admissible x and u. An example of a general type-
2 fuzzy set is depicted in Fig. 1a, b. J, is called the primary membership of x in F.
At each value of x say x = x/, the 2-D u and pz(x', u) is called a vertical slice of F

[3]. A secondary membership function is a vertical slice of F. It is uz(x = ¥, u),
forx’e XandVueJs < [0,1], [2], ie.,

M@:%WEWWP:/ﬂwMtMQMH (3)

MEJX/

in which 0< f,(u) < 1. Because Vx' € X, the prime notation on pj(x') is
dropped and g (x) is referred to as a secondary membership function [3]; it is a
type-1 fuzzy set which is also referred to as a secondary set [3]. If Vx € X, the
secondary membership function is an interval type-1 set where f,(u) = 1, the type-
2 set F is referred to as an interval type-2 fuzzy set.

Besides the vertical slice representation mentioned above, a general type-2
fuzzy set can also be represented as a series of wavy slices where for discrete

(b)

Fig. 1 (a) Side view of a general type-2 fuzzy set, indicating three zLevels on the third
dimension. (b) Tilted rear/below view of the same set, indicating the position of the three zSlices
(dashed lines). (¢) Side view of the zSlices version of the set in (a), with 7 = 3. (d) Tilted rear/
below view of the same set, showing the zSlices. Note to improve the accessibility of the complex
3D nature of general type-2 fuzzy set, we are referring to the three dimensions in the traditional
mathematical notation of x, y, and z. These designations are equivalent to the respective
traditional designations in the fuzzy logic field of x, u, and u(x,u)(orf,(u))
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universes of discourse X and U, Mendel and John [3] have shown that a type-2
fuzzy set F can be represented as follows:

P> (4)
j=1

where F J is an embedded type-2 fuzzy set which can be written as follows:

N

Zf/‘w ud /Md /xda (5)

d—1

where ) € J,, C U = [0,1].

F/ has N elements, as it contains exactly one element from J,, J,,, . . ., Jy,, namely
uj, u}, ..., uy, each with its associated secondary grade namely, f; (u1),
o (ué), R (u]’\,) [2]. F/ is embedded in F and there is a total of n = HLI M,

embedded sets F' g [3]. Where M, is the discretization levels of ”ZJ at each x, [2, 3].

While the vertical and wavy-slice representations have proved highly useful for
theoretical developments of general type-2 fuzzy sets, they have proved less useful
for the practical implementation of general type-2 fuzzy sets. In the following
section we will review the concept of zSlices introduced in [16] and [17] and show
how zSlices are related to interval type-2 fuzzy sets before proceeding to the
zSlices representation of general type-2 fuzzy sets and systems.

3 From Interval Type-2 Fuzzy Sets to zSlices

As noted above, an interval type-2 fuzzy set is a general type-2 fuzzy set where the
secondary membership is 1 for all primary memberships. As discussed in [2], this
simplification allows for a drastic reduction in the complexity of the computation
with the respective (interval type-2) fuzzy sets. zSlices aim to capture this benefit of
interval type-2 fuzzy sets for the subsequent modeling of general type-2 fuzzy sets.

Conceptually, a zSlice is formed by “slicing” a general type-2 fuzzy set in the
third dimension (z) at level z;. This slicing action will result in an interval set in the
third dimension with height z;. As such, a zSlice Z- is equivalent to an interval
type-2 fuzzy set with the exception that its membership grade 1, (x 0 in the third

dimension is not fixed to 1 but is equal to z; where 0 < z; < 1. Thus, the zSlice Z:

can be written as follows:
Z= [ [ a/w) (6)

xeX wueli,
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(a) (b)

Y4 Upper Membershup Function (UMF) EL
Lower Membershup Funetion (LMF)

1-

Fig. 2 (a) Front view of a general type-2 set F. (b) Third dimension at x’ of a zSlices-based
type-2 fuzzy set with [ = 4

Where at each x value (as shown in Fig. 2a), zSlicing creates an interval set with
height z; and domain J; which ranges from /; to r; as shown in Fig. 2b, 1 <i </,
I is number of zSlices (excluding Zo) and z; = i/I.

Thus Eq. (6) can be written as follows:

Zi:/ / 7/ (x, u;) (7)

xeX M;G[l,,n]

2= [ [ o/tuw (8)

xeX uel,

Additionally,

Where Z, is considered as a special case with z = 0. In applications of zSlices as
part of zSlices based general type-2 fuzzy sets (and systems), zSlice Z, can
generally be disregarded with no effect (its secondary membership is 0) as shown
in [17].

Finally, a zSlice can also be expressed as follows:

Z = {((v,ur), 2)Vx € X, Yu; € [l 1]} ©)

Having defined the basic concept of zSlices, we proceed by reviewing the
concept of zSlices based general type-2 fuzzy sets (zFSs) in the following section.

4 zSlices Based General Type-2 Fuzzy Sets

A general type-2 fuzzy set F can be seen equivalent to the collection of an infinite
number of zSlices:
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F= Z; I — (10)

In a discrete universe of discourse Eq. (10) can be rewritten as follows:

I
F=>"7 (11)
i=0

We will be referring to the discrete version in Eq. (11) throughout the chapter.
It should be noted that the summation signs in Eqs. (11) and (12) do not denote
arithmetic addition but they denote the union set theoretic operation [2]. We have
employed the max operation to represent the union, hence whenever a u value is
attached to more than one z; values, the maximum z; is chosen and attached to the
given u value. Hence, the MF y;(x') at x’ of the zFS F shown in Fig. 2b can be

expressed as:

we) =30 afu
i=0 u,-G[l,'J,'] (12)
= Z max(z;)/u,J v C [0,1]

MEJX/

where 0 <i<I. It is worth noting that at x’, pz(x') is a type-1 fuzzy set.
Figure 1 shows a three dimensional diagram for a general type-2 fuzzy set
(shown in Figs. 1a, b) that is represented as a zFS (Fig. 1c, d) with I = 3.

5 Operations on zSlices Based General Type-2 Fuzzy Sets

zFSs provide a straightforward representation framework for general type-2 fuzzy
sets. In order to employ the sets for logical inference, for example as part of zFSs,
extensions of the set theoretical operations for union and intersection as well as
centroid calculation and defuzzification operations have been developed. We
briefly review the operations before addressing the mechanics of a complete
zSlices based general type-2 fuzzy system in the following subsection.

5.1 Set-Theoretic Operations

The set-theoretic operations of union and intersection for zFSs were initially
described in [16] and are implemented through the join and meet operations on the
vertical slices of the respective sets.
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Theorem 1 The join operation between two zSlices-based general type-2 fuzzy
sets reduces to the computation of the join operation (which employs the maxi-
mum t-conorm) between each corresponding zSlice in both sets and can be
computed as follows:

AUB & py 5 = p(x) U g (x)
1

=y > ai/k,Vx € X

i=0 ke[max(Iai,lpi),max(ra;i,rgi)]

(13)

Theorem 2 The meet operation between two zSlices-based general type-2 fuzzy
sets reduces to the computation of the meet operation (which employs the mini-
mum t-norm) between each corresponding zSlices in both sets and can be written
as follows:

ANB & g = 113 (x) 1 ()
1

=3 > ai/k,¥x € X (14)

i=0 k€[min(la;,lgi),min(ra;,rgi)]

The proofs for Theorems 1 and 2 can be found in [16]. It is worth noting that a
ZFS Z where I = 1 is a general type-2 fuzzy set with a zSlice Z; at zLevel 0 which
does not contribute to the fuzzy set (points with a secondary membership of 0 are
not actually part of the set) and a zSlice Z; at zLevel 1. As such, a zFS with I = 1
is equivalent to a standard interval type-2 fuzzy set and consequently—standard
interval type-2 operations are applicable.

5.2 Type Reduction

Type reduction has generally been the main stumbling block for the application of
general type-2 FSSs. The standard type-reduction method for general type-2 sets is
the centroid type reduction [2] which is based on computing the centroid of every
wavy slice within the output set [3]. This is usually not possible in real-time
control as it leads to exponentially growing computational requirements as the
number of discretizations increases along the x and y axis [17]. zSlices based
general type-2 fuzzy sets eliminate the need for a “brute force” calculation of the
centroid by leveraging the zSlices based structure of the zFS and applying well-
known techniques designed for interval type-2 fuzzy sets to compute the centroid.
The actual slices based approach to computing the centroid was first published (in
the context of alpha-planes) by Liu [13]. It was independently developed and
published in the context of zSlices later in [17].
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Theorem 3 The centroid C; for a zSlices-based general type-2 fuzzy set 7 is
equivalent to the combination of the centroids of its zSlices Z;. The centroid of
each individual zSlice can be calculated in exactly the same fashion as the cen-
troid for interval type-2 fuzzy sets while maintaining the zLevel of each individual
ZSlice. As such, C; can be written as the combination of the centroids of its zSlices
Cy, each associated to their respective zLevel z;:

1

CZ:ZZi/CZ; (15)

i=1

C; represents the centroid of the zSlices based general type-2 fuzzy set formed
by the zSlices Z. As C; are bounded by two endpoints, we can write
C;, = [ciy ¢rz], Where ¢, and ¢y, are the left and right endpoints of the interval,
respectively. These endpoints are calculated using standard interval type-2 algo-
rithms (like the iterative KM procedure [2]) applied to every zSlice 7.

The proof of Theorem 3 as well as a comparison between it and the standard
centroid calculation as well as numeric examples can be found in [17].

5.3 Defuzzification

The defuzzification of zZFSs employs the centroid defuzzifier on the type-1 fuzzy sets
that are generated using the type-reducer described in the previous subsection. As
such, the standard centroid defuzzifier can be applied to the type-reduced set C; by
discretizing the type-reduced set and applying the normal centroid defuzzifier
equation SV ' z(g) * &/ SN z(g,), where 1 = (yr, — yl,)/(N — 1), N is the
number of discretization points and gy = ¢y, and gy—1 = ¢y, z(g;) is the maximum
z; level corresponding to any g; according to Eq. (12). Note that all values associated
with zg = 0 will vanish from the numerator and denominator of the equation, and
hence all values associated with zg will not affect the total defuzzified output of the
zFS. As such, as previously mentioned, the processing of Z, can be omitted both for
individual zFSs as well as throughout complete zZFLSs as they will not affect the FL.S
output. This is intuitive as at zo, the certainty about the secondary membership is 0,
thus it can be considered to not be part of the fuzzy set.

A new way particular to zFSs introduced in [17] is that their structure allows
defuzzification by leveraging the fact that each zLevel is associated with a zSlice
Z. Hence, the resulting defuzzified value of the zFS (at a given zLevel) will be the
average of the type reduced—set as in interval type-2 FLSs. This will result in a
discrete set where we will have the average of the type-reduced set for each zSlice,
associated with the relevant zLevel z;. Hence, by applying the centroid defuzzifier
for this discrete set, we can write the defuzzified D; of the zFS 7 as:
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<Z] (0111 ;C’ZI) +12 (ci, “Z'Crzz) 4tz (CIZI;C'ZI)>

(zi4+z+-+u)

1 Clzj+Cr;
2ict (Zi (27))
25:1 %

Note that we have excluded the values associated the zSlice Z as they will not
have any impact as previously noted. From Eq. (16), it can be easily seen that the
defuzzified value of the zFS is the weighted average of the outputs of the different
zSlices.

The use of zFSs provides a series of advantages for the straightforward
application of (zSlices based) general type-2 fuzzy sets and systems, ranging from
the reduction in computational complexity to the possibility of re-using the
existing interval type-2 fuzzy approaches and implementations. We briefly review
zSlices based general type-2 fuzzy systems in the following section, a detailed
introduction can be found in [17].

D, =
(16)

6 zSlices Based General Type-2 Fuzzy Systems

zFS based fuzzy systems are identical in structure to standard type-2 FLSs, with
the obvious difference that throughout the FLS, zSlices based general type-2 fuzzy
sets are employed. As part of the current chapter, we will mainly focus on the
nature of zFS without proceeding in detail to their application as part of zFLSs
which we only briefly review in this section. The main components of a zFLS are
depicted in Fig. 3. For a detailed description of all parts of the FLS, see [17].

o Crisp
Inputs=>zFSs
FSs

Fig. 3 The structure of a zSlices based general type-2 FLS

Inference
Engine

* Reasoning based
on zFSs and Rule
Base

¢ Defuzzification
of type-1 FSs to
a crisp output

* Type-reduction
of zFSs to type-1




74 C. Wagner and H. Hagras

6.1 Fuzzifier

In zSlices based FLSs (zFLSs), the fuzzification step is identical to standard
general type-2 FLSs (while employing zSlices based general type-2 fuzzy sets).
As in most current applications of FLSs, singleton fuzzification provides the
simplest form of fuzzification. Non-singleton fuzzification can be employed in
cases where the specific uncertainty related to the input of the fuzzy system is to be
modeled directly. It should be noted that a non-singleton fuzzifier will map a given
input modeled as a (zSlices based) general type-2 fuzzy set to the given zSlices
based antecedent fuzzy sets, thus, in the general case, a zSlices based general type-
2 fuzzy set model of the input with an identical number of zSlices (at the same
zLevels) as the rest of the zFLS should be employed.

6.2 Rule Base

The rule structure within zSlices based general type-2 FLSs is the standard
Mamdani type FLS rule structure employed in standard type-1 and type-2 FLSs.
As such, a rule R from a zFLS can be written as:

Rs: IFx; is F; AND...AND xp is Fp

~ ~ 17
THEN g, is Gi, ..., 8o is Gg, s € {1,...,5} (17)

where P is the number of FLS inputs, Q the number of FLS outputs, and S is the
number of rules in the rule base. The fuzzy sets employed in the rules are zFSs and
all zFSs within the zZFLS employ the same number of zSlices at the same zLevels.
The latter enables the different zLevels within the zFLS to be computed in parallel,
greatly improving performance when parallel computing resources are available.

6.3 Fuzzy Inference Engine

At a high level, the inference engine within a zFLS is similar in concept to that in
all FLSs, i.e., from a given set of inputs, the firing strength of the antecedent
membership functions (MFs) is determined for each rule. Note that, in this case,
the firing strengths are zSlices induced type-1 fuzzy sets (see [17]). In order to
proceed with the actual inference, the firing strengths (respectively their cylin-
drical extensions) are combined with the consequent sets applicable in the indi-
vidual rules. The resulting outputs are combined through the union operation to
produce the overall output (a zFS) for the given set of inputs. Full details of the
inference process in zFLSs can be found in [17].
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6.4 Type Reduction

Type reduction for zSlicesbased general type-2 sets also employs the nature of
zSlices which can be seen as standard interval type-2 fuzzy sets with a specific
zLevel z; € [0, 1]. Type reduction relies on the principle of a centroid calculation
on the set in question as addressed in Theorem 3. In the practical application of
zFLSs (as in interval type-2 FLSs) we do not need to find the fuzzy outputs of each
rule, to combine the outputs of each fired rule and finally to compute the centroid
of this combined set in order to find the type-reduced set. We can employ the
centre-of-sets (COS) type reducer for each individual zLevel z;:

1
Ycos = Zzi/YCosh (18)
i=1

where y.os refers to the overall type-reduced set (a type-1 set) of the zSlicesbased
FLS. yeos, is bounded by the interval [y, y,.] Ycos is the combination of the type-
reduced sets at each individual zLevel referred to as y..s;, which are each associated
with their respective zLevel z;. The type-reduced sets y.. can be found using
standard interval type-reduction methods such as the KM iterative procedure [2] or
alternatively the type-reduced sets y.o, can be approximated using the Wu—Mendel
uncertainty bounds method [18]. We should note that as in standard fuzzy logic
theory, the summation sign (union operation) in Eq. (18) implies that for any point
that is associated with more than one membership, we choose for this point the
maximum of the associated membership values.

Thus, in ZFLSs, we take the firing interval of each fired rule (which is calculated
as in interval type-2 FLSs) and the associated centroid interval, and then,over all the
fired rules we calculate y.o, for that specific zLevel using the KM iterative procedure
or using the Wu—-Mendel uncertainty bounds method. Each y., is associated to its
respective zLevel z;. Hence, it can be seen that zFLS is aggregating the outputs of
several interval type-2 FLSs, each associated with a given zLevel (i.e., zSlices). This
allows for a parallel implementation which results in a significantly faster compu-
tation which, in turn, makes it possible for us to use the ZFLS for real-time real-world
applications such as the robotic control example shown in [17].

Full details on the centroid calculation and the COS type reduction in zFLSs
can be found in [17].

6.5 Defuzzification

The defuzzification step in a zFLS employs the centroid defuzzifier on the type-1
fuzzy set that was generated using the type-reducer described in the previous
subsection. The details of the defuzzification and in particular the rapid defuzz-
ification harnessing the zSlices induced structure of the output set have been
introduced in the previous section and are available in [17].



76 C. Wagner and H. Hagras

7 Utility of zSlices Based General Type-2 Fuzzy Sets

After establishing the nature and properties of both zSlices based general type-2
fuzzy sets and systems, we proceed to review their applications and general utility.
Fundamentally, (zSlices based) general type-2 fuzzy systems can be applied to the
same problems as other FLSs (type-1, etc.), for example, in [17], we demonstrated
their applicability to real world, real-time robotic control. However, a series of
mostly recent applications benefit and in some cases depend on the more powerful
and more complex modeling capabilities of zSlices based fuzzy sets. Examples
here include applications where system interpretability (i.e., low number of rules)
is important and recent advances such as fuzzy set based agreement modeling [19].
We briefly expand on both the application of zSlices based general type-2 fuzzy
sets in more traditional, “control-style” applications in Sect. 7.1 and on more
recent application areas “beyond control” in Sect. 7.2.

7.1 zSlices Based General Type-2 Fuzzy Sets in Control-Style
Applications

In control and similar applications, the potential for general type-2 FLSSs lies with
their greater potential to model uncertainty precisely—compared to type-1 and
interval type-2 fuzzy systems. In order for general type-2 FLSSs to be able to exploit
this potential, a significant effort is required to design the appropriate (zSlices based)
general type-2 fuzzy sets for each application. This is not possible as part of all
applications and in combination with the computational overhead of general type-2
fuzzy systems which,—even though much reduced—is still present (when com-
paring type-1 to type-2 fuzzy systems), a decision on whether or not to employ
general type-2 fuzzy systems as part of traditional applications needs to be made
very carefully. A number of guidelines and standard questions can be helpful to
make this decision.

1. Does the system we are trying to model encompass varying levels of uncer-
tainty and is the uncertainty significant?

2. If 1 is true, can we capture information on the uncertainty distribution in order
to specify the secondary membership of general type-2 fuzzy sets (either from
data, through learning, etc.)?

3. If 2 is true, employing general type-2 FLSSs may provide benefits. If not,
interval type-2 FLSSs may be a more interesting option.

It is clear that the guidelines above are “fuzzy” and the design of an appropriate
FLS is still dependent on a high familiarity with the problem and significant
experience with FLSSs. Further, context and domain constraints, such as for
example very low levels of available processing power are an intrinsic part of the
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design and decision process and crucially impact the viability of employing
general type-2 fuzzy sets.

7.2 zSlices Based General Type-2 Fuzzy Sets Beyond Control

While the choice in terms of type of FLS is clearly not trivial for the standard set
of FLS applications, there are applications which can directly benefit from higher
order type-2 FLSs in ways which specifically are not possible by using for example
type-1 FLSs. A known example of this is the interpretability of FLSs and the fact
that interval type-2 fuzzy systems can provide similar performance to type-1 FLSs
with a lower number of rules [20]. In cases where the number of rules is relevant,
for example in intelligent inhabited environment (I[E) applications, this is a crucial
advantage facilitating the interpretability of the system by the human user. zSlices
based general type-2 fuzzy FLSs provide a unique set of features not available in
type-1 or interval type-2 FLSs, namely the possibility to employ the secondary
membership for the advanced modeling of concepts or values. A recent application
of this potential is the concept of general type-2 based agreement modeling [19].
Agreement modeling harnesses the secondary membership of zSlices based gen-
eral type-2 fuzzy sets to model agreement between multiple nodes, where the latter
can be people, sensors, actuators, etc. The following section provides a brief
introduction to the principles behind agreement-based modeling.

8 Agreement Modeling

We refer to the notion of “agreement” as agreement between sets. In other words,
the agreement of two sets A and B is the set constituted by the overlap of both sets. In
set terms, this overlap is referred to as the intersection of A and B, denoted as A N B.

Further, consider a specific concept (such as size, weight, beauty, strength, light
levels, temperature, etc.). The agreement (i.e., the intersection) between multiple
sets describes the “common ground” expressed by the sets. Practically speaking, if
for example several people provide an interval of medium temperature on a
temperature scale, the intersection (an interval) of the provided intervals describes
the least common denominator of the provided interpretations (in the form of
intervals) by the individuals, in other words: their agreement on the meaning of the
concept of “medium” temperature.

While “agreement” could be considered merely an interpretation of the logical
intersection operation, it is the modeling of levels of agreement (i.e., different
degrees of agreement over a number of sets) which cannot be captured by standard
intersections of sets and for which the notion of “Multi-Leveled Agreement” (MLA)
has been established [19]. MLA models agreement of multiple sets in such a way that
the resulting agreement set expresses the proportional level of agreement of its
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constituting sets, i.e., areas where multiple sets overlap are considered as more
significant than areas where few sets overlap or even just one set exists.

For example, if three people define a fuzzy set for the linguistic label “com-
fortable indoor temperature”, the three resulting sets will not be identical. The
MLA of the three sets is itself a set which gives the most significance to the areas of
the provided sets that are common to all three sets, less significance to areas which
are common to two of the three sets, and finally low significance to the areas which
belong only to one set.

This notion of MLA, while very intuitive, cannot be modeled using classical
sets or indeed type-1 or interval type-2 fuzzy sets as was shown in [19]. However,
the additional degree of freedom provided by the third dimension (secondary
membership) of (zSlices based) general type-2 fuzzy sets allows the accurate
modeling of multiple levels of agreement. As such, in MLA, the modeling of the
uncertainty encompassed in the fuzzy set is identical to that of interval type-2
fuzzy sets in the sense that it is expressed in the FOU of each zSlice. It should be
noted that the uncertainty encompassed in the FOU relates to the uncertainty about
the primary membership, i.e., the sensor value, the actual variable like tempera-
ture, tallness, etc.

As noted, the secondary membership i.e., the third dimension is employed to
model the level of agreement. A higher secondary membership as such reflects a
higher degree of agreement. As has been shown, a zSlices based general type-2
fuzzy set is based on a series of zSlices. As part of MLA modeling, the total number
of zLevels I is equal to the number of constituting (or input) interval type-2 fuzzy
sets and the agreement is modeled as follows (full details are available in [19]):

e Areas which belong to only one interval type-2 fuzzy set are associated with a
zLevel equal to 1/1.

e Areas which belong to areas where at least two interval type-2 fuzzy sets
intersect, i.e., “agree”, are associated with the zLevel 2 x 1 /1.

e Areas where all interval type-2 fuzzy sets intersect, i.e., “agree”, are associated
with the zLevel I x 1/1=1.

It should be noted that the number of zLevels can be reduced as for all zSlices
based general type-2 fuzzy sets by relying on interpolation. However, the MLA
agreement model will deteriorate in accuracy as a result. Further, the actual
application of the resulting MLA sets as part of FLSs is currently constrained to
zLevel by zLevel processing and subsequent recombination of centroids and is a
current topic of research.

9 Conclusions

For many years, general type-2 fuzzy sets and systems have been little more than
objects of theory, concepts constructed to account for obvious limitations in type-1
fuzzy sets and systems. Many advances have contributed to the progress of general



zSlices Based General Type-2 Fuzzy Sets and Systems 79
type-2 FLSSs from the conceptual stage to real-world application. The “in-
between” stage (between type-1 and general type-2) of intensive research into
interval type-2 FLSS has been crucial not only to develop vital contributions such
as the KM algorithm(s) but also to develop a deeper understanding of the nature of
(type-2) fuzzy sets and their modeling of uncertainty. The most recent advances in
representation of general type-2 fuzzy sets [11, 15, 17] have leveraged the existing
knowledge and today provide a realistically applicable platform for general type-2
FLSSs. As we have shown in this book and in more detail in [16, 17] with the first
complete description of a slices based representation of zSlices based FLSSs,
zSlices based sets, and the zSlices based FLSs that employ them are based on a
direct expansion of interval type-2 fuzzy logic theory.
This shows a great strength of zFLSs which enables a series of advantages:

e Complex operations on general type-2 sets can be reduced to common interval
type-2 operations, significantly reducing the design and implementation com-
plexity, and thus facilitating the use of general type-2 FLSs.

e The property of zFLSs that allows the computation of each zLevel indepen-
dently allows for a high degree of parallel computation. In fact, all zSlices levels
can be computed simultaneously on separate processors followed only by the
very simple defuzzification stage which is done centrally and the output of
which is fed to the system. This offers great potential with minimal imple-
mentation effort and should allow the use of general type-2 FLSs in a far wider
set of applications.

e In zFLSs, current interval type-2 theory can be re-used and only very small
modifications are necessary to use current interval type-2 implementations to
compute zFLSs.

e When computing the centroid of a zSlices based general type-2 set as done
during the type-reduction stage, the resulting type-reduced type-1 set still (as for
standard general type-2 FLSs) gives an indicative model of the amount of
uncertainty contained within the current iteration of the zFLS.

e The use of zFLSs allows achieving real-time performance for general type-2
FLSs as a result of significantly simplifying the computational complexity
associated with the deployment of general type-2 FLSs.

In this chapter, we have detailed zSlices based general type-2 fuzzy sets and
provided a brief review of zSlices based general type-2 fuzzy systems. Specifically
we have focused on fuzzy sets themselves and the most common operations
required to employ them. Finally, we have given a brief outlook on applications of
general type-2 fuzzy logic sets and systems in the existing and particularly in new
areas such as zSlices based agreement modeling.

The area of general type-2 fuzzy logic is still in its infancy and it is without
doubt that the coming years will see significant developments both in theory and
application. It is an exciting time to be part of the fuzzy logic community and we
are excited to be part of it.
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Geometric Type-2 Fuzzy Sets

Simon Coupland and Robert John

Abstract This chapter gives a review and technical overview of the geometric
representation of a type-2 fuzzy set and explores logical operators used to
manipulate this representation. Geometric fuzzy logic provides a distinct way of
understanding a fuzzy system, where fuzzy sets and fuzzy logic operators are seen
purely as geometric objects which are manipulated only using knowledge of
geometry. This approach is simple and intuitive, ideal for those who are not well
versed in discrete mathematics. For researchers working with fuzzy systems
regularly, this approach can raise some interesting questions about how fuzzy sets
and systems are constructed.

1 Geometry and Fuzzy Logic

Fuzzy logic, based around the fuzzy set, is an extension of classical set and
Boolean logic. It may seem odd to attempt to bring together this methodology
rooted in discrete mathematics with the distinct paradigm of geometry. However,
fuzzy logic is already reliant of aspects of geometry for modelling membership
functions of fuzzy sets. The vast majority of fuzzy sets used take the form of
continuous (Gaussian) of piecewise linear functions (triangle, trapezoid and
shoulder). The notion of a geometric fuzzy set [6] came out of modelling a
membership function as a piecewise linear function. A geometric type-1 fuzzy set
is a piecewise linear approximation of a continuous membership function, which is
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of course totally accurate if that function happens to be piecewise linear in nature
anyway, i.e. triangular. This notion of approximating a continuous function with
discrete geometric objects is continued in geometric type-2 fuzzy sets described in
Sect. 2. A more formal definition of a type-1 geometric fuzzy set is given below.

Definition 1 A geometric type-1 fuzzy set is a series of ordered vertices that are
connected by line segments to form a function over a continuous domain. This
function is linear in all but a finite set of points. A geometric fuzzy set A over the
domain X consists of pairs of vertices (x,y) where the x € X and the y component
of all the vertices are in the interval [0, 1] i.e.,

X —[0,1] (1)

The membership grade p, for any particular value of x is given by

0; x<xjorx,<x
fa(x) = Vi X=X (2)
yi+ 22 i = yi); X <x<Xig

where xo and x,, are, respectively, the x-component of the first and last vertices of
A. For convenience, a geometric type-1 fuzzy set can also be denoted by a set of
vertices, i.€.

A= {(xlvyl)a (xz,yz), B (xn;)’n)|xi eX,yi € [0, 1};xi<xi+]7Vi} (3)

where x; is the x component or domain value of the ith vertex and y; is the y
component or range value of the ith vertex.

Figure 1 depicts a Gaussian membership function and one possible geometric
representation of this set.

Geometric type-1 fuzzy sets provide a practically useful representation of a
fuzzy set; however, the most interesting and important aspect of geometric fuzzy
logic is the geometric inference process. Logical operations, namely AND, OR and
IMPLIES, may be defined using geometry operators. To define geometric logic

(a) (b)
u u

1 1

0 0

Fig. 1 (a) A Gaussian fuzzy set and (b) a geometric Gaussian fuzzy set
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operators, it is necessary to identify all points where the line segments which make
up a geometric membership function intersect with another geometric membership
function. This can be done efficiently with the Bentley—Ottmann plane sweep
algorithm [2]. Simple algorithms given in [6] describe how AND, OR and
IMPLIES can be performed simply once all intersection points have been iden-
tified. Figure 2 depicts the OR operation on two geometric type-1 one fuzzy sets.
The geometric type-1 fuzzy set A OR B = {v,ij,ir,z} and A AND B =
{a,i1,x,y,ir,d}.

To summarise, geometric type-1 fuzzy sets are made up of a discrete set of
connected line segments. In order to perform logical operations, all points where
the line segments from two sets intersect must be identified and processed. In the
next section, we take this notion forward from 2-dimensional type-1 fuzzy sets to
3-dimensional type-2 fuzzy sets.

2 Geometric Type-2 Fuzzy Sets

We saw in the last section that geometric type-1 fuzzy sets are a discrete set of
connected line segments. Each line segment fits the equation:

Ax+By+C=0 (4)

and is constrained by a start and end point on this line. This is the simplest
geometric primitive which could be used to model a type-1 membership function.
Type-2 fuzzy sets exist in 3-dimensions and as such the natural extension from the
geometric type-1 model is to add a third dimension to the geometry. In 3D, we
need a geometric primitive which fits the equation of a plane:

(a) (b) (c)

Fig. 2 (a) The geometric fuzzy set A. (b) The geometric fuzzy set B. (¢) The geometric fuzzy set
AORB
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Ax+By+Cz+D=0 (5)

Although any 3-dimensional polygon can fit the equation of plane, there is only
one primitive which by definition must fit the equation of a plane and that is a 3D
triangle. A 3D triangle is a constrained area on a plane which is analogous to how
a line segment is a constrained length on a linear function. Geometric type-2 fuzzy
sets are defined as discrete set of connected 3D triangles which approximate the
membership function of a type-2 fuzzy set, a formal definition is given below.

Definition 2 A geometric type-2 fuzzy set is defined as a collection of n triangles
in 3D space where the edges of these triangles connect to form a 3D polyhedron,
i.e.

XpoVg

A= U t'where t' =[x, ¥, 1z (6)
i=1.. P
L 5 8

where x%, x and x; € X and y|, 5, ¥, Z%, 25 and z; € [0, 1]. In this geometric
model, values on the y axis represent primary membership grades and values on
the z axis represent secondary membership grades.

An example geometric type-2 fuzzy set Moderate is depicted in Fig. 3. The
membership function of Moderate is a polyhedron, in this case made up of eight

triangles. These eight triangles approximate the membership function of Moderate
over a continuous domain X. The polyhedron provides an approximation of the

actual membership function of Moderate as a surface modelled by triangles. The set

Moderate give a good illustrative example of a geometric type-2 fuzzy membership
function; however, it is possible to model more complex membership functions.

Fig. 3 The geometric type-2 i (x),
fuzzy set Moderate
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In the previous section, we saw how line segments can approximate a Gaussian
type-1 membership function. The same concept is now demonstrated for a Gaussian
type-2 membership function where triangles are used to approximate the mem-

bership function. The equation of A, a Gaussian-like set with an uncertain standard
deviation, is given in Eq. (7) and depicted in Fig. 4.

— C(X 2
1 (ry10) = exp (— #> )

20(x)?

where ¢(x) is given by Eq. (8) and o(x) is given by Eq. (9).

X — C2
C()C) = exXp <— m) (8>

(xfcz) e
207 205

5

©)

a(x) =exp| —

where x € X, u € [0, 1], oy and g, give the range of values for standard deviation.
Figure 4 depicts 11,600 points of this continuous function. Any values of
w;(x,u)<0.001 are not included, this prevents A from having an infinite FOU,
hence it is Gaussian like and not Gaussian. This continuous function is contrasted to
two other type-2 fuzzy set models, a discrete model and geometric model.

Hz(x)

X

Fig. 4 A type-2 Gaussian-like fuzzy set with an uncertain standard deviation
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Fig. 5 A discrete type-2 Gaussian-like fuzzy set with an uncertain standard deviation

The discrete model (see Fig. 5) has 20 discrete points in the primary domain and the
secondary domain ([0,1]) has been discretised into 11 points. The geometric model
used in this comparison was constructed from this discrete model using the method
presented in [7]. The geometric model consists of 365 triangles and is depicted in

Fig. 6. In each of these figures, the domain X of A runs along the x-axis, the

Hz(x)

Fig. 6 A geometric type-2 Gaussian-like fuzzy set with an uncertain standard deviation
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co-domain p;(x) runs vertically along the y-axis and the secondary membership
grades uj (x,u) are depicted as if coming out of the page, on the z-axis.

This example demonstrates the complexity inherent in type-2 fuzzy sets and the
modelling of these sets. However, conceptual and mathematically geometric type-2
fuzzy sets are simply geometric type-1 fuzzy sets with a third dimension added.
Type-2 fuzzy membership functions exist in 3D and geometric type-2 fuzzy sets
simply approximate this 3D surface with triangles. The next section defines
algorithms for manipulating such models to implement logical operators.

3 Geometric Type-2 Fuzzy Logic Operators

We saw in Sect. 1 that in order to manipulate a geometric type-1 fuzzy set, it was
necessary to identify all points where the line segments which made up two fuzzy
sets intersected. For type-2 fuzzy sets, we need to take this 2D idea into 3D, that is
we need to identify all line segments where two triangles intersect and the con-
struct new triangles at these intersection lines. Guigue and Devilliers [9] provide
an extension of Moller’s triangle—triangle intersection test [13] which provides this
functionality for a pair of triangles. Figure 7 depicts the intersection of two such
triangles, where the line segment at the intersection of the two triangles is the line
{K,J}. Once this line of intersection has been identified, a new set of triangles is
needed to model this intersection. With type-1 inference, we identified the mini-
mum and maximum lines to produce the AND and OR of the sets. A similar
operation is required to produce a set of triangles which model the minimum and
maximum of the surface modelled by these triangles. In [8], the authors defined the

\ . /QE/,

-

Fig. 7 Intersecting triangles and the planes in which they lie. Adapted from [9]
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AdL

‘I Subject

Fig. 8 The minimum surface calculated from two triangles

(@ v b)) v (© v

Fig. 9 (a) Two surfaces. (b) The minimum of those two surfaces. (¢) The maximum of those two
surfaces

surface clipping algorithm which performs this operation across a surface made up
of a set of triangles. This algorithm works by performing an ordered search of two
surfaces made up of triangles, identifying all pairs of intersecting triangles and the
line on which they intersect. It is then trivial to obtain the minimum or maximum
surface as a new collection of triangles.

