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ABSTRACT: This paper deals with sensors which compute and report linguistic assessments of
numerical acquired values. Such sensors, called symbolic sensors, are particularly adapted when
working with control systems which use artificial intelligence techniques. After having reconsid-
ered some elements of the measurement theory, this paper sets the foundations of the symbolic sen-
sors by introducing the meaning of a lexical value and the description of a numeric measurement
as two mappings that link the set of the subsets of the numerical domain with the set of the subsets
of the lexical domain. It is then shown how the fuzzy subset theory provides a smart way for the
treatment of symbol graduality, for measurement imprecisions and measurement validation, and
for taking into account the measurement context. Thisapproach leadsto introduce a specific struc-
ture into the sensors, called then fuzzy symbolic sensors. As application, two specimens of fuzzy
symbolic sensors have been successfully implemented. The former is an ultrasonic range finding
sensor, that uses a procedure of management of errorsand a procedure of creation of the concepts
by semantic relationships. The latter isa colour matching sensor, that uses an inter polation meth-
od for creating the concepts by learning with a teacher.

KEYWORDS: symbolic sensors, fuzzy sensors, measurement theory, fuzzy subset theory, intelli-
gent measurement, range finding sensor, colour matching sensor.

1. Introduction

Nowadays, system control by usual techniques of control theory is well-known insofar as one
knows a mathematical model of the process. Sometimes, the model is difficult and quite longer to
acquire, and then, results in complex calculations for the control law synthesis. In most complicat-
ed cases, no viable mathematical models are available, so, alternative methods based on artificial
intelligence technics have been developed (expert control [Astrom, 86], intelligent control [Meys-
tel, 87], fuzzy control (among many others) [Pedrycz, 89],...). They consist in collecting all the in-
formation available on the process and on the way to control it, and then to formalize it with a
representational language in order to handle it with a program of adequate structure. This informa-
tion is generally obtained by the observation of an operator, and provides qualitative explanations
upon the behaviour of the process, contrary to numerical information, that provides a fine quanti-




Fuzzy symbolic sensors

tative representation. Instead of considering the two approaches as competitive, it seems more ad-
vantageous to associate the numeric and linguistic representations of a same reality, in order to
benefit from the advantages of the two types of models.This assertion is particularly true for inte-
grated automatization of big systems by usual technics, in which, fault detection, supervision and
starting problems are difficult to handle, with only a mathematical model of the process. In these
cases, it seems interesting to use the information the operators have on their systems. Besides, a
linguistic approach facilitates man-machine integration between a system and a user, that will un-
derstand the orders applied by control components. An efficient collaboration between numeric
and linguistic processing implies a coherence between the two types of information. This aspect
concerns first the acquisition of relevant information. This role is attributed to sensors, that have
for objectiveto provide measurements, that allow the decision systemto link action and perception.

In our approach, a sensor must be able to perform alinguistic description of acquired signals. It
requires the collaboration between two types of information: signal analysis information (essen-
tially analog and numeric), and user’s information (essentially qualitative and heuristic). This con-
nection has been realized by means of a new type of sensor, called symbolic sensor [Foulloy, 90],
[Benoit, 91a and 91b]. Such sensors are based on a numeric-linguistic conversion, that can be im-
plemented in many ways. This paper focuses on numeric-linguistic conversion based on a fuzzy
subset approach [Zadeh, 65 and 83]. Therefore, this kind of sensors are called fuzzy symbolic sen-
sors, or simply fuzzy sensors [Foulloy, 88 and 92]. Moreover, one can imagine to implement the
numeric-symbolic conversion by means of neural networks, that leads to neural symbolic sensors,
or by any other techniques including analog ones.

In a first section, we will reconsider the measurement theory, and describe a general formalism
evolved by Finkelstein, that sets theoretical foundations of symbolic (humeric and linguistic) rep-
resentation. We will develop common and different aspects between numeric and linguistic infor-
mation. Then, we will propose a mechanism for numeric-linguistic conversion, based on a
representation of words by fuzzy subsets of the numerical domain. The structure of linguistic sym-
bolization will be studied as well as adaptation to the global task. Finally, a procedure of manage-
ment of numeric errors based on a statistical probabilistic description and on associated fuzzy
operators will be presented. Then, we will apply the proposed formalism to two concrete examples,
an ultrasonic range finding sensor and a colour matching sensor. The firstimplementation concerns
a proximity measurement with numeric acquisition of distance between sensor and obstacle. For
this monodimensional measurement, we will be particularly interested in the creation of concepts
by semantic relations and in the management of errors. The second one deals with object colour
classification. Measurement is a tridimensional one, and a software sensor will be described. It
works with the three - red, green and blue - components of a camera. For the colour perception, we
will be particularly interested in a learning with teacher procedure based on standard colours, and
in the matching of new objects. As a conclusion, the contribution of this research will be pointed
out, as well as the new ways opened by symbolic representation of perceived information.
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2. M easurement concept and symbolic representation

2.1. Introduction

Before studying in detail the concept of symbolic sensors, it isinteresting to discuss the role of
the sensor. Its object is to discriminate from the lot of received information a particular physical
guantity. Generally, the description of a property or an attribute of an object of the real world is
made by the assignment of a numerical value. The relations between numerical values assigned to
different elements correspond to empirical relations between the elements to which they are as-
signed, which allows usto work with a mathematical description of objects. The numerical repre-
sentation is precise and compact. It provides a way of establishing scientific laws to explain
complex phenomena.

Nevertheless, in several cases, using a numerical description is not relevant. For example, the
designation of merit of alternatives asjudged by an evaluator. Standards of merit may be designated
by A, B, C, D, E. Designation by the same letter means equivalent merit, designation by a letter
earlier in the alphabetic series means a greater merit. Another exampleisthe representation of col-
our perception. A number of colours are selected as standard and their given designations are gen-
erally referred to with wordsin anatural language (red, green, blue,...). Any colour which matches
a standard colour is then assigned the same designation as the standard. The examples given are
not in any way exhaustive, nor have they been rigorously analysed. They show that therearealarge
number of practical casesin which the attributes and characteristics of objects of the real world are
represented not by numbers but by a conventional mark system or by words.

Aswewill show in the next section, these diverse representations present differences, but share
amost essential property, namely, the representing mark refers to the entity represented, relations
between the marks correspond to rel ations between represented entities, and the marks can be used
to achieve responses corresponding to the entities they represent. This aspect has been formalized
by Finkelstein, who has proposed an extension of the theory of measurement to include such rep-
resentations [Finkelstein, 75]. An outline of his works will now be given in the following para-

graph.
2.2. Formal presentation

The essence of all measurement and of the non-numerical representations of entities discussed
in the preceding paragraph is that they are symbolic representations. A symbol can be defined as
the representation of an object or event which has a defined relation to some entity, for the purpose
of eliciting a response appropriate to that entity in its absence. The genera term for the study of
symbols, their uses and relations to the object they represent is known as semiotics. Four aspects
of semiotics are generally distinguished.
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* Semantics: the study of the meaning of symbols, i.e. their relation to the objects
they represent.

» Syntactics: the study of syntax, i.e. the rules of admissible combinations of
symbols.

» Pragmatics: the study of the use of the symbols in the whole system in which
they are employed from the point of view of the goal of the whole system.

* Sigmatics: the study of the relation between the shape of symbols and the enti-
ties they represent as for instance in pictorial symbols.

