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Abstract

This paper proposes an approach for
inverse problem solving based on the
description of the interconnection
between unobser-ved and observed
parameters of an object with the
help of fuzzy IF-THEN rules. The
essence of the approach proposed
consists in formulating and solving
the optim-ization problems, which,
on the one hand, find the roots of
fuzzy logical equations,
corresponding to IF-THEN rules,
and on the other hand, tune the
fuzzy model on the readily available
experimental data. The genetic
algorithms are proposed for the
optimization problems solving.

Index Terms— inverse problem, fuzzy IF-
THEN rules, fuzzy logical equations solving

1. Introduction

The wide class of the problems, arising in
engineering, medicine, economics and other
domains, belongs to the class of the so called
inverse problems. The essence of the inverse
problem consists in the following. The
dependency Y=f{X) is known, which connects
the vector X of the unobserved parameters with
the vector Y of the observed parameters. It is
necessary to ascertain the unknown values of
the vector X through the known values of the
vector Y. The typical representative of the
inverse problem is the problem of medical and
technical diagnosis, which amounts to the
restoration and the identification of the
unknown causes of the disease or the failure
through the observed effects, i.e. the symptoms
or the external signs of the failure.
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The classical theory of the inverse problems
[11] envisages the possibility of description of
the dependency Y=f(X) with the help of
differential or other equations. In the cases,
when it is impossible to obtain such equations,
the dependency between unobserved and
observed parameters can be modelled using the
means of fuzzy sets theory [12, 13]: fuzzy
relations and fuzzy IF-THEN rules. The
analytical [1, 2, 6] and numerical [8—10]
methods of solving the inverse problems of
diagnosis on the basis of fuzzy relations and
Zadeh’s compositional rule of inference are the
most developed ones.

In this paper we propose an approach for
solving inverse problem based on description of
the dependency Y=f(X) with the help of fuzzy
IF-THEN rules. These rules enable to consider
complex  combinations in  cause-effect
connections simpler and more naturally, which
are difficult to model with fuzzy relations. For
example, the expert interconnection of the
unobserved and the observed parameters (causes
and effects) in the fuel pipe diagnosis problem
can look as follows:

IF feed pressure is high and leakage is low
and pipe resistance is low, THEN delivery
head is high and productivity is high.

This example has three input (unobserved)
parameters and two output (observed)
parameters. Each parameter is evaluated by the
fuzzy term. The problem consists not only in
solving system of fuzzy logical equations, which
correspond to IF-THEN rules, but also in
selection of such forms of the fuzzy terms
membership functions and such weights of the
fuzzy IF — THEN rules, which provide maximal
proximity between model and real results of
diagnosis.

The essence of the proposed approach consists
in formulating and solving the optimization
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problems, which, on the one hand, find the roots
of fuzzy logical equations, corresponding to IF-
THEN rules, and, on the other hand, tune the
fuzzy model on the readily available
experimental data. The genetic algorithms are
proposed for the formulated optimization
problems solving

2. Fuzzy Model of the Object

Inputs—outputs connection can be represented
with use of expert matrix of knowledge (see
Table 1) [12]. The fuzzy knowledge base below
corresponds to this matrix:

Table 1: Fuzzy knowledge base

Rule Inputs Outputs Rule
number | x; | xy || Xy | ¥ | ¥z || ¥ | weight
1 3 a1 || Gal bll bzl bml Wy
O P PP R VR R P T O B

K | ag | tag | oo | u | Big | Dag | oo | B | W

IF x;=ay; and x,=a5; ... and x,,=a,,
THEN y,=by; and y,=by; ... and y,,=b,,
with weight wy,

IF xy=aj; and x,=ay, ... and x,,=a,,
THEN y;=bj, and y,=by, ... and y,,=b,»
with weight w, ,

IF xj=ajx and xp=ayk ... and x,=a,x
THEN yl:blK and yZZbZK ... and ym:me
with weight wg , 1)

where a;; 1s a fuzzy term for variable ux;
evaluation in the rule with number /; b is a

fuzzy term for variable y; evaluation in the

rule with number /; w; is a rule weight, i.e. a

number in the range [0, 1], characterizing the
subjective measure of confidence of an expert
relative to the statement with number /; K is the
number of fuzzy rules.