Figure 8 shows an example of the intersection of two triangles and how the
minimum surface modelled by this pair of triangles can be created. Triangles t,
and #, where originally contained within the subject triangle. These two triangles
make up the minimum surface, they are area contained with in the clipping triangle
which lie below the intersection. The other triangle #3 lies outside of the inter-
section of the two triangles and so is not clipped. The remainder of the subject
triangle (within and above the intersection of the two triangles) is clipped. Figure 9
shows how this operation may be used to find either the minimum or maximum of
two surfaces made up of a discrete set of triangles using the surface clipping
algorithm.

So, the membership function of a type-2 fuzzy set can be modelled by a
collection of 3D triangles. These triangles form a surface and using the surface
clipping algorithm, it is possible to calculate a new set of triangles which form the
minimum and maximum of two such surfaces. These are all the tools we need to
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Fig. 10 The geometric
type-2 fuzzy sets A and B

JIERD)!
Fig. 11 The FOU of the u
geometric type-2 fuzzy sets A 1+
and B
0
0 X

implement the AND, OR and IMPLIES operators for type-2 fuzzy sets. The first
step is to separate the triangles which make up the membership function of a type-2

fuzzy set A into two new sets of triangles which form the upper and lower surface

of the membership function Aand A. It is easy to identify which set an individual
triangle belongs to. Simply take the normal of the triangle; if the y component of
the normal is positive, then it belongs to the upper surface, if negative then if
belongs to the lower surface. We can now define the AND and OR operations for
geometric type-2 fuzzy sets. The AND and OR will now be defined using as
examples the geometric type-2 fuzzy sets A and B depicted in full in Fig. 10 and
the associated FOUs in Fig. 11.

3.1 The Geometric AND Operator

The AND of two type-2 fuzzy sets is defined as the result of taking the meet [5, 11]
of the secondary membership functions of the two sets at each point in the domain
of the sets. The surface clipping operation is used to give the meet, not at every



90 S. Coupland and R. John

Fig. 12 The geometric #(x)
type-2 fuzzy set C=ANB

)

discrete point, but a every point along the continuous domain of the two geometric
type-2 fuzzy sets.

Definition 3 Let A and B be two geometric type-2 fuzzy sets, each with
membership functions defined by lower and upper surface over the continuous

domain X. Let the logical AND of A and B be a third geometric type-2 fuzzy set C.

e The lower surface of C = the minimum, as given by the surface clipping
algorithm, of the lower surfaces of A and B.

e The upper surface of C = the minimum, as given by the surface clipping
algorithm, of the upper surfaces of A and B.

This performs the meet across the entire domain of A and B giving the logical
AND.

The logical AND of the example geometric type-2 fuzzy sets A and B is
depicted in full in Fig. 12 and just the FOU in Fig. 13.

Fig. 13 The FOU of the u
geometric type-2 fuzzy set 1
C=ANB

0
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Fig. 14 The geometric u(x)
type-2 fuzzy set C=AUB

Mlx )

3.2 The Geometric OR Operator

The OR of two type-2 fuzzy sets is defined as the result of taking the join [5, 11] of
the secondary membership functions of the two sets at each point in the domain of
the sets. Again, the surface clipping operation is used to give the join, not at every
discrete point, but every point along the continuous domain of the two geometric
type-2 fuzzy sets.

Definition 4 Let A and B be two geometric type-2 fuzzy sets, each with
membership functions defined by lower and upper surface over the continuous

domain X. Let the logical OR of A and B be a third geometric type-2 fuzzy set C.

e The lower surface of C = the maximum, as given by the surface clipping
algorithm, of the lower surfaces of A and B.

e The upper surface of C = the maximum, as given by the surface clipping
algorithm, of the upper surfaces of A and B.

This performs the join across the entire domain of A and B giving the logical OR.

The logical OR of the example geometric type-2 fuzzy sets A and B is depicted
in full in Fig. 14 and just the FOU in Fig. 15

We have now seen how the concepts of geometric primitives and their inter-
sections used in type-1 geometric fuzzy operations are taken forward with the
addition of a third dimension to give type-2 geometric fuzzy operators. Negation
and implementation may be implemented in a similar fashion [8]. The next section
presents a method for defuzzifying a geometric type-2 fuzzy set.

4 Defuzzification of Geometric Type-2 Fuzzy Sets

Only one defuzzifier has been defined for geometric fuzzy sets based on the centre
of area defuzzifier [4, 7]. For a discrete type-1 fuzzy set, the centre of area
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Fig. 15 The FOU of the u
geometric type-2 fuzzy set 1
C=AUB

0

0 X

defuzzifier calculates the weighted midpoint of the membership function typically
expressed as:

_ Dot Ha(x0)x;
S ) 1o

where A is a discrete type-1 fuzzy set made up of n discrete points. The centre of
area defuzzifier does exactly what is says, it identifies the geometric centre of the
membership function that defines that fuzzy set.

For a geometric type-1 fuzzy set, the centre of the area can be calculated by
treating the membership function as a closed polygon. The centroid of a polygon
[1, 3] can be calculated by deconstructing the polygon into a collection of trian-
gles. Each of these triangles has one vertex at (0,0) with the other two vertices
taking values in order from one of the line segments that forms the polygon. This
means a polygon with n vertices can be broken down into » triangles. The centroid
of the polygon is the weighted average of the area and centre of these triangles.
Consider the polygon P; depicted in Fig. 16a. This polygon has four vertices and
can therefore be broken down into four triangles #; to t, as depicted in Fig. 16b—e
where the dotted lines depict P;. Note that the triangles ¢, #, and #; all encompass
an area that lies outside the polygon P;. The sum of these areas from #, to 3 is
equal to the entire area of the triangle #4. Since, a signed value for the area is taken
for each triangle these overlapping areas will cancel out. This is because the sign
of area of ¢, will be the opposite to all the other triangles.

The signed area of a triangle is given by the half of the cross product of two of
the edge vectors. The centre of a triangle is the sum of the vertices divided by
three. The area of #; is therefore

(X1 =0)(22=0) = (= 0)(y1 =0) _ x1y2 — X231 (1

Area t; =
rea t; > )

Since all the triangles from the polygon P; contain the vertex (0,0) the area A of
any triangle #; is given by
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() (x1,y1)
(x2,2)
(X0, Y0)
(x3,3)
(b) (c)

(x5, y1) (X1, y1)

> (2, ¥2)

(0,0) (0,0)
(d) (e)
..'(12,_}’2)
(x0, 0)
0.0) (x3,3) 0.0) (x3,¥3)

Fig. 16 Calculating the centroid of Polygon P; using constituent triangles #; to 4

A(ty) :w (12)

An assumption is made that the polygon starts and ends at the same vertex (xo, yo).
The x-component of the centre or centroid C of the triangle 7; is given by

ct) = % (13)

The x-component of the centroid C of a polygon P is given by

c— 27:_()1”:“1(%)(7(%) (14)
> o Alti)
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where n is the number of vertices that make up P, A(;) and C(#) are given by
Egs. (12) and (13), respectively. Substituting Egs. (12) and (13) into Eq. (14)
gives
Co i (xi :rjlml)(xiym = Xi+1)i) (15)
3(D im0 XiVit1 — Xiy1Yi)

which is used to calculate the centroid of a geometric type-1 fuzzy set.

The centroid of geometric type-2 fuzzy set is calculated in much the same way.
The geometric membership function is already made up triangles, so there is no
need to do any further decomposition. All that needs to be done is that this area
and centroid of each triangle must be calculated in 3D and the weighted average
taken [7]. This calculation requires the following notational definitions:

4 g

The ith triangle 7 in the polyhedron ' = | xi ¥, Z)
i i

3V 5

The x-value of the centroid of t, = C'
The area of t; = A!
The centroid of a geometric type-2 fuzzy set is given in Eq. (16) where Cj is

the centroid of a type-2 fuzzy set A made up of n triangles.
" CA
~Za ot (16
2t A
Since we are only interested in the x component of a triangles centroid we only

need to work out the arithmetic mean of the x components of three vertices that
make up that triangle as given by Eq. (17).

Ci

_atntn (17)

Ci
3

The area on a single triangle in 3D is calculated by

(05 = y1)(e —2) — 05 = ¥)(@ — 7
AT=0.5 | (¥ —x))(& —2)) — (% —x

((xh =)0 =) = (& = x)) 0 =)
So, the centroid of a geometric type-2 fuzzy set is calculated as the centre of the
volume that makes up that sets membership function. Although this is analogous to
the centroid of a geometric type-1 fuzzy set there is one important difference. The
membership function of a geometric type-1 fuzzy set is a piecewise-linear func-
tion, which is closed to form a polygon for defuzzification. For a geometric type-2
fuzzy set the membership function is already a closed polyhedron. So, why is this

important? It means a type-1 geometric membership function can only ever have
on line of symmetry parallel to the y axis. A type-2 geometric membership
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Fig. 17 The FOU of the u
geometric type-2 fuzzy set S

function can also have a line of rotational symmetry. A geometric defuzzifier will
identify this line of symmetry, which may not be the required answer. Consider the

FOU of a geometric type-2 fuzzy set S depicted in Fig. 17. Most people would

think the centroid of this set should be around 14. Indeed if we discretise S and
calculate the type-reduced centroid we get an answer of 14.16. The geometric
defuzzifier calculate the centroid as 10.00. Clearly, sets with rotational symmetry
are problematic to geometric type-2 fuzzy logic.

5 Conclusion

This chapter has presented a review of geometric fuzzy systems of type-1 and
type-2. Geometric systems offer advantages over conventional fuzzy systems. The
models of the membership functions are more accurate. Furthermore, the operators
maintain this accuracy throughout the inference process. Geometric fuzzy sets
offer models over a truly continuous domain. For type-1 systems discrete models
are quicker to process, for type-2 systems the performance of the geometric model
far exceeds the discrete equivalent. Although new highly efficient representations
[10, 12, 14] are yet to be benchmarked against the geometric approach. For type-2
systems, the problem of defuzzifing type-2 fuzzy sets with rotational symmetry
remains unsolved.
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Type-2 Fuzzy Sets and Bichains

John Harding, Carol L. Walker and Elbert Walker

Abstract This chapter is a continuation of the study of the variety generated by
the truth value algebra of type-2 fuzzy sets. That variety and some of its reducts
were shown to be generated by finite algebras, and in particular to be locally finite.
A basic question remaining is whether or not these algebras have finite equational
bases, and that is our principal concern in this chapter. The variety generated by
the truth value algebra of type-2 fuzzy sets with only its two semilattice operations
in its type is generated by a four element algebra that is a bichain. Our initial goal
is to understand the equational properties of this particular bichain, and in par-
ticular whether or not the variety generated by it has a finite equational basis.

1 Introduction

The underlying set of the algebra of truth values of type-2 fuzzy sets is the set
M = Map([0, 1], [0, 1]) of all functions from the unit interval into itself. This set is
equipped with the binary operations + and -, the unary operation *, and the nullary
operations 1 and 0 as spelled out below, where V and A denote maximum and
minimum, respectively.
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(f +8)(x) =sup{f(y) Ng(z) : yVz=ux}
(f-&)(x) =sup{f(y) Ng(z) :y Nz =x}
fr(x) =sup{f(y): 1 —y=x} =f(1 —x)

1 ifx=0

_ {o if x £ 1
0 ifx#0

1(x) = L e and O(x){

The algebra of truth values of type-2 fuzzy sets was introduced by Zadeh in 1975,
generalizing the truth value algebras of ordinary fuzzy sets, and of interval-valued
fuzzy sets. (Sometimes in the fuzzy literature, the operations + and - are denoted
L and I, respectively, but we choose to use the less cumbersome notations + and -.
We also frequently write fg instead of f - g.) The definitions of the convolutions
+, -, and * are sometimes referred to as Zadeh’s extension principle.

Definition 1 The algebra Ml = (M, +, -, %, 1,0) is the algebra of truth values for
fuzzy sets of type-2.

Type-2 fuzzy sets, that is, fuzzy sets with this algebra M of truth values, play an
increasingly important role in applications, making M of some theoretical interest.
See, for example, [1-6].

We are concerned here with the equational properties of this algebra, much as
one is concerned with the equational properties of the Boolean algebras used in
classical logic. The main question we are interested in is whether there is a finite
equational basis for the variety? (M) generated by M. We have made some
progress toward this, and other questions, but it remains open.

An important step in understanding the equational theory of M was taken in
[7, 8] where the operations 4 and - were written in a tractable way using the
auxiliary operations L and R, where = and £ are the least increasing and decreasing
functions, respectively, above f. Using this, it was shown that M satisfies the
following equations.

Proposition 1 Let f, g, h € M.

Lf+f=ff-f=r

2. f+g=¢g+fif-g=¢-f

3. ft(@+th)=(+g +thf-(g-h)=(f g -h
4 f+(f-g=r(f+g

501-f=f£0+f=Ff

6.f**:f

7

()= () =g

Algebras, such as M, that satisfy the above equations have been studied in the
literature under the name De Morgan bisemilattices [9-11].
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Definition 2 A variety of algebras is the class of all algebras of a given type
satisfying a given set of identities (a basis for the variety). Equivalently (by a
famous theorem of Birkhoff), a variety is a class of algebras of the same type
which is closed under the taking of homomorphic images, subalgebras and (direct)
products.

Definition 3 For an algebra A, the variety #"(A) generated by A is the class of all
algebras with the same type as A that satisfy all the equations satisfied by A. An
algebra A is locally finite if each finite subset of A generates a finite subalgebra of
A, and a variety is locally finite if each algebra in the variety is locally finite.

An advance in understanding M and its equational properties came in [12],
where it was shown that the variety (M) is finitely generated, meaning it is
generated by a single finite algebra. In fact, it is generated by the complex algebra
(algebra of subsets) of a 5-element bounded chain with involution. In this same
paper, it was shown ¥"(M) is generated by a smaller 12-element De Morgan
bisemilattice, but this algebra is not so easily described. An important consequence
of this result is an algorithm to determine whether an equation holds in M. One
simply checks to see if the equation holds in the finite algebra generating ¥ (M).
In this same paper, a normal form for terms in ¥ (M) was given, and used to
develop a syntactic algorithm to determine when an equation holds in 7" (M).

It is natural to consider whether the equations in Proposition 1 could be a basis
for the variety ¥"(M); that is, whether or not every equation satisfied by the
algebras in 7"(M) is a consequence of those equations in Proposition 1. This is not
the case as " (M) is locally finite, and there are De Morgan bisemilattices that are
not locally finite, such as certain ortholattices. So to find a basis for the variety
7" (M) one must add equations to this list. We will exhibit later some equations
that hold in M that are not consequences of the equations above. Whether there is a
finite basis for #"(M) remains open.

The observant reader at this point will have considered Baker’s Theorem [13]
that says a finitely generated congruence distributive variety has a finite basis.
Unfortunately we cannot apply this result as " (M) is not congruence distributive,
as is noted in a later section.

We decided to simplify the problem, and restrict attention to equations
involving only the operations + and - and not using the negation * or constants 1
and 0.

Definition 4 An algebra (A,-,+) with two binary operations is called a
bisemilattice if it satisfies Eqs. 1-3 of Proposition 1, and a Birkhoff system if it
satisfies Eqs. 1-4 of Proposition 1.

Of course the reduct (M, +, -) of M to this type satisfies Eqs. 1-4 of Proposition 1,
so is a Birkhoff system.



100 J. Harding et al.

In any bisemilattice(A, -, +), the binary operations - and + induce partial orders
by x < . yifx=xyand x < ,yif x +y =y. It is not difficult to show that these
two partial orders are the same if and only if the bisemilattice is a lattice.

Definition 5 A bisemilattice (A, -, +) is a bichain if the two partial orders <. and
<, are chains.

A bichain is thus given by a set and two linear orderings on it. This is the same
as giving an ordering on a set, and a permutation on that set. Of particular
importance here will be finite bichains. Here we often assume the underlying set is
{1,...,n}, that the --ordering is 1 <.2<.--- <.n, and that the +-ordering is given

by some permutation ¢ of {1,2,...,n}. The situation is shown in below.
n o(n)
2 ?(2)
1 (1)
+
Any permutation ¢ gives an ordering of 1,2,...,n for the +-order, so up to

isomorphism there are n! n-element bichains. We assume the --order is
1 <2 < --- <n and then just give the +-order. So we may depict bichains in the
following manner:

Our reduct (M, -, +) is a Birkhoff system. Of course, the variety generated by
this algebra is generated by the reduct of the 12-element De Morgan system that
generates 7 (M), but one can do better. In [12] it was shown that the variety
generated by (M, +, -) is generated by the 4-element bichain we call B, shown in
below

4 4
3 2
2 3
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Of course, this bichain can be depicted simply by

[SSIENN ST N

_l’_

While there is considerable literature on bisemilattices (see, for example,
[11, 14, 15]), there seems to be relatively little known about the quite natural case
of bichains. Our efforts here are largely devoted to studying bichains and the
varieties they generate. We believe this is of interest for its own sake, as well as for
its application to understanding equational properties of M. One thing it enables us
to do is to produce equations satisfied by M that are not a consequence of the
Eqgs. 1-4 of Proposition 1. We list four such equations below. The names come
from their donations by Fred (L)inton, Peter (J)ipsen, Keith (K)earnes, and a key
equation (S) that is a splitting equation of a certain variety.

X2+ y(x+z) = (@x+2)0+x2) (L)

Y +xz) = y(x +y)(x +2) )

x(y +2)(xy +x2) = x(y + 2) + (o + x2) (S)
x(xy + xz) = xy + xz (K)

These equations hold in B as is easily checked. However, they do not hold in the
variety of Birkhoff systems, so are not consequences of Eqs. 1-4 of Proposition 1.
The first three equations fail in the 3-element bichain denoted As in the following
section. The fourth is valid in all six 3-element bichains. Each subset of a bichain
is a subalgebra, and it follows that this fourth equation (K) is valid in all bichains;
however, it fails in the Birkhoff system depicted below.

4 3
3 4
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We further remark that using the third equation (S) and several equations
valid in all bichains, such as (K), we can prove the first two equations (L) and
(J). Rather, a software package called Prover9 [16] can prove them. We con-
jecture that any equation valid in B can be proved from (S) and equations valid
in BiCh, or equivalently, that 7" (B) is defined by the equations defining BiCh
and the equation (S).

2 Subvarieties of 7" (B)

Let BiSemi be the variety of all bisemilattices, Birk be the variety of all Birkhoff
systems, BiCh be the variety generated by all bichains, DL be the variety of all
distributive lattices, and SL be the variety of all bisemilattices satisfying
x -y = x4y, which is called the variety of semilattices. For any bisemilattice S we
let 7°(S) be the variety generated by S.

Proposition 2 Every bichain is a Birkhoff system, so BiCh C Birk.

Proof Suppose x,y are elements of a bichain. Then each of xy and x + y is either x
or y, and we check that in the four possible cases x(x +y) = x +xy. O

The inclusion BiCh C Birk is proper, since (K) is valid in all bichains, but not
in all Birkhoff systems.
Below we describe and name all bichains with two or three elements.

3 2 3 1 2 1
ZI 11 2 3 1 3 1 2

1 2 1 1 2 2 3 3

D, D, Ay Ay Az Ay As Ag

Note that D and A, are distributive lattices so generate the variety DL, and D,
and A¢ are semilattices so generate SL [13]. By [17] the join of DL and SL is the
variety of distributive bisemilattices; that is, bisemilattices satisfying both dis-
tributive laws. As Dy and D, are subalgebras of A4, and A4 is a quotient of their
product, A4 generates DL V SL. By [11] the variety of bisemilattices satisfying the
meet-distributive law x(y + z) = xy + xz covers the distributive bisemilattices, as
does the variety of bisemilattices satisfying the join-distributive law
x+yz=(x+y)(x+z). As A, satisfies meet-distributivity but not join distribu-
tivity, and Aj satisfies join distributivity but not meet distributivity, 7" (A,) and
77 (A3) cover ¥ (A4). As A, and A; are subalgebras of B, we have 7 (A;) V
" (A3) is contained in #"(B). Using the Universal Algebra calculator [18] we can
find an equation to show this containment is strict. The algebras A, and Aj satisfy
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(x+z2)wx+w+y)=(x+2z)(xy +w+y)

and this equation fails in B. The program also provides equations to show neither
" (Az) nor ¥"(Asz) is contained in 7"(As), and ¥"(As) is not contained in 7" (B).

2x+2)(y+2z) =z(z+xy)
2+xz+yz=z+z2(x+Y)
x(y+2)(xy+xz) =x(y +2) + (xy + x2)

The first holds in As and fails in A,, the second holds in A5 and fails in A3, and
the third holds in B and fails in As. A diagram of the containments between these
varieties follows.

Y (A2)

V(A1)

Trivial

Our conjecture is that #"(B) is the largest subvariety of BiCh not containing As,
a situation known as a splitting. If this is indeed the case, ¥"(B) is defined by a
single equation called a splitting equation, together with equations defining BiCh.
In this case, a splitting equation is

x(y+2)(xy+xz) =x(y+2) + (xy + x2) (S)

That (S) is the splitting equation of As in BiCh comes through the fact that As is
weakly projective in this variety, a topic we shall return to later. We remark that
(S) is a type of generalized distributive law, with the left side of (S) being the meet
of the two sides of the usual distributive law, and the right side of (S) being their
join. We have not yet determined an equational basis of BiCh, and indeed do not
even know if this variety is finitely based.
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3 Bichains in the variety 7 (B)

To lend some credence to our conjecture that ¥"(B) is the largest subvariety of
BiCh not containing As, we use this section to show that a bichain belongs to
7" (B) if and only if it does not contain As as a subalgebra. We remark that if the
variety BiCh were congruence distributive, our conjecture would follow from this
using Jonsson’s Lemma and £.0§’s Theorem.

Theorem 1 For a bichain C, the following are equivalent.

1. C e 7 (B).
2. As is not a subalgebra of C.
3. C satisfies (S).

Proof (1 = 3) This is of course simply a matter of checking that the equation (S)
holds in B, but the situation is a bit more interesting than this. Note there is a
congruence on B that collapses only the two middle elements {2,3}, and the
resulting quotient is a distributive lattice. Take any equation s = ¢ that holds in all
distributive lattices. If this equation is to fail in B for some choice of elements, it
must be that s and ¢ evaluate to 2 and 3. As {2,3} is a subalgebra of B isomorphic
to the 2-element semilattice, it then follows that st = s+ ¢ holds in B. The
equation (S) is an instance of this, taking s = ¢ to be the meet distributive law.

(3=2) Take x =2, y =1, and z = 3 to see that As does not satisfy (S).

(2 = 1) To show C € 7" (B), it is sufficient to show every finite sub-bichain of
C belongs to 7" (B). Indeed, if C ¢ ¥"(B), there is some equation valid in B that
fails in C. This equation involves only finitely many variables, so there is some
finitely generated subalgebra of C that does not belong to #"(B). But as C is a
bichain, every subset of C is in fact a subalgebra of C. So to show 2 = 1, it is
enough to show this for C a finite bichain.

We show by induction on n = |C| that if A5 is not isomorphic to a subalgebra of
C, then C € ¥"(B). For n <3 all n-element bichains are given in the figure in the
previous section, and all but As are shown to belong to 7" (B). Suppose C has
n>4 elements. We first establish a lemma that handles several cases.

Lemma 1 For a finite bichain C, let C U {oo} be the bichain formed from C by
adding a new element to the bottom of the --order and the top of the +-order; let
C U {b} be formed from C by adding a new element to the bottom of both orders;
and let CU {t} be formed from C by adding a new element to the top of both
orders. Then if C € ¥"(B), so are CU {oc}, CU{b} and C U {t}.

Proof (Proof of Lemma). We first show B U {oo}, B U {b} and B U {¢} belong to
77 (B). Note B U {co} is the quotient of B x DD, by the congruence 6 that has one
non-trivial block consisting of B x {1}; BU{b} is the subalgebra of B x D
consisting of B x {2} and (1,1); and B U {¢} is the subalgebra of B x D, con-
sisting of B x {1} and (4,2). As D; and D, belong to ¥"(B), so do these algebras.
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Assume C belongs to ¥"(B). Then there is a set I, a subalgebra S < B!, and an
onto homomorphism ¢ : S — C. Consider the constant function 35 in (B U {co})’
whose constant value is the new element oo added to B. In B, x- 0o = oo and
x + 0o = oco. It follows that S U {oo}is a subalgebra of this power, and ¢ extends
to a homomorphism from SU {oc} onto C U {oco}. The arguments for C U {b}
and CU {¢} are similar, using powers of BU {b} and B U {r}. O

(Proof of Theorem continued) Assume the --order of Cis 1 <2< --- <n. If the
bottom element of the +-order of C is 1, then C is isomorphic to C' U {b} where
C’ is the sub-bichain{2,...,n} of C. Then by the inductive hypothesis and the
above lemma, C € #"(B). A similar argument handles the cases where either 1 or
n is the top element of the +-order of C. Set

U = {k:2<k<nand k precedes 1 in the +-order}

V ={k:2<k<nand 1 precedes k in the +-order}

As 1 is not the bottom or top of the +-order, U and V are non-empty. Also, as As is
not a subalgebra of C, if u € U and v € V, then u<v. Also, as n is not the top
element of the +-order, V must have at least two elements. So there is some
2<k<n—-2withU={2,...;k}and V={k+1,...,n}.

There are congruences 6 and ¢ on C with 6 collapsing {1,...,k} and nothing
else, and ¢ collapsing V and nothing else. Note C/6 is isomorphic to the sub-
bichain{1,k+1,...,n} of C, and C/¢ is isomorphic to the sub-bi-
chain{l,...,k,k + 1} of C. It follows from the inductive hypothesis that C/0 and
C/¢ belong to ¥ (B). As 0 and ¢ intersect to the diagonal, C is a subalgebra of
their product, so belongs to ¥"(B). O

At this point, if we had congruence distributivity, it would follow that every
subdirectly irreducible in the variety BiCh is a bichain, and then the above theorem
would imply #7(B) is defined, relative to the equations defining BiCh, by the
single equation (S). However we do not have congruence distributivity [14].

4 Splitting

In this section we investigate projectivity and splitting for various bichains, and in
particular for As. Our main result here shows there is a largest subvariety of BiCh
not containing As, and the theorem of the previous section leads us to believe this
may be the variety 7" (B).

Definition 6 An algebra P is weakly projective in a variety ¥ if for any two
algebras [E and A in 77, for every homomorphism f : P — [E, and for every onto
homomorphism g : A—E, there is a homomorphism # : P — A with gh = f.
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The usual definition of projective uses the categorical notion of an epimorphism
in place of the onto homomorphism g. In a variety ¥, there may be more epi-
morphisms than onto homomorphisms, so an algebra that is weakly projective may
not be projective. However, we do not know whether epimorphisms must be onto
in either of the varieties Birk or BiCh.

The following well-known result [19] is a convenient reformulation.

Proposition 3 An algebra PP is weakly projective in " if and only if for every
onto homomorphism u : A—P, there is an embedding r : P — A with uo r = idp.

Weak projectives are of interest for several reasons, but our primary one lies in
Proposition 4 below. Before stating this, we define for an algebra P in a variety?”,

#W(P)={Ae?v :PLA}
Here P <A means P is not isomorphic to a subalgebra of A.

Proposition 4 If P is weakly projective in v~ and subdirectly irreducible, then
W (P) is a variety, and is the largest subvariety of V" that does not contain P.

This is a well-known result [19] and not difficult to prove. The situation is
sometimes referred to as a splitting, as it splits the lattice of subvarieties of ¥~ into
two parts, those that contain the variety ¥ (P), and those that are contained in
" (P). Further, such a splitting yields an equation, called the splitting equation,
defining the variety # (IP) relative to the equations defining ¥". We now apply
these results in our setting.

Proposition 5 The 2-element distributive lattice Dy is subdirectly irreducible and
weakly projective in BiCh. Its splitting variety # (Dy) is the variety SL of
semilattices.

Proof Clearly D is subdirectly irreducible. Let A be a bichain and f : A—D; be
an onto homomorphism. Then there are x and y in A with f(x) = 1 and f(y) = 2.
Then f(xy) =1 and f(x +y) = 2, so xy is different from x + y. In any Birkhoff
system we have xy(x +y) = xy and x + y + xy = x + y. So there is a homomor-
phism r : D; — A defined by r(1) = xy and r(2) = x + y, and this homomorphism
satisfies f o r = idp,. So D; is weakly projective.

To see that # (D) = SL, note that the two-element semilattice I, belongs to
# (D), so one containment is trivial. For the other, suppose A does not belong to
SL. Then there are x,y € A with xy not equal to x +y, giving {xy,x+y} is a
subalgebra of A isomorphic to Dy, so A & # (D). O

Note that for Dy, these results hold also in the larger variety Birk.

Proposition 6 The 2-element semilattice D, is subdirectly irreducible and weakly
projective in BiCh. Its splitting variety % (D,) in BiCh is the variety DL of
distributive lattices.

Proof Clearly D, is subdirectly irreducible. Let A be a bichain and f : A—D, be
an onto homomorphism. Then there are x and y in A with f(x) = 1 and f(y) = 2.
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While we could now just jump to the answer, we build it step at a time to
demonstrate an idea that will be used in a later proof. This same idea would have
worked above. We first patch up the meet operation and consider the following:

y l
Xy
+

We have f(xy) =f(x)f(y) =(1)(2) =1 and f(y) =2. Also (xy)y =xy. So
{x,xy} is a 2-element subset of A that works well with respect to meet. But it
doesn’t work well with respect to join since we would like that y + xy = xy and
there is no reason for this to be true. We work with what we have now and get it to
work with respect to join.

Now by construction, this works well with respect to join, as
y+y+xy =y+xy. It also works with respect to meet, as y + xy = y(x +y), so
y(y +xy) =y+xy. So {y+xy,y} is a subalgebra of A, f(y+xy)=2+1=1
and f(y) = 2. So there is r: D, — A with r(1) =y +xy and (2) =y, so D, is
weakly projective.

We next show that #7(D,)=DL. Surely #°(D;) DDL. To show
# ' (D,) C DL, suppose A € BiCh and A has no subalgebra isomorphic to ;. Note
that for any x,y € A we have x[x(x +y)] = x(x + ), and Birkhoff’s equation
ala+b)=a+ab gives x+x(x+y) =x(x+x+y) =x(x+y). As A has no
subalgebra isomorphic to D5, it follows that x(x 4+ y) = x for each x,y € A, and
then by Birkhoff’s equation that x + xy = x for each x,y € A. So A is a lattice.

Consider the equations

x(x+y)xz+y) =x(x+y)(xz+y+2)

Zx+y)y+xz) =z(x+y)(y+z+x2)

Both hold in every bichain. To see this, as these equations involve three variables
it is enough to check them in each 3-element bichain, and this is not difficult. So
these equations hold in the variety BiCh, hence also in A. The first does not hold in
the 5-element modular, non-distributive lattice M3, and the second does not hold
in the 5-element non-modular lattice Ns. So A is a lattice containing neither Mj
nor Ns as a subalgebra, showing A is a distributive lattice [13]. T
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Note that our proof shows more. The algebra I, is weakly projective in the
larger variety Birk. It therefore has a splitting variety in Birk, but this is not DL, but
the variety Lat of all lattices. This proof also shows Lat N BiCh = DL. In
particular,

Corollary 1 Any lattice in 7" (B) = ¥ (M) is distributive.

Now to the result most pertinent to our variety ¥ (B). For convenience, we
recall what As looks like.

3 2

2 1

1 3
+

Proposition 7 As is subdirectly irreducible and weakly projective in BiCh.

Proof The bichain As is subdirectly irreducible with its minimal congruence
being the one collapsing 1 and 2. To see that it is weakly projective, assume
A € BiCh and f : A—As. Then there are x,y, and z in A with f(x) = 1, f(y) = 2,
and f(z) = 3. We follow the process in the previous proof to try to build a
subalgebra of A that is isomorphic to As. As our first step, we fix meets.

Zz yz

yz Xxyz

Xyz Z

+

So now meets are okay, but joins are a problem. We fix them, bearing in mind
we may wreck our meets when we do so.

z Z+xyz+yz

z+xyz+yz Z+xyz

Z+xyz z

+

So now we have fixed joins, but have troubles with the meets again. Before we
continue further, note that Birkhoff’s identity a(a+ b) =a+ ab gives the
following



Type-2 Fuzzy Sets and Bichains 109

2(z+xyz+yz) = z+ z(yz + xy2)
=z+zyz(yz +x)
=z+yz(yz+x)

So in fixing meets again, we may leave intact the top two elements of the --order
to obtain the following.

Z Z+xyz+yz

Z+xyz+yz (z4xyz)(z+xyz+y2)

(z+xy2)(z+xyz+y2) z

+

Birkhoff’s identity gives (z+ xyz)(z + xyz + yz) = z + xyz + yz(z + xyz). So
the join of the bottom two elements of the +-order are correct since z will be
absorbed when added to this element. To see the join of the top two elements of
the +-order are correct, we again use Birkhoff’s identity.

2+ xyz+yz+ (z+xyz+yz) * 2+ xyz) = (2 +xyz + y2) (2 + xyz + y2 + 2 + xy2)
= (z+xyz+yz)(z+ xyz 4+ y2)
=Z+xyz+yz

So after the last round of fixing meets, joins also are fixed.
We then get that {z,z + xyz + yz, (z + xyz)(z + xyz + yz) } is a subalgebra of A.
One easily sees that f((z+xyz)(z+xyz+yz)) =1, f(z+xyz+yz) =2, and
f(z) = 3. So As is weakly projective. [J

We have shown somewhat more, that As is weakly projective in the larger
variety Birk. In [20] we are able to extend this result significantly and show any
finite bichain not containing the algebra A, is weakly projective in the variety
Birk. However, it is the specific instance given above that is applicable to our study
of Type-2 fuzzy sets. The main points are summarized below.

Theorem 2 The algebra As is subdirectly irreducible and weakly projective in
the variety BiCh. Its splitting variety W (As) in BiCh contains ¥"(B) and these two
varieties contain exactly the same bichains. Equations defining # (As) are given
by the equations defining the variety BiCh and the splitting equation below, which
is a generalized form of the distributive law.

x(y+2)(xy +xz) = x(y + 2) + (xy + x2). (S)

Proof That As is subdirectly irreducible and weakly projective in the variety
BiCh is the content of Proposition 7. By Proposition 4, #"(As) is a variety and is
the largest subvariety of BiCh not containing As. From its definition, B belongs to
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#(As), so # (As) contains ¥ (B). That # (As) and ¥ (B) contain the same
bichains is provided by Theorem 1.