The present paragraph will be concerned with the first three points. Finkelstein defines a sym-
bolism by considering [Finkelstein, 80]:

C=< Q, S, M, RQ, Rs, >

. Q refers to the set of elements of the real world, Rr@lrefers to the set of
relations between them.

« S refers to the set of symbols, aRiS refers to the set of relations between
them.

« M is a relation fronQ to S, and constitutes the representational aspect of the
symbolism.

- F is arelation fronRQ to RS’ and constitutes the relational aspect of the sym-
bolism. Generall;F IS a one-to-one mapping with domﬂQ and rangeRS :

Cisa symbolism iff for each k-ry relatioerEQ Kwhere ) DRQ (k=2,...,n), there is a cor-
responding relation ng Kwhere R DRS (k=2,...,n), such thaf~: RQ - RS and such thaVl
is @ homomorphic mapping under these relations, i.e. iff:

for gq,...,0k DQ » Sty Sk DS, k=2,...n
Ro(d1-0) = Rg(sy,-.5) where R=F(Rp) ands;=M(qy)....s=M(qy). (1)

Let us consider for example the designation of the merit of students as judged by a p@)fessor.
is the set of student is the set of symbols {A,B,C,D,E}.
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Figure 1 : Example of a symbolism.

M associatesto any student aletter that represents his academic level. Designation by the same
letter (—g) means equivalent merit (“‘Q), designation by aletter earlier in the al phabetic series (> 9)
means a greater merit (>Q).

The two important representational and relational facets of the symbolism are described by the
properties of MandF. A symbolism is evaluated by the following properties.

* Precision: the correspondence of several eIenQnte the same symbol is
called ambiguity. The absence of ambiguity is termed precision. It is linked to the
injectivity of M.

* Redundancy: the correspondence of more than one symbol to the same element
of Q is termed symbolic redundancy. There is no redundaMi'Ef a mapping.

» Completeness: If all eIementsthave a corresponding symboISm i.e. the
domain ofM is the whole oQ, Cisa complete symbolism.

* Relational structure: the value of a symbolism for a relational system increases
with the richness of the structure of the relational system and depends on the
pragmatic value of the relations in the system.

» Compactness: The ease of processing of a symbol depends upon its compact-
ness, i.e. its small size or duration, so that it requires less time for handling and
less space for storage.

* Immunity from error: The form of symbol should be as far as possible immune
from error in processing.
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It is generally desirable for a symbolism C tobe precise, complete and not redundant, i.e. M
should be a one-to-one mapping. For the relational structures, some of them are described in the
following paragraph.

2.3. Fundamental measurement structures

Different authors generally consider three types of scales [Berka, 83][Finkelstein, 84][Watan-
abe, 91].

» The simplest one performs only an equivalence relatic@ dre. ~Q) andS
(i.e.=g). This type of scale is termed a nominal scale.

o haz = My =s M(q2). )

One example is colour matching.

» The second type considers an order relation. It is termed an ordinal scale.

o 2qq = M) 2s M(ay). 3)

One example is the ranking of merit of alternative judged by an evaluator.

* The linear scale is the most popular type in physics. An equivalence relation and
a concatenation (or addition) operation are associated to bo@ BeIES.

o oo = M@ =sM(ay. (4)
1 00 %2 Thaz = May) +sMiap) =sM(ay). (5)

One example is the measurement of the length of an object.
Other classifications are available. Details could be found in [Berka, 83].

Moreover, the relatiofV], that links the empirical doma@ and the symbolic ond is not
unique. Any transformatiohof M intoM’ = f(|\/|), that maintains the validity of the representa-
tion (i.e. the scale type) is called an admissible transformation. For a nominal measurement, the
admissible transformations are any one-to-one mapping. For an ordinal measurement, they are any
monotonic increasing mapping. For a linear measurement, the admissible transformations satisfy
M’ =aM + B with a > 0. These transformations are linked to the meaningful ness of the state-
ments deduced from the measurements. For example, the statement that g, istwiceaslongasqs is
meaningful, when g, and g, are measured on alinear scale, even though it is not if g; and g, are
measured on aordinal scale.
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2.4. Discussion

Generally, physical quantities are evaluated in anumerical way, i.e. S isthe set of real numbers.
The numeric symbolism presents many advantages. It is precise, not redundant, complete, and pro-
vides alot of arithmetic relations. Methods are available to take into account the imprecision of
information (error calculus, probability theory). Moreover, numeric measurement are based on an
objective operational procedure. Nevertheless, numeric measurement is not always available, be-
cause of problems of acquisition or storage of information, because of the multi-dimensional na-
ture of the analysed property, or because it concerns attributes describing human behaviour. In such
cases, one is led to make a qualitative description of the observed phenomenon with words of the
natural language. Natural language could be seen asaqualitative symbolization. Infact, itisanom-
inal measurement providing an equivalence relation between the words. At first sight, linguistic
symbolization seems less interesting than numerical symbolization. It is less precise, redundant
and is subjective in the sense that it can not be experimentally verified in an objective procedure
(i.e. independent from the observer). But the linguistic qualitative description is compact (it reduc-
esthe problem of the storage of information), easy understandood by human beings (it allows rea-
soning), and has arichness that the numeric measurement has not, i.e. background knowledge upon
the global goal or purpose (i.e. agreat pragmatic value).

3. Foundations of symbolic sensors

3.1. Introduction

We have seen in the preceding section that objects of the real world could be described in dif-
ferent manner. Two symbolizations have been considered:

« the numeric measurement (generally obtained by an electronic processing) that
provides an objective quantitative description of the objects,

» the linguistic measurement (generally obtained by interrogation of users) that
provides a subjective qualitative description of objects.

Therefore, the numeric and linguistic symbolizations are more complementary than competi-
tive, and we will now present a general component, called symbolic sensor, that handles the two
representations.The aim of a symbolic sensor is to perform a linguistic symbolization of a phenom-
enon from a numeric measurement. Therefore, the symbolic sensor acquires a numeric measure-
ment, and then makes the numeric-linguistic conversion itself taking into account the subjectivity
of the problem, i.e. the measurement context (global task, interlocutor,...).
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Symbolic Sensor
, Pseudo-natural
Numeric world linguistic world

M, F, M,F
/
Real world M’1 F’ @

Natural linguistic world

Human Perception

Figure 2 : Object of symbolic sensor.
Now, we have three types of symbolism:

-C=<Q,N, M, RQ \ RN , F>.1tisthe usual numerical symbolism,
that linksthe real world and the numeric world. M 1 depends on the environment
through the physical influence variables, e.g. in the measure of distance by time
of flight of awave, the measured distance is linked to the speed of wave propa-
gation, which depends on the temperature.

-C=<N, L, M, Ry, Ry, F>.1tisthelinguistic symbolism, that links
the numeric world and the linguistic one. M depends on the measurement con-
text through the specified application and the operator. For example, in atemper-
ature measurement problem, the measure 15°C can be interpreted as cold in a
swimming pool context and as very hot for arefrigerator. Moreover, for an eski-
mo 15°C is a cool temperature for a bath, while it is quite cold for an african.

.C'=<0Q,L’,M’, RQ \ RL’ , F'>. 1t isthe human symbolism, that links
directly the real world and the linguistic one. M’ takes into account the global
environment context. The efficiency of M’ is often redlized by the simultaneous
use of all the senses and of the knowledge of the considered task.

Denote A the composition of two symbolism.

C,=C,aACiiftM,=M;oMandF,=F,0F, (6)

where o is the usual composition between two relations.