The problem of inverse logical inference is set
in the following way: it is necessary to restore
and identify the values of the input parameters

(x;k ,x;,...,x:) through the wvalues of the

observed output parameters (y;k , y;,..., y;kn).

The restoration of the inputs amounts to the
solution of the system of fuzzy logical
equations, which is derived from relation (1):

p () A 2 (xp) A M (x) =
b b b
w (@ ) AL () A M (1)
p2 () A 22 () A 112 (x) =

wy (U2 (0) A P2 (13) A P72 (3,))

pK () A 2K (x0).o A K (x,) =
b b b
wi (UK ) AT () A K () -
2
Here %’ (x;) is a membership function of a
variable x; to the fuzzy term q;;; ybﬂ (y j) isa
membership function of a variable y; to the
fuzzy term b, .

Taking into account the fact that operation A is
replaced by min in fuzzy set theory [13], system
(2) is rewritten in the form

an[ﬂ““ (xi)]= wy - ,min[ubf "(y; )J

i=l,n j=1,m

an[u“” (xi)]= wy - ,min[ubf (v j):|

i=1,n j=1,m

mm[ﬂaiK (xl-)]= WK .min[/lbﬂ( (v; )}

i=l,n j=1,ml

or

min " (x)|= 1% (1), 1=K (3)

i=1,n

where ,uB I(w;,Y) is the measure of the effects
combination significance in the rule number /.

The use of fuzzy logical equations provides for
the presence of the fuzzy terms membership
functions included in the knowledge base. We
use a bell-shaped membership function model of
variable u to arbitrary term 7" in the form [7]:

T 1
u ()= ———., )
o
where [ is a coordinate of function maximum,
yT (B)=1; o is a parameter of concentration.
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Correlations (3) and (4) define the generalized
fuzzy model of an object as follows:

B
Fy(X,Be,Qe)=u" Y, W,Bg,Qp), )
where X =(x,x,,...,x,) is the vector of input
variables; Y =(yy,7,....V,,) is the vector of
output variables; 1° =(yBl ,yBZ ,...,yBK) is
the vector of effects combinations significances
measures n the IF-THEN rules;
W =(wy,wy,...,wg ) is the vector of fuzzy rules

C C C
Be=(p1,2,..8Y)  and
Qc =(0C1 o2 ,...,JCN) are the vectors of /3 -

and o- parameters for input variables
membership functions to the fuzzy terms

E E E
Cp, Gy, ..., Cys BE=(,5 1”5 2»---:,5 M)

and Qg =(0E1,0E2 ,...,GEM) are the vectors

weights;

of - and o - parameters for output variables

membership
terms £y, E, , .

functions to the fuzzy
.., Ejpr; N is the total number of
fuzzy terms for input variables; M is the total
number of fuzzy terms for output variables; Fy
is the operator of inputs — outputs connection,
corresponding to formulae (3), (4).

3. Solving Fuzzy Logical Equations
Following the approach, proposed in [8 — 10],

the problem of solving system of fuzzy logical
equations (3) is formulated as follows. Vector

u€ =(,uC1 ,,uC2 ,...,,uCN ) of the membership
degrees of the inputs to fuzzy terms
Cy, Cy, ..., Cy, should be found which

satisfies the constraints ,uck €[0,1], and also

provides the least distance between model and
observed measures of effects combinations
significances, that is between the left and the
right parts of each system equation (3):

X 2
F= Z{mlin[ﬂaﬂ (xi)]_ " (Y)} =miCn . (0)
l:1 1=1,n H

In accordance with [1, 2, 6], in the general case
system (3) has a solution set S(,uB ), which is
completely characterized by the unique minimal
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solution HC and the set of maximal solutions
* B —C —
8"y ={ g =17 }:
B c —C
swh= U [uu | @

—C %
u, €S

Here EC =( ﬁcl ,,L_lcz ,...,/_JCN ) and

—C —_C —_C
py, =(m 2

lower and upper bounds of the membership
degrees of the inputs to the terms C}, , where the

,...,ﬁtCN ) are the vectors of the

.. —C
union is taken over all u, € S*(,uB).

