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Abstract When human experts express their ideas and
thoughts, human words are basically employed in these
expressions. That is, the experts with much professional
experiences are capable of making assessment using their
intuition and experiences. The measurements and inter-
pretation of characteristics are taken with uncertainty,
because most measured characteristics, analytical result,
and field data can be interpreted only intuitively by experts.
In such cases, judgments may be expressed using linguistic
terms by experts. The difficulty in the direct measurement
of certain characteristics makes the estimation of these
characteristics imprecise. Such measurements may be dealt
with the use of fuzzy set theory. As Professor L. A. Zadeh
has placed the stress on the importance of the computation
with words, fuzzy sets can take a central role in handling
words [12, 13]. In this perspective fuzzy logic approach is
offten thought as the main and only useful tool to deal with
human words. In this paper we intend to present another
approach to handle human words instead of fuzzy
reasoning. That is, fuzzy regression analysis enables us
treat the computation with words. In order to process
linguistic variables, we define the vocabulary translation
and vocabulary matching which convert linguistic expres-
sions into membership functions on the interval [0-1] on
the basis of a linguistic dictionary, and vice versa. We
employ fuzzy regression analysis in order to deal with the
assessment process of experts’ from linguistic variables of
features and characteristics of an objective into the
linguistic expression of the total assessment. The presented
process consists of four portions: (1) vocabulary transla-
tion, (2) estimation, (3) vocabulary matching and (4)
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dictionary. We employed fuzzy quantification theory type 2
for estimating the total assessment in terms of linguistic
structural attributes which are obtained from an expert.
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1

Introduction

As Professor L. A. Zadeh has placed the stress on the
importance of the computation with words, fuzzy sets can
take a central role in handling words [12, 13]. In this
perspective fuzzy logic approach is offten thought as the
main and only useful tool to deal with human words. In
this paper we intend to present another approach to
handle human words instead of fuzzy reasoning. That is,
fuzzy regression analysis enables us treat the computation
with words.

We intend to abstract the latent structure under the
relations between words. Human words can be trans-
lated into fuzzy sets such as fuzzy numbers, which is
employed in a fuzzy controller. If it is possible such
as fuzzy control to formulate a dictionary between
fuzzy number and a word, we can build the rela-
tions under the data in terms of fuzzy regression
analysis.

Consequently, only experts with much professional
experiences are capable of making assessment using their
intuition and experiences. The measurements and inter-
pretation of these characteristics are taken with
uncertainty, because most measured characteristics,
analytical results, and field data can be interpreted only
intuitively by experts. In such cases, judgments may be
expressed by experts with linguistic terms. The difficulty in
the direct measurement of certain characteristics makes
the estimation of these characteristics imprecise. Such
measurements may be dealt with the use of fuzzy set
theory [2, 9-11].

Watada, Fu and Yao [4, 5] proposed a model of damage
assessment by using the information given by experts
through fuzzy multivariate analysis.

In order to process linguistic variables, we define the
vocabulary translation and vocabulary matching which
convert linguistic expressions into membership functions
on the interval [0-1] on the basis of a linguistic dictionary,
and vice versa. We employ Fuzzy Regression Analysis [2, 6]
in order to deal with the assessment process [7, 8] of ex-
perts’ from linguistic variables of features and character-
istics of an objective into the linguistic expression of the
total assessment.
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Table 1. Linguistic data given

by experts Training Linguistic variables Linguistic
sample objective
1 L;(1) Li(1) Lk (1) Lo(1)
L;(2) Li(2) - Lk (2) Lo(2)
3 “good” “bad” e “very bad” “bad”
® Li(@) Li(w) o Lg(@) Lo(w)
n Ly (n) Li(n) o Li(n) Lo(m)
2 linguistic expressions L; and fuzzy grades Uy,. If we obtain

Linguistic variable and vocabulary matching

In making assessments, experts often (a) evaluate various
features and characteristics, and (b) assess the objective in
a linguistic form. For instance, though it is possible to
measure the production volume, it is difficult to analyti-
cally interpret the numerical value in terms of its influence
of this amount on the future decision making.