As shown in figure 2, the symbolic sensor makes the qualitative description in two stages: nu-
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meric measurement and numeric-linguistic conversion. It has to provides nearer as possible the
same description that performs directly a human. Therefore, in order to implement the symbolic
sensor, the symbolism C must be chosen such that C’ = Cl A C. Inthis sense, the symbolic sen-
sor is an attempt to artificially reproduce the human perception of measurement.

3.2. Meaning, description and their fuzzy extensions

The symbolism Cl isthe classical problem of assigning numbersto items of aclass of attributes
or characteristics of objects of the real world in such away as to describe them. To express this
formally, numeric measurement consists in an operation that establishes a mapping M 1 fromaset
of entitiesinto aset of numbers. Thistask isdevoted to the sensor inits usual sense and will not be
described in further details.

Now, the problem is to define formally the relations M and F that are used in the symbolism
C. M is arelation between the set of numeric measurements N and the set of lexical values L
(seefig.3).

Figure 3 : Relation between N and L.

In the general case, Misa many-to-many relation which is known to be difficult to handle.
Therefore, instead of the relation M, we propose to define two mappings called the meaning and
the description, detailed in the following paragraphs, which consider P(N) and P(L) [Benait,
91b].

3.2.1. Meaning of alexical value

Themeaning of alexical valuewill be defined as an injective mapping fromthelexical universe
L to the set of the subsets of the numerical domain N.

L - PWN)
DadL, t@={xoN|xMa ©)

Injectivity ensures that two identical lexical values have the same meaning. The association of
alexical value and its meaning is called alinguistic concept.
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3.2.2. Description of a numeric measurement

The association, for each measurement, of lexical valuesthat characterizeit, iscalled adescrip-
tion.

:N - P(L)
oxON, i =faoL|xMa} (8)

It will be noted that a measurement may be interpreted by several lexical values.

3.2.3. Links between meaning and description

Therelations M , Tand | arethree distinct representations of the same information on the man-
ner the measurements are perceived. Each modification on one of these three relations leads to a
modification of the others. Indeed, if alexical value a belongsto the description of anumeric value
X, it will be equivalent to say that x belongs to the meaning of a.

aDl(x)@xMa@xDr(a) 9
Withtheaimtoillustrate our definition, let us consider the following example. Let L bethelex-
ical universe { small, medium, high} with the following meaning:
T(small) =[0;1.70m]
T(medium) =[1.65m; 1.80m]
T(high) =[1.75m; 2.50m|

The description of the numeric measurement x=1.78mis 1(1.78m) = { medium, high}.

3.2.4. From crisp conceptsto fuzzy concepts

Themeaning of alexical value by asubset of the numerical space, generally aninterval, presents
two disadvantages. First, the transition from a concept to an other one is abrupt, and leadsto adis-
continuity in the acquired symbolic information, that may produce brutal variationsin the control-
led system. Second, the elements that constitute the meaning of alexical value, do not characterize
it in the same way. They describe more or less the considered linguistic concept. It means that one
has a graduality in the membership of alexical value. This phenomenon can be taken into account
by extending the crisp relation M into afuzzy one. The latter is defined by its membership grade
M on the cartesian product L x N. This approach leads to define a fuzzy meaning of alexical
value by a mapping from L to the set of the fuzzy subsets of the numerical domain F(N) [Zadeh,
71].

L - F(N)
DaOL 0xON, pu®=pm@, x. (10)

10
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In the same manner, the fuzzy description of a numerical value x is now amapping from N to
the set of the fuzzy subsets of the lexical domain F(L) [Zadeh, 71].

N - F(L)
DaOL, oxON, p @ =pup@, . (11)

The link between the fuzzy description and the fuzzy meaning is formalized by the following
relationship:

DaOL, oxON, p @ = p@®. (12)

Figure 4 shows one possible extension of the example given in section 3.2.3.

H 1(a) ) . H 1(1.78m)
1 4 small medium high 1 A
\ :
165 1.70 1.75 1.80 m small medium high

Figure 4 : Link between meaning and description.

It should be noted that the description provides a set of graduated lexical values. Thisinforma-
tion is quite complex for some applications. Indeed, in particular cases, it may be reduced to the
lexical value whose membership grade is maximum.

3.2.5. Discussion

Generally, the description of ameasure isnot a singleton of P(L). This aspect may be negative
in particular for problemswhere it is required to transpose operations from the numerical space to
the linguistic one. To remedy to this limitation, Luzeaux proposes to define the description by the
inverse of the meaning (called the abstraction), that is a mapping from the boolean completion of
L (by union, intersection and complementation) to the set of the subsets of the numerical domain.
The completion provides an inclusion order structure and leads to associate to each subset of the
numerical spacethe smallest lexical valuethat characterizesit [Luzeaux, 91]. However, the numer-
ical description of areal object is not always a singleton of N and can also be aninterval or adis-
tribution. Therefore, for a measurement problem, we do not require the description to be a
singleton.

An other point of interest is the structure of the lexical universe. If one defines only the equiva-
lence (or equality) and inclusion of linguistic concepts, Watanabe shows that two lexical sets

11
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(Ll, LZ), whose completions lead to the same partition of the numerical domain, could be consid-
ered equivalent in the sense of nomina measurement [Watanabe, 91]. If one chooses a particular
lexical set, it is for taking into account an other relation on the linguistic domain, that presents a
specific structure. Generally, thisrelation is an order one.

As mentioned by [Zingales, 91], the final objective of any measurement process is to acquire
information, that enables to take decision upon a system. Generally, in expert system, the decision
Isexpressed in asequence of pre-defined classes implying mutual exclusion. But, afeature of most
physical systemsis the analog nature of the quantities involved, therefore this activity can be seen
conceptually as a mapping from a continuum of valuesinto afinite set of intervals. One point of
interest of the fuzzy subset approach isthat it allows to take into account the continuous nature of
the handled variables, inside the symbolic representation that isitself discrete [Dubois, 90]. There-
fore, choosing the most significant lexical valueimmediately after the sensor, by taking the concept
whose membership gradeis maximum, issimilar to throwing the baby with the bath water. It isnot
very interesting, except for the fact that we do not have to define explicitly the threshold between
the concepts. Thisleads to a second point of interest of the fuzzy subset theory, i.e. its capabilities
to process and to propagate measurement imprecisions and so to validate the information given
back. Then, the latter is defuzzified only when necessary. With regard to the problems of the vali-
dation of the fuzzy representation and the meaningfulness of the structure of the lexical set, i.e. the
comparison between the empirical relation between fuzzy concepts and the formal relation be-
tween membership functions, raised by [Watanabe, 91], we can say that the substantiation of the
form of the membership functions and the relations between them, istheir adequation to the human
behaviour by alearning with teacher procedure which will be detailed in the following section.

4. Creation of linguistic concepts

4.1. Introduction

To infer meaningful statement from linguistic information, it isimportant to define the relations
on L and on F(L) too. Similarly to the crisp approach, we will introduce two fundamental meas-
urement structures:

* a nominal fuzzy scale, that performs an equivalence relation,
* an ordinal fuzzy scale, that performs an equivalence and an order relations.

The term fuzzy indicates that the relations associated to the scale concern fuzzy numbers instead
of ordinary numbers. On the other hand, the equivalence and order relations are classic ones, and
not fuzzy ones.