It remains to find the splitting equation for As in BiCh. Let F be the free
Birkhoff system on the generators x,y, and z and let ¢ : FF — As be the homo-
morphism mapping x,y and z to 1,2 and 3, respectively. In the proof of the
previous result, we found that {(z + yz + xyz)(z + xyz), 2 + yz + xyz,z} is a sub-
algebra of F mapping isomorphically onto As. Since {1,2} generates the smallest
non-trivial congruence on the subdirectly irreducible algebra As, it follows from
general considerations that the elements of this subalgebra mapped to 1 and 2 give
the splitting equation for As in the variety of Birkhoff systems:

(z+yz+xy2)(z+xyz) =2+ yz +xy2 (T)

Using the software packages Prover9 and Mace4 [16], we can find an example to
show equation (T) is not equivalent to (S) in the variety of Birkhoff systems.
However, consider the equations

x(x+y)xz+y) =x(x+y)(xz+y+2) (1)

x(xy +xz) = xy + xz (2)

Considering cases, one checks that these equations are valid in every bichain, so
are valid in the variety BiCh. Prover9 shows that in the presence of the identities
for Birkhoff systems, equations (T), (1), and (2) together imply (S), and (S), (1),
and (2) together imply (T). So in the varietyBiCh we have (T) and (S) are
equivalent, showing (S) is the splitting equation for S in the variety BiCh. [

We remark that as (S) is not equivalent to the splitting equation for As in the
variety Birk, the splitting variety for As in Birk is strictly larger than the splitting
variety for As in BiCh, and therefore strictly larger than ¥"(B). So #"(B) is not
simply defined by the equations for Birkhoff systems plus (S), thus we do need
some additional equations.

5 Conclusions and Remarks

From a previous paper [12], we know that the variety generated by the truth value
algebra of type-2 fuzzy sets with only its two semilattice operations in its type is
generated by a 4-element algebra B that is a bichain and, in particular, a Birkhoff
system.

Our aim is to find an equational basis for the variety generated by B. This problem
is difficult, but we have some progress. Our technique is to consider a particular
3-element bichain As, show it is subdirectly irreducible and weakly projective,
hence splitting, and that its splitting variety #"(As) in BiCh contains ¥ (B).
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Birk
|

BiCh

\
W (As)

|
7(B)

We conjecture that #"(As) = ¥ (B). If so, this will show the splitting equation
(S) for As then defines 7~ (B) within BiCh. The results of Sect. 3 lend credence to this
as we have shown a bichain belongs to #"(As) if and only if it belongs to 7" (B).

There remain a number of open problems in connection with this work. These
include determining whether or not #7(As) = ¥"(B), and finding an equational
basis for BiCh. Together, these will provide an equational basis for 7" (B), and
hence for the -, 4+ fragment of the truth value algebra M of type-2 fuzzy sets. One
could conjecture that an equational basis for M with all its operations is one for B
plus the equations for negation and the constants.

We have determined [20] that a bichain is weakly projective in the variety Birk
if and only if it does not contain a copy of the bichain A4. As each weakly
projective subdirectly irreducible algebra gives a splitting of the lattice of sub-
varieties, this adds to our knowledge of the lattice of subvarieties of Birkhoff
systems, and in particular, of subvarieties of BiCh. We believe this variety BiCh is
natural and of interest independent of its connection to fuzzy logic.

Finally, we remark that in preparing this still incomplete work, we made use of
Universal Algebra Calculator [18], as well as the programs Prover9 and Mace4
[16] to find and work with equations. After finding equations with these programs
we further verified all properties by hand. We are grateful to several people for
providing equations of help to us, including Peter Jipsen, Keith Kearnes, and Fred
Linton, and also to Anna Romanowska for several communications.
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Type-2 Fuzzy Sets and Conceptual Spaces

Janet Aisbett and John T. Rickard

Abstract Conceptual spaces provide a rich interpretation for computing with
words, offering additional structure to that provided by fuzzy set models alone. In
fuzzy conceptual spaces, properties are type-2 fuzzy sets on domains, concepts are
type-2 fuzzy sets on pairs of properties and an observation is a family of fuzzy sets
on domains relevant to a context. These type-2 fuzzy set structures are derived and
manipulated using subsethood. This chapter relates such a theory of conceptual
spaces to conventional multivariate classification and computing with words
(CWW), and illustrates its application to land use assessment tasks.

1 Introduction

This chapter describes an approach to classification and computing with words
(CWW) based on conceptual spaces [1]. Conceptual spaces are in turn based on
the feature spaces of conventional multivariate classification. Fuzzy conceptual
spaces enhance the knowledge structure of conceptual spaces with the ability to
model imprecision through type-1 and type-2 fuzzy sets.

Conventional classification assigns an observation to a concept (class)
according to some notion of the match between values observed on various
domains and the properties that define the concept on those domains [2]. Typically,
classes are defined as conjunctions of properties. Reference [1] distinguishes
properties defined on domains such as sensory domains as natural properties, in
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contrast to abstract or constructed properties. Nevertheless, most domains are
assumed to be equipped with a metric.

In the terminology of CWW, a property is a value of a linguistic variable, such
as young as a value of the variable age, together with a fuzzy set model of the
value [3, 4]. More complex linguistic descriptors are usually formed as a con-
junction of linguistic values, although negation and disjunction may also be
invoked. The match between observations (inputs) and a linguistic descriptor (the
antecedent) is the firing level of a fuzzy system rule.

The departure of conceptual space modeling [1] from these approaches is to
define concepts as labeled sets of properties and the associations between these
properties. This co-occurrence of properties is a potentially important discrimi-
nator. In order to formalize concepts and to compare observations made about an
entity with a concept, Rickard represents concepts using square co-occurrence
matrices, with dimension equal to the number of properties used to define the
concept [5]. He models observed entities using symmetric matrices with entries the
minimum of the degrees to which a the entity possesses the two associated
properties. Subsethood, the directional measure of overlap of fuzzy sets, is used to
define directional similarity, rather than some inverse function of distances.

Table 1 translates terminology from conceptual spaces [6] into their mathe-
matical forms and into the nearest equivalents in CWW and multivariate classi-
fication. This table points to another distinguishing feature of conceptual spaces as
presented in [6], i.e., the explicit modeling of context.

Table 1 Approximate translations of standard conceptual space (CS) terminology used in [6]

CS Mathematical CWW Multivariate modeling

Label Member of index set Word

Domain Set, possibly with Universe—a set Domain—usually a categorical set,
structure, e.g., or a subset of reals R or R"
topology

Property Indexed function Linguistic value and Properties (or features, attributes,
mapping a set into a fuzzy model of characteristics)—usually
the unit interval the value modeled as elements of

categories or connected regions
in R"

Observation Element in a set, or a Perception—a Value on a domain, or a set of such
vector of linguistic value values over multiple domains
elements® and its fuzzy

model

Concept Square matrix Linguistic descriptor Class—a set of properties, one on
representing or conjunction of each domain
associations linguistic values
between properties

Context Indexed set of (Implicitly defined  (Implicitly defined through the
functions into through linguistic domains considered)

[0,1] variables)

# Converted to symmetric square matrix when compared with a concept
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Imprecision has been introduced into conceptual space representations used in
land use assessments [7-9]. This is an important application area. Land use
involves a rich set of domains, usually real-valued or categorical. Observations
indexed by location are recorded directly, as ground-registered observations, or by
processing raw data such as satellite imagery. The data are uncertain due to a wide
range of factors including processing errors, averaging over heterogeneous regions,
changes since raw data were recorded, spatial registration errors, and interpolation
errors [10]. Concepts are labeled with a set of linguistic terms such as mixed forest
or developed open space [8, 11, 12]. A land use class description is typically a
conjunction of propositions built from descriptors such as ice cover, or impervious
surface, relations such as greater than 25 % or dominated by, and vague qualifiers
such as generally, most commonly, as in “generally vegetation accounts for less
than 15 % of total cover”.

This chapter extends the representation of imprecision in conceptual spaces,
building on [13]. This chapter is organized as follows: the remainder of this section
presents notation, conventions, and the key definition of subsethood. Section 2
formally defines type-1 and type-2 fuzzy constructs and operations required for an
extended theory of conceptual spaces. Section 3 illustrates their application to land
use management. The final section briefly discusses benefits and overheads of
fuzzifying conceptual spaces, and suggests further research.

1.1 Notation and Conventions and the Definition
of Subsethood

Symbols V, X, Y, Z denote domains and M(V) denotes the set of normal (i.e., unity
height) membership functions on V. Symbols F, G, H denote type-1 fuzzy sets on a
domain with respective membership functions f,g, s and F,G,H denote type-2
fuzzy sets with respective membership functions £, g, . As usual £, : [0, 1] — [0, 1]
denotes the secondary membership function at v, i.e., the restriction of f to fixed
v € V. We assume all secondary membership functions are normal.

A fuzzy set G is at times identified with its membership function g, and likewise
for type-2 fuzzy sets and membership functions. A type-2 fuzzy set G on V is also
identified with the fuzzy set on M(V) with membership function

me(F) = inf{g(v.f(v)) : v € V}, (1)

where g: V x [0,1] — [0, 1] and inf is the infimum [14].

Subsethood. Subsethood Sy is a membership function on pairs of fuzzy sets
defined on the same domain V. It directionally measures the extent to which the
fuzzy sets overlap. If V is finite,

SV(Fa G) = SV(fv g) = ZV,‘EV min{f(vi)7g(vi)}/Zvievf(vi)' (2>
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In general, if V has a measure [15] with respect to which f and g are mea-
surable, the subsethood of F,G is defined as in (2) with Lesbegue integral
replacing summation.

Subsethood is extended to pairs of type-2 fuzzy sets G and H on domain V by
considering them to be fuzzy sets on M(V) via (1) and applying the Extension
Principle. The subsethood of G and H is thus a type-2 fuzzy set with membership

S‘V((G, H),y) = dsellg)(v){inf{g(v,c(v)),fz(md(v)) (v E V} :Sy(e,d) = y} (3)

c

for y € [0,1]. When G and H are interval type-2 fuzzy sets on V the subsethood
secondary membership function is unity on a subinterval whose limits can be
specified in terms of the bounding functions; [16] presents an algorithm to com-
pute the limits.

2 Fuzzy Conceptual Spaces

Real world situations involve fuzzy observations and fuzzy properties. Observa-
tions are imprecise for many reasons besides measurement error. A characteristic
is often subjectively assessed or partially satisfied, e.g., does the goldfish show
lassitude? Even the definition of a property such as yellow may need to account for
the observer’s visual processing, the effects of lighting conditions, and so on.

The formal definition of fuzzy observations and properties that follows is
straightforward. However, the expression for the degree that an observed entity
possesses a (fuzzy) property is important. Proposition 1 shows this expression
generalizes the usual formulation when observations are crisp.

Definition 1 (Properties and observations [13])

1. A (fuzzy) property on V is a labeled (type-2) fuzzy set on V. Thus a fuzzy
property is defined by a name and a type-2 membership function
g:Vx|[0,1] — [0, 1].

2. A fuzzy observation on domain V is a labeled fuzzy set on V, where the label
denotes the entity observed. A fuzzy observation on a set of domains is a
labeled set of fuzzy sets, one for each domain. This set records the observations
made about a single entity on each of the domains.

3. The membership of an entity observed as F in a fuzzy property G is

&(f) ()= sup{min{f(v),g(v,y)} : v € V}, y € [0,1] (4)

where g (resp. f) is the membership function of the property (resp. observation).
In the case that the property is representable by a type-1 fuzzy membership
function g, (4) reduces to
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8(N)) = sup{f(v) : v e V,g(v) = y}. (5)

When g is interval type-2, (4) reduces to g(f)(y) =sup{f(v):
v e V,g(v,y) =1}, and when the property collapses to a type-1 fuzzy set this
becomes the expression (5).

Proposition 1 If 0: VxM( ) [0,1] is defined by 0(v,g) = g(v) for all
(v,g) € VxM(V) then g(f =0(F, ) for g(f)(y) as in Eq. (4) and f €
M(V) and g, € M([0,1]),v E V

Proof Applying the Extension Principle to 0 gives 0(F, G) (y) = sup{min
{fv),mg(m)} - (v,h) € V x M(V), h(v) = y} where mg(h) = inf{g(v,h(v)) : v €
V} as in (1). By construction, mg,(h) < g(v,h(v)) for all v € V. Therefore, since
the supremum in (4) is computed over all v € V satisfying h(v) = y,()(F , G)
(v) < sup{min{f(v), g(v,y)} : v € V}.

However, we can define h, € M(V) with hg,(v) =y and hg, (1) = uz, where
g(u,uzy) =1 when u#v. Then mg(hg,) =g(v,y). So O(F,G)(y)> sup
{min{f(v),g(v,y)} : v € V}. This completes the proof.

In the context of finite fuzzy sets, Bellman and Zadeh called 0(F, G) the fuzzy
compatibility of the reference F' with the linguistic value G (see [14] for a dis-
cussion). We interpret 0(F, G) as the membership of an entity observed as F in
property G, and extend the interpretation to fuzzy properties G. Whether or not the
property is a type-2 function on V, membership of entities in the property is a type-
2 fuzzy set on the set M(V) of possible observations.

Suppose X consists of all the labels of a set of fuzzy observations with mem-
bership functions f,,x € X on V (for example, X consists of the identifiers of
people whose heights have been measured, or the pixel locations of a satellite
image). Then the observations are represented by a membership function f :
X x V —[0,1] with f(x,y) = f,(v). Using (4), the membership of the entities in X
in property G can be collected into a type-2 fuzzy set g(f) : X x [0,1] — [0, 1]
with

8(f)(x,y) = sup{min{f(x,v), g(v,y)} : v € V}. (6)

This type-2 fuzzy set can be interpreted as the degree to which the collection X
has property G.

Example of membership of fuzzy observation in a fuzzy property. Figure 1
illustrates two examples in which a fuzzy observation has triangular fuzzy
membership function and a fuzzy property is an interval type-2 fuzzy set with
membership function of the form g(v,y)=1 for 1 —exp(—cv)<y<I-—
exp(—dv) and g(v,y) = 0 elsewhere. The entity property membership is readily
computed from (4) to be g(fi)(y) =sup{fi(v) :v € Vo} where V,=
[d'In(1 —y),c'In(1 —y)] .
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The centroid of the fuzzy set in Fig la representing the membership of the
observed entity in the property is 0.90. If the observation is defuzzified to the value
at which its membership function peaks, and if the property is defuzzified by
taking the centroid of the secondary membership intervals, the membership in the
property is 0.83. These values are shown as asterisks in Fig la. The corresponding
values in Fig 1b are 0.64 and 0.59. In both cases the fuller modeling increases the
defuzzified membership value by about 8%.

We next present the key constructions of conceptual spaces [6] in fuzzy form.

Definition 2 (Context and concepts)

1. A context is a set I of (possibly fuzzy) properties, or equivalently, words with
associated (type-2) fuzzy sets. The properties may or may not be defined on the
same domains.

2. A concept C in the context I is a named membership function (fuzzy set) on
I x 1. A concept can be presented as an n-square matrix [Cj;| where {1,2,...n}
indexes the elements of / and C;j = C (gf,, gj) is interpreted as the degree to
which the occurrence of the property indexed by i coincides with the occur-
rence of the property indexed by j.

3. A fuzzy concept C in the context of a set of (fuzzy) properties / is a named type-
2  membership function on [ x1I, equivalently, a mapping
C:Ix1Ix[0,1]— [0,1].

The values C (gi, g,) and C (g,», g,) are interpreted as the way in which property
gj is associated with property g; in understanding the concept. For example, are
fluffy patches near the mouth and a yellowish fin always observed together in a
diseased fish, or are these two symptoms most likely to be observed at different
stage of the disease and hence unlikely to co-occur? C(g;,;) and C(g;,g;) are
interpreted as the salience of property g; for the concept. For example, are the

@ b)
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=) | [ ' bershi g : :\ !
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Fig. 1 Degree to which an entity has a fuzzy property when the observation is fuzzy. Solid lines
are bounding functions of the fuzzy property on V. For these bounding functions and for the
membership function of the observation, the horizontal axis is the domain V. The horizontal axis
is the unit interval for the property membership (shown as coarse dashes) and for the values at the
asterisks (see text). The vertical axis is the membership interval [0, 1]
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fluffy patches a reliably observed symptom? As in this example, properties in a
context are generally defined on different domains. Reference [6] discusses esti-
mation of these entries.

Definition 2 makes explicit the context in which concepts are modeled (and in
which observations are made). Context is important in defining both concepts and
similarity, as human judgments of similarity are well known to be context
dependent [17]. The same concept has different representation in different con-
texts, and different problems require different contexts, e.g., a wealth concept may
require the ownership of cattle in some countries.

When words not in a context overlap words in a context. According to Defi-
nition 2, properties are either in a context or are not. However, at times it may be
necessary to translate a description into words used in a context. For example, an
observation may have been made of a red apple when the context only contains
property crimson. A context I induces a (type-2) fuzzy indicator membership
function y; on the set of all (fuzzy) properties involved in a concept, namely,

w(8) =max{Sy(g.g):& €1} (7)

for subsethood Sy defined as in (3) and for V the domain of g. Properties in /
obviously have membership unity, and fuzzy properties in / have peak member-
ship 1, (g,y) = inf,ey{2(v,») : g(v,»,) > g(v,s),s € [0,1]} aty = 1. On the other
hand, 1;(g) = 0 if the support of G is disjoint from that of each property in the

context (in particular, if G is defined on a different domain to those on which the
properties in I are defined).

The indicator is used to translate concepts between contexts as follows. If C is
defined in context [ and g;, g; € I then

C(3,8) = (@) () C(hiy y) (®)

where h;, h € I and 1;(gx) = Sv, (8. i),k = i.j. (Note that this is a product of

fuzzy numbers, and that the choice h;, izj may not be unique so the estimate in (8)

may not be uniquely defined.) Applying (8) to all pairs in I x I’ redefines C in

context I’.

The computational implications of modeling additional vagueness, even with
crisp context, become apparent when we fuzzify the definition of concept
similarity.

Definition 3 (Similarity and pseudo concepts)

1. The similarity of a fuzzy concept C to concept C’ in context I is their sub-
sethood S'M (C‘, C") computed using (3) on domain / X I.

2. Suppose fuzzy observations f = {f;} are made of an entity on each domain V;
in a context I = {g; : Vx x [0,1] — [0,1],k = 1,..,K}. Then the pseudo-con-
cept Cf representation of the observed entity in context [ is the fuzzy concept
with
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Cr(21,8) = min{&:(f:). & (f;) }- 9)

Thus, a pseudo-concept of an entity can be thought of as a matrix with entries
the pairwise conjunction of the membership of the entity in the context
properties.

3. The membership of the entity in concept C is

Six1(C, Cy). (10)

Equation (9) is the minimum of two fuzzy membership values of the form (4),
so entries in C; are likewise fuzzy membership values which the Extension
Principle gives as

Cr((2i,),y) = sup{min{;(£)(z),&(£,)(Z)} : min{,z} =y}  (11)

The pseudo-concept construction was first provided in [5] in the case of crisp
observations, to allow similarity of an observation to a concept to be defined using
subsethood. In standard classification schemes, the similarity of an observation to a
number of concepts or classes is computed and the observation is classed as
belonging to the concept to which it has greatest similarity. When the similarities
are fuzzy numbers, a method of ordering them must be chosen, e.g. by their
centroids.

3 Examples of Land Use Suitability and Change
Assessments

This section illustrates how land use assessment tasks are conducted within the
conceptual space framework. We first look at land suitability assessment, and then
at land use change assessment. We show that performance can be improved even
with simple models of vagueness, but that this cannot replace more sophisticated
modeling.

3.1 Land Suitability Assessment and Classification

In land use suitability assessments, the concepts (classes) represent the suitability
of location for a potential use, such as growing a commercial crop or building
public housing. Some schemes combine suites of concepts, for example, concepts
of climate, water resources, environmental hazards, and soil suitability [18], from
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which complex suitability concepts are constructed. In most schemes, disjoint
classes and crisp membership are assumed [8, 11, 12].

Linguistic descriptors identify a set of characteristics such as propensity to
flooding and slope [19] taking values in a small ordinal domain, say {0,1,2,3}. The
ordinals reflect the impact of an underlying domain rating on the land suitability.
The values might be an expert’s assessment with respect to a linguistic descriptor
such as perfect drainage, or might be a range, such as stoniness value of 2 when
10-20% percent of the subsoil is stones, or slope value of 1 for <2°, 2 for 2-8° etc.

The values (sometimes called indexes [20]) are combined in various ways to
form a land use suitability rating or land use classification. A class in most land use
definitional schemes is a set of crisp properties, with a location classified as
belonging to a class only if it satisfies all the properties. The FAO land suitability
scheme [18] also uses the least favorable factor to determine land suitability. (In
our terminology, characteristics and factors are properties g;:V; —
{nil, ooy s ny € [0, 1]} and the rating of the location as suitable under the
FAO strategy is the membership value min{g;(f;) : i = 1,...,J} for f; the obser-
vation on domain i.)

Concept membership is also sometimes calculated as a weighted aver-
age) . w;gi(fi), possibly converted to a categorical rating by partitioning the range
of the aggregate score and assigning a rating to each partition. Reference [10]
discusses other algorithms including ordered weighted averages in which an
additional set of location-dependent weights are assigned according to the size-
based rank of the factor value at that location. Alternatively, a continuous land
suitability membership function can be defined, for example as
exp(—aY; (1 — wigi(f;))) [12] or the jth root of the product of property mem-

1
berships, (IT; i(f;))’ [20].

Translated to our terminology, suitability is determined by a context
I={g:Vi—[0,1]:i=1,...,J}. Each property takes membership values in a
set of L(i) ratings between O and 1, with higher ratings indicating greater suit-
ability for that crop. Thus g; has membership function of the form
gi(v) =ny,ve Vyl=1,...L(i), where V;; = gi’l(n[,) and V; = Uy . 1(;) Via. (For
example, Ref. [12] partitions the possible attribute values on each continuous
domain into a range of values, then assigns a rating on different domains according
to the partition element to which an observation belongs. The partition element is
mapped to a score.)

Suppose the overall suitability of a location is determined by a finite partition

yerey

partition can be modeled as a property g on the unit interval, taking L membership
values, with i, = g~!(r). If the observation f at location x is crisp on all domains,
under this standard approach x has suitability rating » when >, - ev,, il /J € iy.

In contrast, we define suitability using subsethood as in (10). A suitability
concept C of the form suitable for crop b is modeled as the up-fuzzification of the
concept in which all associations are unity. (Like current models, this assumes all
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properties are satisfied in an ideally suitable location.) Thus for (i,j) € I x
I,@((gi,gj), 1) =1 and C‘((gi,gj),y) =0 for y € [0, 1]. Suitability of x is the
subsethood of the fuzzy observation f; in C , which, from (9), (10), (3) and (2), is

ijel

J
SIXI((67 6};), ) lnf{Cf ((gi?gj)7yij) DY € [07 l]7y = Zyij/‘lz}' (12)

Next, suppose the membership of an observation f, = {f,; : V; — [0,1)} in a
property G; is a truncated Gaussian, that is, g;(f)(y) = exp(—ocxi(y — zx,-)z) for

some parameters oy > 0,z; € [0,1]. Such a form is approximated for the
expression g;(f;)(y) given in (5) when properties and fuzzy observations both have
Gaussian membership functions. Such a form could also be estimated by an expert
observer, for example, assessing the degree to which topsoil at a location x is stony
in a method analogous to experiments in [21].

By (9), Cy, (gi, &) is the minimum of two fuzzy sets. Therefore if z,; <z, by a

well-known result generalized in [22], Cy((gig).y) :exp(—ocx,-(y—zxi)z)
when y € [0, 1] is less than the largest crossover point (if any) of the Gaussians,

after which C,((gi,g;),y) = exp(—ocx_,- (y— zxj)2>. When the variances of the

Gaussians are similar, Cy, ((gi,8),y) =~ exp (—ocx,- (v — in)z) over the unit interval.

Using this approximation and, with parameters z,; sorted to increase with i, (12)
becomes

J
§1x1((6, C]&)J) = i.nf{eXp(—ocx,-(yi — Zxi) ) : Z (2n—2i+1) )’z/Jz}

i€l P
(13)

This is solved by forcing o (y; — zxi)zz d for each i and using the constraint to
solve for d as a function of y € [0, 1]. Recall that the z,; help describe the mem-
bership value that location x has the property G;, and so the sorting and hence the
weights (2n — 2i 4+ 1) in (13) are observation dependent.

Figure 2a depicts g;(f;)(y) as a function of y € [0, 1] for five properties and one
location x (referred to as location 3). We will also consider two other locations
(locations 1 and 2) whose membership in each of the properties has similar shape
but whose Gaussian means congregate respectively in the lower and upper regions
of the unit interval, being (0.06, 0.15, 0.06, 0.06, 0.08) and (1.0, 0.8, 0.9, 0.8, 0.9).
This positioning is reflected in the overall location suitability, Fig 2(b), computed
in the context of the 5 properties using (13). The peak of the suitability mem-
bership function is, respectively, 0.07, 0.84, and 0.66 for the three locations. The
simple average of the means of the membership of the location in each of the five
properties is 0.08, 0.88, and 0.59 for locations 1, 2, and 3 respectively.
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Fig. 2 (a) Membership of location 3 in five properties. See text for description of the
membership of locations 1 and 2. (b) Membership of the three locations in the concept suitability
for crop based on the five properties. (¢) Suitability membership functions for location 3
computed using minimum, maximum, and the average of property membership functions at that
location

Figure 2c compares suitability of location 3 computed using (13) with the
minimum, maximum, and average of the location’s membership in the five
properties. Minimum and maximum were computed using the methods described
in [22]. The fuzzy average is obtained using (10) if the concept is treated as a
diagonal matrix, i.e., with nontrivial membership values C((g;,g;),0) = 1,i # J,
and C((g,-,g,-), 1) = 1. The constraint in the expression (13) is then replaced by

than the subsethood measure of suitability.

3.2 Land Use Change

An important application of land use maps is monitoring change. Standard
approaches aggregate the area whose use has changed from one class to a second
class in the period between mappings. The resulting value is entered into a land use
change matrix. Not all land use class changes are equally significant [8]; two
classes may be more similar to each other than they are to a third class. Reference
[7] proposes using two type of similarity measure, based on overlap of properties
on a domain and on distance between fuzzy membership functions. Overlap is a
directional measure, related to the subsethood of properties on a domain. In our
notation, the expression proposed by [7] for the overlap of two concepts defined
respectively by property g;, g} on each of J domains V; is:
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O(Cv C/) = \/Z:—l WISV,- (g:agt)z (14)

Generally, in land use change modeling each class/concept under consideration
is described in terms of a set of properties, one per domain. The classes can be
assumed to involve the same set of domains; if the definition of a concept does not
involve a domain used in defining some other concept, then a dummy property
consisting of the entire domain can be used.

So suppose the modeling concerns properties g,;, one per domain
Vifori =1,...,J, say, and M classes. Represent each class C" m=1,..,Masa
concept in a context I™ in  which all entries are unity, i.e.
for 1 <ij<J, C™((Zmis&m),1) =1 and C™ ((Zmis&m),y) = 0,y<1. In the
context 1, concept C® would also have all entries of unity. However, in the
context 1™ the associations in C™ have to be estimated from the overlap of
properties, using (8). Since there is only one property per domain in each context,
(8) becomes

C.(n) (gmiv gmj) = SVi (g’mia gm)SV, (gmja gnj)é(n) (gm'a gnj) (15)

This reduces to Sy, (g, gm)SV/. (&mj» &nj)> which in general is a product of fuzzy
numbers.

Now suppose é’i’g; is the pseudo concept formed from observations fy;(#) €

M(V;) made at location x at time ¢ in the context of I(C™). As in (12), the
membership of location x in class m at time ¢ is

J

Ci(m)(y) = ig.f{ (ci;’;i ((&mis @mi)>vi) vy € [0, 1],y = Zy"f/ﬂ) } (16)
ij=1

where C%i((gm,-,gmj),yij) is as in (11).

A directional measure of change at location x between times t = 1 and t = 2 is
1- SP(C,IK, Ci), where C! are interpreted as fuzzy sets on the universe P con-
sisting of the classes m = 1,...,M with membership functions C%(m). Thus from
2), 1-Sp(CLCYH =1-"  min{CL(m),C2(m)}/>W_, Ci(m). This sub-
sethood change measure is based on a fuzzy notion of whether the location is in a
class, rather than crisp classification as in the standard approach. If the only non-
zero membership at time 1 is CL(m) but C2(m) = 0 then the change is 1 regardless
of the actual value of C(m).

A related symmetric subsethood measure of change is

1 —%(Sp(ci,ci) +Sp(CE,CY)). (17)
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Aggregation of the local change measure gives a directed subsethood measure
of change over the region of interest X, namely [X| — 3" |x[Sp(CL, C2) where
|X| is the total area of X and |x| denotes the subarea of X to which the observations
at x refer. A symmetric subsethood measures of change over a region X is

X ——Z|x| Sp(Cy, C3) + Sp(C2,Cy)) (18)

xEX

Typically x is a pixel location in an image and |x| = 1. If class membership is
crisp, then this measure is the count of pixels that have changed class.

When Properties are Fuzzy Sets. On properties which are fuzzy sets, as we
henceforth assume, subsethood is a number. Computing concept similarity as
subsethood (3) using (15) with cm (gmi,gmj) =1=cW (g,,i,gnj), we see that
i (C, €M) s

2
Z v, (gmis 8ni)Sv, (8mj» gmi) [ I* = ( Z SV,-(gmiagni)/]> - (19)
] =1

This can be written in terms of concept overlap O(C’, C) as defined in (13):

n m i=1,..., SVj 8mjs 8nj
SI(/x)xl(»t)(C<>7C( )) = Z Sv‘.(g,m,gni)2 J=1) ( / J) (20)

i=1,....J JZSV, (8mi» 8ni)

Z;‘—l /SV/ (g'”f’g”f)

with w; = =S e when Sy, (gmi, gni) # 0.

Thus, subsethood as concept overlap gives relatively greater weight to the
contribution of domains on which the respective concept properties have small
overlaps. Put another way, a small property overlap diminishes the concept overlap
more than in the case when concept overlap is computed using uniform weights.

Land Use Change Example when Properties and Observations are Fuzzy Sets.
We now present a simple example of land use change measurement that compares
the subsethood change measure with the standard measure when observations are
interval valued. Three land use classes are considered: open grassland, forest, and
urban development. There are three real-valued domains, respectively, percentage
of canopies, of grassland, and of impervious (man-made) surfaces. The entities
observed are locations (pixels) in region X. Full membership of each of the classes
under investigation requires that the location satisfy a set of properties which are
the crisp intervals listed in Table 2. When a class definition does not involve a
domain we use a dummy property over the full range of that domain. Note from
the table that even a crisp observation could be classified as both class 1, open
grassland, and class 3, urban development. The classes also do not cover all
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possible observations, so some locations may not belong to any of the studied
classes at one or both of the observed times.

In such a scenario, under standard land use classification a location x would be
assigned to a class m if and only if on each domain V; the observation interval
overlaps the class property interval. Because the studied classes are not all
mutually exclusive and do not cover all possible observations, the standard
absolute measure of change can take one of three values: it is 1 when the location
changes class between observations or changes from satisfying two of the studied
classes to satisfying none; it is 0.5 if it changes to or from one of the studied
classes or between satisfying two to just one of the studied classes; and it is O if it
does not change.

By (9), C’i'(’;; ((gmi> &mj), 1) is the minimum of two fuzzy sets. Inspection of (11)

shows if properties and observations are crisp subsets, (i’%;((gm,-,gmj), 1) =1

when the observation overlaps the class m properties on the ith and jth domains
and is otherwise zero.

It then follows from (16) that C*,(im) is the number i (m)* /J? for i’.(m) the count
of domains on which the observation at location x at time ¢ overlaps the property of
class m on that domain. Inspecting (17) in conjunction with Table 2 we see that the
subsethood measure can take a larger number of values (in fact, it takes ten
values). When a location satisfies none of the studied classes at either time period
then inspection shows that the location must satisfy two properties for each of the
classes and so change must be zero.

Figure 4 is generated with the singleton observations shown in Figs. 3, and 5
with interval observations of width 10% of the width of X and with centroids as
depicted in Fig 3. Comparing Fig. 4a with Fig. 4c, Fig. 4b with Fig. 4d, and
Fig. 4e with Fig. 4f shows that the subsethood measure in this situation gives
similar results to the standard measure. Figure 4g gives the difference between the
measures, with darker areas indicating where the subsethood measure (17) has
recorded greater change. Aggregated over all pixels, change was detected in 38%
of locations with the conventional method, in 47% with the subsethood method,
but with aggregated measure of change based on (17) was 13%.

Allowing vagueness in the observations reduces the measured change, as can be
seen by looking at the difference between the change measure with vagueness and
without, in Figs. 4 and 5. Imprecision effectively acts to broaden the property
boundaries by the width of the interval. The conventional change measure reports
less change although the difference is reduced when imprecision is modeled.

Table 2 Concepts and their defining properties on domains V;, V, and V3

V1 % grassland V5 % canopies V3 % impervious
C(1) open [60, 100] [0, 40]
C(2) forest [0, 40] [60, 100] [0, 40]

C(3) development [60, 100]
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Fig. 3 Observations in the square region X at times ¢ = 1,2 of percentage grassland V;, canopy
V, and impervious surface V3

c(1) c(2) c3)

Fig. 4 Land use change over a square region X. (a) Count of properties satisfied by each pixel
for the 3 classes at time ¢ = 1. (b) Change in counts by time =2 (grey = no change).
(c) Membership of pixels in each of the three classes at time 1 (Eq. 16). (d) Change in
membership for each class by time 2. (e) Subsethood measure (17) of overall change. (f) Standard
absolute change measure. (g) Difference between measures (white implies greater change
registered with standard measure)

c) c(3)

c()

Fig. 5 Land use change over a square region X when centroids of interval observations on each
domain are as in Fig 3 and interval length is 10% of breadth of X. (a) Membership values (16) for
pixels being in each of the three classes at time 1. (b) Change in membership values by time t = 2
(grey = no change). (c) Subsethood measure of overall change. (d) Standard absolute change
measure. (e) Difference between subsethood measure (17) of change when observations are fuzzy
and when they are crisp (white = greater change registered with crisp observations, grey = no
difference)
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4 Discussion

This chapter extended conceptual space theory to incorporate type-2 fuzzy set
structures. The need for such an extension is motivated by real world applications,
in which observations about a phenomenon are often vague and imprecise. The
key operation is subsethood, which is used to aggregate and to compare. Thus,
practical implementation of conceptual spaces benefits from recent algorithms to
efficiently compute subsethood of interval type-2 fuzzy sets [16].

Type-2 fuzzy sets played a variety of roles in our simulations of land use suit-
ability and land use change assessments. Neglect of imprecision was shown to affect
results by the order of 10%. The additional accuracy may warrant the workload
required in type-2 modeling for applications such as these involving public impact
and sensitivity, or where there is financial interest, as in share market prediction.

A property or a fuzzy property on a domain V induces a type-2 fuzzy set on the
set of fuzzy observations M(V), i.e., on the fuzzy sets on V. Vagueness captured in
these type-2 fuzzy sets can be attributed to the vagueness inherent in the property
membership combined with imprecision of an observation.

Explicit modeling of context is an important aspect of our approach to con-
ceptual spaces. The properties in a context are generally defined on different
domains, such as height and weight, and are thus open to the objection that mem-
bership functions on different domains are incommensurate (so that, for example, a
minimum of two membership functions cannot meaningfully be defined) [23, 24].
Our modeling attributes membership to the object. The fact that we still attribute
more heaviness than tallness to Jack is supported by evidence such as that found in
classification tasks [25], where people are prepared to make comparative judgments
on incommensurate domains such as “this object is more red than it is square”.

A perennial issue which we could not adequately address was how best to
compare results presented as type-1 and type-2 fuzzy sets on the unit interval, for
example, membership of a location in concepts suitable for rice or suitable for
corn, or membership of two locations in a suitability concept.