On the other hand, experts may be able to express (a)
the effect of a given sales trend as “good” or “not good”,
and (b) the total assessment or state in a linguistic form
such as “very good”, “good” or “not good” as shown in
Table 1.

Consider the simplest possible value such as production
volume. Let L be a linguistic variable which can have
values in the set X. As examples of such a variable, let us
consider a production volume as well as the number of
visiting customers.

Lyolume (production)is/extremely bad/

Lyumber (Visiting customers)is/bad/

where subscripts (number) in Liysiting customers) denote the
state of a visiting customers.

These expressions “good”, “bad”, “extremely bad” can
be defined with fuzzy grades on [0,1] such as U ggoq),
U bad)> Ulextremely bad)- Denote 7 as a possibility distribution.
We can identify the possibility of the state of a sales trend
with the degree of its descriptive adjective on [0,1]. For
example,

T mumber) (visiting customer) = 7(sate) (the number)

= U(extremelybad)

Define the dictionary of descriptive adjectives in which a
descriptive adjective corresponds with its fuzzy grade on
[0, 1].

The objective of this study is to model the experts’
assessment process through which experts might evaluate
the possibility of sales trend L on the basis of states of its
features and characteristics L;(i = 1, 2,. .., K), where these
values L and L; are expressed in a linguistic form. In other
words, we intend to determine the linguistic assessment
process F of linguistic variable L;,L,, ..., Lk, which
produces a linguistic value of an objective Z. It can be
written in the form

Z:F(L13L27"'7LK) (1)

» o«

We define the descriptive adjectives “extreme”, “very”,
and so on. Let us make a dictionary for corresponding

the assessment L;(i = 1,2,...,K), L; is understood in
terms of Uy, through the dictionary build by experts. Let
us divide this linguistic assessment process F into three
portion:

(1) translation of attributes form linguistic values L; into
fuzzy grades Uy,

Uy, = (u;,c, ¢

i v

where u; denotes the central value with grade 1, cf left side
fuzziness and c] right side fuzziness, respectively.

(2) estimation of total damage by the fuzzy assessment
function

V =f(Uy,Uy,..., Uy (2)

which produces a fuzzy grade V in terms of fuzzy grades of
attributes Uy, where a suffix L is not attached to V because
it is unknown, and the detail of this calculation is
explained in Sect. 3.

(3) linguistic matching of the fuzzy grade of the objective
with the dictionary wherein the linguistic value Z is
decided for the objective.

Let us define the vocabulary matching by using the
following minimax calculation

Zy ~ Imax {mtax py () /\ #W,-(t)} (3)
where Zy ~ maxw,ep f(W;) denotes that Z, is the word in
D which realizes the maximum value of f, uy denotes a
membership function of V, and py, denotes a membership
function of a word W; as included in the dictionary D. This
procedure is illustrated in Fig. 1. We assign a word L,
“very bad” to the fuzzy grade of the total assessment V
showed a dotted line in Fig. 2.

3

Determination of Fuzzy Regression Model

After the model of experts’ assessment process is for-
mulated, it is desirable to determine the fuzzy assessment
function f of the total assessment as shown in Fig. 2.
This is a fuzzy function with which K fuzzy grades of
attributes, U, can be transformed to one fuzzy grade of
its total assessment, V. We must determine this fuzzy
regression model on the basis of training data

o(w =1,2,...,n) as given by experts in order to mimic
experts’ assessment process. Let us employ the method
proposed as Fuzzy Quantification Theory Type 1 by
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Watada, Tanaka and Asai [6] for determining this fuzzy
regression model f.

Table 1 shows the training data given in linguistic form
by experts. This data in Table 1 is translated into data of
fuzzy grades in terms of the dictionary (see Table 2). In
Table 2, the fuzzy grades of attributes i and of the total
damage of sample structures  are denoted by Uy, (w) and
Vi, (w), respectively where i = 1,2,...,K and
w=1,2,...,n. We should note that the model is
estimated using given linguistic data Lo, L, dots, Lg.