Formation of solution set (7) begins with the
search for the null solution of optimization
problem (6). As the null solution of
optimization problem (6) we designate
C C C C C C
py =t ptg? s ptgN), where pgh > utk

k=1,_N. The modified vector of the effects

combinations significances measures

u§ = (,ué?1 ,,ugz ,...,,u(l)gK ), which corresponds

to the obtained null solution yOC , provides the

analytical solvability of the system of fuzzy
logical equations (3). Formation of the solution

set S(,ué? ) for the modified vector ,uég is

accomplished by exact analytical methods [1, 2,
6] supported by the free software [6].

The real-coded genetic algorithm is used for the
null solution finding [3 — 5]. We define the
chromosome as the vector of real parameters

yck , k=1,N. The multi-crossover operation

[3] provides a more accurate adjusting direction
for evolving offsprings that allows to
systematically reduce the size of the search
region. The non-uniform mutation whose action
depends on the age of the population provides
generation of the non-dominated solutions. We
used the roulette wheel selection procedure
giving priority to the best solutions. We choose
criterion (6) as the fitness function. While
performing the genetic algorithm the size of the
population stays constant. That is why after
crossover and mutation operations it is
necessary to remove the chromosomes having
the worst values of the fitness function from the
obtained population.
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4. Fuzzy Model Tuning

It is assumed that the training data which is
given in the form of L pairs of experimental data

is  known: <)A(p,fp>, pzl,_L, where

%, =20 52 ) and 7, =(57.52...52)
are the vectors of the values of the input and
output variables in the experiment number p.

The essence of tuning of the fuzzy model (5)
consists of finding such vector of fuzzy rules
weights W and such vectors of membership
functions parameters B-, Q¢, Bgp, Qp,
which provide the least distance between model
and experimental vectors of the -effects
combinations significances measures:

L
> ~B /v .
2 [Fy (X, B, Q) — 4 (Yp,W,BE,QE)]Z =min
p=1
®
The chromosome needed in the multi-crossover
real-coded genetic algorithm for solving this
optimization problem is defined as the vector of
real parameters W, B¢, Q¢, Bg, Q. Fitness
function is built on the basis of criterion (8).

5. Computer Experiment

The aim of the experiment consists of checking
the performance of the above proposed models
and algorithms with the help of the target
“inputs — outputs” model. The target model
were some analytical functions y;=f; (x1,x,)

and y,=f5(x;,xp). These functions were
approximated by the combined fuzzy knowledge
base, and served simultaneously as training and
testing data generator. The input values
(x1,x,), restored for each output combination
(¥1,¥2), were compared with the target level

lines.
The target model is given by the formulae:

. 1
3= Alnxz)= 1522 -09) (721 1) (1725 -19) (15, -2)»
Y2 = fz(x1,x2)= -y +3.4, where

(=29 +(xy -29) =31 4l =317
39 2T 41

The target model is represented in Figure 1.

The fuzzy IF-THEN rules correspond to this
model (see Table 2).

A

SO0, N

?"’\\\

A

xl-é-'

Figure 1: «Inputs — outputs» model-generator

Table 2: Fuzzy IF-THEN rules for target model

Rule Inputs Outputs
! X2 N Y2
1 L L IA hA
2 A L hL IH
3 H L % hA
4 L A hL IH
5 A A H L
6 H A hL IH
7 L H % hA
8 A H hL IH
9 H H IA hA

In Table 2 the total number of the terms for the
input and output variables consists of: C; Low

(L), C, Average (4), C; High (H) for xi,
Cy4 (L), C5 (A), Cg (H) for x,; E;=higher
than Low (hL), E,= lower than Average (I4),
Es=High (H) for y;; E4=Low (L), Es=higher
than Average (hA), Egq=lower than High (IH)
for y,.

Fuzzy logical equations take the following form:
HEA =y (12 A p"S)
H A pC=wy (i A )
1A uC =y (i A ")
YT R S O NYTELD
1A UGS =ws (U A u"h)
1S A 1SS =wg (1t A e
PN 16 =wy ("2 A u"5)
12 A O =g (Pt A u")
B A pS =g (u"2 A p"S5)(9)
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The parameters of the fuzzy model before
(after) tuning are given in Tables 3, 4. The
results of solving the inverse problem after
tuning are shown in Figure 2. The same figure
depicts the membership functions of the fuzzy
terms for the input and output variables.