Finally, fuzzifying conceptual spaces introduces additional modeling decisions
as well as computational overheads. When should we use a (fuzzy) conjunction of
properties fall and heavy defined on a product of length and weight using a
procedure such as that in [21], rather than a concept tall and heavy referenced to a
defining population (for example, Japanese men, 10-year old girls, ships)? More
work is needed on real applications to provide guidance for such decision making.
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Modeling Complex Concepts with Type-2
Fuzzy Sets: The Case of User Satisfaction
of Online Services

Masoomeh Moharrer, Hooman Tahayori and Alireza Sadeghian

Abstract Specific characteristics of human perception, like context-dependency,
imprecision, and diversity, demand capable formal frameworks for modeling the
human mind. This chapter discusses a two-phase method for deriving type-2 fuzzy
sets that model human perceptions of the linguistic terms used in describing online
satisfaction. In the first phase, we describe the identification of the determinants of
user satisfaction of online tourism services. We will demonstrate how the
decomposition of the satisfaction concept into a set of simpler, albeit covering
subconcepts, would be used to calculate a type-1 fuzzy set model of an individ-
ual’s perception. In the second phase, type-2 fuzzy sets modeling online user
satisfaction are derived based on the obtained type-1 fuzzy sets. The construction
of type-2 fuzzy sets is based on the exploitation of the fuzzy approach to represent
uncertainty and by stacking the o-planes calculated at different levels of confi-
dence around the estimated mean values of the type-1 fuzzy set.

1 Introduction

In daily communications, there are linguistic terms with immediate and trivial
interpretations. Generally, for such terms, like tall man, high temperature, low
speed, with a well-defined context, people may simply come up with a single
number or an interval as its interpretation. On the other hand, there are complex
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concepts like high satisfaction, low performance, good creditworthiness, whose
interpretations are not straightforward. Their complexity arises from the fact that
such concepts do not rely on a single determinant, but rather several factors with
different weights take part in forming their meaning. People are sometimes asked
to provide exact interpretations of such concepts, i.e., numbers or interval esti-
mations. In order to determine a number or the endpoints of an interval, different
machineries in different parts of the brain should be invoked, but the determination
is more associated with emotions [1]. Expecting an individual to be cognizant of
all the factors affecting such concepts is very optimistic.

In this chapter, we elaborate on modeling user satisfaction of online services
with type-2 fuzzy sets. To determine user satisfaction, users’ preferences are
usually measured using linguistically labeled rating scales. The use of linguisti-
cally labeled rating scales is based on the fact that people naturally demonstrate
their perceptions and cognitions with words, expressions, and sentences from
natural languages [1] and despite their diversity of perception, they communicate
smoothly with each other. However, human perception is not precise and varies
over time; one’s intuitions and cognition of a concept highly depends on the
context, domain knowledge, individual senses, etc. Hence, different individuals
may perceive the same concept differently [2]. That is why for the same concept,
although individuals use the same linguistic term, their perceptions and hence
interpretations are not necessarily similar [3, 4]. Nonetheless, people communicate
using linguistic terms, which suggests that the meanings of these terms among
individuals should not vary greatly [5].

Zadeh in 1975 [6] introduced the concept of linguistic variables whose key
aspect is the use of fuzzy sets to represent the meaning of words or terms from
natural languages. Deriving fuzzy set models of words usually relies on the data
gathered from different subjects. Although the theory of Type-1 Fuzzy Sets (T1
FS) provides a natural framework for modeling intrauncertainty, i.e., the uncer-
tainty of a subject on a concept, (i) except from fuzzy set experts, generally we
cannot expect people to explicitly express their intuitions using fuzzy sets and (ii)
using T1 FS to model a word requires all T1 FSs gathered from different indi-
viduals to be reduced to a single T1 FS which conceals the diversity and uncer-
tainty that exist among a group of people.

Type-2 Fuzzy Sets (T2 FS), fuzzy sets with fuzzy membership functions, are
proposed [6] as an extension of type-1 fuzzy sets. T2 FS are said to provide a
correct scientific uncertainty model for words and linguistic terms from natural
languages [7]. By providing more degrees of freedom than type-1 fuzzy sets, type-
2 fuzzy sets have more potential for handling uncertainties [3]. However, the most
challenging part of modeling words with T2 FSs is the calculation of their
membership functions. This is true to a lesser extent for Interval T2 FSs and
Shadowed Fuzzy Sets (SFS) [8, 9] as specific cases of T2 FS. In SFSs, the
fuzziness associated with membership functions of T2 FSs are redistributed in
shadowed sets [10]. SFSs provide more freedom degrees for handling uncertainties
in comparison with IT2 FSs, but with lower computational complexity than gen-
eral T2 FSs.
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To model the linguistic terms uses for describing user satisfaction, we will
primarily demonstrate decomposition of the concept into some covering subcon-
cepts. We will calculate the unique effect of each subconcept on the overall user
satisfaction. Then we will discuss the indirect derivation of a T1 FS, modeling
each individual’s satisfaction for whom we do not assume any fuzzy set theory
literacy. To capture the diversity of the T1 FSs derived from different subjects, we
will detail the construction of a T2 FS that models the concept. The methodology
proposed in this chapter which is an extension and enhancement to [11] can be
applied to model other decomposable complex concepts.

2 Review of Type-2 Fuzzy Sets

Type-2 Fuzzy Set A defined on the universe of discourse X is represented as,

A={(x )| xeX, ni(x) = {(ufe(w), ue e 0, 1].fi(w) €0, 13} (1)

We refer to i3 (x) as the fuzzy membership value of x in A—it is also known as
secondary membership function or secondary set. Moreover, in (1), x is called the
primary variable, J, represents the primary membership values of x and f,(u)is
named secondary grade. When Yu € J,, f,(u) = 1, the type-2 fuzzy sets would be
reduced to interval type-2 fuzzy set.

Given a type-2 fuzzy set A, its Footprint of Uncertainty (FOU) is defined as,

FOU(A) = (JJ: = [J u(x), u(x)], ux) = Inf (u), #(x) = Sup(u) ~ (2)

J,
xeX xeX ey uely

FOU of a type-2 fuzzy set A, can be fully characterized by two type-1 fuzzy
sets, named Upper Membership Function (UMF) and Lower membership Function
(LMF),

UMF(A) = FOU(A) = {(a(x), x), x € X} (3)
LMF(A) = FOU(A) = {(u(x), x), x € X} (4)

In other words, FOU(A) is bounded by UMF(A) and LMF(A). Note that an
interval type-2 fuzzy set is fully characterized by its FOU. More detailed dis-
cussion on interval T2 FSs and general T2 FSs and their operations can be found in
[12-18].

3 User Satisfaction in Online Tourism

Alluding to the psychologists’ efforts in satisfaction-related studies, there is a
general agreement that satisfaction in a situation is a multidimensional attitude
which is the resultant of one’s perceptions, feelings, or attitudes toward a variety of
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factors that affect the situation [19]. The focus of this chapter is on satisfaction of
users of online tourism services in the prestage of a travel, i.e., before they actually
start their travel. In the prestage, potential tourists search for different tourist ser-
vices, airline tickets, hotels, etc., and make purchases in order to schedule their trip.

Unlike durable goods, intangible tourism services cannot be physically dis-
played or inspected at the point of sale before the trip. Therefore, tourism products
are thoroughly dependent on different aspects of their representations and offerings
by the tourism firms. Hence, proper and efficient utilization and management of
information is essential for tourism organizations to satisfy their customers.
Websites, hence, are the main channel which link tourism organizations with
potential tourists.

In order to evaluate user satisfaction of online services, we designed a ques-
tionnaire inspired by the models proposed by Szymansky and Hise [20], and
Servequal [21]. The main idea behind the design was to decompose the concept of
online satisfaction into its covering but simpler, more focused subconcepts.
Consequently, each question in the questionnaire was designed to shed light on the
concept of user satisfaction of online services from a unique aspect.

The questionnaire was comprehensively reviewed by different experts in the
field. Notably, the answers to the questions in the questionnaire were designed to
be in five-point Likert scale on the bipolar adjective pair bad-good with qualifiers
much worse than, worse than, the same, better than, and much better than. The
qualifiers are, respectively, assigned the values of 1-5. The questionnaire was
finalized after conducting a pilot test.

To gather data, a survey was conducted in front of the check-in desk in
Beauvais airport, Paris. The airport serves airlines like Ryanair, which sell the
majority of their tickets online. The respondents were the people who had expe-
rienced e-tourism at least once before. A total of 115 questionnaires were col-
lected. Cases with standard residuals above three were identified as outliers. After
omitting outliers and missing valued questionnaires, the number of valid responses
reduced to 99.

In order to determine the factors affecting the user’s overall satisfaction, a
factor analysis was performed on independent variables (the questions). Factor
analysis attempts to identify underlying variables or factors that explain the pattern
of correlations within a set of observed variables. Factor analysis is often used in
data reduction to identify a small number of factors that explain most of the
variance observed in a much larger number of manifest variables. Factor analysis
can also be used to generate hypotheses regarding causal mechanisms or to screen
variables for subsequent analysis (for example, to identify co-linearity prior to
performing a linear regression analysis).

The results confirmed that the five-factor measurement model introduced by
Szymansky and Hise [20] reflects the underlying respondents’ mental model in
e-tourism. The five factors observed were site design, convenience, financial secu-
rity, product information, and product offering. Moreover, the items of the ques-
tionnaire belonging to each factor were identified. Importantly, similar to [20] and
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Table 1 Factors, Items, factor loading of items, and unique effects of factors in Satisfaction of
online Tourism Services

Factors Items Factor loading Factor weight
Factor I: Attractive website 0.864 0.377
Site design Friendliness ease of use 0.682

Uncluttered screens 0.645
Factor 2: Purchase any time 0.797 0.375
Convenience Purchase anywhere 0.737

Time efficiency 0.711
Factor 3: Formal privacy 0.897 0.119
Financial security Safe feeling in transactions 0.807
Factor 4: Quantity of information 0.832 0.144
Product information Quality of information 0.740
Factor 5: Number of tourism services 0.753 0.163
Product offering Variety of tourism services 0.789

[22] aregression analysis was performed to estimate the unique effect of each factor.
The results of the regression and factor analysis are shown in Table 1.

To ensure that we could use factor analysis on gathered data, Kaiser-Meyer—
Olkin Measure of Sampling Adequacy (KMO measurement) and Bartlett’s test
analysis were conducted. Results showed that KMO is greater than 0.5 (=0.79),
which signifies the number of samples, is big enough for using factor analysis [23].
Moreover, the significance of Bartlett’s test is 0, which signifies factor analysis
was applicable [24].

To test the reliability and internal consistency of each factor, Cronbach’s alpha
scores [25]—for factors with more than two items—and correlation coefficient—
for factors with two items—were calculated. The Cronbach’s alpha scores and the
correlation coefficient ranged from 0.53 to 0.82 for the five factors. Since 0.5 is the
minimum value for accepting the reliability test [26], the results of factor analysis
are reliable. More details on the method and results may be found in [27-30].

4 Modeling Individual’s Satisfaction with T1 FS

To model a subject’s overall satisfaction of online tourism services using T1 FSs,
we rely on the decomposition of the concept, the calculated weight of each con-
stituting item, and the answers to each of the items. As discussed, we have
identified the set of all factors and their items comprising the domain of satis-
faction in online tourism and we have calculated the contributing effect of each
factor—Table 1. Moreover, we have also calculated the weight of each item/
question of the questionnaire that is loaded into a specific factor—Table 1.

Let R;; be the response of the individual i to the question j with the contributing
weight W;. An individual’s overall satisfaction would be calculated through
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aggregating the responses of the subject to each question with respect to the weight
of the item for which the question is asked [19],

Si =Y WiR; (5)
7

Given M questions—whose answers are designed on L point-scale—that are
loaded into N factors, we expand the Eq. (5) as follows:

M
Si :Z(ijx ij)XR,j,kzl,...,N (6)
j=1

where, Qy; represents the loading factor of question j into the factor k, and Fy;
denotes the weight of the factor k that the item j is loaded into. Reordering (6) to
group the items with equal response values, we have,

S; = Z (ijkaj)le—i—...—i— Z (ijXij)XRL7

Jjeh JeJL (7)
vies1, Rj=R, Vjedy, Ry=Ry,
k=1,...,N

Since Ry,..., Ry are constant, then

Sl‘ =Ry X Z (ijX ij)+ + Ry X Z (ijX ij) s
] 7 (®)
VjEJ],R,‘j:Rl V]GJL,Ri,’:RL

k=1,...N

In 8), > (Fix Q) denotes the cumulative belief degree of the
j€Jn
vje-,rt-,jREij:Rn

individual i for R,, n = 1,..., L to be his/her satisfaction degree. Dividing the (8)
by the maximum possible belief degree, we have,

Ry X > (Fyx Qy) + ... +R % > (Fyx Qy)

Jjeh JEJL
VjeJi, R;j=R, VjeJL, Rj=Ry.

Zinl (Fij x Q)

©)

Considering the responses of a subject to all the items that were identified as the
building blocks of the satisfaction, Eq. (9) generates the numerical value of the
respondent overall satisfaction of tourism online services.
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In the survey, based on their experience with tourism online services, each
respondent was also asked to provide the evaluation of his/her overall sense of
satisfaction in online tourism by choosing from a list of linguistic labels. To
capture the respondent’s overall judgment, we used the following five-point
bipolar scale of Fully Dissatisfied—Fully Satisfied, where the points were,
respectively, qualified by the linguistic terms Very poor, Poor, Fair, Good, and
Very good.

We argue that the crisp value calculated by (9) is not easily interpretable. More
importantly, the correlation of the crisp number with the label that the subject has
chosen as his/her overall rate of satisfaction is not straightforward. Instead,
elaboration on (9) reveals that it can be considered as the centroid of the following
fuzzy set,

Y gen (Fix ij)/Z%ij X Qi
=R,

vjeJ1, R
F = + e
s! R,
> jen  (Fgx ij)/zjnfl Fij x Qy
VjelL, Ry=Ry
ok
R
—1,..,N (10)

where ‘+’ denotes union operation and horizontal division line shows that its
numerator is the membership value of the denominator in the fuzzy set Fy. We
observe that by Eq. (10) we may represent a subject’s overall satisfaction as a T1
FS. In effect, we argue that, for a completed questionnaire, the calculated T1 FS by
(10) would represent the meaning of the label chosen by the respondent from the
following scale as his/her overall satisfaction.

L+ | 2 | 3 | 4 | 5 |
5 3
] e N S N = S L
Fully Dissatisfied % S 3 S % | Fully Satisfied
e < = d e
S N

Figure la represents all fuzzy sets calculated from the questionnaires of
respondents who had chosen the linguistic label Fair as their overall satisfaction
rate in online tourism. Figure 1b, however, shows a normalized fuzzy set derived
by calculating the point-wise average of all Fair fuzzy sets shown in Fig. la.
Figure 1c—f, respectively, show fuzzy sets associated with Good and Very good
overall satisfaction rates. The number of fuzzy sets associated with Very poor and
Poor were not sufficient for processing.

A notable characteristic of the T1 FSs is observed by calculating the average of
all T1 FSs modeling the same overall satisfaction—Fig. 1b. The resulting FSs are
all unimodal convex fuzzy sets with their apex on the numeric value that was
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Fig. 1 Overall satisfaction rate: (a, ¢, e¢) All Tl FS models of individuals whose overall
satisfaction has been, respectively, Fair, Good, and Very good, (b, d, f) Point-wise average of all
T1 FSs of Fair, Good, and Very good overall satisfaction

associated to the label they represent. The apexes of FSs shown in Fig. 1b, d, and f
that are respectively calculated from all T1 FSs modeling Fair, Good, and Very
Good are on 3, 4, and 5.

5 T2 FS Model of User Satisfaction

There was no preassumption on participants in the survey, except having a prior
experience in online tourism services. The T1 FS that is calculated based on a
valid questionnaire, models the intra-uncertainty of its respondent about his/her
overall satisfaction. In effect, the T1 FS is the representative of the respondent’s
perception of the meaning of the linguistic term he/she has chosen as the overall
rate of satisfaction. Figures la, ¢, and e show that the perceptions of different
people of the same concept are not essentially equal. Using T1 FS to model a word
requires all T1 FSs gathered from different individuals to be reduced to a single T1
FS which conceals the diversity and uncertainty that exist among a group of people
[31, 32]. In the following, we will demonstrate the exploitation of IT2 FS and T2
FSs to handle the uncertainties that obviously exist among a group of individuals
on a single concept. In this section, we will only show the figures related to the
Fair satisfaction.
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5.1 Union of All T1 FSs

As discussed in Sect. 2, an interval T2 FS (IT2 FS) would be represented by its
embedded T1 FSs. Let F s;l denote the fuzzy satisfaction model of individual i who
has chosen linguistic term [ as his/her overall satisfaction rate. With respect to the

Mendel-John IT2 FS representation theorem [13], in order to derive an IT2 FS F !
based on the set of T1 FSs we have,

UMF-, (x) :Miax(FS;l(x)), i=1,...N (11)

LMFy, (x) = Min(Fg/(x)), i=1,...N, (12)

The result of applying this method on the T1 FSs of Fair satisfaction rate is shown
in Fig. 2. It can be seen that the resulting IT2 FS is almost filled-in, i.e.,
LMFFFair (x) =~ Ofor most part of the U, which does not exhibit a reasonable IT2

FS [5].

5.2 Mean Confidence Interval

The point-wise averages of the calculated T1 FSs for each of the overall satisfaction
rate labels, shown in Fig. 1b, d, and f, are important from at least two aspects. On
one hand, from an individual basis, their convexity, apex position, and unimodality
and on the other hand, as the frame of cognition, their proper ordering, and dis-
tinguishability, make them exhibit considerable signs of interpretability [33].
However, since they are point estimations calculated from sample data, we cannot
expect the calculated values to coincide with what they are intended to estimate.
Hence, we will calculate the confidence interval M_, around the mean estimation,
such that with the confidence level of 1 — o, it contains the real mean value. The
interval estimation of mean at the confidence level of 1 — «, for x € X is,

mp (x) — tx/z.sﬂw(v"l) < pp (%) <mp(x) + o, SQ'%) (13)

where mp(x), sp(x) and N; ,respectively, represent the mean, standard deviation,
and the number of samples gathered for the overall satisfaction rate /. In (13),
Up(x) denotes the mean value of the population—all possible valid T1 FSs rep-
resenting the meaning of the label /—at x, which is actually unknown.

The IT2 FS of Fair satisfaction rate shown in Fig. 3 is derived by calculating the
estimation of mean bounds for all x € X with 1 —a« = 0.99, i.e.,
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Fig. 2 IT2 FS of ‘Fair’ Fair Satisfaction
satisfaction rate calculated as 1 T T T T T
the union of all individual’s
perception of ‘Fair’
satisfaction rate

K Fair

SFFair(x)
UMEF prair (X) = MpFair (X) + ty 9. ———= 14
F ( ) F ( ) o/2 \/m ( )
SFFair(.x)}
LMF prar(x) = Maxq 0, mprar (x) — ty ). ——= 15
o) = Max {0 mpr 1) = 0, (15

The resulting IT2 FS demonstrates to be more reasonable model of Fair
Satisfaction than the IT2 FS shown in Fig. 2.

Based on the fuzzy approach to the representation of uncertainty in measure-
ment [34, 35], a family of nested confidence intervals of point estimation—that are
calculated with various confidence levels—would be used to construct the mem-
bership function of a fuzzy set that represents an uncertainty in the gathered data

Fig. 3 IT2 FS of ‘Fair 1
Satisfaction’ derived by 09 ;
calculating the mean ’ /
estimation intervals at all 0.8
XEX, 1—0=099 0.7
. 06
k<
05
3
0.4
0.3}
0.2
0.1
0 1 \I\
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Fig. 4 T2 FS model of Fair
Satisfaction in the context of
online tourism services

[IC)

for the measurand. In effect, each confidence interval at the level of 1 — o, cor-
responds to the o-cut of a fuzzy set that represents the uncertainty about the
measurand.

In order to construct a T2 FS representing the meaning of [ overall satisfaction
rate, we will construct FOUs as discussed above, with various levels of confidence.
In practice, we refer to each calculated FOU as an a-plane [16, 36] and by stacking
nested planes the T2 FS would be constructed. Equivalently, from the vertical
standpoint [16], at each u € U, we construct a fuzzy grade by calculating mean
confidence intervals at various levels of confidence and pile them up. More pre-
cisely, for [ at x € X we calculate,

M (x) = [mp(x) — ta/z.%, mpi(x) + tx/ZoSf}%) ,oae (0, 1] (16)

Consequently, the fuzzy grade of u € U in the T2 FS Fs' is,

Fig. 5 Fuzzy grade of x = 3
in the T2 FS model of Fair
Satisfaction in the context of
online tourism services
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Hr

() =JMi_,(x) (17)

S’]
i

Figure 4 shows the T2 FS calculated for Fair Satisfaction in the context of
online tourism services. Figure 5 depicts the vertical slice of the T2 FS shown in
Fig. 4 at x = 3.

6 Conclusion

In this chapter, we discussed a practical method for modeling the complex concept
of user satisfaction in the context of online tourism services with T2 FSs. The
method is composed of two parts, first, identification of each individual’s mental
model with T1 FS and then integrating all T1 FSs into a reasonable T2 FS.
Existing methods for modeling concepts with T1 FSs mainly rely on mapping
gathered data from a group of individuals into a parametric T1 FS. These methods
require the person to provide endpoints of an interval as the quantification of his/
her perception that should be later mapped to a parametric T1 FS. If the individual
is knowledgeable enough, he/she might be expected to directly provide a T1 FS.
Although these methods may work for simple concepts, they might not be
applicable to complex concepts like user satisfaction. This would be explained
with respect to the fact that one’s quantification of such concepts is rather emo-
tional, and expecting individuals to directly provide T1 FSs, at least highly limits
the number of participating individuals. To handle the uncertainty of different
individuals on the same concept, we mapped the calculated T1 FSs into interval
and general T2 FSs. General T2 FSs were constructed based on the fuzzy approach
to represent the uncertainty in measurement and by stacking the a-planes calcu-
lated at different levels of confidence around the estimated mean values of T1 FSs.
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Construction of Interval Type-2 Fuzzy
Sets From Fuzzy Sets: Methods
and Applications

Miguel Pagola, Edurne Barrenechea, Javier Fernandez,
Aranzazu Jurio, Mikel Galar, Jose Antonio Sanz, Daniel Paternain,
Carlos Lopez-Molina, Juan Cerron and Humberto Bustince

Abstract In this chapter, we present some methods to construct interval type-2
membership functions from fuzzy membership functions and their applications in
image processing, classification, and decision making. First, we review some basic
concepts of interval type-2 fuzzy sets (IT2FSs). Next, we analyze three different
approaches to construct IT2FSs starting from fuzzy sets and their applications in
different fields.

1 Interval Type-2 Fuzzy Sets

From the beginning, it was clear that fuzzy set theory [30] was an extraordinary
tool for representing human knowledge. The use of linguistic labels enables the
acquisition of interpretable knowledge systems, and in this manner the choice of
the membership function plays an essential role in their success. The punctual
value set as membership degree is usually defined either by means of expert
knowledge or homogeneously over the input space. Nevertheless, Zadeh himself
established (see [31]) that sometimes, in decision-making processes, knowledge is
better represented by means of some generalizations of fuzzy sets.

Extensions of fuzzy sets are not as specific as their counter-parts of fuzzy sets,
but this lack of specificity makes them more realistic for some applications. Their
advantage is that they allow us to express our uncertainty in identifying a particular
membership function. This uncertainty is involved when extensions of fuzzy sets
are processed, making results of the processing less specific but more reliable.

The concept of type-2 fuzzy set was suggested by Zadeh in 1975 [31] as a
generalization of an ordinary fuzzy set. Type-2 fuzzy sets are characterized by a
fuzzy membership function, that is, the membership value for each element of the
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set is given by a fuzzy set defined in the reference set [0, 1]. These sets were first
studied and analyzed in [20].

There is still some discussion about the notation for type-2 fuzzy sets. We shall
follow the standard mathematical notation in the following definitions (for equiva-
lences with other notations, see [1]). A good review of these sets can be found in [18].

Sometimes, it is appropriate to represent the membership degree of each ele-
ment to the fuzzy set by means of an interval. Hence, not only vagueness (lack of
sharp class boundaries), but also a feature of uncertainty (lack of information) can
be addressed intuitively.

A particular case of type-2 fuzzy sets called interval type-2 fuzzy sets (see [19]).
In May 1975 Sambuc (see [24]) presented in his doctoral thesis, the concept of an
interval-valued fuzzy set named a @-fuzzy set. That same year, Zadeh [31] discussed
the representation of type 2 fuzzy sets and its potential in approximate reasoning.
One year later, Grattan-Guinness [13] established a definition of an interval-valued
membership function. In that decade, interval-valued fuzzy sets appeared in the
literature in various guises and it was not until the 1980s, that the importance of these
sets, as well as their name, was definitely established. In [10, 16, 18], it is proved that
interval-valued fuzzy sets are a particular case of IT2FSs. It turns out that interval
type-2 fuzzy sets are isomorphic to interval-valued fuzzy set [24].

In this chapter, we work with finite, nonempty reference sets. We denote by
L([0, 1]) the set of all closed subintervals of the unit interval [0, 1] in the following
way:

L([0,1]) = {x = [x,%]|(x,X) € [0,1]* and x <X}. (1)

We use bold letters to refer the elements x € L([0, 1]) and we denote with W the
length of an interval, that is, W(x) =% — x.

L([0,1]) is a partially ordered set with respect to the relation <, defined in the
following way: given x,y € L([0, 1]),

x <y if andonly if x <y andX <y. (2)
With this order relation, (L([0, 1]), <) is a complete lattice, where the smallest

element is 0, = [0, 0] and the largest is 1, = [1, 1].
An interval type 2 fuzzy set A on U is defined by

A = {(u,Au), p, (x)) 1 € U, A(u) € L([0, 1))},

where A(u) = [A(u),A(u)] is a closed subinterval of [0, 1], and the function g, (x)
represents the fuzzy set associated with the element u € U obtained when x covers
the interval [0, 1]; p,(x) is given in the following way:

(x) = {a if A(u) <x<A(u)

o otherwise

3)
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where 0 <a < 1. As we have said previously with a = 1 an interval type 2 fuzzy
set is the same as an interval valued fuzzy set.
Mendel and others [17] defined IT2FSs using the footprint of uncertainty

(FOU). An IT2FS A for a primary variable (x € X) is characterized by its footprint

of uncertainty, FOU(A), which in turn is completely described by its lower

membership function, LMF(A), also denoted by #;(x), and upper membership

function UMF(A), also denoted by fi;(x), i.e., the lower and upper bounding

functions of FOU(A) respectively.
Through the chapter we denote by ZT2FSs(U) the set of all the interval type-2
fuzzy sets defined on U, and FSs(U) all the fuzzy sets on U.

2 Construction Methods of IT2FSs

When we will develop an application using IT2FSs, the first step is to define the
membership functions that will represent these sets. For example, if we use an
IT2FS system then we must define the rules and the lower and upper membership
functions of the linguistic labels. It is known that a key problem of the fuzzy
systems is the definition of the membership functions, as we have previously
stated.

Usually, IT2FS are defined manually or from data extracted [17]. Other typical
method to obtain a good definition of the membership functions is to optimize their
shape using genetic algorithms [14].

When we are working with IT2FSs, we must take into account that the FOU of
the IT2FSs represents the uncertainty in the membership degree. Therefore the
FOUs must represent the uncertainty that exists in the model.

(@ (b)
1 : : 1
0.9 0.9+
0.8 0.8}
0.7 0.7¢
0.6 0.6f
0.5 0.5¢
0.4 0.4¢
0.3 0.3}
0.2 021
0.1 0.1}
0 0

0 50 100 150 200 0 50 100 150 200

Fig. 1 a Triangular fuzzy membership function. b Triangular interval type-2 fuzzy membership
function
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In this work, we present three different methods to construct IT2FS from fuzzy
sets that try to generate FOUs adapted to the model’s uncertainty. We have studied
three different cases:

e Using several fuzzy membership functions.

e Using two fuzzy membership functions that represent opposite objects or
concepts.

e Using only one fuzzy membership function.

2.1 Construction of an IT2FS from Several Fuzzy
Membership Functions

When we define a fuzzy system one key problem is the definition of the mem-
bership functions. In the context of fuzzy rule-based systems, sometimes the expert
can choose between different functions (triangular, gaussian, etc.) and different
parameters. Therefore, the expert is not sure about which is the best membership
function, he can choose several adequate membership functions. If we want to
construct an IT2FS from different membership functions, the IT2FS should be
such that the lengths of the intervals represent the uncertainty that the expert has in
the selection of these fuzzy sets. That is, if the expert is absolutely sure of the
membership degree of an element, then the length of the interval associated to such
element is zero (a fuzzy set). On the other hand, if the expert does not know the
membership degree of an element at all, then the length of the interval associated
to this element should be the maximum possible.

k times
®: FSs(U)% -+ X FSs(U) — IT2FSs(U) given by
o(A' ,Ak) {0, DA, -, A () |u € U} such that (4)
DAL, A () = [T (g (), g () S(par (), -+, e ()],

where T and S are a t-norm and a t-conorm, respectively, in [0, 1].

Remark The associativity of triangular norms and triangular t-conorms allows us
to extend these mappings to an arbitrary finite number of arguments in a unique
way, by means of a recursive definition. For example, n-ary triangular norms are
defined as follows. Let (x;,---,x,) be a finite family in [0,1]". Then
T(xy, o yx,) =T(T(x1, -, Xn1), Xn)-

We denote by Wrg the length of an interval constructed by the above method,
where T is a t-norm and S is a t-conorm.

As U is discrete, our method can be seen as a construction of the footprint of
uncertainty from several fuzzy sets. Suppose that the expert gives two different
opinions (or two different experts each giving a single opinion). We can use a t-norm
and a t-conorm to construct an IT2FS. Figure 2 depicted different IT2FSs
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Fig. 2 (a) Three different fuzzy membership functions. (b) Interval type-2 fuzzy membership
function generated using the t-norm minimum and the t-conorm maximum. (c) Interval type-2
fuzzy membership function generated using the t-norm product and the t-conorm probabilistic sum

constructed using different t-norms and t-conorms. We can also observe in Fig. 2
that the FOU generated with the t-norm product and the t-conorm probabilistic sum
is wider than the one generated with the t-norm minimum and the t-conorm
maximum.

Corollary 1 Under the conditions of the construction method described in Eq.
(4), the following statement is true:
If T and S are any t-norm and t-conorm in [0,1], then

Wrs(D(Q', -+, 0")(u)) > Wiy (P(A", -+, A*) (u))Vu € U.

Proof 1t is enough to take into account the fact that A is the largest t-norm and V
is the smallest t-conorm. (]

This corollary proves that the FOU constructed with the t-norm minimum and
t-conorm maximum is the smallest one. If other combination of t-norm and
t-conorm is used the FOU will be greater.

2.2 Construction of an IT2FS from Two Fuzzy Membership
Functions

Next we introduce the concept of Ignorance function and the way we use it to
construct IT2FS from two related fuzzy sets. In this case, the fuzzy sets must be
related with each other; they must represent opposite concepts. For example, one
set represents the concept near and the other the concept far, or the concepts small
and big. We have proposed this method in the context of image segmentation
where we have two sets, one to represent the object and another to represent the
background; but it can be used in any environment in which we have two different
sets that represent opposite concepts.

The concept of ignorance function [6] tries to model the lack of knowledge that
sometimes experts suffer when determining the membership degrees of some
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pixels of an image Q to the fuzzy set representing the background (B) of the image
and to the fuzzy set representing the object (A) in the image.

For us, pp(x) (ua(x)) is the quantification of the expert knowledge that the
pixel with intensity x belongs to the background (object). In this sense, if
Ug(x) = 1(p4(x) = 1), then the expert has total knowledge (total sureness) that the
pixel belongs to the background (object). When puz(x) = 0.5 (uy(x) = 0.5), we
say that the expert is totally ignorant of whether the pixel belongs to the back-
ground (object) (total doubt). If the expert is totally sure that the pixel belongs to
the background (object), then he should take pgz(x) =1 and in this case the
membership to the object (background) should be close to 0, (14 (x) = 0). In spite
of this, the simultaneous ignorance of a pixel’s membership to the background and
to the object will be given when the two membership functions are close to 0.5.

Evidently, there are pixels of the image for which the expert is absolutely sure
that the chosen representation is the correct one. Nevertheless, there are also pixels
for which the expert does not know if the representation taken is the best. We will
represent the expert’s ignorance in terms of pz and p, by means of what we denote
as ignorance functions.

Under this interpretation, the following conditions must be fulfilled by these
functions:

1. The ignorance function depends only on pg(x) and g, (x).

2. The ignorance does not depend on whether we first consider the membership to
the background and then the membership to the object or we first consider the
membership to the object and then the membership to the background.

3. (Representation of total knowledge) The ignorance of the expert in the choice
of the membership of a pixel must be zero if and only if he is certain that the
pixel belongs to the object or the background.

4. (Representation of total doubt) If pgz(x) = 0.5 and u,(x) = 0.5; that is if the
expert is not capable of distinguishing whether a pixel belongs to the back-
ground or to the object, then we will say that the expert’s ignorance of the
membership of this pixel to the background or to the object is one.

5. If the membership of the pixel to the background and its membership to the
object are greater than 0.5, then the greater both memberships are, the smaller
the ignorance should be.

6. If the membership of the pixel to the background and its membership to the
object are smaller than 0.5, then the greater both memberships are, the greater
the ignorance should be.

We just recall that these properties are equivalent for any problem in which there

are two objects that represent opposite things, and therefore the mathematical

definition is valid in those environments. The considerations above have led us to
present the following definition.
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Definition 1 A function G, : [0,1]* — [0, 1] is called an ignorance function, if it
satisfies the following conditions:

1) Gi(x,y) = Gi(y,x) for all x,y € [0,1];
(xy)—Olfandonlyle—lory—l

(Gi
(G2) G

(G,3) If x=0.5and y = 0.5, thenG(x y) =1,
(Gi4) G; is decreasing in [0.5, 1]

(G;5) G; is increasing in [0,0.5]*.

In some cases, it is advisable to require ignorance functionss to be continuous,
since the ignorance must not present a chaotic reaction to small changes in the
degree of knowledge that the experts possess regarding to the membership of the
pixel in question to the background or to object. If this is the case, we will say that
the ignorance functionss are continuous.

In the following theorem, we show a construction method of continuous
ignorance functions from t-norms.

Theorem 1 [6] Let T be a continuous t-norm such that
T(x,y)=0if and only if x-y=0.
Under these conditions, the function

T(1—x,1-y) .

— > ifT(1—x,1—-y)<T(0.5,0.5
by | OS0! (1—x1-) <T(05,0.5)
i\X, =

Y 7(0.5,0.5) .

——————~—  otherwise

T(l - X, 1 _y)

is a continuous ignorance function.

Example 1
(1) The t-norm minimum satisfies the conditions in Theorem 1, so

2-min(l —x,1—y) ifmin(l —x,1—y)<0.5
G,‘(X,y): 1

therwi
2 min(l —x, 1 —y) Ooe

is a continuous ignorance function.
(2) The t-norm product satisfies the conditions in Theorem 1., so

4-(1—x)-(1—y) if(1—x)-(1-y)<0.25

Gi(x,y) = 1
091y

otherwise

is a continuous ignorance function.