12
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4.2. Nominal and ordinal fuzzy scale

In order to have anominal scale on the lexical universe, we must define an equivalence relation
on it, that corresponds to the one defined on the numerical one. We propose to take:
abOL a=b = py()= Py OxON = @)= ) OxON-. (13)

For the description of numerical measurements, one obtains in the general case afuzzy subset
of L. The equality between two fuzzy subsets of L is then defined by:

19=1(y) = TaOL p @)= K@) (14)
This relationship implies: x=y [ l(X)ZF(L)l(y). (15)

Thefact that we have not an equival ence between the two parts of the relationship expressesthat
the nominal numerical scale is more precise than the nominal fuzzy scale.

We must now define an order relation on the lexical universe. We propose to utilize four opera-
torsintroduced by [Dubois, 88]:

Ht(a), +00)(X¥) = SUP{ Ky (Y) |y < X}, (16)
Hyz(a), +00)(X) = INf{ 1 - yy(Y) [ X<y}, (17)
M(-00, 1a)[(X) = 1 - Kz (a), +00)(X), (18)
M(-00, 1(2)](X) = 1 - Hye(a), +o0)(X)- (19)

Let usillustrate these operators by an example.

Pot@l @ e ) (o @) 1@ (@), e

| X1

Figure 5 : Operators for comparison of fuzzy numbers.

Sowedefinea<| b = HPya(®) < Ko, rpy®) Ox O N. (20)

Having now an order relation on the lexical value and an order relation on the numerical meas-
urement, it seems interesting to compare these two measurements, when only their description is
known. We propose to define a distance on F(L) by the following relationship:

d(1(x), 1(y)) = sup__| ( (8) - (@) (21)
Y PaoL| 2 Po@= 3 Moy

aolL aolL

13
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4.3. Creating the concepts

Asexplained earlier, the objective of the symbolic sensorsisto provide alinguistic description
of the numeric measurements. It leads to define the relations between the numeric measurements
and the lexical values. To do this, we propose to define first the meanings of the lexical values. In
the crisp approach, it generally leads to making a partition of the numerical domain. Therefore, we
propose to extend in the fuzzy case this way of constructing the meaning by defining a fuzzy par-
tition, i.e. satisfying the following conditions [Bezdek, 81]:

inf (maxao Mea)(*¥)> 0 OxON (which expresses that L covers N) (22)
OabO L supy (MiN(Hea)(X), Ke)(X))) < 1 (which expresses that the linguistic concepts
are glfferentiated), (23)

ox0ON Za oL Mr@(®¥)=1 (that expresses the orthogonality of the concepts). (24)

A system that satisfies these conditionsis called a Fuzzy Information System (F.1.S.) [ Tanaka,
79].

Obvioudly, it is atedious task to specify each meaning of each lexical value. So we are looking
for techniquesthat simplify the creation of concepts. Two methods have been investigated. Thefirst
one uses the knowledge of semantic relationships between symbols. The second one needs the
knowledge of the meaning of lexical values on particular measurements and then interpol ates the
meaning for other points.

4.3.1. Generation of the concepts by semantic relationships

Thefuzzy symbolic sensor workswith several lexical valueswhich arerelated by means of their
semantics. Let us take the example of a temperature measurement. A semantic relationship links
thelexical values hot and very_hot due to the order relation on the lexical space corresponding to
the order relation on the numerical domain: hot < very_hot. These links between all the concepts
should be managed by the sensor itself. Wefirst define, by its meaning, aparticular concept, called
a generic concept, corresponding to a part of the numerical domain, that is important for the con-
sidered task. Defining new concepts leads to giving other lexical values and their meaning. Modi-
fiers, usually called linguistic hedges[Novak, 89], can be introduced to perform automatically such
an operation. E. Benoit has defined the following operators (more_than, less than, below,
above), within the frame of the pretopology theory [Benoit, 914], to create an ordinal fuzzy scale.

mild: generic concept
hot = more_than(mild)
very _hot = above(hot)
cold =less_than(mild)

very_cold = below(cold)

14



Fuzzy symbolic sensors

i very cold cold mild

LOC

very cold < cold < mild < hot < very _hot

very hot

TO

Figure 6 : Example of an ordinal scale.

The preceding example can be run with other generic functions (e.g. triangle, gaussian) assum-
ing they are known by the sensor (i.e. they belong to the data base). Only the parameters of the
generic concept have to changed to reconfigure automatically the fuzzy ordinal scale.

4.3.2. Generation of the concepts by inter polation

This method requires the knowledge of the meaning of lexical values for particular elements of
the numerical domain. These particular elements are called characteristic measurements v;, V re-
fersto the set of al the v;’s. For each v;, one creates a fuzzy part F(v;) having a membership grade
equal to 1 for v;, to O for the other characteristic measurements v; # v;. For an element v U[v;,vi],
we propose to make alinear interpolation in the following manner [Benoit, 93]:

Mrn () = dvW)/dy) (25)
Mg (V) = d(vi,v)/d(vi,v) (26)
These relationships satisfy: }JF(Vi)(vi):l, }JF(Vi)(vj):O, uF(\,j)(vi):O, uF(\,j)(vj):l. (27)

d refers to a distance relation between two points. In order to create a fuzzy partition, the dis-
tance must satisfy:

Hrew)(M) + HEe(W) =1 < d(vi,v) +d(v,v) = d(vi,v) (28)
One can take for example d(v,w)=| v - w|. Then, a meaning of alexica value is determined by
aggregating all fuzzy parts F(v;) corresponding to characteristic measurements describing the same

concept a: Hy(g) = O {F(v;) / Mr@ (Vi)=1}, with Hapg(X) = min(Ha(X)+Hp(X),1). Hence, the
membership function is a piecewise linear function.
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W@  Tub) T(©) T(d)
v —_—— N —A
7 oW v Ve
MAEW) Fv) Fva)  Fv) F(ve) F(ve)
N
nAh T(a) T(b) 1(c) T(d)
X \

Figure 7 : Interpolation method.

If further information on the shape of the membership function is available, one can use amore
general definition:

Uv U [vi, ]
M) = F(d(y; v) 7 d(vi, ) (29)
Mey() = f(d(vi, V) 7 d(vi, ) (30)
fisan increasing function on [0,1] and satisfies:
f(0) =0, f(1) = 1, f(1-a) = 1 - f(a). (31)
uh @ 1) T(©) ()

XX N

Figure 8 : Results with f(x) = 3x%-2x°.

Note that anew lexical value could be generated by defining the associated characteristic meas-
urements. This principle can be extended to a multi-dimensional measurement. An exampleis de-
scribed in section 6.2.

4.4. Adaptation to the measurement context

In the previous sections, it has been shown how to build automatically one relationship between
the numerical and the lexical domains. It seems obvious that the definition of meaningsis the dif-
ficult point. A symbolic sensor that is concerned with atemperature measurement problem can in-
terpret the measure “temperature £@5as a cool temperature. According to the context, the
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description could be false: in a swimming pool context, the temperature is cold; for arefrigerator,
it is very hot. Furthermore, the description can differ with the speaker. This last point is very im-
portant during the information acquisition time when an expert system is to be implemented.
Therefore, there is a need to configure the sensor according to the context (measurement task,
speaker). Formally, taking into account the measurement context is nothing more than adapting the
description (and then indirectly the meaning) of the numerical measurement. Two approaches have
been devel oped, afirst one based on afunctional processing (that makes a global adaptation of the
meanings) [Mauris, 92], and a second one based on aqualitative learning with ateacher (that makes
alocal adaptation of the meaning) [Benoit, 91c].