Assume that all fuzzy grades have triangular shapes
which are normal and convex. We employ a fuzzy linear
function for a fuzzy regression model f as

Table 2. Fuzzy data translated

Vi, = f(Ur,,UL,,...,UL)
K
:ZAiULi(w) w=12....n (4)
i=1

It is noted that Vy, is given value instead of V is estima-
tion.
Using n relation of training samples

K
Vi (0) =) AUL(0) o=12,..,n (5)
i=1

We must specify the best fuzzy parameters A; in terms of
these relations. Two criteria are employed in order to
define the goodness of the fuzzy linear function. One
criterion is fitness of the fuzzy regression model, A, and
the other is fuzziness included in the fuzzy regression
model, S.

(i) Fitness

Assumed that an estimated values Vi, (@) is obtained by the
fuzzy linear function f, fitness b(w) of Yo(w) to a sample
value Y(®) is Vi, (w) to a sample value Vi, (w) is defined by

h(@) =\ { ity ) \ Prat )} (6)

YER

(ii) Fuzziness
The fuzziness $* included in the fuzzy function at a-level is

defined by
K
§ =) (@—a) (7)
i1
where @; and a; are numbers which specify an a-level set
A% ie,
Af = [ai, ai (8)
In this paper, we deal with triangular fuzzy numbers. Note
that

Al =[ai—(1- a)ch, ai+ (1 — a)ch]

1

as A? is defined by

A; = (a;, cf, c;)

Note that these two indices of fuzziness and fitness are
incompatible with each other. The higher fitness we seek,
the resulting model will be.

Training Fuzzy grade of variables Fuzzy grade of
Sample the objective
1 Ur, (1) U (1) U (1) Vi, (1)

Uy, (2) Uy, (2) Uy, (2) Vi, (2)
3 (0.4,0.15,0.15) (0.6,0.15,0.15) (0.8,0.15,0.15)  (0.6,0.15,0.15)
@ Uy, () Uy, () Uy, (@) Vi, (@)
n Uy, (n) Uy, (n) U, (n) Vi, (n)
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3.1

Formulation of the problem

We formulate a fuzzy assessment function by minimizing
its fuzziness S under the constraints that an estimated fuzzy
grade of structural of total damage of each sample is fit to
the fuzzy grade given by experts with the fitness greater
than or equal to the given value h°, called fitness standard.

Problem
If data are given such as that listed in Table 2, the problem
is to determine a fuzzy linear function

Vi, (0) = Z Ai-Up() (9)

which minimizes the fuzziness

(10)
under the conditions that
h(w) = \/ {ML(,U)(y)/\uLo(w>(,‘V)} > w=1,2,....n

y€R
(11)

where h(w) indicates the fitness of the estimated value
with respect to a sample @ and h° denotes the fitness
standard, and @; and a; are defined as
Al = i@ (12)
Note that we will employ triangular approximation for
calculation of fuzzy number in this paper, although the
precise calculation has been obtained in Tanaka, Watada
and Asai [3].

That is, the membership function py (y) of the fuzzy
grade of structural total damage V, can be obtained
through extension principle to

tv,(y) = \/
y:Ztiui !
0<t:<1

0Zu; <1

S

INOYNAD)

1

(tiui)

(13)
When the value Vi, (w) given Eq. (9) is obtained, Eq. (9)
enables us to define its membership function using
parameter t; for A; and parameter u; for L; of Eq. (9).

3.2
The fuzzy grade
In this section, we discuss the heuristic method to deter-
mine a fuzzy assessment function by using non-fuzzy
grades of assessment attributes, i.e., U; are fuzzy numbers
in [0, 1].

According to the sign of A;, the production of fuzzy
number A; and Uy, is given in the following three cases:

(i) In this case where a; > a; > 0

0
(AUL)" = |au;, @)

(14)

(ii) In this case where @; < a; <0

(AUL)" = [, G

(15)
(iii) In this case where a; < g; <0

()" = [am, au] (16)
It is difficult to solve analytically this problem. Therefore,
we employ the heuristic approach for solving the problem.
The procedure is as follows.

An o-level set of the fuzzy degree of a structural attri-
bute Uy, (i = 1,2,...,K) at h° is assumed to be denoted by
Eq. (12).