In [6], we developed a method to construct ignorance functions from functions
different than the t-norms. Next, we show an example.
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Example 2 If we take ¢(x) = /x for all x € [0,1] we recover the following
ignorance function:

(1—-x)-(1—y) if(1—x)-(1-y)<0.25
Gi(x,y) = 1
2y/(1=x)-(1-y)

otherwise

Taking into account, the value of ignorance and the original fuzzy set we can
construct the IT2FS. First, we assign the value of the ignorance function to the
length W of the interval. Such a way the ignorance calculated represent the FOU:

W(x) = Gi(pa (x), up(x)).

The main problem is that the lower membership function must always be
greater than zero and the upper membership function must be lower than one.
Therefore in [21], we propose the following method to construct IT2FS for two
opposite fuzzy sets A and B:

Au) = [S(0, pa () + 2 x W(u)/2)  T(L,py(u) + 2 x W()/2)],  (5)

where T and S are a t-norm and a t-conorm, respectively, in [0,1] and A > 0.
With this method the interval generated is always within [0, 1]. Also the
parameter A modifies the length of the intervals. If 2 =1 then the length of the
interval is the same as the value of the ignorance function G; calculated.
One of the advantages of this method is that the shape of the FOU is related
with the shape of the membership functions, as we can see in Fig. 3.

2.3 Construction of an IT2FS from One Fuzzy Membership
Function

If we have a membership function that represents the fuzzy set that modelizes
certain concept, sometimes we know that there exist uncertainty in this mem-
bership. There exist several works that try to obtain from the proper membership
function a value of the uncertainty and from this value to construct an IT2FS.
Mainly two different approaches have been proposed. The first one intervals are
generated using one or two parameters, we denote this method as interval gen-
erators. The second approach intervals are constructed by means of a function that
only depends on the value of the membership function. This function gives an
ignorance value, related with the membership degree, allowing us to construct an
IT2FES.



Construction of Interval Type-2 Fuzzy Sets From Fuzzy Sets 155
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Fig. 3 a Two different fuzzy membership functions. b IT2FS generated from the ignorance
function of example 1.1 and 4 = 1. ¢ IT2FS generated from the ignorance function of example
1.1 and A = 0.5. d IT2FS generated from the ignorance function of example 1.2 and A = 0.5

2.3.1 Interval Generators

If the uncertainty presented in the problem is due to a known cause, we can
modelize it with some functions [3], called generators, and construct an IT2FS
from the former fuzzy set.
In the following example we present an interval generator with two parameters.
Let A € FSs(U) and let the functions:

f:[0,1] — [0,1] given by
f(x) =x* witho > 1.
g:10,1] —

glx) = xF with > 1.

[0, 1] given by

Under these conditions

Aoy = {(w, [ () 1 (w))|u € U} € TT2FSs(U).
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(@ (b)
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Fig. 4 a Original fuzzy set. b IT2FS generated from an interval generator with o = 2 and f§ = 2.

~ 1
The verification that A, 3 € ZT2FSs(U) is evident: 0 < p(u) <y (u) <1. The
parameters o and f can be related with the ignorance of the expert in the mem-
bership function selection. An specific case with only one parameter « is:

Ay = {(u, [1(u) gy (w)))lu € U} € IT2FSs(U). (6)

Figure 4 depicted a fuzzy set and an IT2FS generated with values of o = 2 and

B =2.

2.3.2 Weak Ignorance Function

The length of the IT2FSs can be seen as a representation of the ignorance when
assigning punctual values as membership degrees. In order to measure the igno-
rance degree, we define the concept of weak ignorance functions [26], which are a
particular case of ignorance functions depending on a single variable and
demanding a less number of properties.

Definition 2 [26] A weak ignorance function is a mapping g : [0, 1] — [0, 1] that
satisfies:

e (gl) g(x) = g(1 —x) for all x € [0, 1];
e (g2)glx)=0 fandonlylfxfOOrxfl
. (53) 8(0.5) =

Example 3 g(x) =2 -min(x, ] —x) is a weak ignorance function.

We also present in [26] the following construction method of IT2FSs. First, we
assign the length of the interval the value of ignorance of the membership degree
of the fuzzy set A, i.e., W(u) = g(u, () and then we construct the IT2FSs A in the
following way:
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(a) (b)
1 1
0.9 09}
0.8 08}
0.7 0.7}
0.6 06
0.5 05"
0.4 0.4}
0.3 03}
0.2 02}
0.1 0.1}
0 : 0 :
0 50 100 150 200 0 50 100 150 200
(O] (d)
1 1
0.9 09}
0.8 08}
0.7 0.7
0.6 06}
0.5 05
0.4 0.4}
0.3 03}
0.2 02t
0.1 01t
0 0
0 50 100 150 200 0 50 100 150 200

Fig. 5 a Original fuzzy set. b IT2FS generated with weak ignorance function of equation
g(x) =2 -min(x,1 —x) and 2=1. ¢ IT2FS generated with weak ignorance function of
equation g(x) =4 - (x- (1 —x)) and 1 = 1. d IT2FS generated with weak ignorance function of
equation g(x) =4 (x- (1 —x)) and A =0.5

A= {(, a1 = A x W) pa()(1 = 2 x W) + 4 x W(w)]u € UY.
™)

Also the parameter 4 modifies the length of the intervals. If 4 = 1 then the length

of the interval is the same as the value of the ignorance function g calculated.

Figure 5 depicted three different IT2FSs generated from different weak igno-
rance functions.

3 Applications

Next we present three different applications where we use IT2FSs constructed with
the methods presented in the previous section.
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3.1 Classification

Fuzzy rule-based classification systems (FRBCSs) are widely employed in clas-
sification tasks since they allow us to deal with noisy, imprecise or incomplete
information which is often present in many real world problems. They provide a
good trade-off between the empirical precision of traditional engineering tech-
niques and the interpretability achieved through the use of linguistic labels whose
semantic is close to the natural language.

However, FRBCSs can suffer a lack of system accuracy as a result of the
uncertainty related to the definition of the membership functions.

In [25], we propose a methodology in which we use IT2FSs to model the
linguistic labels of the classification system. To do so, we define a new parame-
trized IT2FSs construction method using triangular shaped membership IT2FSs.
Specifically, the amplitude of the support of the upper bound of the IT2FSs is
determined by the value of the parameter W, which establishes the relationship
between the length of the lower and the upper bounds of each IT2FS. In this
manner, we can build an IT2FSs model using the initial knowledge base generated
by any fuzzy rule learning algorithm. Furthermore, the representation of the lin-
guistic labels by means of IT2FSs leads to a natural extension of the classical
fuzzy reasoning method (FRM) [8]. Specifically, we modified the two first steps
out of the four, which compose the original FRM, in the following way:

e Matching degree: we apply a t-norm to the lower and upper bounds of the
interval membership degrees of the elements to the IT2FSs composing the
antecedent of the rules.

e Association degree: we take the mean between the product of the matching
degree by the rule weight associated with the lower bound and the product of the
matching degree by the rule weight associated with the upper bound.

In addition, we defined an evolutionary tuning in which we modified the value of
the parameter W for each IT2FS used in the system. In this way, we tried to
improve the system’s performance by looking for the best amount of uncertainty
that the FOU of each IT2FS represents.

In the experimental study, we used two well-recognized fuzzy rule learning
methods, i.e., the algorithm proposed by Chi et al. [9] and the fuzzy hybrid
genetics-based machine learning (FH-GBML) defined by Ishibuchi and Yamamoto
[11]. In both cases, the application of our methodology (to the knowledge base
generated by each algorithm) allowed to notably enhance the results provided by
the initial nonIT2 fuzzy methods.

In [26], using the concept of weak ignorance function, we formalize the IT2FSs
construction method introduced in [25] by establishing the relationship between
the uncertainty represented by the FOUs of the IT2FSs and the ignorance degree.
Specifically, we achieve that the length of the intervals, which are assigned as the
membership degree of the elements to the set, are proportional to the weak
ignorance degree computed by g(x).
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The experimental study supported the suitability of our method, since we
outperformed the results of: (1) the original FH-GBML method; (2) the tuning
approach based on the linguistic 3-tuples representation applied to the original
fuzzy knowledge base, and (3) the lateral tuning applied to both the nonIT2 and the
IT2 fuzzy versions of the knowledge base.

3.2 Image Segmentation

In 2005, Tizhoosh [28] presented an image thresholding approach using interval
type 2 fuzzy sets (we must point out that he tries to use type 2 fuzzy sets, however
he only uses interval type 2 fuzzy sets [7]). His study is based on the modification
of the classical fuzzy algorithm of Huang and Wang [15], so that he applies an «
factor as an interval generator to the membership function. Starting from a
membership function, Tizhoosh obtains an interval type-2 fuzzy set that “con-
tains” different membership functions and is useful for finding the threshold of an
image. Tizhooh’s algorithm is applied directly to color segmentation using RGB in
[27] and it is also used to segment color image skin lesions [29]. Starting form the
idea of obtaining the uncertainty from the information given by the user, we have
proposed an approximation using interval type-2 fuzzy sets generated from
interval generators [3] (where the key point is to choose the correct parameters).
Also we have used interval type-2 membership functions within an algorithm of
stereo matching [12] (in this case we use the terminology of interval-valued fuzzy
sets). In said paper, we were interested in eliminating the sensitivity to the
radiometric gain, bias, and noise using IT2FSs to represent the images. In this way,
we managed the cited problems by splitting the image into two different areas
(background and objects), where the membership degree of each pixel to an object
or to the background is represented with an interval. We proposed a thresholding-
based segmentation to build these interval type-2 fuzzy sets. These works led us to
introduce the concept of ignorance function to try to model the lack of knowledge
from which experts may suffer when determining the membership degrees of some
pixels of a given image. This concept was presented in [5] and [6] where we
modified the classical fuzzy thresholding algorithm such way the user should pick
two functions, one to represent the background and another one to represent the
object, instead of using one membership function to represent the whole image;
that is, we proposed by means of ignorance functions to modelize the user’s
ignorance for choosing these two membership functions. From this value of
ignorance we constructed the IT2FSs. The rest of the algorithm remained similar
to the algorithm using IT2FS constructed from interval generators.

We evaluated the performance of the algorithm that uses ignorance functions in
natural images and prostate ultrasound images. We must take into account that,
since ultrasound images depend on the particular settings of the machine is very
important that our algorithm gives good solutions even if some membership
functions that do not represent accurately the background and the prostate are
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chosen. The IT2FS algorithm performance was compared with the classical fuzzy
algorithm and we can conclude that for the pairs of membership functions such
that the fuzzy algorithm solution is good (small error), the IT2FS algorithm does
not provide better results but if the error we get with the fuzzy algorithm begins to
be high (i.e., if we have used bad-chosen membership functions), then the result of
the IT2FS algorithm improves the other algorithm’s result.

3.3 Decision Making

Fuzzy preference relations have been widely used to model preferences for
decision-making problems due to their high expressiveness and their effectiveness
as a tool for modeling decision processes. In the fuzzy case, the experts express
their opinions using a difference scale [0,1]. In [2] we presented a generalization of
the nondominance criterion proposed by Orlovsky using interval preferences.

Our method starts from fuzzy preferences and by means of weak ignorance
functions we construct an interval type-2 fuzzy preference matrix (in the paper we
use the notation of interval valued fuzzy preference relation).

Let R* € FR(X x X) be a fuzzy preference relation over a set of alternatives
X = {x1,...,x,}; for each pair of alternatives x; and x;, R; =R (x;,x;) represents a
degree of (weak) preference of x; over x;, namely the degree to which x; is
considered as least as good as x;.

Given R* € FR(X x X) we normalize it to [0, 1] in such a way that for each
element of the new relation, denoted by R € FR(X x X), holds that R; = 1 — R);.

Next, from R we must extract a set of nondominated alternatives as the solution
of the decision-making problem. Specifically, the maximal nondominated ele-
ments of R are calculated extending the nondominance criterion proposed by
Orlovsky in [22] to intervals.

The Non-dominance Interval Algorithm that we proposed [2] is the following:
Given a fuzzy preference relation R* (without defined elements in the main
diagonal) and a weak fuzzy ignorance function g,

1. Construct R normalizing R*
2. Compute the fuzzy strict preference relation R® in Orlovsky’s sense
3. Build the interval type-2 fuzzy relation r:

_: { R+ (1= g(Ry)): R - (1 = g(Ro)) + ¢(Ry)] it Ry > Ry

[0’ g(Rjj )] otherwise

4. Build the interval type-2 fuzzy set:
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ND[V = {(Xj7ND1\/(.Xj))|Xj S X} where

(e, \/ (m] (9)

1 i=1

1

NDyy(x;) = S(ry;) = [

n

5. Build the interval type-2 fuzzy set:

va(NDlv) = {(Xj,va(NDlv(xj)))|Xj S X} where (10)

Ny (NDyy)(x;) = [1 - \n/(fz:/‘)a - \Vl/(zy)] (11)

i=1 i=1

6. Order the elements of Ny (NDyy) in a decreasing way in terms of accuracy and
score functions.

7. If there exist several alternatives occupying the firstplace, take as solution the
alternative with the biggest upper bound of its interval associated.

We must remark that if for a majority of the elements ry; we have that g(R;;) — 0,
then the resulting intervals have a very small length and it is reasonable to assume
that the result obtained with the algorithm is the same than the result obtained with
the nondominance algorithm.

If for a majority of the elements ry; we have that g(R;;) — 1, then the algorithm
allows us to distinguish better than the nondominance algorithm the alternative or
alternatives that we must take as solution.

4 Conclusions

A key problem of fuzzy systems and algorithms is the accurate election of the
membership function. In this chapter, we have presented three different methods to
generate interval type-2 fuzzy sets from fuzzy sets, such that they are very
goodtools to represent the uncertainty existing in the problem or specifically in the
election of the correct membership function. We have presented three different
applications in which these methods have been applied successfully. In some
cases, the IT2FS systems or algorithms achieved an improvement in the results of
the original fuzzy cases.

As future research we plan to study different methods to construct IT2FS from
data. Another interesting study is how to construct a general type-2 fuzzy set from
a fuzzy set.
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Interval Type-2 Fuzzy Membership
Function Generation Methods
for Representing Sample Data

Frank Chung-Hoon Rhee and Byung-In Choi

Abstract Type-2 fuzzy sets (T2 FSs) have been shown to manage uncertainty
more effectively than type-1 fuzzy sets (T1 FSs) in several areas of engineering.
However, computing with T2 FSs can require an undesirably large amount of
computations since it involves numerous embedded T2 FSs. To reduce the com-
plexity, interval type-2 fuzzy sets (IT2 FSs) can be used, since the secondary
memberships are all equal to one. In this chapter, three novel interval type-2 fuzzy
membership function (IT2 FMF) generation methods are proposed. The methods
are based on heuristics, histograms, and interval type-2 fuzzy C-means (IT2 FCM).
For each method, the footprint of uncertainty (FOU) is only required to be
obtained, since the FOU can completely describe an IT2 FMF. The performance of
the methods is evaluated by applying them to back-propagation neural networks
(BPNNs). Experimental results for several data sets are given to show the effec-
tiveness of the proposed membership assignments.

1 Introduction

For many pattern classification applications, type-1 fuzzy sets (T1 FSs) have been
successfully used to model the various uncertainties associated with the sample
data over conventional methods [1-10]. Although T1 FSs may properly model the
uncertainties, there may still exist uncertainties in the fuzzy pattern classification
algorithm. To manage the uncertainties more effectively, type-2 fuzzy sets (T2 FSs)
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have been successfully applied to various engineering areas [11-15]. This is due to
the extra degree of freedom that T2 FSs possess. However, operations of T2 FSs,
such as union (join), intersection (meet), and type reduction, involve numerous
combinations of embedded T2 FSs. To reduce the complexity, the use of interval
type-2 fuzzy sets (IT2 FSs), where all secondary grades are uniformly weighted
(i.e., all equal to one) have been introduced [16-24]. However, the type-reduction
process in IT2 FSs can still require a large amount of computation. Methods for
reducing the computational complexity have been proposed [15, 24].

The issue of automatic generation of T1 FMFs from pattern data is an important
step in developing algorithms that can handle uncertainties. Several T1 FMF
generation methods have been proposed [6—10]. Typical T1 FMFs were generated
based on heuristics (e.g., concepts based on human perception and experts),
histograms, probability, and entropy. Additionally, algorithms based on the fuzzy
nearest neighbor, back-propagation neural network, fuzzy C-means (FCM), robust
agglomerative Gaussian mixture decomposition (RAGMD), and self-organizing
feature map (SOFM) were used to generate T1 FMFs as well.

Generation methods of T2 FMFs have been limitedly discussed although various
algorithms based on T2 FMFs have been proposed. In this chapter, we focus on
some simple and effective generation methods of interval type-2 fuzzy membership
functions (IT2 FMFs). Three methods for generating IT2 FMFs automatically from
sample data are presented [16]. The three methods are based on heuristics, histo-
grams, and interval type-2 fuzzy C-means (IT2 FCM) clustering. The heuristic
method generates IT2 FMFs by simply incorporating heuristic T1 FMFs. The
histogram-based method generates IT2 FMF by performing parameterized function
fitting to smoothed histograms of sample data. The IT2 FCM-based method uses the
formulas of IT2 FCM to obtain IT2 FMFs. For each method, the footprint of
uncertainty (FOU) is only required to be obtained, since the FOU can completely
describe an IT2 FMF (i.e., all secondary grades are equal to one).

To validate the IT2 FMF design methods, we apply them to back-propagation
neural networks (BPNNs). T1 FMF values for each pattern are computed from the
interval centroids of the generated IT2 FMFs and are used as inputs to train the
BPNN. The remainder of this chapter is organized as follows. In Sect. 2, we briefly
explain IT2 FSs. In Sect. 3, we present the three IT2 FMF generation methods. In
Sect. 4, we explain how the IT2 FMF generation methods can be applied in a
BPNN. Section 5 gives several examples showing the validity of the generation
methods. Finally, Sect. 6 gives the summary and conclusions.

2 Overview of Interval Type-2 Fuzzy Sets

The extension of T1 FSs to T2 FSs can be used to effectively describe uncertainties
in situations where the available information is uncertain. T2 FSs include a sec-
ondary membership function to model the uncertainty of exact (crisp) T1 FSs. A T2
FS in the universal set X, denoted as A, can be characterized by a T2 FMF ux(x, u) as
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A:/ (x /x—/ /f W /x o, 1], (1)

xeX xeX ucJy

where f,(u) is the secondary membership function and J, is the primary mem-
bership of x which is the domain of the secondary membership function [24]. The
region bounded by an upper membership function (UMF) p;(x) and lower
membership function (LMF) p; (x) is called FOU. The FOU of A can be expressed

by the union of all the primary memberships as

FOU(A) = RS CXORASN A= 0,1]}. (2)
The secondary membership function is a vertical slice of uz(x, u). Although T2
FSs may be useful in modeling uncertainty where T1 FSs cannot, the operations of
T2 FSs involve numerous embedded T2 FSs which consider all possible combi-
nations of secondary membership values. Therefore, undesirably large amounts of
computations may be required. However, IT2 FSs can be used to reduce the
computational complexity. IT2 FSs are specific T2 FSs whose secondary mem-
bership functions are interval sets expressed as

A:/ /1/u/x. (3)

xeX ucJt,

All the secondary memberships are uniformly weighted for each primary
membership of x. Therefore, J, can be expressed as

Jy = {(x, u):u€ {EA(x),ﬁA(x)} } (4)
Moreover, FOU(A) in (2) can also be expressed as
FOU(A) = | [0, 0)]. (5)
VxeX

(b)

054"

Wy )

Fig. 1 Illustration of T2 FMFs: (a) IT2 Gaussian FMF and (b) general T2 Gaussian FMF
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As a result, IT2 FSs requires only simple interval arithmetic for computing.
Figure la and b shows the result of an IT2 Gaussian FMF and general T2 Gaussian
FMF, respectively.

3 Interval Type-2 Fuzzy Membership Function
Generation Methods

In this section, we present three methods for generating IT2 FMF automatically
from pattern data. The methods are based on heuristics, histograms, and IT2 FCM.
The heuristic-based design method simply generates the IT2 FMF using heuristic
Tl FMFs and a scaling factor. The histogram-based method uses suitable
parameterized functions chosen to model the histogram representing the sample
data. The IT2 FCM-based method uses the derived formulas of the IT2 FMFs in
the IT2 FCM algorithm [18]. A detailed description of each method is discussed as
follows.

3.1 Heuristic Method

The heuristic method simply uses an appropriate predefined T1 FMF function,
such as triangular, trapezoidal, Gaussian, S, or © function, to name a few, to
initially represent the distribution of the pattern data. The following are some
frequently used heuristic membership functions:

(1) Triangular function

0 if x<a

—a if g<x<b

. i <x<
u(x;a,b,c) = o4 if b<x<c ©)

Sl

o

(_) if  x>c.
(2) Trapezoidal function

0 if x<a

2 if a<x<b

ulx;a,bye,d)y=¢ 1 if b<x<c (7)
= if c<x<d
0 if x>d.

(3) Gaussian function



Interval Type-2 Fuzzy Membership Function Generation 169

(4) S-function

0 if x<a
2- (=9 if a<x<b
S(x;a,b,c): 2 )
1—2-(1%3) if b<x<c (9)
1 if x>c

whereb:a+c.

(5) m-function

) . S(x;C*l%C*%aC) x<c
H(x,a,b,c)—{I_S(X;C’C+%7C+b) x>c. (10)

Once a T1 FMF is selected such as the ones in (6-10), the heuristic T1 FMF
wi(x) for feature i is designed by determining the parameters of the function which
are usually provided by an expert. This becomes the UMF i;(x) of the IT2 FMF.
The LMF u;(x) is obtained by scaling the UMF by a factor o between 0 and 1,
which can also be provided by an expert. The FOU of the heuristic method for
feature i can be expressed as

U (0. 5(0) = U [0, - (0], 0<a<1, (1)

For input data of dimensions two or higher, we can obtain the overall FOU by
taking intersections of all upper and lower memberships for all features. If we
choose the min operation as intersection, the FOU can be expressed as

LU (o), a()) = U [mindu ()}, minga ()} . (12)

Figure 2 shows a simple example of triangular IT2 FMFs that are generated by
the heuristic method for the two feature sample data sets in Fig. 2a. For the UMF,
we select the height in (6) (parameter b) as the center location of the patterns of
each class. Next, we compute the distance between the center and most distant
pattern. The spread (distance between a and c) is selected by subtracting and
adding this distance from the center. The LMF is obtained by adequately scaling
the height of the UMF. Figure 2b and c shows the resulting UMF and LMF for
class “x” and class “o0”, respectively. The region between the UMF and corre-
sponding LMF indicates the FOU for each class. Unfortunately, the shapes of
heuristic FMFs are not flexible enough to model all types of data. The heuristic
method is summarized as follows.

Heuristic-Based IT2 FMF Generation Method

(1) Select a heuristic T1 FMF that is suitable for a given data set.
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04 06
feature 1

o 02 04 [11:] 08 1

Fig. 2 Illustration of the heuristic-based IT2 FMF generation method using a triangular FMF for
a given sample data set: (a) scatter plot, (b) UMF and LMF representing the FOU of class “x”,
and (¢) UMF and LMF representing the FOU of class “0”

(2) Set the parameters for the membership function that is provided by an expert.
(3) Design the upper and lower membership functions using (11) and (12).

3.2 Histogram-Based Method

Histograms of features can be used to effectively describe the distribution of the
feature values of the input data. Therefore, membership functions generated from
histograms may be considered more suitable for arbitrary distributed data than
from heuristics. We now present a method which designs IT2 FMFs by fitting
parameterized functions to the histograms of the sample data. The method is
described as follows.

3.2.1 Histogram Generation and Smoothing

First, the histogram of a given sample data for each labeled class is obtained. Next,
the histograms are smoothed by sliding a symmetric window such as a hyper-cube
or triangular window across the feature space and then normalized.

3.2.2 Polynomial Function Fitting

To extract the membership function, a suitable parameterized function is chosen to
model the smoothed histograms. Approximate parameter values (e.g., the number
of functions, height, and location of peaks) used to determine the optimal
parameter values of the function can be obtained by polynomial function (PF)
fitting. Using a least squares approximation, the PF of the lowest possible degree
(i.e., to avoid over fitting) is chosen such that the fit to each smoothed histogram
has a reasonably small error.
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To illustrate the above procedure, we shall consider Gaussian functions as
suitable parameterized functions to model the IT2 FMFs, and describe a method
for estimating the parameters for a reasonable approximation [8].

3.2.3 Gaussian Function Modeling

Consider a parameterized function given by

6(x) = aexp (5 (x— "= (x - (13)

where a is the height, p is mean vector, and X is the covariance matrix. If the
smoothed histogram has N significant peaks, we can model it as the sum of
Gaussian functions by minimizing the objective function

N 2
Ip) =5 (Z Gi(x) - H<x>> 7 (14)
i=1

where parameter vector p; = (a;, g;, ;) is for the ith Gaussian function G;(x) and
H(x) is the smoothed histogram of the input data. The gradient descent method can
be used to estimate the parameter vector p; which minimizes (14) by the following
update rule:

oJ
_ piold _ 67
Pi

new

pi ’ (15)

where p is a positive learning constant.
For Gaussian functions, the partial derivatives of J with respect to each com-
ponent of p; are

N
= (Z G(x) —H<x>> eyt m) w9

- (Z Gy(x) - H<X>) CGilx) - (k=) (T, (1)

N
oz 2 <Z Gj(x) — H(X)> Gi(x) - (BT (x =) - (x— ) ETT) . (18)

=

For gradient descent methods, the choice of the initial values for the parameters
is critical, due to the local minima problem. Therefore, for the case of Gaussian
functions, we can use the following heuristic approach [8] that consists of 4 steps
to obtain the initial parameters.
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Step 1 Generate the smoothed histograms for the given sample data set as
explained in Sect. 3.2.1.

Step 2 Using least squares approximation, fit a PF of the lowest possible degree
(i-e., to avoid over fitting) such that the fit to each smoothed histogram has
a reasonably small error.

Step 3 Calculate the extrema (maxima and minima) values for the PF in Step 2
and determine the number of Gaussians by the number of positive valued
maxima, ignoring the ones that have small peaks.

Step 4 Initialize the heights of the Gaussians by the maxima values (peak values)
and initialize the mean values of the Gaussians as the locations of these
peaks. Initialize the standard deviation of each Gaussian as the shortest
value among the distances between the mean of the Gaussian and the
nearest minima or roots of the PF.

3.2.4 Upper and Lower Membership Function Modeling

To obtain the generated IT2 FMF, the FOU needs to be determined. The UMF and
LMF are obtained by again fitting GFs to the smoothed histograms values that are
above and below the fitted GF obtained previously.

As the final step, to obtain the FOU, the UMFs and LMFs are designed by using
the upper and lower GFs as discussed above. The UMF can be obtained by nor-
malizing the height to 1. Moreover, the height of the LMF is scaled in proportion
to the UMF.

As the illustration in Fig. 3 shows, the smoothed histogram (using a 3-point
triangular window) and resulting IT2 FMF is obtained by one-dimensional
Gaussian function fitting for Feature 2 (y axis) of class “x” in Fig. 2a. The
approximate parameters of the UMF and LMF are obtained after PF fitting of the
smoothed histogram values that correspond to the upper and lower histogram

Fig. 3 Results of GF fitting 1
for obtaining the UMF and
LFM for feature 2 patterns

“wo

labeled class “x” in Fig. 2a

2 9 0
~ @ W

o
=)

MNormalized histogram value
o o o
w = th

o
X

o

(=1

(=]

0.1 0.2 0.3 0.4 05 06
Alfeature 2)
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values. The suitable degree of the PF is selected as the knee point of error. For this
example, a third degree polynomial function is considered suitable. The resulting
UMF and LMF are obtained by Gaussian function fitting the corresponding upper
and lower histogram values. The shaded region between the UMF and LMF
indicates the FOU. As shown in the figure, this method can effectively design IT2
FMFs based on the distribution of the input data.

Finally, Fig. 4 shows the results obtained by the histogram-based method for
the sample data in Fig. 2a. Figure 4a and b shows the smoothed histograms for
class “x” and class “o,” respectively. As a result, Fig. 4c and d shows the FOU
obtained for each class. The histogram-based method is summarized as follows:

Histogram-Based IT2 FMF Generation Method

(1) Construct and smooth the histogram of the sample data for each labeled class.

(2) Perform PF fitting to obtain the approximate parameter values (e.g., the
number of functions, height, and location of peaks).

(3) Perform GF fitting using the values in step 2).
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Fig. 4 Illustration of the histogram-based IT2 FMF generation method for the sample data in
Fig. 2a: (a) smoothed histogram of class “x”, (b) smoothed histogram of class “0”, (¢) UMF and
LMF representing the FOU of class “x”, and (d) UMF and LMF representing the FOU of class
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(4) Perform GF fitting for the upper and lower histogram values with respect to
the GF in step 3).

(5) Determine UMF by normalizing the height of the upper GF and LMF by
proportionally scaling the lower GF obtained in step 4).

For high-dimensional input data, the computational load can become undesir-
ably high, due to the high-dimensional histogram smoothing process and fitting. As
an alternative, first we find the one-dimensional UMF and LMF for each class label
and feature by the histogram-based method. Next, we obtain the overall UMF and
LMF by taking intersections of all UMF and LMF obtained for all features. If we
use the min operation as our choice for intersection, the FOU can be expressed as

00, )] = |min{fE0x)} min{£Y (x0)} (19)

where fU is the UMF, fL is the LMF, and i is the feature number.

3.3 Interval Type-2 Fuzzy C-Means Based Method

The IT2 FCM algorithm was proposed to control the uncertainty of the fuzzifer
m in FCM which affects the assignment of memberships for the patterns [18]. In
this section, we present an IT2 FMF generation method based on the IT2 FCM
algorithm. First, the IT2 FCM algorithm is briefly explained, and then the IT2
FCM-based method is described.

3.3.1 Interval Type-2 Fuzzy C-Means Algorithm

The FCM algorithm has been widely used for data partitioning [1]. FCM considers
weight values (memberships) to control the contribution degree of a pattern in
determining cluster prototypes. For example, a higher weighed pattern can play a
more important role in determining the resulting cluster prototype. Thus, FCM can
give more desirable cluster results than crisp C-means for pattern sets which contain
overlapping clusters. The goal of FCM is to minimize the objective function

C N C
JG;X, V) =Y > " uld} subject to » w; = 1, (20)

j=1 i=1 j=1

where u;; is the membership value of pattern x; for cluster i, d,2, is distance between
x; and the cluster prototype v;, and m represents the fuzzifier (;m > 1). The partition
matrix U represents the memberships for the patterns across each cluster having
the elements u;; and the matrix V is the collection of all cluster prototypes v;. The
memberships and cluster prototypes that minimize the objective function in (20)
can be obtained by
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1/m-1)
(1/45)
Ui = (g (21)
> (1/d3)
and
N NG
by = pIp- (“kj) Xk (22)

B Ejlyzl (”kj)m '

However, in FCM, fuzzifier m affects the membership assignment for the
patterns. Suppose that there exist two cluster prototypes, namely centers v; and v,
for a given pattern set. The membership plots corresponding to center v; for
patterns that lie between the two cluster centers for various values of fuzzifier
m can be explained as follows. When m — 1, the memberships are maximally
crisp (hard), that is, patterns that are located just left (right) of the maximum fuzzy
boundary are assigned full (0) membership for center v; (v,). Conversely, when
m — o0, the memberships are maximally fuzzy, which means that patterns that are
only located at the centers are assigned full (0) membership, otherwise they are
assigned memberships of 0.5. If the geometry of the clusters is of similar volume
and density, change in fuzzifier m will not significantly affect the clustering result
in FCM. This is illustrated in Fig. 5. As shown in the figure, the gray region
indicates the maximum fuzzy region for various values of m. However, if there is a
significant difference in density among clusters in a pattern set, the choice of
m will give inconsistent clustering results in the FCM. The reason is that an
impertinent establishment of maximum fuzzy boundary in FCM can provide
undesirable updating of the cluster centers. This was previously emphasized in
detail in [18]. A more desirable establishment of the maximum fuzzy region can
allow for desirable clustering results in the FCM. Again, due to the constraint on
the memberships we cannot design this region with any particular single value of
fuzzifier m to be used in the FCM. However, if we can somehow simultaneously
incorporate various values of fuzzifier m, we may perhaps be able to design a
desirable maximum fuzzy region as reported in [18].

(a | (b) I (C)I (d)I

Fig. 5 Maximum fuzzy region (gray area) for various m: (a) 1.1, (b) 2.0, (c) 5.0, and (d) 10.0
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To overcome this problem caused by the uncertainty of fuzzifier m, the 1T2
FCM algorithm was proposed [18]. In IT2 FCM, the maximum fuzzy boundary
can be controlled by incorporating two values of fuzzifier m. By doing so, the
management of uncertainty can further improve clustering results obtained by
FCM algorithm. The IT2 FMF J,. = [u(x;), #(x;)] in IT2 FCM can be expressed as

1 if > L
Ti(xe) = 4 Lo (/) S S @)™ o

W otherwise
k=1 \"U/ T

1 e if 1 < : _
u(x) — Ekczl (d,//d[A)Z/( -0 Zf:l (d;/-/d‘.k)z/( - = E[(Cj[ (dl//d[A)Z/( o 1) (24)
- —c———m— otherwise .

ch:l (d'f/dik)z/('”27l)

The procedure for updating cluster prototypes in IT2 FCM requires type-
reduction and defuzzification using type-2 fuzzy operations. The generalized
centroid (GC) type-reduction can be used as a type-reduction procedure. The
centroid obtained by the type-reduction is shown as the following interval:

X;u
ve = [vp,ve] = /2”, x) -
u()cl)elYl u(x)€ly l U Xl

The crisp center can be simply obtained by defuzzification as

VLt VR

3.3.2 Membership Generation Method Using Interval Type-2 Fuzzy
C-Means Algorithm

For this method, we use (23) and (24) to generate IT2 FMF of patterns for each
class. For pattern data that are labeled, it is not necessary to use unsupervised
clustering as in FCM. Instead, we should perform “supervised” FCM clustering on
each class separately. This is performed as follows:

Let the pth prototype obtained by FCM in class k be denoted by V';. Next, the
minimum distance between the prototypes and input pattern X; is

dy; = min{d(x,, )} pe{m}, (27)
P
where 7y, is the number of prototypes used for class k. The UMF and LMF for class

k and input pattern X; can be expressed by modifying (23) and (24) by replacing d;
and d;;, with d:-;- and dfk, respectively.
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Fig. 6 Illustration of the IT2 FCM (m; = 2, m, = 5) based IT2 FMF generation method for the
sample data in Fig. 2a: (a) UMF for class “x”, (b) LMF for class “x”, (¢) FOU of class “x”,
and (d) FOU of class “0”

Figure 6 shows the IT2 FMF obtained by the IT2 FCM-based method for the
same sample data in Fig. 2a. Fuzzifiers m, and m, are selected as 2 and 5 and
the number of prototypes is chosen as one for each class. Figure 6a and b shows
the generated UMF and LMF for class “x”. As indicated, the membership values
for the UMFs based on the lower fuzzifier value m; are selected when the mem-
berships are above 0.5. On the contrary, the membership values based on the
higher fuzzifier value m, are selected when the memberships are below 0.5.
Figure 6¢ and d shows the FOU of the IT2 FMF for each labeled class. It is to be
noted that the selection of fuzzifier values may affect the formation of the FOU.