4.4.1. Functional approach

Assume the generic concept and the new generated ones are defined on the numerical domain
N called the ideal universe. Let N be the measurement domain and h be a function, called the
adaptation function, from N’toN.

Figure 9 : Adapting the sensor to the environment.
The description of a measurement for crisp set is now:

Ly = 1(h(®) if x Ot(Ly) (32)

To run this approach, the adaptation function should be sent to the symbolic sensor. However,
all adaptation functions should have specific properties that preserve the coherence of configura-
tion informations. Especially, the generic concept definition point should not be changed by the ad-
aptation function, furthermore the description should remain linear around this point. Let m. be the
generic concept definition point, the two previous properties lead to:

h(m) = meand h(m) = 1 (33)

Effects of the adaptation function on the measurement domain are called semantic properties
(compressing or expanding the definition domain, expanding after a particular measurement...).
The choice of a “good” adaptation function (i.e. having particular semantic properties and the pre-
vious mathematical properties) is not so easy. One solution is to choose an adaptation function hav-
ing the desired semantics, then apply a transformation to get the mathematical properties. Let g be
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a function with the desired semantics at point x,, then the adaptation function can be defined as

follows (it is assumed that g'(x,) # 0):

h(x) = a.g(x- @+ xp) +bwitha=1/g'(x) andb =m; - g(%,) / g'(Xp)

From these considerations, let us give four examples of functions g with interesting semantic

properties:

» expand_before_expand_after g(x) = argsh(k.x)

» compress_before_compress_after g(x) = sh(k.x)

» compress_before_expand_after g(x) = sh(k.x) if x 2 0 g(x)=argsh(k.x) else

» expand_before_compress _after g(x) =argsh(k.x) if x = 0 g(x) = sh(k.x) else

(34)

These functions have been chosen due to their asymptotic properties and their behavior around
the origin (herex, = 0). Figure 10 shows resulting adaptation functiofar the generic concept
definition point in5 m, and presents the membership functions for a symbolic sensor dealing with
seven concepts defined from a gaussian generiamtance is _correct, whose definition point
Is in5m: the adaptation function is obtained fromg@fe®mpress_before_expand_after function.

W 1hX

-28

44

-68

distance_is_correct{x)} without the adaptation

-]

distance_is_correct{x)  with the adaptation

8.8

Figure 10 : Example of adaptation.

4.4.2. Qualitative lear ning with a teacher

The principle is illustrated in the following figure. It is based on the qualitative comparison be-
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tween the description of the sensor (sc) and the description of the professor (sp) for the same nu-
merical input X.

Physical phenomenon
x Symbolic Sensor
Description |« > Description
2 !
Qualitative | sc
comparison |
ye P
‘ - M odification
Decision ‘ I
u

Figure 11 : Principle of learning with a teacher.

The qualitative comparison e takes its value in the set of signsS={-, 0, +} usual in qualitative

analysis. Inthe present instance, we restain 1 g,(X) to asingleton, i.e. an element of L, sotheresult
is obtained from the order relation on L.

e=+if 15(X) 2| 1(X)
e=-if 14(X) 2| 15(X)
e=0if 15(X) = 1(X)

The qualitative comparison is used to change the meaning of each lexical value, and of course
the sensor’s descriptions. The idea is to change the meaning in order to obtain a qualitative feed-

back of the sensor’s description according to the professor’s description. The qualitative feedback
can be easily obtained with the following control strategy.

if e= +thenu = increase
if e = -then u = decrease
if e= 0then u= maintain

The semantics of the control actionsuare respectively timcrease, decr ease or maintain the
sensor’s description. Now, in order to complete the approach, the funmeiiease, decrease, and
maintain have to be defined. The function maintain is obvious since no action is performed. E. Be-
noit has defined two functions increase and decrease, that modify two neighbouring concepts [Be-
noit, 91a and 93]. In fact, these operators, based on the pretopology theory, induce a local
modification of the partition. An illustration of the action of this sort of operators is shown hereaf-
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ter.

AH 1 cold mild before adaptation
TO
>
AM cold< < mild after adaptation
> TO
TO

Figure 12 : : Action of increase on the concept sf.

For the temperature Ty, before the action of the teacher the description is 1(Tg)={ cold(0.6);
mild(0.4)}, after the qualitative learning we obtain 1 (Ty)={ cold(0.4); mild(0.6)} .

5. Handling measurement imprecisions

In the previous section, we have considered the conversion of a precise numerical measurement
into alexical value. Inreality, the measurement processis not ideal, and the numerical valuesgiven
back by the sensor are imprecise. The aim of this paragraph isto take into account the metrological
performances of the sensor in the numeric-linguistic conversion. To do this, we will first consider
aclassification of the different errors.

5.1. Different typesof errors

We consider three types of errors:

* systematic errors, created by erroneous referent values, by the electronic sig-
nal processing or by particular conditions of operation.

eregular errors, that produce a measure close to the true value. They come from
the noise of circuits and from slight uncontrolled variations of referent parame-
ters.

» aberrant errors, leading to a measured value which has nothing in common
with the observed situation. They are due to important faults in electronics, to
brutal variations of operation or to a specific configuration of the sensor.

The problem is how to recognize these types of errors. It requires information about the sensor
operation, whose performances must be known.
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5.2. Characterization of the sensor performances

We propose afunctional approach that islinked to the usual description of the performancesand
is coherent with the fuzzy subset theory [Mauris, 92]. Therefore, three functions called device
functions are defined to characterize the imprecision of the sensor:

* theprecision function, that is the probability distribution of the experimental
measurements, and reflects the estimation performances of the sensor for regular
operating.

« thedetection function and thevalidity function, that describe respectively the
detection performances of the sensor and the validity of the measure. They can

be interpreted as an a priori and as an a posteriori probability of regular measure-
ments.

These functions could be obtained by theoretical calculus or by experimental analysis. Note that
the detection function requires knowledge of the sensor’s performances, that depend on the oper-
ating configuration. The validity function requires internal or external additional data (i.e. informa-
tion redundancy), providing information upon the observed situation, in order to do a coherence
test of the measured value, that leads to a validity rating of the measurement.

5.3. Management of errors

The problem is how to take into account the numerical measurement errors in the numeric-lin-
guistic conversion. Our choice is to associate to a lexical value a membership function that inte-
grates elements of a different nature. The first type of elements are information external to sensor,
linked to the designated purpose for linguistic representation. The second type are imprecision
measurements, that have to be performed in a way coherent within the frame of fuzzy theory. In
the present instance, we propose to process the imprecision measurements in accordance with the
type of errors.

5.3.1. Management of systematic errors

We mean to process this type of errors with a funaiipthat corrects the numerical value. In
the case of correction of systematic errors by a stanganey simply be a subtraction by a con-
stant or a multiplication by a scale factor. In the most complex aagesy be a parametric func-

tion depending on external physical quantities (temperature, pressure,...) or may be given by a
correction table.

5.3.2. Management of regular errors

In the crisp approach, the border between two concepts is quite abrupt. Therefore, because of
the statistical variations of the numerical value, the lexical value obtained in return varies a lot. The
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considered procedure may taken into account the precision of the sensor in the construction of the
fuzzy partition by smoothing transition between concepts. Thisoperationissimilar to afrequential
filtering. Therefore, we propose to convolute meanings of concepts by the precision function,
which constitutes the impul se response of the symbolic sensor. Let usillustrate this procedure by
an example. Let us consider a distance sensor, that has the following precision function:

1 0=x% Qg (35)
f(X) = —— xexp——

The concept far is defined by the crisp interval 40cm-60cm. If we have a precision of 2cm
around the 50cm measurement, we obtain for the modified concept afuzzy one.