Step 1
Let the trial count » = 1 and let

hO
(A§r>ULi> = [Qgr)ui, Ef-r)ul}
Determine Egr), ggr)~(i =1,2,5,K) by the liner pro-
graming to minimize the fuzziness S defined by Eq. (10).
Step 2

() ifa”,"a"” > 0, let

i

h() - -
(A(””Uh) — [a"™ Yy, g (17)

1

(i) If !, 7@ <0, let
hO - -

(Agr+l)ULi) = a(r+l)ﬁi, a(-r+l>u.

(iii) If a!” <0 <@, let

i

hO - -
(A(rﬂ)ULi) _ gl(rﬂ)ﬁi’ a§r+1)ﬁi

(18)

(19)

1

Step 3
Determine @', a"™ (i = 1,2,...,K) by the liner pro-
graming to minimize the fuzziness S under the constraints

K
(9) according to the judgement of (AEHUUL{) in STEP2.

Step 4
If a"a™ > 0and @"a"™" > 0(i=1,2,...,K) then go
to STEP 6. Otherwise, let r = r + 1 and go to Step 5.

Step 5
If the trial count r is not beyond the maximum, then go to
STEP 2. Otherwise, go to Step 6.

Step 6
Terminate the procedure.

4

An lllustrative Example

Let us illustrate our model by applying it to a example of
expert’s damage assessment of a structure. In real damage
assessment of existing structures, we have to inspect many
portions of the structure for the detection of various
defects concerning with structural damage and non-
structural damage. We shall also analyze collection of
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instrumental records such as acceleration data. Sometimes
historical records of the structure plays an important role
in damage assessment. Moreover, its expected loading and
environmental condition in future must be considered in
forecasting possible failures of the structure. An over-
loaded structure is required to maintain greater strength
than that required in normal usage. For instance, this
relation between the present state of a structure and the
expecting loading and environmental condition can be
illustrated as in Fig. 4.

regression model

In this example, a simplified case is considered for the
sake of the clarity in illustration. We will deal with only a
small portion of a structure, say a beam. We are asked to
model the expert’s procedure of the total damage assess-
ment of this portion of a structure. For this purpose, let us
consider (1) cracking state, (2) corrosion state, and (3)
expecting loading and environmental conditions to decide
its total damage. Table 3 shows a dictionary of linguistic
values and their fuzzy numbers employed in expressing
the conditions of their attributes and the total damage, and
Fig. 5 illustrates their fuzzy numbers.

Assume that sixteen training samples are given, which
experts have evaluated their total damages and the con-
ditions of their attributes in linguistic form as shown in
Table 4. As illustrated in Table 5, these linguistic values
given in Table 4 are translated into fuzzy numbers through
the vocabulary translation unit in Figure 2 by using dic-
tionary in Table 3. By applying the heuristic method to
these fuzzy numbers, we can obtain the total assessment
model on the basis of condition of attributes. Because it is
essential to obtain high fitness of the expert model to the
real cases, we have employed a value 0.8 for the fitness
value. Table 5 illustrates the resulted model.

Let us consider sample 1 in Table 4. In the case of
sample 1, the corrosion state is “extremely good” and, the
loading & environment condition in the future is expected
to be “below normal”, but its cracking state is “extremely
bad”. On the basis of these information, experts assessed

Table 3. Dictionary Name of attribute

Linguistic Value Fuzzy Grade

Corrosion
state

extremely good (0.00,0.00,0.15)

very good (0.20,0.15,0.15)
X, good (0.40,0.15,0.15)
bad (0.60,0.15,0.15)
very bad (0.80,0.15,0.15)