The IT2 FCM-based membership generation method can desirably control the
uncertainty of fuzzifier m for pattern distributions of different structure and density
as in IT2 FCM. Additionally, the method is quite simple and can be used for all
features simultaneously as in the case of high-dimensional input data. The method
is summarized as follows:
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IT2 FCM-Based IT2 FMF Generation Method

(1) Select fuzzifiers m; and ms.

(2) Perform IT2 FCM on each class separately.

(3) Find the minimum distance between prototypes of each class and input
patterns.

(4) Design the UMF and LMF using (23) and (24).

4 Application to Back-Propagation Neural Networks

To evaluate the performance of the IT2 FMF generation methods, we apply them to
BPNNSs [25]. In doing so, we extract T1 fuzzy membership values from the centroid
of each IT2 FMF obtained by the methods. The centroid is obtained by performing
type reduction. The type reduction procedure gives the GC for the IT2 FMF. The
GC is an IT1 FS for the centroid of embedded T2 FSs and is expressed as

e-tel = [ [ [ o [ uER o

x X xveX W, EM, UnEMy

where x; is input feature pattern and ; is the primary membership for x;. This GC
can be obtained using the Karnik-Mendel (KM) iterative procedure [15]. Next, the
fuzzy membership value of input pattern x for class j is obtained according to the
distance between the centroid and input patterns as

fix) = max{l - a’(x7 Cj‘) }, (29)

vk

where Cf denotes the kth centroid of class j and d(-) is distance between the pattern
and the centroid. The distance measure can be described as

X Ck
Zl | mln

1fc <x,§c for all i

2
} ) otherwise

7‘)6,‘ — C;

k
le jr

(30)

where M is the number of features, c, (c ,,) is the left (right) value of the interval
centroid Ck The equation above is used to compute the distance between input
pattern and interval centroid using the minimum values among the distances
between input pattern and left and right values of the interval centroid for all
features. The fuzzy memberships extracted from the IT2 FMF can be considered
suitable in describing the class memberships of patterns, since the uncertainty of
pattern data are desirably controlled by the IT2 FMF. The extracted fuzzy mem-
bership values of the patterns are used as input training data to the BPNN.
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5 Experimental Results

To illustrate the performance of the three IT2 FMF generation methods, we apply
them to BPNNs and the classification results are given for several data sets. We
first obtain the centroid from the generated I'T2 FMF by performing type-reduction
using the KM iterative procedure as mentioned in the Sect. 4. Then, fuzzy
membership values for patterns are extracted according to the distances between
the centroids and patterns using (29) and (30). These fuzzy membership values are
then used as inputs to the BPNN. The structure of the BPNN consists of a fully
connected three-layered network. The classification results are reported by varying
the number of neurons in the hidden layer fromone to ten for the three generation
methods for several pattern sets. In addition, segmentation results for real images
are also given. As a comparison, results are given for inputs to the BPNN that are
from T1 FMF generation [7, 8, 21]. As in the generation of IT2 FMFs, fuzzy
membership values for the patterns are extracted according to the distances
between the centroids and patterns using (29) and (30), where in this case the
centriod Cf (.e., c_j—} = c_fr) is simply considered as the peak (instead of interval) of
the generated T1 FMF.

5.1 “T-shape” Data Set

The “T-shape” data set consists of 447 patterns (228 and 219 patterns for each
class) of two features and two classes. We use one pattern for testing and the
remaining patterns for training. This procedure was repeated for all patterns.
Figure 7a shows the scatter plot of the data set. We assume that the patterns
located outside of the shaded region do not have uncertainty. Therefore, we
exclude those patterns (232 patterns) when comparing the classification results.
The BPNNSs are trained using all of the sample patterns, however, classification
results are reported for only the patterns in the shaded region (215 patterns).
Figure 7b—g shows the IT2 FMFs obtained by the three methods. As shown in
Fig. 7b and c, the heuristic IT2 FMF was designed based on a triangular function.
Figure 7d and e shows the membership designed by the histogram-based method.
As shown in the figure, 2-D GF fitting was used. Figure 7f and g displays the
memberships designed by the IT2 FC-based method. Experiments for several
possible combinations of fuzzifiers m, and m, were performed and the combination
my = 2 and m, = 5 gave the best results. The IT2 FMF generation methods gave
improved classification results (i.e., patterns in the shaded region) compared with
the generated T1 FMF. Average improvement in classification resulted in about
0.6 % for the heuristic method, 2.1 % for the histogram-based method, and 1.7 %
for the IT2 FCM-based method.
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(c)

Fig. 7 IT2 FMFs generated for the “T-shaped” data set: (a) scatter plot, heuristic method for

I7PRt]

(b) class “0”, and (c) class “x”, histogram-based method for (d) class “0”, and (e) class “x,”
and IT2 FCM-based method for (f) class “0” and (g) class “x” (m; = 2, m, = 5)

5.2 “Pima Indian Diabetes” Data Set

We now give classification results for a high-dimensional data set, namely “Pima
Indian diabetes” data set. The data set consists of 768 patterns (500 and 268
patterns for each class) of eight features and two classes. The classification results
are reported as follows. For the histogram-based method, due to the difficulty of
processing the eight-dimensional histogram and Gaussian function fitting, we
generated the IT2 FMF by (19) using a one-dimensional histogram and GF fitting
for each feature. As in the above example, the IT2 FMF generation methods gave
significantly improved classification results compared with the generated T1 FMF.
Average improvement in classification resulted in about 0.92 % for the heuristic
method, 2.16 % for the histogram-based method, and 1.5 % for the IT2 FCM-
based method.

5.3 Real Image Segmentation

For the last example, we give segmentation results for 200 x 200 real scene
images. The sample image consists of three regions namely, road, forest, and sky.
The gray levels of median and excess green filtered images were used as feature
values. We randomly selected 100 pixels in each region of the image, and obtained
the sample patterns as the feature values of the selected pixels. Figure 8a shows
the sample image. Next, BPNNs were trained the same as in the previous examples
using the sample data. Then, all the pixels in the image were classified into three
classes by the trained networks. For this example, we give segmentation results for
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Fig. 8 Natural scenes used for training and testing: (a) scene 1 training image, (b) scene 2
testing image

the case of two hidden neurons. The results for networks with higher number of
hidden neurons gave similar results.

5.3.1 Inference Results

We present inference (segmentation) results involving one training image (see
Fig. 8a) and one test image (see Fig. 8b). Figure 9 shows the segmentation results
for the test image. For all three IT2 FMF methods, one can visually see that the
forest region was better classified than with the T1 FMF method.

6 Conclusions

In this chapter, we presented three IT2 FMF generation methods that were obtained
from sample data. The heuristic method generated IT2 FMFs by simply incorporating
heuristic type-1 FMFs provided by experts. The FOU was designed by assigning the
UMF with the heuristic T1 FMF, and adequately scaling the UMF for the LMF.
However, since the shapes of the heuristic FMF are not flexible, the obtained
IT2 FMFs may not sufficiently represent the uncertainty for data that are complex.

Fig. 9 Segmentation results for scene 2: heuristic-based method using (a) T1 FMF and (b) IT2
FMF, histogram-based method using (¢) T1 FMF and (d) IT2 FMF, and IT2 FCM-based method
using (e) T1 FMF and (f) IT2 FMF
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In the histogram-based method, the FOU was designed by fitting Gaussian functions
to the smoothed histograms of data. The UMF and LMF obtained by the histogram-
based method have shown to effectively represent the distribution of patterns better
than the heuristic method. In the IT2 FCM-based method, the FOU was designed
using the UMF and LMF equations in the IT2 FCM. As with IT2 FCM, the mem-
bership generation method can control the uncertainty of the fuzzifer m in FCM
which undesirably affects the fuzzy memberships when the clusters are significantly
different in size and density. This suggests that the IT2 FCM based method can
represent the uncertainty of fuzzifier m induced by arbitrary structures and densities
of sample data.

Finally, we incorporated the IT2 FMF generation methods into the BPNN,
where T1 fuzzy membership values were computed from the centroids of the IT2
FMFs. Then, the T1 fuzzy membership values representing the sample data were
used as inputs to the BPNN. The membership assignment showed to improve the
classification performance of the BPNN since the uncertainty of pattern data has
been desirably controlled by the IT2 FMFs. Experimental results show that the IT2
FMF generation methods can effectively model the uncertainty of pattern data.
Other methods of representing FMFs and the integration of IT2 FMFs into other
types of neural networks may also be considered.

To comment on the possible future studies, we presented three IT2 FMF gen-
eration methods to represent the uncertainty of sample data. We believe that the
methods may be considered to be early attempts for effectively generating 1T2
FMFs automatically from pattern sets. However, there exist areas of improvement
as described in the following.

In the heuristic method, we need to select the proper heuristic T1 FMF for the
sample data and optimally find the parameters of the selected heuristic T1 FMF.
The proper shape and parameters of the heuristic T1 FMF can be critical for
properly designing the IT2 FMF. Moreover, the scaling factor o which determines
the height of the LMF needs to be carefully selected, since the FOU is dependent
on the scaling factor. If the value of « is poorly chosen, the IT2 FMF may not
suitably represent the uncertainty of the sample data.

In the histogram-based method, we used symmetric Gaussian function fitting to
the smoothed histograms of the sample data. However, non-symmetric Gaussian
function fitting could be used to represent the distribution of sample data more
effectively. Non-symmetric Gaussian functions can model the smoothed histo-
grams with more flexibility since the symmetry constraint has been relaxed.

In the IT2 FCM-based method, the selection of the fuzzifier m; and m, is very
important in designing the FOU for the sample data distribution. In general, if we
select unsuitable fuzzifier m; and m,, IT2 FCM can yield poor clustering results
compared with FCM. For this reasoning, this method may not suitably model the
uncertainty of the sample data as well. Therefore, the selection of m; and m, is an
important research area to which various methods can be applied (e.g., neural
networks and genetic algorithms).

As a final note, the methods presented can be used as major components of
various applications in pattern recognition and computer vision. For example, they
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may be applied to the modeling of objects in images for object detection. Our
studies show that applying generated IT2 FMFs into various fuzzy classification
systems can improve their performance.
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Type-2 Fuzzy Logic in Image Analysis
and Pattern Recognition

Patricia Melin and Oscar Castillo

Abstract Interval type-2 fuzzy systems can be of great help in image analysis and
pattern recognition applications. In particular, edge detection is a process usually
applied to image sets before the training phase in recognition systems. This pre-
processing step helps to extract the most important shapes in an image, ignoring
the homogeneous regions and remarking the real objective to classify or recognize.
Many traditional and fuzzy edge detectors can be used, but it is difficult to dem-
onstrate which ones are better before the recognition results are obtained. In this
work we show experimental results, where several edge detectors were used to
preprocess the same image sets. Each resulting image set was used as training data
for a neural network recognition system, and the recognition rates were compared.
The goal of these experiments is to find the better edge detector that can be used to
improve the training data of a neural network for an image recognition system.

1 Introduction

In previous work, we have proposed extensions to traditional edge detectors to
improve their performance by using fuzzy systems [1-3]. The performed experi-
ments have shown that the resulting images obtained with fuzzy edge detectors
were visually better than the ones obtained with the traditional methods.

There is still work to be done on developing formal validation metrics for fuzzy
edge detectors. In the literature we can find comparisons of edge detectors based
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on human observations [4-8], and some others that found the optimal values for
parametric edge detectors [9].

Edge detectors can be used in recognition systems for different purposes, but in
this work we are particularly interested in knowing, which is the best edge detector
for a neural recognition system. In this chapter we present some experiments that
show that fuzzy edge detectors are a good method to improve the performance of
neural recognition systems, and for this reason we propose that the recognition rate
of the neural networks can be used as an edge detection performance index.

The rest of the chapter is organized as follows. Section 2 presents an overview
of fuzzy edge detectors. Section 3 describes the experimental setup used to test the
proposed fuzzy edge detectors in a neural recognition system. Section 4 presents
the experimental results achieved with the proposed fuzzy edge detectors. Finally,
Section 5 outlines the conclusions and future work.

2 Overview of Fuzzy Edge Detectors

In this section an overview of the previously proposed fuzzy edge detectors is
presented. First, the Sobel edge detector improved with fuzzy logic is presented.
Second, the morphological gradient edge detector enhanced with fuzzy logic is
also presented.

2.1 Sobel Edge Detector Improved with Fuzzy Logic

In the Sobel fuzzy edge detector we used the individual operators Sobel, and
Sobel, as in the traditional method, and then we substitute the Euclidean distance
of Eq. (1) by a fuzzy system, as we show in Fig. 1 [3].

Sobel_edges = \ [Sobel}: + Sobel; (1)

The individual Sobel operators are the main inputs to the type-1 fuzzy inference
system (FIS1) and type-2 fuzzy inference system (FIS2), and we have also con-
sidered adding two more inputs, which are filters that improve the final edge
image. The fuzzy variables used in the Sobel+FIS1 and Sobel+FIS2 edge detectors
are shown in Figs. 2 and 3 respectively.

The use of the FIS2 [10, 11] provided images with better defined edges than the
FIS1, which is a very important result in providing better inputs to the neural
networks that will perform the recognition task.

The fuzzy rules for both the FIS1 and FIS2 are the same and are shown below:

1. If (dh is LOW) and (dv is LOW) then (y1 is HIGH)
2. If (dh is MIDDLE) and (dv is MIDDLE) then (yl is LOW)
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Fig. 1 Sobel edge detector improved with fuzzy logic

. If (dh is HIGH) and (dv is HIGH) then (y1 is LOW)

. If (dh is MIDDLE) and (hp is LOW) then (y1 is LOW)
. If (dv is MIDDLE) and (hp is LOW) then (y1 is LOW)
. If (m is LOW) and (dv is MIDDLE) then (yl is HIGH)
. If (m is LOW) and (dh is MIDDLE) then (yl is HIGH).

NN R W

The fuzzy rule base shown above infers the gray tone of each pixel for the edge
image with the following reasoning: When the horizontal gradient d,, and vertical
gradient d, are LOW it means that there is not enough difference between the gray
tones in its neighbors pixels, and hence the output pixel must belong to a homoge-
neous or not edges region, then the output pixel is HIGH or near WHITE. In the
opposite case, when d;, and d, are both HIGH this means that there is enough dif-
ference between the gray tones in its neighborhood, then the output pixel is an EDGE.

2.2 Morphological Gradient Edge Detector Improved
with Fuzzy Logic

In the morphological gradient, we calculated the four gradients as in the traditional
method [12, 13], and substitute the sum of gradients in Eq. (2) with a fuzzy
inference system, as we show in Fig. 4.

MG_EdgES = D] —|— D2 —|— D3 + D4 (2)

The linguistic variables used in the MG+FIS1 and MG+FIS2 edges detectors
are shown in Figs. 5 and 6 respectively.
The rules for both the FIS1 and FIS2 are the same and are shown below:

1. If (D1 is HIGH) or (D2 is HIGH) or (D3 is HIGH) or (D4 is HIGH) then (E is
BLACK)



190 P. Melin and O. Castillo

LOW MIDDLE HIGH

1F=----- Teeememee =
0.5 f---n=-- bemenens J

3 of---

LOW MIDDLE HIGH

0 ; : ; . e

800 600 -400 -200 0 200 400 600 800
dh(Sobel )

; Low MIDDLE _HIGH

1] s Sy SEEEP LN S P

0 |

800  -600

dv(SubelY)

LOW MIDDLE HIGH

-5 -4 -3 -2 -1 0 1
y1 (Sobel+FIS1 Edges)

Fig. 2 Membership functions of the variables for the Sobel + FIS1 edge detector

2. If (D1 is MIDDLE) or (D2 is MIDDLE) or (D3 is MIDDLE) or (D4 is MID-
DLE) then (E is GRAY)

3. If (D1 is LOW) and (D2 is LOW) and (D3 is LOW) and (D4 is LOW) then (E is
WHITE)

After many experiments we found that an edge exists when any gradient D; is
HIGH, which means that a difference of gray tones in any direction of the image
must produce a pixel with a BLACK value or EDGE. The same behavior occurs
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Fig. 3 Membership functions of the variables for the Sobel + FIS2 edge detector

when any gradient D; is MIDDLE, which means that even when the differences in
the gray tones are not maximal, the pixel is an EDGE, then the only rule that found
a non-edge pixel is the number 3, where only when all the gradients are LOW, the
output pixel is WHITE, which means a pixel belonging to a homogeneous region.
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Fig. 4 Morphological gradient edge detector improved with fuzzy systems

3 Experimental Setup

The experiment consists on applying a neural recognition system using each of the
previously presented edge detectors: Sobel, Sobel+FIS1, Sobel+FIS2, Morpho-
logical Gradient (MG), Morphological Gradient+FIS1, and Morphological
Gradient+FIS2 and then comparing the results.

3.1 General Algorithm Used for the Experiments

. Define the database folder.

. Define the edge detector.

. Detect the edges of each image as a vector and store it as a column in a matrix.
. Calculate the recognition rate using the k-fold cross validation method.

AW N =

a. Calculate the indices for training and test k folds.

b. Train the neural network k£ — 1 times, one for each training fold calculated
previously.

c. Test the neural network k times, one for each fold test set calculated
previously.

5. Calculate the mean rate for all the k-folds.
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Fig. 5 Membership functions of the variables for the MG + FIS1 Edge Detector
3.2 Parameters for the Image Databases

The experiments can be performed with benchmark image databases used for
identification purposes. This is the case of face recognition applications, then we
use three of the most popular benchmark sets of images, the ORL face database
[14], the Cropped Yale face database [15, 16], and the FERET face database [17].

For the three databases we defined the variable p as the person number and s as
number of samples for each person. The tests were made with k-fold cross
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Fig. 6 Membership functions of the variables for the MG + FIS2 Edge Detector

validation method, with k = 5 for the three databases. We can generalize the
calculation of fold size m or number of samples in each fold, dividing the total
number of samples for each person s by the fold number, and then multiplying the
result by the person number p (3), then the train data set size i (4) can be calculated
as the number of samples in k—1 folds m, and test data set size ¢ (5) are the number
of samples in only one fold.

m = (s/k) *p 3)
i=m(k—1) (4)



Type-2 Fuzzy Logic in Image Analysis and Pattern Recognition 195

Table 1 Particular information for the tested benchmark face databases

Database Person number Samples number Fold size  Training set size Test set size
) ©) (m) O] 0
ORL 40 10 80 320 80
Cropped 38 10 76 304 76
Yale
FERET 74 4 74 222 74
t=m (5)

The total number of samples used for each person were 10 for the ORL and
YALE databases; then if the size m of each 5-fold is 2, the number of samples for
training for each person is 8 and for testing is 2. For experiments with the FERET
face database we use only the samples of 74 persons who have 4 frontal sample
images. The particular information for each database is shown in Table 1.

3.3 The Monolithic Neural Network

In previous experiments with neural networks for image recognition, we have
found a general structure with acceptable performance, even if it is not optimized.
We used the same structure for multi-net modular neural networks, in order to
establish a standard for comparison for all the experiments [18-23]. The general
structure for the monolithic neural network is indicated below:

e Two hidden layers with 200 neurons.

e Learning Algorithm: Gradient descent with momentum and adaptive learning
rate back-propagation.

e Error goal of 0.0001.

4 Experimental Results

In this section we show the numerical results of the experiments. Table 2 contains
the results for the ORL face database, Table 3 contains the results for the Cropped
Yale database and Table 4 contains the results for the FERET face database.

It can be noticed that mean times in Table 2 are the same and this is true
because the ORL database is very uniform, in other words the figures (faces) do
not have much diversity. The standard deviations appear to be relatively high, but
considering that the neural networks are trained with different initial weights is not
a concern. Table 3 shows larger standard deviations on the results due to the fact
that the Yale database is more complicated for recognition on average and this
causes some neural networks to produce sometimes bad results, although it is also
possible to find very good solutions.
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Table 2 Recognition rates for the ORL face database

Training set pre-processing Mean time  Mean rate Standard Max rate
method (s) (%) deviation (%)
MG+FIS1 1.2694 89.25 4.47 95.00
MG+FIS2 1.2694 90.25 5.48 97.50
Sobel+FIS1 1.2694 87.25 3.69 91.25
Sobel+FIS2 1.2694 90.75 4.29 95.00

Table 3 Recognition rates for the Cropped Yale face database

Training set pre-processing Mean time  Mean rate Standard Max rate
method (s) (%) deviation (%)
MG+FIS1 1.76 68.42 29.11 100
MG+FIS2 1.07 88.16 21.09 100
Sobel+FIS1 1.17 79.47 26.33 100
Sobel+FIS2 1.1321 90 22.36 100

Table 4 Recognition rates for the FERET face database

Training set pre-processing Mean time  Mean rate Standard Max rate
method (s) (%) deviation (%)
MG+FIS1 1.17 75.34 5.45 79.73
MG+FIS2 1.17 72.30 6.85 82.43
Sobel+FIS1 1.17 82.77 00.68 83.78
Sobel+FIS2 1.17 84.46 03.22 87.84

For a better appreciation of the results we made plots for the values presented in
Tables 2, 3 and 4. Even if this work does not pretend to make a comparison based
on the training times as performance index for the edge detectors, it is interesting
to note that the necessary time to reach the error goal is established for each
experiment.

As we can see in Fig. 7 the lowest training times are for the Morphological
Gradient+FIS2 edge detector and Sobel+FIS2 edge detector. That is because both
edge detectors were improved with interval type-2 fuzzy systems and produce
images with more homogeneous areas; which means a high frequency of pixels
near the WHITE linguistic values.

However, the main advantage of the interval type-2 edges detectors are the
recognition rates plotted in Fig. 8, where we can notice that the best mean per-
formance of the neural network was achieved when it was trained with the data
sets obtained with the MG+FIS2 and Sobel+FIS2 edge detectors.

Figure 9 shows that the recognition rates are also better for the edge detectors
improved with interval type-2 fuzzy systems. The maximum recognition rates
could not be the better parameter to compare the performance of the neural net-
works depending on the training set; but it is interesting to note that the maximum
recognition rate of 97.5 % was achieved when the neural network was trained with
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the ORL data set preprocessed with the MG+FIS2. This is important because in a
real-world system we can use this as the best configuration for images recognition,
expecting to obtain good results.

The statistical analysis of the simulation results for the interval type-2 fuzzy
method in comparison with the type-1 method is shown in Table 5, in which it is
appreciated that in this case the difference between both methods is very signifi-
cant (t+ = —21.61). This high ¢ value can be interpreted as having sufficient
statistical evidence (with more than 99 % degree of confidence) to say that that the
interval type-2 method is better than the type-1 method in this case of face
recognition.

Another way to illustrate the significant difference between the interval type-2
fuzzy logic method and the type-1 fuzzy method is with Fig. 10 in which the
differences, between the mean recognition rates, as well as the individual values,
are indicated. Here we have to say that the FERET face database is more com-
plicated because the original photographs not only include the face, but in many
cases other parts of the human body, and for this reason there is more uncertainty
in the recognition, and as a consequence type-2 fuzzy logic is able to manage
better this higher degree of uncertainty.

Figure 10 is a more descriptive representation of the difference between results
with type-2 and type-1 fuzzy edge detector, in which is clearly evidenced the
significant difference that can be achieved by using type-2 fuzzy logic. As a final
note, we have to mention that the type-2 fuzzy logic toolbox developed by our
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Table 5 Comparison of results for type-2 and type-1 for the FERET database

Method Mean recognition rate Standard deviation n
Type-1 75.0500 0.224 20
Type-2 77.5320 0.327 10

Individual Value Plot of Type-1, Type-2
78.0 °
L 1]
77.5
(]
£ 77.0- [
e
[
23 76.5
[
=]
o
3
& 76.04 °
75.5
75.04
Type-1 Type-2

Fig. 10 Comparison of recognition results for type-2 and type-1 for the FERET database

research group was used in all the type-2 fuzzy calculations. This toolbox can be
obtained following the instructions provided at the web page of our group: http://
www.hafsamx.org/his/index_files/Page315.htm. The toolbox can be requested for
academic and research use as indicated in the web page.

5 Conclusions

This chapter is the first effort to develop a comparison method for edge detectors
as a function of their performance in different types of recognition systems. In this
chapter we show that Sobel and Morphological Gradient edge detectors improved
with type-2 fuzzy logic have better performance than the type-1 fuzzy edge
detector and traditional methods in an image recognition system based on neural
networks. Based on these results the type-2 fuzzy edge detectors can be recom-
mended as good image processing techniques for complex recognition tasks, like
face recognition. The future work includes the development of metrics for mea-
suring the quality of edge detection and applying the type-2 fuzzy edge detector to
other biometric datasets.


http://www.hafsamx.org/his/index_files/Page315.htm
http://www.hafsamx.org/his/index_files/Page315.htm
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Reliable Tool Life Estimation

with Multiple Acoustic Emission Signal
Feature Selection and Integration Based
on Type-2 Fuzzy Logic

Qun Ren, Luc Baron, Marek Balazinski and Krzysztof Jemielniak

Abstract Reliable tool life estimation of cutting tool in micromilling is essential
for planning machining operations for maximum productivity and quality. This
chapter presents type-2 fuzzy tool life estimation system. In this system, type-2
fuzzy analysis is used as not only a powerful tool to model acoustic emission
signal features, but also a great estimator for the ambiguities and uncertainties
associated with them. Depending on the estimation of root-mean-square-error and
variations in modeling results of all signal features, reliable ones are selected and
integrated to cutting tool life estimation.

1 Introduction

Tool wears quickly in micromilling with the microscaled cutting tool (diameter
<1 mm) and the high speed (>10,000 rpm). High throughput and in-process
measurement and monitoring become the central objective due to the high pre-
cision required.
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Currently, both experimental and commercially available tool condition mon-
itoring (TCM) systems are based on the measurements of physical phenomena that
are correlated with tool wear and can be exploited as tool wear symptoms. Cutting
force and acoustic emission (AE) are most often used for TCM in micromilling
process. Compared to conventional machining, the noise component in the signal
for monitoring micro-machining is usually very high and difficult to separate [1].
AE is particularly well suited, because it is not only a capable detector of
microscale deformation mechanisms but also a relatively uncontaminated signal
within the noisy machining environment. Despite the small material removal rate
in micromilling, AE signal is strong, easy to register, and shows a very short
reaction time to the tool—workpiece contact, which makes it a very good means of
detecting this contact and monitoring the integrity of the cutting process [2]. Very
limited work has been conducted at the microscale TCM system [3—10].

The possibility of a reliable tool wear evaluation using conventional statistical
methods based on one signal feature (SF) has been questioned, because the
measured feature depends not only on tool wear but also on a variety of other
process parameters and random disturbances. Attempts at rectifying these short-
comings have focused on pursuing a multi-sensor fusion strategy. Because of the
dependence of the magnitude and frequency characteristics of AE signal on
the nature of the transmission path of the signal and the sensor itself [11], the
impossibility to detect damage of millimeter-sized end mill directly, and the dif-
ficulty in understanding the exact physics in micromilling processes, establishment
of intelligent models for modeling and propagating uncertainties of multiple AE
SFs to characterize the tool condition have been one of the key elements in making
small parts accurately.

Recently, type-2 fuzzy sets and systems had become a very strategic and active
research area around the world. When comparing it with traditional mathematical
modeling methods and traditional fuzzy approach, type-2 fuzzy logic systems
(FLSs) not only can obtain a modeling result directly from vague input—output
information, but also can capture the uncertainties in the estimation results. This
information is very helpful to a decision maker as he can better handle the deci-
sion. Type-2 FLSs moves the world of FLSs into a fundamentally new and
important direction. Based on the literature review and our previous studies, type-2
fuzzy logic should be very suitable to identify the uncertainty in machining which
has direct effect on products. And no research on this subject has been done.

In this chapter, type-2 fuzzy system based tool life estimation system is pro-
posed. In the system, type-2 Takagi—Sugeno-Kang (TSK) FLSs are used to analyze
AE SFs in micromilling process. Numerous SFs of AE signal obtained from mi-
cromilling are calculated, because it cannot be determined in advance which ones
will appear to be useful in a particular application. To make the comparison and
evaluation of the SFs easier and more transparent, Type-2 TSK fuzzy analysis is
used as not only a powerful tool to model SFs, but also a great estimator for the
ambiguities and uncertainties associated with them. Depending on the estimation
of variations in modeling results of AE SFs. Reliable SFs are selected and inte-
grated into tool life evaluation.
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The rest of the chapter is organized as follows. Type-2 fuzzy logic and the
strategy of type-2 fuzzy analysis method are introduced in Sect. 2. Proposed type-
2 fuzzy tool life estimation system is presented in Sect. 3. A micromilling case
study is presented in Sect. 4. The experimental results show the effectiveness of
this method. Finally, conclusions are given in Sect. 5.

2 Type-2 Fuzzy Logic System

The universal approximation property of TSK fuzzy systems [12, 13] is well-
known today. TSK FLS has a powerful capability of explaining complex relations
among variables using rule consequents which are functions of the input variables.

A generalized type-1 TSK model can be described by IF-THEN rules which
represent input—output relations of a system. For a multi-input—single-output
(MISO) first-order type-1 TSK model, its kth rule can be expressed as:

IF x; is Qikx and x; is Q»k and ... and x,, is O,k

THEN Zis w* = pf + pxy + phoo + ... + plx,

where x|, x, ..., x, and Z are linguistic variables; Qyx, O, - .., and O, are the
fuzzy sets on universe of discourses U, V,..., and W, and p§, ph,..., pk are
regression parameters.

A Gaussian MF can be expressed by the following formula for the vth variable:

0 = exp [—% (2= ] m

where x** is the mean of the vth input feature in the kth rule for v € [0,7]. 7 is the
standard deviation of Gaussian MF.

Based on Zadeh’s conception of type-2 fuzzy sets and extension principle [14],
practical algorithms for conjunction, disjunction, and complementation operations
of type-2 fuzzy sets are obtained by extending previous studies [15]. Embedded
interval valued type-2 fuzzy sets was introduced and a general formula was
developed for the extended composition of type-2 relations which is considered as
an extension of the type-1 composition [16, 17]. Based on this formula, a complete
type-2 fuzzy logic theory with the handling of uncertainties was established [18].
The characterization in the definition of type-2 fuzzy sets uses the notion that type-
1 fuzzy sets can be thought of as a first-order approximation to uncertainty and
therefore type-2 fuzzy sets provide a second-order approximation. First-order type-
2 TSK FLS and its structures were presented in 1999 [19]. High-order type-2 TSK
FLS and generalized type-2 TSK FLS were presented in 2008 [20, 21].

A generalized kth rule in the first-order type-2 TSK fuzzy multiple-input—
single-output (MISO) system can be expressed as
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IF x; is Q1k and x; is Q»x and ... and x,, is Q,k,

THEN Z is w* = pf + phxy + phos + ... +

where pf, pt.. ., ﬁfl are consequent parameters, w* output from the kth IF-THEN
rule in a total of M rules FLS, Oy, Oys.,...,0,; are fuzzy sets on universe of
discourses. For the most general model of type-2 TSK FLS, antecedents are type-2
fuzzy sets and consequents are type-1 fuzzy sets, then consequent parameter
[3’5, ﬁ'f, e f)’; are assumed as convex and normal type-1 fuzzy number subsets of
the real numbers, so that they are fuzzy numbers. These rules let us simultaneously
account for uncertainty about antecedent MFs and consequent parameter values.
The output of type-2 fuzzy system is not only a crisp output but also an interval
output. The interval output reveals the uncertainty due to antecedent or consequent
parameter uncertainties.

To obtain a type-2 model directly form a type-1 model, a width aj’? of cluster
center x; is extended both directions as shown in Fig. 1. The cluster center xj,
becomes a constant width interval valued fuzzy set xj;.

G = (1 = @), x5 (1 + a))] (2)

where aj’-‘ is spread percentage of cluster center .xj.

Consequent parameter 13}‘ is obtained by extending the consequent parameter pj’F
from its type-1 counterpart using the following expression:

Fig. 1 Spread of cluster ——f— 2—"?&“?
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7= [k skt 4], o)
where j € [0,n], and sj-‘ denotes the spread of fuzzy numbers [Jj’-‘, where

sj]-‘ = pjl.‘ * bf 4)

S Bk : k
with b; denoting the spread percentage of consequent parameter p;.

Hence, the premise MF is changed from type-1 fuzzy sets of (2) into type-2
fuzzy set, i.e.,

2
* k
~ 1 xj—xjk(lj:aj)
_ - i 5
ij exp 5 ij (5)

where GJ’.‘ is the standard deviation of Gaussian MF.

Because of its larger number of design parameters for each rule, it was believed
that type-2 FLS has the potential to be used in control [22] and other areas where a
type-1 model may be unable to perform well [23, 24]. Type-2 FLSs are very useful
in circumstances in which it is difficult to determine an exact membership function
for a fuzzy set. They can be used to handle rule uncertainties and even mea-
surement uncertainties. Comparing with mathematical modeling methods and
traditional fuzzy approach (type-1FLS), type-2 FLSs not only can obtain a mod-
eling result directly from vague input—output information, but also they can cap-
ture the uncertainties in the estimation result. This information is very helpful to a
decision maker. Type-2 FLSs move the world of FLSs into a fundamentally new
and important direction. To date, type-2 FL. moves in progressive ways where
type-1 FL is eventually replaced or supplemented by type-2 FL [25, 26].

3 Type-2 Fuzzy Logic Based Tool Life Estimation

Key components of the proposed architecture of type-2 fuzzy analysis based tool
life estimation system are shown in Fig. 2. Firstly, raw AE signal is obtained
directly from the AE sensor, and the high and low frequency noise components in
the AE signal are eliminated by using traditional high-pass and low-pass filter.
Then the raw AE signal is demodulated to RMS value (AERys) and different SFs
are extracted. The next is type-2 fuzzy analyze each SF. Subtractive clustering
based type-2 TSK fuzzy approach is adapted for modeling of the tool wear process
in micro-milling. Different tool wear states based on the information from each
AERMms SF are modeled as separate type-2 fuzzy models. The root-mean-square-
error (RMSE) between original SF and modeled one is one of the two measures of
SF usability for TCM. The other is the variation of SF. Furthermore, features with
higher RMSE and bigger variation (difference between type-2 upper boundary and



208 Q. Ren et al.
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(AERMS ) | 27 SFs | Variation estimation

Fig. 2 Architecture of type-2 fuzzy analysis based tool condition monitoring system

lower boundary) are rejected from further evaluation. The determination of the
number of SFs depends on the request of the accuracy of the TCM. In the final
stage, type-2 TSK fuzzy approach is used again to estimate of the tool life esti-
mation by integrating the selected SFs.

In this TCM, type-2 fuzzy analysis uses the type-2 TSK fuzzy modeling
algorithm based on subtractive clustering method shown in Fig. 3. In this diagram,
the subtractive clustering method is combined with least-square estimation algo-
rithm to pre-identify a type-1 fuzzy model from input—output data [27, 28]. Then
considering the type-1 membership functions as principal MFs of type-2 FLS, the
antecedent MFs are extended as interval type-2 MFs by assigning uncertainty to
cluster centers and the consequent parameters are extended as fuzzy numbers by
assigning uncertainty to consequent parameter values. The best approach for AE
SFs is obtained through enumerative search of optimum values for spreading
percentage of cluster centers and consequent parameters.