Table 3: Rules weights

¥ w3 w3 Wq Ws | W L wg w9

1(093)[1097)[1 0.92)[1 0.95)[1 (L00)[1(0.97)[1 (0.92)[1 (0.96) |1 (0.93)

Table 4: Membership functions parameters for
the input and output variables fuzzy terms

Fuzzy terms
] o) (o Cy Cs (or3
B- | 0(0.03) [3.0(3.04)] 6.0 (597) | 0(0.02) [3.0{3.05)] 6.0 (5.96)
o-  |0.5{0.41)| 1.0 (©0.82)] 0.5 (0.39) [0.5 (0.43)] 1.0 0.9) | 0.5 (0.4)

Fuzzy terms

£ E E3 Ey Es Eg
£- [05(0.52)[1.0 (0.91)[3.4 3.35)[0.1 (0.10)| 2.5 (2.57) [3.0 (3.03)
- |0.3(0.28)|0.3(0.16) (2.0 (1.95) (2.0 (1.93)| 0.3 (0.14) | 0.3 (0.26)

Figure 2: Solution to the inverse problem

Let the specific values of the output variables
consists of yik =0.95 and y; =2.65. The degrees

of membership of the outputs to the fuzzy terms
E| + E¢ for these values can be defined with the

help of the membership functions in Figure 2
E * E * E %
2151 () =0.30; 272 (1) =0.94; 13 (31 ) =0.40;

154 (33)=0.36; 45 (v2)=0.75; 40 (v7) =0.32
Taking into account the rules weights (Table 3),
the wvector of the effects combinations
significances measures takes the following
form:

Proceedings of IPMU'08

1By =(u® =0.70; B2 =0.29; 13 =0.70;
14 =0.29; 155 =0.36; 1% =0.29; 1% =0.70;
,uBS =0.29; 15 =0.70).

The null solution was obtained with the help of
the genetic algorithm

=09, 452 =03, 453 =08,
C4_ Cs _

,Uo —(

0.7, 155 =0.3,u56 =0.7),

for which the modlﬁed vector of effects
combinations significances measures
corresponds

B_, B
Hy =y =
Bs _03. B =

5 =03, 450 =03, 17 =07, 148 =03, 14 =0.7).

The optimization criterion (6) takes the value of
F=0.0040.

This modified vector allows us to use the
implemented in MATLAB Fuzzy Relational
Calculus Toolbox [6] for finding the solution set
S( ,ug ). Using the standard solver solve flse [6]
we obtain the following results. The solution set
S( ,ug ) for the modified vector yé? is
completely determined by the minimal solution

1C=(u€1=0.7, s =03, 13 =0.7,

By _

07,402 =03, 103 =0.7, 1P =03,

p€4=0.7, 5 =0.3, 4, C6 =0.7)

and the two maximal solutions S~ = {;lc ,;g}
=0.7, 12 =0.3, 11 2 =0.7,

71 =1.0, 1,5 =03, .56 =1.0);
1S =(uS1=1.0,152=0.3, 153 =1.0,

154 =0.7, 155 =0.3, 15 =0.7).

—C
Hy :(/U

Thus the solution of the system (9) of fuzzy
logical equations can be represented in the form
of intervals:

S(ufy=1{ u“1=0.7, 1<2=03, 43=0.7,

14 €10.7,1.0], £©5=0.3, 16 <[0.7, 1.0]}
U{ x4 e [0.7,1.0], £©2=0.3, 43 <[0.7, 1.0],
164=0.7, 155=03, 46 =0.7}. (10)

The intervals of the values of the input variable
for each interval in solution (10) can be defined
with the help of the membership functions in
Figure 2:

x=0.3 or x; [0, 0.3] for Cy;
781
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xf=1.8 or xf=4.3 for Cy ;

X =5.70r x|  [5.7,6.0] for Cy;
Xy € [0,0.3] or x,=0.3 for Cy;
xy=1.7 or xy=4.4 for Cs;

Xy € [5.7,6.0] or x,=5.7 for C.

The restoration of the input set for yik =0.95 and

y; =2.65 is shown in Figure 2. The values of the
membership degrees of the inputs to fuzzy terms
C; +Cq are marked. The comparison of the

target and restored level lines for yl* =0.95 and
y; =2.65 is shown in Figure 3.