Cracking
state

Expected loading

environmental
condition

Total
assessment

extremely bad

extremely good

(1.00,0.15,0.15)
(0.00,0.00,0.15)

very good (0.20,0.15,0.15)
X, good (0.40,0.15,0.15)
bad (0.60,0.15,0.15)
very bad (0.80,0.15,0.15)
extremely bad (1.00,0.15,0.15)
below normal (0.00,0.00,0.40)
X3 normal (0.50,0.20,0.20)
severe (1.00,0.40,0.00)
safe (0.00,0.00,0.40)
Y questionable (0.50,0.20,0.20)

not sage

(1.00,0.40,0.00)
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its total damage state as “not safe” (see Table 4). Using the Through the matching process in Fig. 3 we have

dictionary in our model as shown in Table 3,

the words

“extremely good” for corrosion state, “extremely bad”
for cracking state and “below normal” for expected
loading & environment condition are translated into
Hicorrosion) = (0.00,0.00,0.15), t(cracking) = (1.00,0.15,0.00)
and f(1oading) = (0.00,0.00,0.40), respectively. By using the

fuzzy assessment function
V = (U, U, Uy,)
= (0.322,0.000, 0.000) £t(corrosion)
+ (0.813,0.000, 0.00) &(cracking)

+ (0.373,0.065, O.65),u<10ading)

we can estimate its total damage as

V = Utotal damage) = (0-81,0.12,0.29).

extremely very good bad very extremely
good good bad bad
T T T T
0.0 02 04 06 0.8 1.0
. grade
b Corrosion State
extremely very good bad very extremely
good good bad bad
T T T
0.0 02 04 0.6 0.8 10
. grade
Cracking State

Fig. 5. Linguistic values in dictionary. a Corrosion
b Cracking state

Table 4. Linguistic data of training samples

state.

mtax {:u(total damage) /\ :u(safe)(t)} = 007

m,ax {‘u(tOtal damage) /\ :u(questionable)(t)} =0.03, and
mtax {.u(total damage) /\ :u(not safe)(t)} = 0.66.

Therefore, our model has assigned the same expression

“not safe” to the total damage of this sample 1 as experts

(see Table 8).

The estimated linguistic values can be obtained through
the vocabulary matching unit with the dictionary as given

in Table 7. Table 7 shows that our model can work well

sufficiently. Let us check this model by new samples. Table
8 shows linguistic data of new samples and their estimated

results of total assessment.
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Fig. 6. Linguistic values in dictionary(continued). a Expected

Loading Condition. b Total Assessment

Training Sample Attribute

Corrosion state

Cracking state

Expected loading &

Total assessment

(Y)

(X), (X), environmental condition (X),
1 extremely good extremely bad below normal not safe
2 bad very bad below normal not safe
3 very bad very bad below normal not safe
4 very bad very good below normal questionable
5 good extremely good below normal safe
6 good bad normal not safe
7 bad very bad normal not safe
8 very bad good normal not safe
9 bad very good normal questionable
10 very bad very good normal questionable
11 extremely good bad severe not safe
12 very good bad severe not safe
13 good very bad severe not safe
14 very bad good severe not safe
15 very good good severe not safe
16 very good very good severe questionable




Table 5. Fuzzy grades translated from linguistic data in Table 4

Training Sample

Attribute

Corrosion state
X),

Cracking state
(X),

Expected loading &
environmental condition (X),

Total assessment

(Y)

1 (0.00,0.00,0.15) (0.00,0.00,0.15) (0.00,0.00,0.40) (1.00,0.40,0.00)
2 (0.60,0.15,0.15) (0.80,0.15,0.15) (0.00,0.00,0.40) (1.00,0.40,0.00)
3 (0.80,0.15,0.15) (0.80,0.15,0.15) (0.00,0.00,0.40) (1.00,0.40,0.00)
4 (0.80,0.15,0.15) (0.20,0.15,0.15) (0.00,0.00,0.40) (0.50,0.20,0.20)
5 (0.40,0.15,0.15) (0.00,0.00,0.15) (0.00,0.00,0.40) (0.00,0.00,0.40)
6 (0.40,0.15,0.15) (0.60,0.15,0.15) (0.50,0.20,0.20) (1.00,0.40,0.00)
7 (0.60,0.15,0.15) (0.80,0.15,0.15) (0.50,0.20,0.20) (1.00,0.40,0.00)
8 (0.80,0.15,0.15) (0.40,0.15,0.15) (0.50,0.20,0.20) (1.00,0.40,0.00)
9 (0.60,0.15,0.15) (0.20,0.15,0.15) (0.50,0.20,0.20) (0.50,0.20,0.20)
10 (0.80,0.15,0.15) (0.20,0.15,0.15) (0.50,0.20,0.20) (0.50,0.20,0.20)
11 (0.00,0.00,0.15) (0.60,0.15,0.15) (1.00,0.40,0.00) (1.00,0.40,0.00)
12 (0.20,0.15,0.15) (0.60,0.15,0.15) (1.00,0.40,0.00) (1.00,0.40,0.00)
13 (0.40,0.15,0.15) (0.80,0.15,0.15) (1.00,0.40,0.00) (1.00,0.40,0.00)
14 (0.80,0.15,0.15) (0.40,0.15,0.15) (1.00,0.40,0.00) (1.00,0.40,0.00)
15 (0.20,0.15,0.15) (0.40,0.15,0.15) (1.00,0.40,0.00) (1.00,0.40,0.00)
16 (0.20,0.15,0.15) (0.20,0.15,0.15) (1.00,0.40,0.00) (0.50,0.20,0.20)