't = PSR
10 4
08 -+
06 -+
04 4

02 4

0.0

. 8,cljcm)
0.0 10.0 20.0 30.0 40.0 50.0 60.0 70.0 80.0 90.

Figure 13 : accuracy of sensor a=2cm.

In the preceding case, the sensor was quite efficient and the change islight. Let us observe now
more extreme cases, in order to understand the effect of the convolution by the precision function
on the basic concept.

d — basic concept d — basic concept
uT(i)( ) — modified coer?cept HOT(SI( ) — modified concept
10 ¥ o 2
08 1| 08 |
06 1| 06 4+
04 1 04 | ™
02 1 02 | \,d_
d (cm) ‘ cm
00 ——t—2 b3 00— .;8..()

Figure 14 : accuracy of sensor c=10cm and 6=30 cm.
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In the last case, the fuzzy concept has not amodal value, i.e. the value 1 is not reached. The low
membership grade expresses the low credibility of the lexical value, which is in accordance with
the precision of the sensor. Thisinformation is also an incitement to redefine the basic concept.

5.3.3. Management of aberrant errors

Aberrant measurements correspond to values, that share nothing with the observed reality. We
will distinguish two cases. The a priori aberrant values, determined by the non-membership to a
nominal operating area. These measures must lead to a small membership grade of concepts, ac-
cording to their small confidence value. Thisresult is quite smilar to atemporal filtering. There-
fore, we mean to multiply the meaning of concepts by the detection function, that constitutes
information about the normal operating area of the sensor. Let us illustrate this operation by the
following example.

Hy9(d M ¢g(d
1.00 1.00
0.80 0.80
0.60 0.60
0.40 0.40
000 d(cm oo | d (cm)
00 250 50.0 750 100 00 250 500 750 1000
basic concepts detection function
H 1(g{d)
1.00
0.80
0.60
0.40
0.20 d (cm)
0.00

00 250 500 750 100.0
modified concepts

Figure 15 : Action of the detection function.

The second caseisthe aposteriori aberrant measurements, that are val ues belonging to the nom-
inal operating area of the sensor, but that share nothing with the observed reality. To detect these
faults, information about the acquired values, that will be characterized by a validity function, is
required. The validity is obtained by cross-checking with other internal or external information
upon the measurement processing. Finally the meaning of the modified concepts is deduced by
multiplication of the basic concepts by the validity function.

5.4. Implementation

Thefollowing figure presentsthe different functions of afuzzy symbolic sensor. The analog part
makes the usual sensing. The numeric part acquires a numerical measurement of the considered
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physical quantity with possible correction and compensation of the measures. The association of
these two partsleadsto sensorsusually called smart sensors. The fuzzy symbolic part generatesthe
meanings of the concepts by taking into account the measurement imprecisions and the measure-
ment context. The device functions (precision, detection, validity) depend on the configuration of
the sensor and act with specific operators (convolution, multiplication) in the numeric-linguistic
conversion. In output, the fuzzy sensor provides numeric measurements and their validity, and a
linguistic description of the considered situation. Therefore, it constitutes a general component us-
able for many types of systems. It will be noted that the proposed mechanism gives back a small
membership grade when the partition is too fine or covers an area that is different from the range
of the sensor. So the membership grade is shown as a global validity index of the concept fusing
linguistic uncertainty and numeric measurement imprecisions.

communication networ k

fuzzy symbolic part analog part
| Transducers |
generic symbolic |
concept ¢ andiog
- electronics
( ? recision jm
unction f,
[fuzzy operatorg numeric part
electronic
adaptation function configuratior
Ua |
raw numerical
value
detection |
X J———{ function f = Stematic error
C d unction gg
CX\ validity | | numeric
- function f, | | processing
mbols and I ndex of numeric
mem%ersm p grade validity measurement

available information

Fuzzy sensor

Figure 16 : General structure of a fuzzy symbolic sensor.
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6. Applications

This section describes two implementations of fuzzy symbolic sensors. The first one concerns
an ultrasonic range finding sensor. After detailing the measurement principle, we focus our atten-
tion on the management of numeric errors in the numeric-linguistic conversion by means of the
device functions (see section 5.3.). The used method for creating the concepts is based on the def-
inition of the meaning of a modified generic concept (that integrates the accuracy of the sensor)
and the use of linguistic operators described in section 4.3.1. In output, the fuzzy sensor gives back
the numeric measurement and its validity, and the linguistic description of the considered dis-
tance.The second implementation of a fuzzy symbolic sensor is a colour matching sensor which
tries to copy human eyes. In this perspective, the software sensor referred to here works with the
three usual components of colour (red, green, blue). So the numeric measurements are three-di-
mensional, and we extend the interpolation procedure used in the mono-dimensional case (see sec-
tion 4.3.2.) for creating the meanings of the concepts, whose modal values are given by alearning
with teacher procedure described before (see section 4.4.2.). In output, the fuzzy sensor displays
the linguistic description of the colour of the considered object.

6.1. Ultrasonic range finding sensor
6.1.1. Measurement principle

Two small ultrasonic transducers which have a frequency resonance of about 40kHz have been
used. The emitter islinearly modulated in frequency with a frequency sweep rate of A=AF/T,. As
sound travelsthrough air between the recelver at aspeed of v=340nVs, the receiving transducer col-
lects afrequency modulated signal delayed by atimety=2d/v (d: distance to the obstacle). The two
signals (emission and reception) are made to beat together in anon linear device (i.e. amultiplier)
and the beat note is found to contain two distinct tones f, and fj,.

fa
emission ] I[] reception

fo |
AF M ‘fp ' g M 1

Aﬂf= femitted - frecaived!

<o,

Figure 17 : Principle of a linearly modul ated range finding sensor.
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We have the following relationships:

36)
AF d . _AF (
fa:Gxtozsz"\‘, with a——_rr—
AF d 2d .
and N =f x(T,—ty) = 2><Tr X o X E’rr_vg N is the number of cyles 6f @

6.1.2. Sensor processing

In order to obtain the distance d, the frequency f, must be numerically acquired. We propose a
solution based on a complementary use of analog processing and digital processing implemented
on asingle processor board.

frequenc \

mo u?gt&i

gener ator
[

o5
|

pr%ucgeéglng - distance

Figure 18 : Sensor processing.

The emission consistsin generating atriangular signal by integration of arectangular signal pro-
vided by atimer of the board. The received signal is first amplified and then multiplied with the
emitted one. Therefore, the multiplier output provides abeat note with two distinct tones: fo+f, and
fe-f. After going through a low-pass filter, a sinusoidal signal at frequigrdyf, is obtained.
Then aTTL outputOSis generated in order to perform a period acquisition.

Tr
4P -
timer 1
modulatign
signa

/\/\

t'o

<>

start of end of
acquisition x H acquisition ﬂ H

O_Utpg}

sign

@ [UUUUUUUUUL vuubupuuuiy

Figure 19 : Principle of numeric distance acquisition.
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As frequency measurements are not so easy, a microprocessor based period measurement has
been implemented. Assuming that T, is the sum of all the measured values (in reference clock

ticks), f, iSthereference frequency and N the number of samples, the distance can be computed as:
_ Vsound % Tr X fre X N _ KxN
AF x T, T, (38)

K isasymbolic constant defined at the assembly level, so that only one multiplication and one
division are necessary to compute the distance.