L) X

6 2 X 6 [~ -
J

IR

/ N\
[ J A
\ i
AN V4

ks
0 \\ AN x5 0 |- | X

a) b)
Figure 3: Comparison of the target (a) and

restored (b) level lines for yik (_)and y; (--)

6. Example of Technical Diagnosis

We shall consider faults causes diagnosis of the
hydraulic elevator (for dump truck body,
excavator ladle etc.). Input parameters are
(variation ranges are indicated in parentheses):
x; — engine speed (30-50 r/s); x, — inlet
pressure (0,02-0,15 kg/cm®); x3 — clearance of
the feed change gear (0.1-0.3 mm); x4 — oil
leakage (0.5-2.0 cm */min). Output parameters
of the hydro elevator are: ); — productivity

(17-22 l/min); y, — force main pressure (13-24
kg/cm®); y; — consumed power (2.1-3.0 kw);
y4 — suction conduit pressure (0.5-1.0 kg/cm’).

The IF-THEN rules are used for hydro elevator
diagnosis (see Table 5).

In Table 5 the total number of the causes and
effects consists of: C; Decrease (D) and C,
Increase (1) for x;, C3 (D) and C4 (J) for x,,
Cs (D) and Cg (1) for x3, C; (D) and Cg (1)
for x4; E| (D) and E, ({) for y;, E5 (D) and
E4 (I) for y,, E5 (D) and Eg (I) for y3, Ey
(D) and Eg (1) for yy.

Fuzzy logical equations take the following form:

N S S oy B B S

Cy_ E7

Rl S A T =y PV 6 T

1 8 S n S vy BV B S
1O w5 S a7 g (2B S 0 T

€2, 4,Ca AﬂCs AﬂCS:WS(ﬂEI n B4 n B8 5 FT

U
1€ A 14 n g6 n 1T g (2 B30 16 B8

R B TY TR P I TP D

QY
For the fuzzy model tuning we used the results
of diagnosis for 340 hydroelevators. The results
of the fuzzy model tuning are given in Tables 6,

7 and Figure 4.

Let us represent the vector of the observed

parameters for a specific elevator: Y i =( yl* =18

Umin; y,=21.5 kg/em®; y3=2.35 kw; y,=0.8
kg/cm?®). The degrees of membership of the
outputs to the effects E; + Eg for these values

can be defined with the help of the membership
functions in Figure 4,b:

Table 6: Parameters of the membership
functions for the causes and effects fuzzy terms

Table 5: Fuzzy rules for hydroelevator diagnosis

Inputs Outputs

M| X2 | X3 X N V2| V3| Vs
1| D| D | D 1 D | D | D 1
2 | D /I | D | D | D | D 1 D
311 | D | D 1 D 1 D 1
4| 1| D |D| D 1 1 D | D
51 1 I | D 1 D 1 1 D
6 | I 1 1 D Il | D 1 1
711 1 1 1 D | D 1 1

Fuzzy terms
Parameter alalglalelc| [
f- 13120149151 0.03 | 0.14 | 0.11{ 0.28 | 0.55 | 1.94
o- | 387482003003 ]005]004| 059 | 050
Fuzzy terms
Parameter A 55| & | & & & 7,
B- 1727|2152 (13.50(22.65 | 2.19 | 2.84 | 0.52 | 0.94
o- 1.88 | 2.10 | 3.22 | 2.84 | 0.33 | 041 0.24 | 0.28
Table 7: Rules weights
W Wy Wy Wy s We Wy
0.80 0.65 0.99 0.95 0.98 0.92 0.53

Proceedings of IPMU'08
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Figure 4: Membership functions of the causes
(a) and effects (b) fuzzy terms after tuning

#FL(7)=0.87; 172 (31)=0.26; 1™ (33)=0.14;
1E4 (73)=0.86; 15 (y3)=0.81; 16 (1) =0.41;
w7 () =0.42; 1”8 (4)=0.80.

Taking into account the rules weights (Table 7),
the vector of the effects combinations

significances measures takes the following
form:

1B =(u® =0.11; 152 =0.09; 17 =0.80;
1P =0.25; 155 =0.40; 1% =0.13; 457 =0.07).

The null solution was obtained with the help of
the genetic algorithm

C C C C
/UO z(lu()l :0.1,/102 =0'97,u()3 210,/10

4S5 =08,166 =0.1,457 =025,4$8 =0.9),

for which the modified vector of effects

$4 =04,

combinations significances measures

corresponds

8 =P =01,4P2 =01, 45 08,484 =025,
Bs _ Bs _ By _

Ho> =0.4,15° =0.1, 14 0.1).
The optimization criterion (6) takes the value of
F=0.0020.