4 Experimental Study
4.1 Experimental Setup and Measurement

The experiment of this chapter was taken on a high precision milling machine
KERN Evo, equipped with a 50,000 rpm electrospindle and an HSK 25 tool holder
[4, 5]. A laser system was used to measure the tool’s length. The workpiece was a
cold-work tool steel X155CrVMol2-1, SOHRC clamped on a three-axis Kistler
9256C1 mini-dynamometer side by side with Kistler 8152B221 AE sensor. Signals
from those sensors were acquired at a sampling frequency of 50 kHz. Two-flute
uncoated micro-grain WC ball end mills with 400 pm radii and 30° helix angle
were used for a side-milling operation performed on a 45° tilted workpiece surface
20 x 20 mm? in subsequent cuts with cutting parameters: rotational speed
n = 36,210 rpm, cutting speed v, = 68 m/min, feed f, = 0.016 mm/tooth, depth
of cut a, = 0.05 mm, width of cut a. = 0.05 mm. Thus, one cut lased little more
than one second, and the surface was machined in 400 cuts. The total wear in the
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Fig. 3 Diagram of type-2
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flank wear VBg.x = 0.11 mm, was used as the tool life criterion. The test was
regularly interrupted to measure the wear in an optic stereo microscope.

In Fig. 4, examples of AE signal acquired in single tool pass (cut) are presented.
A pass lasts only some 1.05 s and there were hundreds of them in every tool life.
Since tool wear is a gradual process, only 10 passes every 50 s of cutting time
were taken into further evaluation as separate operations.
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Fig. 4 Example of acoustic emission signals registered during tests

4.2 Signal Feature Calculation for Tool Wear Monitoring

Numerous SFs should be calculated by the TCM system, because it cannot be
determined in advance which ones will appear to be useful in a particular appli-
cation. The average value of the diagnostic signal is most often used in TCM.
However, even under constant cutting conditions, the signals are not generally
constant. Therefore, to minimize the diagnosis uncertainty, reduce the randomness
in one SF and provide more reliable tool condition estimation, the number of SFs
should be as big as possible. Therefore, from the available AE signal, nine SFs
were calculated for each cut as listed in Table 1. As the signals are not generally
constant, to separate initial signal disturbances from the rest of the signal, anal-
ogous features were also calculated for the beginning (first 20 %) of the cut and for
the middle part (40-80 %) of the cut, and designated with the letters “BG” or
“MD” in the indices of the SF’s designation, respectively, AEgg.vr and AEMD-
MI (see Fig. 4). In this experiment, Type-2 TSK fuzzy system is used to model and
analyze all the 27 SFs of AE.

Table 1 Signal features from AE signal

Symbols Definitions

AEAv The average value

AERrums The RMS value

AEgp The standard deviation

AEMx The maximum value above which was 5 % of all values
AEMt The minimum value below which was 5 % of all values
AERg The range (maximum—minimum)

AEMx.av The maximum minus average

AEMiav The minimum minus average

AEpy The absolute difference between subsequent signal values
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4.3 Type-2 Fuzzy Acoustic Emission Signal Feature
Selection

By following the step illustrated in the diagram of Fig. 3, each of the 27 SFs is
analyzed. In this experiment, MFs are Gaussian MFs. There are 529 datasets from
each AE SF. The clustering parameters are pre-initialized. The cluster radius is
confined to the range [0.15; 1.0] with a step size of 0.15. The accept ratio and the
reject ratio are both considered in the range [0; 1.0] with a step size of 0.1. The
squash factor is considered in the range [0.05; 2] with a step size of 0.05. Com-
bined with a least-square estimation algorithm, the fuzzy systems for each cutting
length were identified. To pre-identify the type-1 fuzzy system, the clustering
parameters used for subtractive clustering method in this experimental study are
cluster radius = 0.15, accept ratio = 0.5, reject ratio = 0.15 and squash
factor = 0.1.

In this experiment, RMSE and variations are the measures of SF usability for
TCM. RMSE:s for the type-1 and type-2 fuzzy estimation are calculated using the
following expression:

RMSE = \/Z (‘7 —V)z/N 6)

where V is the fuzzy estimated voltage of AE, either type-1 modeling or type-2
modeling. V is the voltage of AE recorded. N is number of the registered datasets.

The variation of \N/ is estimated with Eq. (6) which represents the difference
between upper and lower values of the interval output of type-2 fuzzy approach,
revealing the uncertainties of the AE in type-2 fuzzy estimation.

Variation = upper_boundary — lower_boundary (7)

Moreover, SFs with RMSE higher than 60 mV and the maximum variation
higher than 100 mV are rejected from further evaluation, these threshold values
were selected the same as the ones used in [5]. The RMSE, spreading percentage
for cluster centers and consequent parameters, and the maximum and minimum
variation for the four selected SFs AEuvp.mrav, AEmp-mi, AEpg-mrav, and
AEMp.rG are listed in Table 2. In this experiment, 6, 7, 6, 6-rules fuzzy systems
are used for modeling the SF AEyip.mr-avs AEmp-mi, AEsg-mi-av, and AEyp.rg-
Their type-2 fuzzy models are illustrated in Fig. 5. The RMSE, number of fuzzy
rules, spreading percentage for cluster centers and consequent parameters, and the
maximum and minimum variation for the four SFs are listed in Table 2 column
2-5. Further, they will be integrated to cutting tool life estimation.

Figure 6 depicts the type-1 fuzzy modeling results for the four selected SFs—
AEvp-mi-av, AEvp-mi, AEgg.mrav, and AEyp.rg. Comparing the curves for
each SF to overall output curve from type-2 fuzzy modeling in Fig. 5, it is
observed that they are similar and have slight differences in each cutting instant
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Table 2 Type-2 fuzzy parameters for AE signal features

Q. Ren et al.

Symbols AEMD- AEMD- AEBg_ AEMD- AEAV AEAV-
MI-AV MI MI-AV BG BG-dY
RMSE 18.8897 20.8703 35.5409 46.5838 31.3703 203.9663
Number of rules 6 7 6 6 7 5
Spreading percentage of the cluster 0.35 % 0.35 %
centers (%) 030% 093 % 045% 026 % 0.51 %
047 % 087 % 054 % 041 % 040% 0.18 %
023 % 055% 029% 059% 0.07 % 90 %
084 % 0.62% 074% 026% 023 % 098 %
019% 058 % 0.18% 060 % 0.12% 044 %
023 % 020% 068% 071 % 0.18% 0.11 %
Spreading percentage of consequent 4 % 4 % 4 % 4 % 4 % 4 %
parameters (%)
Max variation 37.5224 47.5750 66.0816 88.7114 101.7906 375.5222
Min variation 9.0635 14.8341 21.8028 20.8129 32.4195 118.4191
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Fig. 5 Type-2 fuzzy model for the four selected acoustic emission signal features
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which are illustrated in Fig. 7. The type-2 fuzzy modeling has additional outputs
for each SF—the upper boundary and lower boundary in Fig. 5. In this experi-
mental study, the variation between the upper boundary and lower boundary
calculated using Eq. (7) at each instant of the cutting process is of importance as it
gives one of the information of uncertainty. To detect damage on the millimeter-
sized end mill directly, knowing the difficulty in understanding the exact physics in
micromilling processes, establishment of intelligent models for modeling, and
propagating uncertainties of multiple AE SFs to characterize the tool condition is
one of the key elements in being able to produce small parts with better accuracy.

The AE signal data used in this experiment is the same as that of the first tool in
Jemielniak’s paper [5] which use an approach based on hierarchical algorithms
[29]. In Jemielniak’s paper, RMSE is the only measure of SF usability for TCM.
There were six SFs—AEv, AEgg.mravs AEvmp-mi, AEvmp-mi-av, AEvmp.rg and
AEAV-BG-dys and AE Ay were the best. In the type-2 fuzzy analysis, not only RMSE

Fig. 7 Differences between 40
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type-2 counterpart
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but also variations are used as the measure of SF usability. For example, AE v has
less RMSE but bigger variation which has the information of associated ambi-
guities and uncertainties. AE Ay and AEAv_pg.qy are rejected because of their large
RMSE and variation (listed in Table 2 column 6-7). The best SF is AEyp-mrav-
Obviously, the results using type-2 FLS are more reasonable than the one using
hierarchical algorithms. AEyparav 1S AE signal from the middle part of the cut,
which has less noise and is more stable than that AE signal from the whole cutting
process (AEvy). It is more suitable for TCM.

4.4 Tool Life Estimation with Signal Feature Integration

The four selected SFs—AEyp-mravs AEvp-mn AEgg-miav, and AEyp.rg are
integrated to evaluate the micromilling cutting tool life by using type-2 TSK fuzzy
logic system. The tool life estimation is illustrated as the sold curve in Fig. 8. The
information on uncertainty in the tool life fuzzy estimation is shown between the
type-2 fuzzy output upper boundary (shown as dashed curve) and the lower
boundary (shown as dash-dotted curve). The maximum difference between the
upper boundary and the lower boundary is 0.5003 % and the minimum is
0.00032 %. The maximum difference between the overall tool life estimation and
the model ideal (shown as dotted curve) is 0.0492 %.

Comparing the results from type-2 fuzzy estimation with that in Jemielniak’s
paper [5], Type-2 tool life fuzzy estimation not only estimate the tool life by
integrating selected multiple AE SFs, but also predict the uncertainty in tool life in
each cutting instant. During initial cutting period (before 50 % of cutting tool life),
the estimated cutting tool life is almost the same as the situation ideal, which
corresponds to the initial stages of wear occurring. After cutting tool reach 50 % of
its life, uncertainty in the tool life estimation increases, even though the overall

Fig. 8 Type-2 fuzzy tool life 1.2 : : T T
estimation : : : :

estimated tool life

0 0.2 0.4 06 0.8 1
tool life
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estimation of cutting tool life still has the same trend of the model ideal. During the
period that cutting tool life reaches its 60-80 %, the interval of uncertainty becomes
very large, while AE SFs vary significantly. This corresponds to the period of
relatively rapid wear or failure of cutting tool. The information about uncertainty
prediction has great meaning for decision making or tool condition investigation.

5 Conclusion

This chapter presented type-2 fuzzy tool life estimation system. In this system,
type-2 fuzzy logic is used to analyze the AE SFs in TCM in micromilling process
and integrate the selected SFs for tool life estimation. The interval output of type-2
approach provides an interval of uncertainty associated with SFs of AE signal and
tool life prediction.

Nowadays, Type-2 fuzzy logic is the only intelligent method which not only
can model the AE signal, but also estimate the uncertainties from the vague
information obtained during high precision machining. The estimation of uncer-
tainties can be used for proving the conformance with specifications for products
or auto controlling of machine system. The application of type-2 fuzzy logic on
uncertainty estimation in high precision machining has great meaning for con-
tinuously improvement in product quality, reliability, and manufacturing efficiency
in machining industry.

One limitation of the results obtained in this chapter can be that the tool life
determination is carried out solely using the AE SF information during the mi-
cromilling process. For high precision machining, cutting force could be combined
with AE to effectively determinate cutting tool life at a higher precision scale.
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A Review of Cluster Validation
with an Example of Type-2 Fuzzy
Application in R

Ibrahim Ozkan and I. Burhan Tiirksen

Abstract Interval valued type-2 fuzziness can be represented by means of
membership functions obtained with upper and lower values of the level of
fuzziness. These upper and lower values for the level of fuzziness in FCM algo-
rithm were obtained in our previous studies. A particular application of Interval
valued type-2 fuzziness is shown for cluster validity analysis in this chapter. For
this purpose, we introduce a brief taxonomy for cluster validity indices to clarify
the contribution of our novel approach. To provide reproducibility of our tech-
nique, the source code is written in freely available language ‘R’ and can be found
on our web site.

1 Introduction

Cluster validity is an important task in unsupervised learning of data structure with
an application of clustering algorithms based on predetermined similarity measure.
These algorithms are aimed at extracting group structure in a data set. Such
extractions are often validated by means of cluster validity indices. There is a vast
literature on this subject in both crisp and fuzzy clustering domains. Researchers
are still improving the reported validity measures. The aim of this chapter is
twofold. One is to introduce a brief taxonomy of cluster validity indices.

1. Ozkan (D)
Department of Economics, Hacettepe University, Beytepe 06800 Ankara, Turkey
e-mail: ozkan@mie.utoronto.ca

I. Burhan Tiirksen
TOBB ETU, Ankara, Turkey
e-mail: turksen@mie.utoronto.ca;bturksen @etu.edu.tr

I. Burhan Tiirksen
Department of Mechanical and Industrial Engineering, University of Toronto, Ontario
M5S3G8, Canada

A. Sadeghian et al. (eds.), Advances in Type-2 Fuzzy Sets and Systems, 219
Studies in Fuzziness and Soft Computing 301, DOI: 10.1007/978-1-4614-6666-6_14,
© Springer Science+Business Media New York 2013



220 I. Ozkan and I. Burhan Tiirksen

The second aim is to provide an example of an application of interval valued
type-2 fuzziness for identification of the number of clusters in Fuzzy C-Mean
(FCM). To this end, upper and lower values of the level of fuzziness for FCM
clustering found in our previous studies [32, 33] are used to assess the stability of
clustering. In order to make this chapter fully reproducible, at least, as much as
possible, the source code written in freely available language ‘R’" for computing is
available in our website: http://individual.utoronto.ca/ozkan/bk_chapters.htm.

1.1 A Brief Survey of Cluster Validity Indices

Since there is a vast literature on cluster validity indices (CVI), a list that includes
all previous works may not be explanatory. Hence, a brief survey of CVI and their
classification will be introduced for both fuzzy and crisp clustering algorithms.

In general, one can find three types of cluster validity indices in the literature
[12, 26, 38]. These are:

(i) Internal criteria that look for both small dispersion in clusters and high dis-
similarity between clusters;
(i) External criteria in which pre-specified structures are used to validate the
clustering results;
(iii) Relative criteria that need a decision objective to be chosen before clustering.
Then the clustering algorithm is applied with different input parameter sets.
The results are assessed and the optimal clustering structure is selected based
on a previously chosen criterion [7, 8, 21, 38].

The objective ways of assessing clusters are: (i) to use the class membership
information if available, (ii) to use internal criteria or mix with relative criteria if
class membership information is not available.

Apart from this general classification, Stability and Biological types of valida-
tion can be seen in the literature. In case of biological criteria, the result is assessed
by means of intuition to determine if the clustering produced meaningful results.
Stability type validation is a special case of relative criteria approach in which the
variables are removed one by one and the results are compared for the selection of
the optimum number of clusters. (See for example, [1, 2, 11, 16, 29, 31]) Other
stability approaches use resampling to assess the cluster stability (See for example,
[17, 30, 31, 36]).

Since the clustering algorithms can be assessed under three basic criteria,
namely Compactness, Connectedness, and Separation [25, 36], the validity indices
naturally are formed based on the basis of such categories. These indices are also
classified as internal type validation measures. Compactness increases with the
number of clusters while separation decreases. Hence, compactness and separation

! ‘R’ SW can be downloaded from http://cran.r-project.org/ web site.
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measurements are most common in classification of such indices within cluster
variability and gap statistics type validation measures. (One may want to refer to
the following brief list of papers for a discussion of the cluster validity: (i)
Compactness and Separation [15, 18, 22-24, 27]; (ii) within cluster validity and
gap statistics [10, 37, 40-42], and (iii) others, [43, 46, 49]).

There are several works on the validation of the number of clusters for FCM.
Among them the following articles are worth mentioning: [4, 6, 9, 15, 19, 20, 27,
28, 35, 37, 44, 45, 47, 49, 50].

In this chapter, we demonstrate our recently proposed validation criterion called
“MiniMax e-stable cluster validity index”, [34], using the free software ‘R’.
This validity index can be classified as a stability type validation where, the
stability of the clusters is assessed by means of the uncertainty associated with the
level of fuzziness in FCM clustering algorithms. In addition to this cluster validity
index, some other variations will also be demonstrated. Since one of the aims of
this chapter is to provide a good platform for researchers/practitioners, all scripts
related with CVI analysis are prepared in pure ‘R’ language and one may get these
functions from “http://individual.utoronto.ca/ozkan/bk_chapters.htm” web site.

In order to keep the chapter self-explanatory, we state a brief introduction of
FCM algorithm with an overview of selected and widely used cluster validity
indices together with packages that are necessary to perform fuzzy clustering
which is given in the following section. Then, MiniMax e-stable index is given
together with the implementation of the selected indices. The performances of
these indices and the conclusions are stated in the results section.

2 FCM, Upper and Lower Level of Fuzziness and Number
of Clusters

2.1 Fuzzy C-Means (FCM)

FCM algorithm partitions data into clusters in which each observation is assigned a
membership value between zero and one to each cluster. Bezdek [3] proposed the
minimization of the following objective function:

nd nc

In(U, Vi X) ZZl‘ckak VCHA (1)

where, . ,: membership value of kth vector in cth cluster such that u., €
[0, 1], nd is the number of vectors used in the analysis, nc is the number of
clusters, ||.||, is norm and m is the level of fuzziness, the membership values are
calculated as:
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2 -1
Z (”xk VlHA) (2>
=1 llxe — vella
where, > ', t o = 1 for some given m > 1, and finally the cluster centers are
computed as:

Ve = Zk lluckxk (3)
Zk ll“lck

FCM algorithm is implemented in several packages in R. For example, “fanny”
function in “cluster” package” performs fuzzy clustering with limited similarity/
dissimilarity measures. Another package that provides FCM is “el071” through
“cmean” function. This function is used for the experiments given in this chapter.’
This function accepts only two dissimilarity methods that are Euclidian and
Manhattan.*

FCM algorithm requires that the number of clusters and the level of fuzziness
need to be identified first. There are limited studies for the level of fuzziness (0),
even though this parameter makes this algorithm a fuzzy algorithm. The most
widely used value for the level of fuzziness is two. And this value is usually
accepted as the rule of thumb. Pal and Bezdek [35] investigate that the value of the
level of fuzziness should be between 1.5 and 2.5 based on their analysis on the
performance of cluster validity indices. Yu et al. [48] suggest that the proper value
of the level of fuzziness depends on the data itself. Ozkan and Turksen [33] show
that the proper values for upper and lower bounds of level of fuzziness are 1.4 and
2.6, respectively. The upper and lower values of the level of fuzziness do not
depend on the number of clusters. Thus one can use uncertainty related with
fuzziness to find the optimum number of clusters among the possible stable
clusters. Hence this becomes a Type-2 fuzzy application, because it incorporates
the uncertainty of fuzziness.

2.2 Selected Validation Indices

In the current literature, several cluster validity indices have been introduced
to identify the number of clusters in fuzzy data with FCM [6, 9, 13-15, 20, 28, 35,
37, 44]. In this section, we briefly review those cluster validity indices that are
most frequently investigated.

2 See http://cran.r-project.org/web/packages/cluster/index.html.
3 http://www.stat.ucl.ac.be/ISdidactique/Rhelp/library/e 107 1/html/cmeans. html.

* Euclidian distance is defined as square root of 3_ (x; — y;)* and Manhattan is 3 abs(x; — y;).

1
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Bezdek proposed partition coefficient (PC) and partition entropy (PE) as cluster
validity criteria [4, 5]. Both indices use only membership values of fuzzy clusters.
Both seek higher membership values to any one of the clusters. These indices
implicitly seek stable cluster centers. Minimizing PE or maximizing PC with
respect to the number of clusters, nc, where nc € [cmin, Cmax], are used to determine
the optimum number of clusters:

1 nd nc
rew -5 (3530 ) @
=1 c=1

Partition coefficient is increasing with the membership values which also
increase with the level of fuzziness approaches to its lower bound. Hence partition
coefficient is not an appropriate measure if clustering is performed with the level
of fuzziness close to 1.4.

nd nc
PE(U) =~ (Zzuc,klogawc,w) 5)
k=1 c=1

Partition entropy is expected to increase with the level of fuzziness. For the sake
of explanation of its behavior, this index is calculated for the values of the level of
fuzziness 1.4, 2 and 2.6.

Fukuyama and Sugeno’s [20] selection index uses both membership values and
data as:

nc  nd

FS (U, v X) = Y03 wry (Il = velli=lve = 9113 (6)

c=1 k=1

where, v = ﬁ ZZi] X, 1s the mean of the whole data set.
Xie-Beni’s index seeks compactness and separation through their ratios [47] as:
nc nd
> 00w lIve — |

[
FS (U, V: X) = nd - min(||v; — v;|) ’
i,j

The source code to calculate these indices is given as “cvindxs_cmeans”
(“cvindxscmeans.r” file) together with “sugenocmeans” (“sugenocmeans.r” file)
function. MiniMax e-stable index, [34] and its variations worth explained explic-
itly, since this is a unique example of an application of interval valued type-2
fuzziness to cluster validity.
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2.3 MiniMax &-stable Index, |, Norm

Ozkan and Turksen [34] proposed an application of interval valued type-2 fuzz-
iness to find the optimum number of clusters which is called MiniMax e-stable
index. This approach is based on the uncertainty associated with the level of
fuzziness. Pal and Bezdek [35] report that the level of fuzziness affects the success
of cluster validation and they suggest that the value of the level of fuzziness should
be between 1.5 and 2.5. If the value of the level of fuzziness is important in FCM,
the uncertainty associated with the value of the level of fuzziness is also important.
MiniMax e-stable index incorporates this uncertainty in validation. This method
seeks cluster center value stability with respect to the level of fuzziness where its
upper and lower bounds [33] are used as a guide to find the number of clusters in
FCM.’ This also means that the change in entropy is minimized with respect to the
change in the level of fuzziness if the stability of cluster centers is maximized.

For the well-separated clusters where membership values are closer to either 0
or 1, cluster center values become more stable with respect to the level of fuzzi-
ness. Thus, the effect of the changes of the level of fuzziness to the changes in the
cluster centers should be minimized for the optimum number of clusters. Hence
the objective function is given as

nd
min Avc|m/,mu - [Zk ]IuCka‘| (8)
Zk W -

where m; and m,, are the lower and upper values of the level of fuzziness to be used
to assess the stability of cluster centers.

Authors [34] suggest using at least one half of the range of boundary values to
get a proper validity measure based on the behavior of the membership function.
Assessing the stability of cluster center values obtained withm = 2.6 and m = 1.4
should create enough information to decide the optimum number of clusters. In
order to measure the stability they suggest the I, norm.® This distance measure
seeks the maximum changes in cluster center values in its dimensions. Euclidian,
I, norm, or Manhattan, /; norm can also be considered as stability measures
although they are computationally expensive. Calculation of these measures can be
performed by the following steps:

1. I: Run FCM algorithm with m = m; and m = m,,
II: Measure center dissimilarities by means of /., [, and /; norms.

5 Kim et al. [27], used similar intuition and suggested that the optimal number of clusters can be
found by minimizing the change in cluster center with respect to the number of clusters.

S I, norm is defined as lim, .., [, where I, is p-norm. Since p-norm is given as

HV””“-VZ”’H;Z((v’"“) (V)7 )7, hence, Tim oo [[ve — v = maxy, vl =7

= Veil-
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2. I: Run FCM algorithm with m = m,,. Then change m = m; and calculate new
cluster centers (in one step only)
II: Measure center dissimilarities by means of I/, [, and /; norms.

Authors present four indices in order to find the optimum number of clusters in
fuzzy data sets. They also explicitly state that there can be more approaches
similar to theirs. The example of indices are listed below (all with respect to the
different number of clusters):

e “Average change in cluster centers measured by the values of a distance
measure, (Average change in distance, ACI)

e The change in specific entropy measure Ozkan and Turksen [32] used in their
analysis, (Change in Entropy, CIE, based on the adapted version of Shannon’s
Entropy [39])

e The minimum of the maximum changes in cluster centers measured by the
values of a distance measure, (Minimum of the Maximum change in distance,
MMI)

e The minimum of the maximum changes in cluster centers in any dimension,
MiniMax e-stable index. MiniMax e-stable index tries to identify stability in
every dimension and finds out the minimum of all maximum distances in all
dimensions. For example two sets of cluster centers are obtained with the per-
turbation of the level of fuzziness, m. Thus, the first set of cluster centers is
calculated with an application of FCM by setting the level of fuzziness 2.6. Then
the second set of centers is calculated with the perturbation of the level of
fuzziness from the value of 2.6 to the value of 1.4, in equation...” [34].

Since the first three indices are computationally expensive, one can apply these
measures to cluster centers and membership values calculated as given in the
fourth index. The experimentation is left to the reader. The code is given as
“cvindxs_cmean” function in “cvindxscmeans.r” file.

In this chapter, several data sets are used for CVI experiments. In order to make
this chapter fully reproducible some data sets are obtained by means of random
number generations.Two other are selected among well-known real-world data
sets, “iris” and “wine” data sets, used in the literature.”

3 Experiment

In the first part of this section, several artificial data sets are used. The second part
contains real-world data sets, which are iris and wine data sets.

7 Tris data is available in R SW. Wine data can be downloaded from http://archive.ics.uci.edu/ml/
machine-learning-databases/wine/ manually or by using R SW as it is shown in “iris and wine
data ex.r” script file.
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Fig. 1 Scatter graph of artificial data sets

3.1 Artificial Data

There are nine artificial data sets created by application of normal random values
with different variances (using “rmvnorm” function of “mvtnorm” package in R).
There are 1000 pairs divided equally into 5 clusters centered as randomly picked
{(1,4), (7,11), (11,3), (3,—2), (—2,12)} values. For the sake of simplicity, the
number of variables is set as nv = 2. The random numbers are drawn with equal
variances of each dimension and zero covariance.

In Fig. 1, randomly generated data sets are shown. Each data set is gener-
ated with a diagonal covariance matrix where the values of the diagonals are
set to sampled values. The R code to create this figure is given as “figl.r” file.

The boundaries of clusters are clear for the first few data sets but the boundaries
of clusters cannot be recognized in the last few of them. Up to sampled values with
covariance matrix whose diagonal values are six, the boundaries of the clusters can
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Fig. 2 Membership values for sampled values 6 with the level of fuzziness, m = 2

easily be identified. However the recognition becomes increasingly difficult for
data sets with higher values.

Figure 2 shows the membership functions for the sixth sample using the value
of the level of fuzziness 2. The implementation of this figure is given as fig2.r file
(“plotMemcmeans” function is given as “plotmemcmeans.r” file).

3.2 Real-World Data

Aside from the experiments that are designed to be simple yet informative, some
real-world data sets are used for presentation. To this extend, selected cluster
validity indices are applied to “wine” and “iris” data sets. Both data sets can be
downloaded from the web site of, Machine Learning Repository of University of
California, Irvine.® “iris” data set is readily available within R software. “wine”
data set can be downloaded as shown in “iris and wine data ex.r” file.

Table 1 shows the summary statistics of wine data set. Since variables statistics
are significantly different to each other, variables are scaled to have zero mean and
unity variance (and they are not decorrelated) before clustering algorithm is
applied.

This data set contains 178 observations each 13 variables and three classes
(cultivars) named 1, 2, and 3 with 59, 71, and 48 observations each.

8 http://www.ics.uci.edu/ ~ mlearn/databases.html
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Table 1 Summary statistics for wine data
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Minimum First Qu. Median Mean

Third Qu. Maximum

Alcohol 11.03 12.36 13.05 13 13.68 14.83
Malic acid 0.74 1.603 1.865 2.336 3.083 5.8
Ash 1.36 221 2.36 2.367 2.558 3.23
Alkalinity of ash 10.6 17.2 19.5 1949 215 30
Magnesium 70 88 98 99.74 107 162
Total phenols 0.98 1.742 2355 2295 28 3.88
Flavanoids 0.34 1.205 2.135  2.029 2.875 5.08
Nonflavanoid phenols 0.13 0.27 0.34 0.3619 0.4375 0.66
Proanthocyanins 0.41 1.25 1.555 1591 1.95 3.58
Color intensity 1.28 3.22 4.69 5.058 6.2 13
Hue 0.48 0.7825 0965 0.9574 1.12 1.71
0OD280/0OD315 of diluted wines 1.27 1.938 2.78 2612 3.17 4
Proline 278 500.5 673.5 7469 985 1680
Table 2 Summary statistics for iris data

Minimum First Qu. Median Mean Third Qu. Maximum
Sepal length 4.3 5.1 5.8 5.843 6.4 7.9
Sepal width 2 2.8 3 3.057 33 4.4
Petal length 1 1.6 4.35 3.758 5.1 6.9
Petal width 0.1 0.3 1.3 1.199 1.8 2.5

Summary statistics of iris data is shown in Table 2. Statistics suggest per-
forming scaling before clustering. There are 150 observations with four variables

and three types of species.

4 Results

4.1 Artificial Data Sets

Table 3 shows the numbers of clusters found by different cluster validity indices
for each of the nine artificially generated data sets. PE, PC, Xie-Beni and
Fukuyama and Sugeno’s cluster validation indices are used for comparison.
Although our intention is not to compare the result, for the sake of presentation it is
given. All these indices are calculated with the values of the level of fuzziness, 1.4,
2, and 2.6. The value 2 is rule of thumb and others are lower and upper bound
values suggested by Ozkan and Turksen [33]. The list of observations is:

e | indices perform well. It seems the lower half of the range, using the value
of the level of fuzziness 2 then changing to 1.4 works slightly better. Instead
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Table 3 Validation indices performances

Artificially generated data set I 1 17 Iy : 2% F-S*° XB° PE® pC®
1—-062=2 5 5 5 5 5 5
2—-¢>=3 5 5 5 5 5 5
3_g2—4 5 5 5 5 3 5
4 —¢g2=5 5 5 5 5 3 3
5—06>2=6 5 5 5 5 3 3
6 —0>=7 5 5 5 5 3 3
7—-06>=8 5 5 8 5 3 3
8§ —¢2=9 5 5 - 5 3 3
9—-¢2=10 5 5 6 5 3 3

@ Results for 1:m; = 1.4, m, = 2.6 2: m; = 1.4, m, = 2. Manhattan distance works well too. In
general setting first to upper bound, then changes to the lower bound values of the level of
fuzziness performs well. F-S: Fukuyama-Sugeno index

® Partition Coefficient identifies correctly up to number ¢ = 4. However when the level of
fuzziness is set to 1.4, it identifies the number of clusters up to > = 8. Partition Entropy identifies
correctly up to number o> = 3. However when the level of fuzziness is set to 1.4, it identifies the
number of clusters up to ¢> =7

¢ Xie-Beni’s index performs well only when the value of the level of fuzziness is set to 2. The
first local min is taken as the optimum number of clusters.

of global minimum, using the first local minimum is the best decision
criterion.

e Xie-Beni’s index performs quite well when the value of the level of fuzziness is
set to two. But it gets better when the value of the level of fuzziness is set to
upper bound if the first local minimum is taken as the number of clusters. The
result is poorer when the value of the level of fuzziness is 1.4.

e Fukuyama and Sugeno’s index also performs well when the first local minimum
is used as the decision criterion. Similar to Xie-Beni’s index, the performance is
increasing with the value of the level of fuzziness up to the upper bound.

e Partition Coefficient and Entropy indices perform better when the value of the
level of fuzziness is set to the lower bound.

e The performances of all indices are good up to ¢ = 7 when their best perfor-
mances are used.

4.2 Real-World Data Sets

4.2.1 Iris Data Set

Figure 3 shows the results of MiniMax e-stable index for iris data set. This
validity index identifies three clusters since the first (local) minimum is at three
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and also there is another local minimum at six which is two times of the first
minimums place as suggested by Ozkan and Turksen [34]. Hence, three is an
optimum number of clusters based on authors’ recommendation. There are also
two other variants given in this figure. These are the Manhattan distance (I;
norm) and the Euclidian distance (/; norm). Both identify the correct number of
clusters as I/, norm for iris data set. The averaging (or taking all the changes in
all dimensions into account may result in misleading information. Stability
measure in this example of usage should not be the average). Setting the upper
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Fig. 5 Membership function of iris data with 5 clusters

and lower values of the level of fuzziness as m; =1.4, m, =2.6 or m; =
1.4, m, = 2 perform well.

Since iris data set is a pretty small data sample and the number of variables is
four it may be informative to see the behavior of the membership function.
Figure 4 shows the membership functions obtained for iris data set. These figures
in fact demonstrate the existence of interval valued type-2 membership function
obtained with an application of upper and lower fuzziness. It appears that, the
change in the value of the ‘sepal. length’ in cluster labeled as ¢/ and the change in
the value of the ‘sepal. width’ in cluster labeled as c¢3 are significantly larger as
shown by vertical dotted lines. This change in cluster centers is the main idea for
this cluster validity index. The intuition is that the cluster center values become
more unstable if the number of clusters is set less than or greater than the optimal
number of clusters.

Membership function of iris data set with 5 clusters is given in Fig. 5. One can
observe that the significantly large changes in cluster center values in all dimen-
sions as shown by vertical dotted lines. Hence the stability reduces if this data set
is over-clustered.

Figure 6 shows the result of other selected cluster validity indices. Xie-Beni’s
indices for iris data set reach minimum when the number of clusters is set to three.
Also, Fukuyama and Sugeno’s indices for three different values of the level of
fuzziness identify the optimal number of clusters as three. The behavior of all



232 I. Ozkan and I. Burhan Tiirksen
Fukuyama-Sugeno's Cluster Validity Index Xie-Beni's Cluster Validity Index
(= - -
SR T S i o i
NoTD b i '
— \I 1 1 1 1 1 1 1 o 1
o NT N ==N - =] & i
s 3 |1 | I I I ] | 1 1 S 1
O e T A . :
(%] 2 o
7] :_:MN—! s )
I===1m=2! | | | | | |
[ | | | | | | | | 1 |
S | m=216( 1 | | o -
0T T T T T o T
2 4 6 8 10 10
Number of Clusters Number of Clusters
© Bezdek's Entropy Index Bezdek's Coefficient Index
° : : : : : : 4‘ - .:. ) : 3 w
| | | | | L | | o | | |
o N S R A NG
g - e~
g bl et e T T B ANy
w < _f, [ | o | | | | ° H RN ~N | | | | | |
o 1 L4 1 1 1 1 1 1 1 = 1 N | 1 1 1 1 1
oAl ] 8ed e T m el 4
Ny ﬁn=104 ] ] ] ] ] ] S ] Im:h4~ ~I ] ] ] ] ’
o = Im=2! 1 1 1 1 1 1-—-- m=2! s Q! 1 1 1 1
_____ | e p——— | [N | ! el ! !
o ! =2l ! ! ! ! ! 1 o ! m=216| 1 ! Poemeai !
S T T T T T T T T T T
2 4 6 8 10 2 4 6 8 10
Number of Clusters Number of Clusters
Fig. 6 Selected indices for iris data set
MiniMax CVI, -L-inf Norm MiniMax CVI, -L-inf Norm
2= g 2 AT eli— e 1,1
~— 4N -
el i A B =t S FUS
R AL b I R IR Do i ok B
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
| | | | | | 1’3-.1 o | | |~~| | | I’J--I
S O sl ol i B B O DO et ol el i
o Y T T T 1 hJ [ |
T T T T T T T T T T
2 4 6 8 10 2 4 6 8 10

Number of Clusters
m=1.4 - m=2.6

Number of Clusters
m=1.4 - m=2

Fig. 7 MiniMax CVI for wine data [, norms. Left m; = 1.4, mp = 2, Right m; = 1.4, my = 2.6

indices clearly changes with the level of fuzziness. The list of observations given
above seems valid for iris data set experiment.