6.1.3. Representation of the sensor performances

The experimental results obtained with the following configuration (AF=16kHz, T,=15ms,
t' =3ms for an obstacle perpendicular to the ultrasonic beam lead to the following approximated
device functions.

detection function recision
1 A etectuon tunctu 50 Aﬁ?unclﬁtljn
d(m) d(m)
0.05 1.20 > 0.
validity function: f, = Ngy/Nih

Figure 20 : Device functions of the ultrasonic sensor.

With regard to the validity function, its formulation requires more attention. We look for afunc-
tion, that has for domain the numeric space and for range the unit interval [0,1]. A valuecloseto 1
means a good validity for the considered measurement, then avalue close to O corresponds to a not
very reliable measurement. The expression of the validity functions necessarily originatesin some
sort of redundancy. For the implemented ultrasonic sensor, we have a second value linked to the
distance, that is the number of cycles of the tone f:

szx—T—xd (to<<T) (39)

_ . _AF _d 2d
N_2><-_|-_-r-x\—/xE}l'r—-\TD :

AF

To define the validity, we propose to compute the theoretical number Ny, corresponding to the
calculated distance d obtained by the measurement average fayerage Of fa, and the number N, cor-
responding to cycles which frequency is closed from fayerage (for example, equal to fayerage With
10%of error).Then, the validity function isobtained by:
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fy=Nexp/Neh (40)

When the obstacle-sensor configuration is coherent with the model, i.e. obstacle perpendicular
to the ultrasonic beam and sensor configuration parameters (AF, T,, t'o) adjusted to the distance to
the obstacle, then Ne,,=Ny, and f, = 1. When the obstacleisinclined or the parameters not adapted
to the situation, or,..., then Ng,, << Ny, and f, = 0. For instance, the robustness of this function has
not been analysed. Examples of measurements obtained by the sensor are shown hereafter.

1

§ distance (MM s
1989.49 (mm) validite
&75.88, 1,68
?SB.BJ_

J 8,50
625 B0 — A m e s
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3?5.8J, 0odh
258.8J,

) " t (ms)
125,89, . ms
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‘ t(ms) 800 ‘ . . .
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Figure 21 : distance and validity of measurements for a plane obstacle perpendicular to the beam.

Note that the distance measurements are quite smooth and have a good validity.

2 Q |
1eeg. 4 istance (Mm o
(mm) validite
575,00 L g
756,00,
A, 4a
£25, 0,
saa.aJ, 860
S?S.BJ_ i 40
asa.aJ,
J .28
125 .84, t(ms)
‘ t (ms) 0 . . . .
500 | : : t t t t ;
5 5 a5 5 50 575 L an 16 8,60 8,28 §.58 075 1,00 16

Figure 22 : distance and validity of measurements for a plane obstacle inclined at 30

The distance measurements vary a lot and the validity is low. It is due to the reflection, that is

not principally focused on the sensor.

6.1.4. Processing linguistic information
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In order to perform the actions of configuration, acquisition and processing of the information
in asimple manner, E.Benoit has developed a rule based procedural language, called PLICS (pro-
totype of integrated language for symbolic sensors) [Benoit, 93]. Therefore, users work in a lan-
guage close to natural language, as shown in the following example. The method used for creating
the concept is based on the definition of amodified generic concept (that integrates the accuracy of
the sensor) and the use of the linguistic operators (more_than, less_than, above, below) (see section
43.1).

Heg(d)1 Heg(d) 1
O
d(m) d(m)
| |
0.18 0.22 + ! 0.17 0,23
Basic generic f(d Modified generic
concept Cq 5 (d) concep Cé
| | [ d(m)
“ootool

precision function

very_small small medium large very_large

detection
~function
| d(m)
= >

0.05 0.14 0.18 0.22 0.26

Figure 23 : Example of creation of concepts.

The obtained structure for the symbolic informationsis an ordinal fuzzy one (see section 4.2.).
The detection functionisequal to 1 intheinterval [0.05m;1.4m], so that it does not affect the mem-
bership gradesin this range. The validity can not be displayed because it is obtained a posteriori.

The next figure shows respectively the numeric value, thevalidity and thelexical value (that cor-
responds to the higher membership function grade) registered for arobot sweep over a plane sup-
porting an obstacle.
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Time Distance Validity Symbol

15ms 30.1cm 0.73 very_large

30ms  29,0cm 0.73 very_large

45 ms 255cm 0.90 large
30cm 25cm 17 cm 60 ms 24.8cm 0.85 |al’ge

75 ms 24.6 cm 0.91 large

90 ms 25.1cm 0.96 large

105ms  249cm 0.87 large

120 ms 16.9 cm 0.80 small

135 ms 17.2cm 0.81 small

Figure 24 : Table of results for a robot sweep.

6.2. Colour matching sensor
6.2.1. Human and artificial perception of colour

The sensing of colour has been known scientifically, only since Newton’s experiment on prisms.
His works and those of his successors have demonstrated that information linked to colour sensing
is described by the spectral energy distribution betwl®8nm and700nm. This interval is called
the visible spectrum. Human beings perceive electromagnetic light beams by four types of photo-
chemical transducers: three cones for day vision and one rod for night vision. The photometric sen-
sors give back information in relation to the received energy:

y = [s)r(A)dA (41)

with A the wavelengtlr, the spectral sensitivity of the sensor aride spectral energy distribu-
tion of the received wave. The sensation of colour is generated by the different spectral sensitivities
of the cones. The “blue” cones detect short wavelength, whereas the “green” and “red” cones detect
respectively medium and long wavelengths.

450 s0n 550 Enn ESN Jon

Violet Blue Green Yellow Orange Red

Figure 25 : Relative absorption of human cones
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Mathematically, colour information is represented by a three-dimensional vector, and the asso-
ciated measurement universeis called the colour space. Theartificial sensing (for example the vid-
€0 camera) isbased on three photometric transducers that recreate the effects of red, green and blue
cones. The responses of the detectors are normalized between 0 and 1, and then the colour space
iIssimply aunit cube (R,G,B). Formally, every point of the cube marks adifferent colour sensation.
In practice, thelexical values of colour (red, blue, green,...) correspond to a partition of the cubein
many parts. At this stage of our presentation, it will be noted that the partition of the cubeis not an
objective procedure, but a subjective one, that depends on users and considered applications. More-
over, other representations, separating characteristics of colour like brightness, saturation and tint
can be considered. Nevertheless, associated transformations introduce an important knowledge on
the mechanism of the human perception of colour. Therefore, we will use the simple cubic repre-
sentation (RGB) and alearning procedure for colour concept formation.

6.2.2. Processing linguistic information

Theideaisto extend to the three-dimensional case the interpolation method developed for cre-
ating amono-dimensional partition from characteristic measurements (see section 4.3.2.). One be-
gins by partitioning the cube in tetrahedrons using Delaunay’s triangulation method. For
partitioning the whole measurement universe, the vertices of tetrahedron must be characteristic
points. Then, the smallest partition contains eight elements, and the vertices of the cube are char-
acteristic measurements. The lexical set and the associated meanings are defined in the following
manner, and lead to a nominal fuzzy scale (section 4.2.).

g Cyan White g Cyan White

Blue

Yellow

o
&
R

= pe
Black Red Black Red

Figure 26 : Triangulations of the cubic colour space.