Using the standard solver solve flse [6] we
obtain the following results. The solution set

S( ,ug )for the modified vector ,u(l)g is
completely determined by the minimal solution

Proceedings of IPMU'08

C (=01, 42 =08, 3 =08, 1“4 =04,

165 =0.8, 46 =0.1, 47 =0.25, 43 =0.8)

and the four maximal solutions

* —C —C —C —C
S :{lul ’/uz’/u3 ,/u4}

2 = =01, 10 2 =08, s 2 =1.0, i+ =0.4,
005 =10, 1y =0.1, 1y T =0.25, 11y 8 =1.0)
15 (s =01, 152 =1.0, 153 =0.8, 15 * =0.4,
1155 =1.0, 150 =0.1, 1157 =0.25, 1158 =1.0)
205 =S =01, 115 2 =10, 153 =1.0, 15 * =0.4,
1055 =0.8, 7150 =0.1, 1157 =0.25, 115 * =1.0)
1y =g =01, 152 =10, 153 =1.0, 15 * =0.4,

—C —C —C —C
g =1.0, 21,8 =0.1, 1, =0.25, 11,% =0.8).

Thus the solution of the system (11) of fuzzy
logical equations can be represented in the form
of intervals

S(B)y={ =01, 12 =08, 43 €108, 1], 44 =04,
165 €108, 11, 196 =0.1, €7 =025, 8 e[08, 17}
U{u1=01, 42 €108, 1], £©3=08, 1“4 =04,

1S5 €108, 17, 126 =0.1, 17 =025, 18 € [0.8, 17}
U u€1=01, €2 €108, 17, 3 €108, 17, €4 =024,
165=08, 1“6 =01, €7 =025, 4“8 (0.8, 17}

U u€1=0.1, 42 €108, 17, 443 €08, 17, x4 =04,

1S5 08,11, 16 =0.1, 1€7 025, 158 ~0.3;.

(12)
The resulting solution (12) allows analyst to
make the following conclusions. The causes
Cy, G5, C5 and Cg are the causes of the

observed elevator state, so that ,uC2 >,uC1,
C C C C C C
w8 > 7

The intervals of the values of the input variables
for these causes can be defined with the help of
the membership functions in Figure 4,a:

x| €[47, 50] /s for Cy;

X, €[0.020, 0.043] kg/em’ for C;;
x3 €[0.100, 0.135] mm for Cs;

x4 € [1.69,2.00] cm*/min for Cy.

Thus, the causes of the observed elevator state
should be located and identified as the increase
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of the engine speed to 47-50 1/s, the decrease of
the inlet pressure from 0.043 to 0.020 kg/cm’,
the decrease of the feed change gear clearance
to 100-135 mk, and the increase of the oil
leakage to 1.69-2.00 cm’/min.

To test the fuzzy model we used the results of
diagnosis for 210 hydro elevators with different
kinds of faults. The tuning algorithm efficiency
characteristics for the testing data are given in
Table 8. The fault causes diagnosis obtained an
accuracy rate of 95% after 10000 iterations of
the genetic algorithm (20 min on Celeron 700).

Table 8: Tuning algorithm efficiency characteristics

Cause Mutber of cases Probability of the correct diagnose
(diagnose) | inthe data sample |  before tuning after tuning
(5] 56 47156 =054 54156=0.96
g 154 1257154 =081 1477154=095
5 100 T61100=078 93/100=0.98
Cy 110 20/ 110=072 105/110=0.95
s 167 1327167=07% | 162/167=0%7
s 43 38/43=0.88 41/43=095
7 92 T4192=0.80 89/92=0.97
Oy 118 98/118=083 1157118=057

7. Conclusion

This paper proposes an approach for inverse
problem solving based on the description of the
interconnection between unobserved and
observed parameters of an object with the help
of fuzzy IF-THEN rules. The restoration and
identification of the inputs through the observed
outputs is accomplished by way of solving
system of fuzzy logical equations, which
correspond to IF-THEN rules, and tuning the
fuzzy model on the available experimental data.
The approach proposed can find application not
only in engineering but also in medicine,
economics, military affairs, and other domains,
in which the necessity of interpreting the
experimental observations arises.
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