Table 6. Coefficients in estima-
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tion unit Attribute

Corrosion state Cracking state
(X), (X),

Expected loading &
environmental condition (X),

(0.322,0.000,0.000) (0.813,0.00,0.00) (0.373,0.065,0.065)

Fitting value = 0.70

Table 7. Linguistic data of training samples

Training sample Value given by experts Estimated value by the model

Linguistic value Translated fuzzy grade Estimated fuzzy grade Matched word

1 not safe (1.00,0.40,0.00) (0.81,0.12,0.29) not safe

2 not safe (1.00,0.40,0.00) (0.84,0.17,0.56) not safe

3 not safe (1.00,0.40,0.00) (0.91,0.17,0.40) not safe

4 questionable (0.50,0.20,0.20) (0.42,0.17,0.41) questionable
5 safe (0.00,0.00,0.40) (0.13,0.05,0.41) safe

6 not safe (1.00,0.40,0.00) (0.80,0.31,0.40) not safe

7 not safe (1.00,0.40,0.00) (1.03,0.31,0.40) not safe

8 not safe (1.00,0.40,0.00) (0.77,0.31,0.35) not safe

9 questionable (0.50,0.20,0.20) (0.54,0.22,0.40) questionable
10 questionable (0.50,0.20,0.20) (0.61,0.31,0.39) questionable
11 not safe (1.00,0.40,0.00) (0.86,0.40,0.39) not safe
12 not safe (1.00,0.40,0.00) (0.93,0.45,0.38) not safe
13 not safe (1.00,0.40,0.00) (1.15,0.45,0.39) not safe
14 not safe (1.00,0.40,0.00) (0.96,0.45,0.39) not safe
15 not safe (1.00,0.40,0.00) (0.76,0.45,0.40) not safe
16 questionable (0.50,0.20,0.20) (0.60,0.45,0.39) questionable

Table 8. Linguistic data of new samples and their estimated total assessment

Training sample

Attribute

Corrosion state

Cracking state

Expected Expected loading

Estimated Total
assessment (Y)

(X), (X), &.environmental condition (X),
21 good extremely bad below normal not safe
22 very good very good normal not safe
23 bad extremely good below normal questionable
24 very good extremely good below normal safe
25 bad very bad normal not safe
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Concluding remarks

We have discussed the formulation of regression model
based on natural words. In assessment, the role of experts
is very important because existing structures are extremely
complex and the accumulation of professional experience
is often required. Experts frequently express their
judgment in linguistic form rather than numerical form.
Therefore, the linguistic treatment of assessment is central
and essential for employing human inspective and
subjective judgment into assessment process.

The presented process consists of four portions: (1)
vocabulary translation, (2) estimation, (3) vocabulary
matching and (4) dictionary. The emphasis of this paper
should be placed on the use of natural words. The
linguistic judgment of the total assessment is obtained
through vocabulary matching on the basis of a dictionary
as given by experts. We employed fuzzy quantification
theory type 2 for estimating the total assessment in terms
of linguistic structural attributes which are obtained from
an expert.
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