Two triangulations are available as shown on the figure 26. It comes from the number of char-
acteristic points, that is not big enough to guarantee the unicity of the partition. In our work, we
will choose the first one. Then, we first associate to every characteristiovgaantuzzy subset
F(v.) defined by its membership function on each tetrahedron. For tetrahedrons which does not
containvg, ley)(V)=0 for allv belonging to the considered tetrahedrom |6 a vertex of the con-
sidered tetrahedrdwg(,(v)=1, andlgy,)(Vo)=0 for the other vertices of the tetrahedron. For oth-
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er points of the tetrahedron, we make a multi-linear interpolation from vertices:

MF o (M= HEe(Xy.2=ax+by+cz+d, (42)

a,b,c,d are determined by the system of four equations given by the four vertices of the tetra-
hedron. The fuzzy subset F(v,), so defined by parts on each tetrahedron, is called afuzzy point. The
meaning of alexical valueis then deduced from the union of fuzzy points associated to the set V,
of characteristic measurements describing the considered lexical value:

He@™) = 2y ovs (HrwgW)- (43)
Asmentioned before, the proposed method does not take into account all the information on the
human perception of colour. Missing information will be introduced by learning with an operator.
He will indicate new colour lexical values and their associated characteristic measurements. For
building Delaunay’s triangulation, a specific algorithm has been used to create the new partition
used by the fuzzy sensor [George, 89].

6.3. Implementation and experimentations

The implemented sensor is a software one, that assesses the colour of an image using the three
components RGB given by a camera. In this case, the software is the instrument. Associated to a
shape recognition system, it can give a meaning to objects such a blue pen or a yellow cube.

6.3.1. Principle and description

The sensor use the three-dimensional interpolation method described before. First, the operator
defines the lexical set (for example: black, red, green, blue, cyan, magenta, yellow, white) and the
associated characteristic poimt$r;, g;, bj), chosen on the image by the cursor. Then, the software
determines the description of the colour of every point.The sensor presents a communication tool,
which allows to perform the learning procedure and the management of the results. The acquisition
of the three components RGB is provided by a camera, and the analysed point is determined by the
position of the cursor on the image.

L.A.M.I.I. capteur symbolique de couleur
[ QUITTE ][ Fichiers ][ Image ] rvb : R=218 ¥=165 B= 97

ouleur : jaune

Dossier : /perm/bennit/ducuments/image%_ ¥al (Z) : 56
Fichier : stylo_f I
[ Hodifie ] [ Detai] ]

numeric measurem:;ﬁ/ / \

membership grade of all lexical values

Figure 27 : Monitoring board of the colour sensor.
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* Fichiers (file): this menu can load a colour image, or the configuration contain-
ing the set of characteristic points and their associated descriptions.

* Image: this menu selects the different modes of image vizualisation,i.e. dis-
plays in gradations of grey or in pseudo-colours of the original image or of the

interpreted image. If one displays the description of a point for a particular lexi-

cal value, black means that the lexical value does not belong to the description,
white means that the lexical value belongs totally to the description of the con-

sidered measurement. If one displays the description for all lexical values, the
colour of the pixel is that of the greater membership grade concept.

* RVB (RGB), couleur (colour), Val (%): in this part of the communication box
are included numeric values in the range 0-255 of the three components (red,
green, blue) and a lexical value (that corresponds to the greater membership
grade) and its associated membership grade in percentage.

* Detail: displays all the lexical values and their associated membership grade.

» Modifie (modify): Manages the monitoring procedure. The user selects adapted
lexical values for specified points. The software automatically builds the nominal
fuzzy scale.

6.3.2. Application

For example, we analyse the following colour image I, represented in gradations of grey for re-
production purposes. It shows a scene composed of four rectangular objects respectively yellow,
red, green, blue (down to up): a blue pen (left), a red pen, a grey ring and a white square, in which
is written a blue line is drawn and the word “cubes” is written in red. The learning procedure has
been performed on six points situated on the background picture, on the ring, and on the four rec-
tangles. The lexical set used here is {black, grey, blue, red, green, yellow, magenta, cyan, white}.
The characteristic colours and their associated lexical values can be seen as follows.

Symbols Blue Green Grey Black Red Yellow
R 33 30 88 28 163 217
G 56 76 84 27 57 166
B 118 45 70 30 83 98

Note that the learning points are quite far from the initial characteristic points (i.e. the vertices
of the cube RGB), which means that the starting nominal scale is not adequate to the image. More-
over, before monitoring, black is the most meaningful lexical value for the first four points.

After monitoring, the colour of the pens and of the writing are correctly interpreted. The next
figure shows the original image | and the “red” image Ired. Pixels, whose description contains
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completely thelexical valuered are shown in black, those whose description does not belong to red
are shown in white. The intermediate levels are shown in gradations of grey.

/a3 S

Figure 28 : Images | and | geq

7. Conclusion

The final aim of any measurement process remains the acquisition of evidence that enables to
understand and possibly formulate decisions upon some matter. Therefore, numerical data about
the measured quantities are ultimately turned into a qualitative response to the requirements that
started the measurement process. Thisdecisionisgenerally made by anatural intelligent entity (i.e.
an operator) or by an artificial intelligent entity (i.e. an expert system). It isin general expressed in
a binary form (good or bad, equal or not equal,...) or in a sequence of pre-defined lexical values
(such as for example: mild, hot, very_hot, cold, very cold). Our approach is to implement these
intelligent capabilities directly in a new type of sensors called symbolic sensors. The latter does
not only perform the sensing, i.e. the numerical acquisition of aphysical quantity with possible cor-
rection and compensation of the measures (usually called smart sensing). It also performs the per-
ception, i.e. the definition of meaning of sensed signals by the assignment of symbols (e.g. pre-
defined lexical values).

This paper setsthe theoretical foundations of the symbolic sensors, as an extension of the meas-
urement theory, by establishing in aformal way the relationships between the numerical and lexical
domains, by means of two mappings called description and meaning. In practice, asymbolic sensor
involves two stages: the usual numeric measurement and the numeric linguistic conversion. It en-
tails the definition of the meaning of the lexical values by the user, and the description of the nu-
meric measurements by the formal link between the meaning and the description.The latter
consider the set of the subsets of the numerical space and the set of the subsets of the lexical space.
The fuzzy set theory proposes an interesting frame for the treatment of symbol graduality, meas-
urement imprecisions and validation, and it allows to take into account the measurement context.
This approach leads to a specific structure for the sensors, called then fuzzy symbolic sensors. For
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instance, both an ultrasonic range finding sensor and a colour matching sensor have been success-
fully implemented. The former uses a procedure of management of errors and a procedure of cre-
ation of the concepts by semantic relationships. The latter uses an interpolation method for creating
the concepts by learning with ateacher.

As a conclusion, the proposed structure for the fuzzy symbolic sensors allows conventional
sensing, description, adaptation to the measurement context and treatment of errors. Hence, we can
consider cases where measurement systems involve a lot of sensors. In such situations, we are
faced with new problems: the concept level assessment and organization, the choice of the appro-
priate constituent devices and the optimal configuration of the sensors, the validation of datafrom
the point of view of the global system. For all these aspects, the new ways opened by symbolic rep-
resentations seem promising, and they are being developed in our laboratory.
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