4.2.2 Wine Data Set

Figures 7 and 8 show the result of MiniMax e-stable index and other selected
indices respectively for wine data set. In order to avoid repetition, the discussion
given above is valid for this wine data experiment also. Since there are 13 variables,
creating the membership functions and discussion about them are left to the reader.
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5 Conclusion

One of the aims of this chapter is to introduce a possible use of the interval valued
type-2 assessment for cluster validation. To this end, a brief survey of cluster
validation approaches including their basic taxonomy is given first. Then Ozkan
and Turksen’s MiniMax e-stable index is introduced as a recent example of how
type-2 fuzziness can be used for cluster validation. This approach is a novel one in
the sense that it is the first example of the use of upper and lower bounds of the
level of fuzziness used. This method seeks stability of the values of cluster centers
with respect to the level of fuzziness. One can create many possible measures for
cluster validation with an application of interval valued type-2 fuzziness. It
appears that the extra information that can be extracted from interval valued type-2
fuzziness opens a new path for the extensions of the research already conducted for
type-1 fuzzy systems.

The second aim of this chapter is to provide a platform for researchers and
practitioners to let them fully reproduce all examples given in this chapter. All the
source codes of the functions used in this chapter are written in freely available R’
software. The data sets used in this chapter are (i) artificial data sets created by

° This software can be downloaded from http://cran.r-project.org/. There are also several good
documents related to this statistical computing environment and there are more than 3500
packages prepared already.
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multivariate sampling from normal distribution, (ii) iris ,and (iii) wine data sets.
Iris data set is available in R. Wine data set is available on the Internet and can be
downloaded within R. We believe researchers and practitioners can modify/extend
the given source code for further experimentation and research.

It is reasonable to suggest that the level of the fuzziness is a very powerful
parameter. It certainly helps us to understand both the relation between the data
vectors and the overall structure within a data set.
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Type-2 Fuzzy Set and Fuzzy Ontology
for Diet Application

Chang-Shing Lee, Mei-Hui Wang, Chin-Yuan Hsu and Zhi-Wei Chen

Abstract Nowadays, most people can get enough energy to maintain one-day
activity, while few people know whether they eat healthily or not. It is quite
important to analyze nutritional facts of foods eaten for those who are losing weight
or suffering chronic diseases such as diabetes. However, diet is a problem with a
high uncertainty, and it is widely pointed out that classical ontology is not sufficient
to deal with imprecise and vague knowledge for some real-world applications like
diet. On the other hand, a fuzzy ontology can effectively help handle and process
uncertain data and knowledge. This chapter proposes a type-2 fuzzy set and fuzzy
ontology for diet application and uses the type-2 fuzzy markup language (T2FML)
to describe the knowledge base and rule base of the diet, including ingredients and
the contained servings of six food categories of some common foods in Taiwan.
The experimental results show that type-2 fuzzy logic system (FLS) performs better
than type-1 FLS, proving that type-2 FLS can provide a powerful paradigm to
handle the high level of uncertainties present in diet.
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1 Introduction

According to the Food and Drug Administration, Department of Health, Executive
Yuan, Taiwan [5], a balanced diet is defined as follows: All of the nutrients a
human needs daily come from various kinds of foods. However, various types of
foods do not provide the same nutrients, so each food group cannot replace each
other. Unprocessed food has a higher priority than processed food because the
former is much healthier than the latter. Additionally, according to the daily
dietary guidelines suggested by [5] and according to each person’s age and daily
physical activity, a dietician is able to find suitable daily caloric requirement and
then plan the unique dietary goal for a person. Finally, a person can acquire
balanced nutrition by following a balanced intake of six food groups and various
choices from each food group. However, each dietician might have different views
on the daily caloric requirement and dietary goal even for the same person. What is
more, dietary habits might have something to do with religion, culture, or personal
preferences. Consequently, diet is a problem with high uncertainty and vagueness,
and also a highly personalized problem.

Because of the highly personalized feature of diet, ontology is a good method to
construct unique dietary information for each unique human. Ontology is an
explicit specification of a conceptualization and it is also a knowledge represen-
tation and communication model for intelligent agents. However, it is widely
pointed out that classical ontology is not sufficient to deal with imprecise and vague
knowledge for some real-world applications. A fuzzy ontology is an extension of
the classical ontology that is more suitable to describe the domain knowledge for
solving the uncertainty in reasoning problems [9, 10]. As a result, a fuzzy ontology
can effectively help handle and process uncertain data and knowledge. There has
been considerable research on the fuzzy ontology: Trappey et al. [18] presented a
novel hierarchical clustering approach for knowledge document self-organization,
particularly for patent analysis. Bobillo and Straccia [4] proposed a concrete
methodology to represent fuzzy ontologies using web ontology language (OWL) 2
to deal with vagueness or imprecision in the knowledge of Semantic web. Afacan
and Demirk [3] proposed an ontology-based universal design knowledge system to
support the cognitive activities of universal design process. Gaeta et al. [6] pro-
posed an integrated approach to manage the life cycle of ontologies to model
educational domains and to build, organize, and update specific learning resources.
Lee et al. [9, 10] proposed a type-2 fuzzy ontology to apply to a personal diabetic—
diet recommendation and a fuzzy ontology for news summarization.

Type-2 Fuzzy Logic Systems (FLSs) could be used to handle uncertainties in
the group decision-making process as they can model the uncertainties between
expert preferences using type-2 fuzzy sets. A type-2 fuzzy set is characterized by a
fuzzy Membership Function (MF), i.e., the membership value (or membership
grade) for each element of this set is a fuzzy set in [0,1], unlike a type-1 fuzzy set
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where the membership grade is a crisp number in [0,1] [9, 15, 16, 17]. Fuzzy
Markup Language (FML) permits to model only type-1 fuzzy logic controllers
with great success, but real-world environments and applications are usually with
high level of uncertainties [7]. Hence, type-2 FLSs have the potential to overcome
the limitations of type-1 FLSs and to produce a new generation of fuzzy systems
with improved performance for many applications required to handle high levels
of uncertainty [7, 15]. For this reason, Mendel et al. [15, 16] proposed type-2 fuzzy
systems to overcome the limitations of type-1 Fuzzy Logic Controllers (FLCs).
Therefore, in order to allow FML to model also type-2 FLCs in a transparent way,
an extension of FML, named type-2 FML (T2FML), dealing with type-2 fuzzy
sets, is defined [11]. Since the mathematics needed for interval type-2 fuzzy sets is
simpler than the ones needed for general type-2 fuzzy sets, the interval type-2
fuzzy sets are more popular. Consequently, T2ZFML describes type-2 fuzzy sys-
tems based on interval type-2 fuzzy sets.

A balanced diet must contain correctly proportioned carbohydrates, proteins,
fats, vitamins, mineral salts, and fiber because each nutrient plays an important
role in supporting humans’ everyday physical activities [13, 14]. However, what is
a balanced diet? According to [5, 8], eating a balanced diet means choosing a wide
variety of foods and drinks from all the food groups. It also means eating certain
things in moderation. The goal of a balanced diet is to take in nutrients you need
for health at the recommended levels. However, culture, religion, and lifestyle
deeply affect people’s diet and each person has a specific eating habit such that the
diet behavior is highly personalized [13, 14]. Consequently, this chapter proposes a
T2FML to describe the knowledge base and rule base of T2FML-based diet
healthy assessing system. Additionally, this chapter also tries to compare the
performance between type-1 FLSs and type-2 FLSs to show that integrating type-2
fuzzy sets with fuzzy ontology is suitable for dietary applications. The remainder
of this chapter is as follows. Section 2 describes the fuzzy ontology and type-2
fuzzy markup language, and Sect. 3 introduces the T2FML-based fuzzy inference
for dietary assessment to obtain the dietary healthy level of the food eaten.
Section 4 shows some experimental results and conclusions are given in Sect. 5.

2 Fuzzy Ontology and Type-2 Fuzzy Markup Language

This section introduces an extension of the previous works on domain ontology
[12] and fuzzy ontology [10] to describe the fuzzy concepts and relations in the
dietary domain. Section 2.1 introduces the fuzzy food ontology and fuzzy personal
food ontology,, and then the type-2 fuzzy set and type-2 fuzzy markup language
are described in Sects. 2.2 and 2.3, respectively.
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2.1 Fuzzy Food Ontology and Fuzzy Personal Food
Ontology

A fuzzy ontology is a knowledge representation model for describing the uncertain
domain knowledge, such as diet. Different people eat different types of food. Food
items are divided into six major groups: grains and starches, vegetables, fruits,
milk, meats and proteins, and fats. Each portion of food contains some information
such as servings of six food groups, nutrition facts, and contained calories. If there
is such an ontology existing to represent the above-mentioned information, then
people can easily know the calories of each food item that are high, medium, or
low for an adult or a child. Based on such ideas, we provide illustrative examples
of the fuzzy food ontology and fuzzy personal food ontology in Figs. 1 and 2,
respectively.

e Fuzzy Food Ontology

The daily dietary guideline from [5] suggests that a person should eat 1.5—4 bowls
of grains and starches (1 bowl = 200 ml), 3-5 plates of vegetables (1 plate = 1
serving), 2—4 servings of fruits, 1.5-2 glasses of milk (1 glass = 240 ml = 1 serving),
3-8 servings of meats and proteins, and 3—7 teaspoons of fats. Besides, according to
[5], each gram of carbohydrate, protein, and fact contains 4 kcal, 4 kcal, and 9 kcal,
respectively, and the standard of one serving of each food group is listed in Table 1.
There are various kinds of food items to choose from for one’s daily meal.
For example, rice is a very common food item in Taiwan, and one bowl of rice
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Fig. 2 Structure of the fuzzy personal ontology [14].

(=one portion of rice) contains 4 servings of the grains

the starches group. That is,

consuming one bowl of rice can produce about 280 kcal.

According to the knowledge mentioned in Table 1,

the fuzzy food ontology is

constructed in Fig. 1. The domain layer represents the domain name of the fuzzy
food ontology. The categories in the category layer include Grains and Starches,

Vegetables, Fruits, Milk, Meats and Proteins, and Fat

s. The fuzzy food ontology

contains four concepts, Servings of Six Food Groups each Portion (SSFGP),
Nutrition Facts each Portion (NFP), Contained Calories of each Serving of Six
Food Groups (CCSSFG), and Contained Calories of Nutrition each Gram (CCNG).
The fuzzy variables, Servings of Grains and Starches (SGS), Servings of Vege-

tables (SV), Servings of Fruits (SF), Servings of Milk (

Table 1 Standard of one serving of each food group [5]

SM), Servings of Meats and

One serving of each food group Nutrients (g) Calories(kcal)
Carbohydrate Protein Fat

Grains and Starches 15 2 + 70
Vegetables 5 1 0 25

Fruits 15 + 0 60

Milk 12 8 4 120

Meats and Proteins + 7 5 75

Fats 0 0 5 45

Note + means minute quantity
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Proteins (SMP), and Servings of Fats (SF), are defined in the fuzzy concept
Servings of Six Food Groups each Portion (SSFGP). In the fuzzy set layer, there
are three fuzzy sets, including Calories each Portion Low (CPL), Calories each
Portion Medium (CPM), and Calories each Portion High (CPH), defined to
describe the linguistic meaning of calories of the food item.

e Fuzzy Personal Food Ontology

According to [5], the daily calories that a person needs to digest are mainly
decided according to his/her age, weight, height, and physical activity. For
example, if a man aged 19-30 likes outdoor sport, such as swimming, hiking,
playing tennis, and so on, then his daily physical activity is high and caloric
requirement should be about 2700 kcal. With this information, the dietician plans
that this man should digest 4 servings of grains and starches group, 5 plates of
vegetables group, 4 servings of fruits group, 2 glasses of milk group, 8 servings of
meats and proteins group, and 8 servings of fats group per day. However, some-
times the consumed calories are not exactly equal to the planned ones so that some
people need to gain weight and others lose weight, instead. In this chapter, we
divide one-day meals into breakfast, lunch, and dinner in order to simplify the
problem. With planned servings of daily calories from the six food groups, planned
daily calories needs, planned percentage of daily calories from nutrition, and three-
meal actual eaten items, the possibility of daily healthy level diet can be known.

With the above-mentioned knowledge, the fuzzy personal food ontology,
shown in Fig. 2, is constructed to describe personal planned calories and one-day
actual eaten items. The domain name is fuzzy personal food. There are two cat-
egories, Planned Healthy Diet Goal and Actual Diet, in the category layer defined
in this ontology. In addition, the fuzzy concept layer contains six fuzzy concepts,
including Planned Servings of Daily Calories from Six Food Groups, Planned
Daily Calories Needs, Planned Percentage of Daily Calories from Nutrition,
Actual Eaten Items at Breakfast, Actual Eaten Items at Lunch, and Actual Eaten
items at Dinner. The fuzzy variables, Planned Percentage of Carbohydrate, Plan-
ned Percentage of Protein, and Planned Percentage of Fat, are defined for
the concept Planned Percentage of Daily Calories from Nutrition. The fuzzy
sets, “PCC_Low, PCC_Medium, PCC_High”, “PCP_Low, PCP_Medium,
PCP_High”, “PCF_Low, PCF_Medium, PCF_High”, “PCR_Low, PCR_Medium,
PCR_High”, and “FGB_Low, FGB_Medium, FGB_High,” are defined to describe
the linguistic meaning of Percentage of Calories from Carbohydrate (PCC), Per-
centage of Calories from Protein (PCP), Percentage of Calories from Fat (PCF),
Percentage of Caloric Ratio (PCR), and Food Group Balance (FGB), respectively.
Based on the information from PCC, PCP, PCF, PCR, and FGB, the Dietary
Healthy Level (DHL) can be obtained.
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2.2 Type-2 Fuzzy Set

Because the words mean different things to different people, T2FLS has the
potential to provide better performance than a type-1 FLS (T1FLS) when such
linguistic uncertainties are presented [15]. A T2FS A is characterized by a type-2
membership function p; (x,u) where x € X, u € J, C [0, 1], and A is denoted by
Eq. 1 [9]. A can also be expressed by Eq. 2 for discrete universes of discourse.
When all pi; (x, u)=1, then A is an interval T2FS (IT2ES) [9, 15, 17]. Figure 3 shows
an example of type-2 fuzzy set A which is with the upper bound of FOU(A), called
Ay, and the lower bound of FOU(A), called A;. A is represented by the following
parameters on the x-axis {I, iy, m,, 7} = {[Ip, my,,m,, rc], [lu, my,,m.,, ry]}. Ay
and Ay, are defined in Eqs. 3 and 4, respectively [9]. Unlike a type-1 fuzzy set whose
membership degree is a crisp value in [0, 1], a type-2 membership grade can be
described as any fuzzy subset in [0, 1]. This fuzzy subset is called the primary
membership. And, for each primary membership, there is a secondary grade that
defines the possibility for the primary membership [9, 15, 17].

A = {((x,u), 3 (x,u))|Vx € X,Vu € J, C [0,1]} (1)
A=)/ (x ) (2)
xeX uel;
O, x<ly
(x = ly)/(my, — ly),ly <x<my,
Ay (x) = [ly,my,,mp,,ry] = < 1, my, <x<my, (3)
(rv —x)/(ru —my,),my, <x<ry
0, x>ry
0, x<lp,
Blx = 1p)/(my, = 1), L <x<my,
Ap(x) = [lp,my ,my 1] = < B,omy, <x<my, (4)
ﬁ(rL _x)/(rL - mrL)7mrL <x<rg
0, x>r

Fig. 3 Example of type-2
fuzz set [9]
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2.3 Type-2 Fuzzy Markup Language

Fuzzy Markup Language (FML) is a fuzzy-based markup language that can
manage fuzzy concepts, fuzzy rules, and a fuzzy inference engine [1, 2]. The fuzzy
knowledge base contains the domain knowledge used by human experts. The fuzzy
rule base represents the set of relations among fuzzy variables and fuzzy sets
defined in the controller system. The inference engine is the fuzzy controller
component able to extract new domain knowledge from fuzzy knowledge base and
fuzzy rule base [1]. Additionally, FML is composed of three layers—an Extensible
Markup Language (XML), a document-type definition, and extensible stylesheet
language transformations. It is also one of the most important results because it
allows fuzzy scientists to express their ideas in an abstract and interoperable way
by improving their productivity and, at the same time, increasing the average
quality of their works [2]. There has been considerable research on FML appli-
cations, such as Lee et al. [11, 19] applied FML to dietary domain, and Wang et al.
[20] applied to Electrocardiogram (ECG) domain to express the ECG’s knowledge
base and rule base between before and after examinations. In order to allow FML
to model type-2 FLCs in a transparent way, an extension of FML, named type-2
FML (T2FML), dealing with type-2 fuzzy sets, is defined [11]. In particular, since
FML is a markup language, its extension is realized by adding some tags and
attributes useful to model type-2 fuzzy sets and the inference features of a type-2
FLC. The definitions of the tags are described as follows: [11]:

e <FuzzyController>: The root of fuzzy controller taxonomy, the Controller
node, is represented through the FML tag <FuzzyController> . Such tag rep-
resents the root tag of T2FML programs, that is, the opening tag of each T2FML
program.

¢ <KnowledgeBase>: The fuzzy knowledge base is defined by means of fuzzy
concepts used to model the fuzzy rule base. In order to define the type-2 fuzzy
concept related controlled system, <KnowledgeBase> tag uses a set of nested
tags:

— <Type2FuzzyVariable>: This tag is used to define the type-2 fuzzy concept.

— <Type2FuzzyTerm>: This tag is used to define a linguistic term describing
the type-2 fuzzy concept, nested in <Type2FuzzyVariable> tag.

— <Type2TriangularShape>, <Type2PIShape>, <Type2Gaussian-
Shape>, <Type2LinearShape>, <Type2Trapezoid-

Shape>, <Type2SShape>, <Type2ZShape>: These tags are used to define
the shape of a type-2 fuzzy set, including the shape of triangular, PI,
Gaussian, linear, trapezoid, S, or Z.

— <UMF> and <LMF>: Every shaping tag uses these two nested tags to define
the upper membership function (UMF) and the lower membership function
(LMF) of a term of type-2 fuzzy concept, represented by two type-1 fuzzy
sets. The number of these attributes depends on the shape of the chosen fuzzy
set.
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e <RuleBase>: The root of fuzzy rule base component is modeled by
the <RuleBase> tag.

— <Rule>: Define the single rule.

— <Antecedent> and <Consequent>: These two tags are used to define the
antecedent and consequent rule parts, respectively.

— <Clause>: This tag is used to model the fuzzy clauses in antecedent and
consequent parts.

— <Variable>, <Term>, and <TSKParam>: The pair “<Variable> ,
<Term>" is used to define fuzzy clauses in antecedent and consequent parts of
Mamdani controllers rules as well as in antecedent part of TSK controllers rules.
While, the pair “<Variable>, <TSKParam>" is used to model the consequent
part of TSK controllers rules.

3 T2FML-Based Fuzzy Inference Mechanism for Dietary
Assessment

This section utilizes the predefined fuzzy food ontology and fuzzy personal food
ontology to perform the T2FML-based fuzzy inference mechanism for dietary
assessment. The system structure is first introduced in Sect. 3.1, then some con-
sidered factors for dietary healthy level, T2ZFML view of the dietary assessment,
and type-2 fuzzy inference mechanism are described in Sects. 3.2, 3.3, and 3.4,
respectively.

3.1 System Structure

Figure 4 shows the structure of the T2FML-based fuzzy inference mechanism for
dietary assessment and it operates as follows [21]:

Step 1. The ingredients extraction mechanism retrieves the nutrition facts of each
eaten item from the food ontology.

Step 2. The nutrients analysis mechanism diagnoses the percentage of calories
from carbohydrates, proteins, and fats for one meal.

Step 3. The calorie computation mechanism calculates the caloric difference
between actual calories people consume and planned caloric intake set by
dieticians.

Step 4. The balance evaluation mechanism is to consider the balance of six food
groups. That is, the more variety the eaten food contains, the more bal-
anced the eaten food is.

Step 5. The type-2 fuzzy inference mechanism infers the dietary healthy level of
the eaten food based on the predefined ontology and the outputs from steps
1 to 4.
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Fig. 4 System structure [21]

Step 6. Finally, the dietary healthy level is stored into the dietary assessment
repository and validated by the dieticians to evaluate the performance of
the proposed approach.

3.2 Considered Factors for Dietary Healthy Level

PCC, PCP, PCF, PCR, and FGB of everyday meals are acquired from the collected
meal records and the pre-defined type-2 fuzzy food ontology. The detailed
information about these five fuzzy variables is described as follows:

e PCC, PCP, and PCF

In order to support one-day energy, it is necessary to consume the required calories
via the everyday diet. However, the main source of the calories is decided by the
fact of how many grams of the carbohydrate, protein, and fat the food contains. As
a result, to eat healthily, it is necessary for people to consider the balance of these
three main nutrients, namely the carbohydrate, protein, and fat, when consuming
your one-day meals. For this reason, this chapter sets PCC, PCP, and PCF to
represent the percentage of calories from carbohydrate, protein, and fat, respec-
tively. According to [5, 8], it indicates that (1) the suggested percentages of the
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daily intake for carbohydrate, protein, and fat are 55~65 %, 10~20 %, and
25~35 %, respectively, and (2) the contained calories for each gram of the car-
bohydrate, protein, and fat are 4 kcal, 4 kcal, and 9 kcal, respectively. Hence, the
values of PCC, PCP, and PCF are defined in Eqs. 5, 6, and 7, respectively [13, 14].

Contained Grams of Carbohydrate x 4

PCC =
Total Consumed Carloies

x 100% (5)

_ Contained Grams of Protein x 4

PCP = x 100% (6)

Total Consumed Carloies

Contained Grams of Fat x 9
PCF = 100 7
Total Consumed Carloies % @ ()

e PCR

In addition to considering the balance of the three main nutrients, the ratio of
actual calories people consume to the planned caloric intake set by nutritionists is
also an important factor to affect the healthy diet, especially for the fat and the
slim. According to the involved domain experts’ opinions, the one-day actually
consuming calories for common people should be between 90 and 110 % of the
planned calories set by the dieticians. The domain experts set a planned goal for
each person according to individual’s height, weight, and daily physical activities.
Based on the planned goal and the actual acquiring energies, the value of PCR is
obtained by Eq. 8 [13, 14].

Actual Consuming Calories

PCR x 100% (8)

" Planned Consuming Calories

e FGB

The balance of six food groups is the most important factor to decide how much at
healthy level the eaten meals are. This is because the lack of some beneficial
nutrients for our bodies such as fiber cannot be known if we only consider the
balanced intake of carbohydrate, protein, and fat. So, in addition to planning the
daily calories, dieticians also plan one-day unique consuming servings of each
food group for each person. Moreover, the contained quantity of sugar also affects
the balance of intake-in food. Owing to the present-day living style, most people
purchase processed foods as their usual meals from shopping malls. However,
unfortunately, processed foods frequently contain much more sugar than natural
foods, and this is harmful to our bodies. The suggested percentage of the daily
sugar intake is less than 10 % of the planned caloric intake each day. The value of
FGB is calculated by Eq. 9 [13, 14].
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FGB = BLGrains&Slarches + BLVegelables + BLFruits + BLMilk + BLMeats&Proteins
+ BLFats - CLSugar

©)

where (1) BLGrains&Slarchess BLVegetabless BLFruits’ BLMilk’ BLMeats&Proteinsa and BLFats
represent the balanced level of the food groups grains and starches, vegetables,
fruits, milk, meats and proteins, and fats, respectively. The higher the value, the
healthier the meals are; (2) CLgyg, denotes the contained level of sugar for the
meals. The lower the value, the healthier the meals are; and (3) FGB value lies in
the interval [0, 6] [13, 14].

3.3 T2FML View of Dietary Assessment

Based on the T2FML, a T2FML editor, developed by the Ontology Application
and Software Engineer (OASE) Laboratory, National University of Tainan
(NUTN), Taiwan, is used to construct the knowledge base and rule base of the
T2FML-based fuzzy inference mechanism for dietary assessment. The knowledge
base describes fuzzy concepts, including fuzzy variables, fuzzy terms, and mem-
bership functions of fuzzy sets. And, the rule base describes the fuzzy rule sets,
including the antecedent and consequent rules. Figure 5 shows the controller tree
of T2FML-based fuzzy inference mechanism for dietary assessment. Table 2 lists
the partial knowledge base and rule base of the proposed system. It has five input
fuzzy variables—PCC, PCP, PCF, PCR, FGB, one output fuzzy variable DHL, and
243 fuzzy rules. Each fuzzy variable has several fuzzy terms.

3.4 Type-2 Fuzzy Inference Mechanism

How to embed domain experts’ knowledge into the design of the fuzzy rules is an
important issue. The involved dieticians consider that the FGB plays the most
important role on the dietary healthy level. But, FCR is as important as FGB when
people who are losing weight or gaining weight are neglected. As for PCC, PCP,
and PCF, generally speaking, these three factors are equally important, but the
dietary healthy level becomes lower when PCF is not within the balanced range.
Eventually, the involved domain experts determine that the fuzzy relation ratio of
PCC:PCP:PCF:PCR:FGB is 1:1:2:3:3. Table 3 shows fuzzy relation of each input
fuzzy variable. Take one fuzzy rule as example. Assume there is one fuzzy rule,
and the if-part is “IF PCC is Medium AND PCP is Medium AND PCF is Medium
AND PCR is Medium AND FGB is Medium.” Computed by Eq. 10, this fuzzy
rule’s score (S) can be obtained according to Table 3. After the normalization, the
normalized rule score (Sy) is acquired by Eq. 11, where S, and Siyax are the
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Fig. 5 Controller tree

minimum and maximum rule scores, respectively. Based on the normalized rule
score, the then-part of the fuzzy rule could be determined by Table 4. Finally, the
completed fuzzy rule is represented as “IF PCC is Medium AND PCP is Medium
AND PCF is Medium AND PCR is Medium AND FGB is Medium THEN DHL is
VeryHigh” [13, 14].

S_lx2+lx2+2x2+3x2+3x1_

1.7 10

I1+14+24+34+3 (10)
S_Smin

Sy =—=0.83 11

N Smax_Smin ( )

DHL is then inferred by carrying out the proposed method to indicate how
much healthy, namely very high, high, medium, low, or very low, the eaten meals
are. Type-2 fuzzy inference mechanism for dietary assessment is composed of five
components, including type-2 fuzzy ontology, fuzzifier, inference, type reducer,
and defuzzifier [15]. Herein, the type-2 fuzzy ontology stores the established
knowledge base and rule base that are provided by domain experts. Additionally,
the Karnik—Mendel (KM) algorithms [15] are used to compute the centroids of
type-2 fuzzy sets. Figures 6a—f show the type-2 fuzzy sets for fuzzy variables
PCC, PCP, PCF, PCR, FGB, and DHL, respectively. Table 5 shows parameters of
the T2FSs for fuzzy variables PCC, PCP, PCF, PCR, FGB, and DHL [21].
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Table 2 Partial knowledge base and rule base of the proposed system

<?xml version = “1.0”?>
<FuzzyController ip =“localhost” name = “”>
<KnowledgeBase>

<Type2FuzzyVariable domainleft = “0” domainright = “100” name = “PCC”

scale = “percentage” type = “input”>

<Type2FuzzyTerm name = “Low” hedge = “Normal”>
<Type2TrapezoidShape>
<UMF Paraml = “0” Param2 = “0” Param3 = “35” Param4 = “50”/>
<LMF Paraml = “0” Param2 = “0” Param3 = “35” Param4 = “40”/>

</Type2TrapezoidShape>
</Type2FuzzyTerm>
</KnowledgeBase>
<RuleBase activationMethod = “MIN” andMethod = “MIN” orMethod = “MAX”
name = “RuleBasel” type = “mamdani”>
<Rule name = “Rulel” connector = “and” weight = “1” operator = “MIN”>
<Antecedent>
<Clause>

<Variable>PCC </Variable>
<Term>Low </Term>
</Clause>

<Clause>
<Variable>DHL </Variable>
<Term>VeryLow </Term>
</Clause>
</Consequent>
</Rule>

</RuleBase>
</FuzzyController>

Table 3 Fuzzy relation of each input fuzzy variable [13, 14]

No. Fuzzy variable Fuzzy relation weight Fuzzy term (Fuzzy term weight)

1 PCC 1 Low (1) Medium (2) High (1)
2 PCP 1 Low (1) Medium (2) High (1)
3 PCF 2 Low (1) Medium (2) High (0)
4 PCR 3 Low (1) Medium (2) High (1)
5 FGB 3 Low (0) Medium (1) High (2)
Table 4 Sy range of the output fuzzy variable [13, 14]

Fuzzy term Very low Low Medium High Very high
Sy Range [0, 0.2] 0.2, 04] (0.4, 0.6] (0.6, 0.8] (0.8, 1.0]
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Fig. 6 T2FSs for fuzzy variables (a) PCC, (b) PCP, (¢) PCF, (d) PCR, (e) FGB, and (f) DHL
4 Simulation Results

The system was implemented with the Microsoft Visual Studio C# programming
language. We have conducted several experiments focusing on people who are
aged from 20- to 30-years old and with the average levels of physical activity.
Seven students of OASE Lab. of NUTN in Taiwan were involved in this exper-
iment. They recorded their three meals from Monday to Friday for 20 days. The
research performance presented in this chapter is a research project involving with
NUTN and National Cheng Kung University Hospital in Taiwan.

Three factors, including PCR, FGB, and FR (Fuzzy Rule), are considered in the
experiment to evaluate the performance of the proposed approach. Each factor has
two different conditions, so totally eight main experiments are shown in Table 6.
In addition, three domain experts, including DE;, DE,, and DE;, are invited to
involve this research project. Because each domain expert is requested to give his/
her own opinions on FGB, Table 6 shows that Exps. 3, 4, 7, and 8 are with four
sub-experiments, where A and B denote that input of the factors are gained by
using the proposed approach in [21] and in this chapter [13], respectively. DE;,
DE,, and DE; are responsible for providing his/her own opinions on FGB in (1)
Exps. 3-1, 4-1, 7-1, & 8-1, (2) Exps. 3-2, 4-2, 7-2, & 8-2, and (3) Exps. 3-3, 4-3,
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Table 5 Parameters of the T2FSs
Fuzzy variable Linguistic term Parameters of the T2FSs of the x-axis

([, my, my,, r), [ly, my,, my,, ryl}

PCC

PCP

PCF

PCR

FGB

DHL

Low ([0, 0, 35, 401, [0, 0, 35, 501}

Medium {[45, 50, 55, 601, [35 50 55 65]}

High {[65, 70, 100, 1001, [60, 70, 100, 1001}
Low {[0, 0, 5, 101, [0, 0, 5, 151}

Medium {[10, 15, 20, 251, [5, 15, 20, 301}

High {[25, 30, 100, 1001, [20, 30, 100, 100]}
Low ([0, 0, 10, 151, [0, 0, 10, 201}

Medium {[15, 20, 25, 301, [10, 20, 25, 35}
High ([35, 40, 100, 100], [30, 40, 100, 100]}
Low ([0, 0, 70, 801, [0, 0, 70, 901}

Medium {[80, 90, 110, 1201, [70, 90, 110, 130]}
High {[120, 130, 200, 2001, [110, 130, 200, 2001}
Low ([0, 0, 2, 2.51, [0, 0, 2, 3]}

Medium ([2.5,3, 4, 451, [2, 3, 4, 51}

High ([45, 5, 6, 6], [4, 5, 6, 6]}

VeryLow {10, 0, 2, 2.51, [0, 0, 2, 31}

Low ([2.5, 3, 4, 451, [2, 3, 4, 51}

Medium {[45,5, 6,651, [4,5, 6, 71}

High {165, 7, 8, 851, [6, 7, 8, 91}

VeryHigh ([8.5, 9, 10, 101, [8, 9, 10, 101}

Table 6 Experiments under different conditions

Factor Exp. No

1 2 3-1 ~ 34 4-1 ~ 44 5 6 7-1 ~ 7-4 8-1 ~ 84
PCR A A A A B B B B
FGB A A B B A A B B
FR A B A B A B A B
Note  FR means the abbreviation of the fuzzy rule

A means to use the method proposed in [21] to obtain PCR, FGB, and FR

B means to use the method proposed in this chapter to obtain PCR, FGB, and FR, that is,
the method in [13]

The difference between (1) Exps. 1 & 5, (2) Exps. 2 & 6, (3) Exps. 3 & 7, and (4) Exps. 4
& 8 is PCR

The difference between (1) Exps. 1 & 3, (2) Exps. 2 & 4, (3) Exps. 5 & 7, and (4) Exps. 6
& 8 is FGB

The difference between (1) Exps. 1 & 2, (2) Exps. 3 & 4, (3) Exps. 5 & 6, and (4) Exps. 7
& 8 is FR

7-3, & 8-3, respectively. FGB comments in Exps. 3-4, 4-4, 7-4, and 8-4 are
acquired by averaging three involved domain experts’ opinions and DE,,, is used
to represent this virtual domain expert. In addition, we use mean square error
(MSE), calculated by Eq. 12, to evaluate the performance of the proposed method.
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1 o
MSE = — Y, - Y 12
PIUEED (12)

where, Y; represents the inferred results via the type-2 fuzzy inference mech-
anism, Y ; denotes the desired output recommended from the dieticians, and # is the
number of the meal records.

Table 6 indicates that the difference between Exps. 1 & 5 and Exps. 2 & 6 is PCR,

and the difference between Exps. 1 & 2 and Exps. 5 & 6 is FR. Therefore, Fig. 7a
shows that the considered factor for the dotted lines and the solid lines is PCR.
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Figure 7a also shows that the considered factor for the marked-cross lines and the
marked-triangular lines is FR. From the curves in Fig. 7a, they indicate the MSE of
the solid lines is smaller than the one of the dotted lines, showing that using the
proposed method in this chapter to consider the calories people consume too much
more or fewer than the planned caloric intake set by nutritionists can get much
smaller MSE. Figure 7a also shows that the MSE of the marked-crossed lines is
smaller than the one of the marked-triangular lines, which demonstrating that using
the method proposed in this chapter to construct the fuzzy rules can get the much
better performance, especially for T1FLS. Table 6 indicates that the difference
between Exps. 1 & 3 and Exps. 6 & 8 is FGB. Therefore, Fig. 7b shows that the MSE
of Exp. 3 is much smaller than the one of Exp. 1, and the MSE of Exp. 8 is also much
smaller than the one of Exp. 6, demonstrating that the performance of considering
the FGB method proposed in this chapter is much better. For most points in Fig. 7c,
the MSE of the solid lines is smaller than the one of the dotted lines under the same
experiment’s condition, which means that there is a tendency for the MSE to get
down when T2FLS is used to implement all of the experiments.

5 Conclusions

In this chapter, a type-2 FML-based dietary assessment system is proposed. Based
on the viewpoint from dieticians, the percentage of calories from carbohydrate, the
percentage of calories from protein, the percentage of calories from fat, and six
food groups balance, are considered as one of the features to evaluate if the eaten
food is healthy or not. From the experimental results, it shows that type-2 FLS
performs better than type-1 FLS, proving that type-2 FLS can provide a powerful
paradigm to handle the high level of uncertainties present in diet. Additionally,
owning to the change in the lifestyle, more and more processed food is generated
to meet modern-people’s requirements. However, natural food like fresh fruit juice
is much healthier than processed food like packaged fruit juice even though they
are with the same provided calories and nutrients. This is because valuable
nutrients contained in raw food are definitely partially washed away after the food
is processed. Consequently, the food-processed level and the genetic learning
machine will be considered to improve the experimental results in the future.
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