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Abstract logic (FL) provides a syematic basis fomepresenting
imprecision and/or uncertainty. Another objective of FL
to mimic the ability of the human mind effectively em-
ploy modes of reasoninthat areapproximaterather than

Traditional Event-Condition-Action trigers (activedata- s

b_ase rules) include a Boo_leq{medicate as arigger condi_-
tion. We propose fuzzy triggers whereby funigrence is exact.Nowadaysapplications offuzzy logic arefound in

utilized in the condition evaluatiorthis way, aproxi- many fields [MJ94], including automatic contrairtificial

matereasoningmay beintegratedwith atraditiorjal p(isp inteliigence [ZK84, LWL89)],database$DEBS, Pet96],
database.The newapproachpaves the way fointuitive pattern recognition, decision analysis, etc.

expression of application semantics of impreciatire, in To our bestknowledge, no efforhas beenmade to
database-bound applications. Two fuzzy triggers models arebring imprecisionand uncertainty to databasetriggers.

proposed. Firstly, a set dtizzyrules is encapsulatednto Similar work hasbeenaddressed irthe context offuzzy
Ealz%o'e{aon{;glugﬂfﬁznzﬁﬁn g?"ﬁdo dZI rugansS%t Jggﬁt'onéc_ expert systems[Zad84, Zad89].Zadeh noted that since
tions gre expressedalso ?r? fuzz te'rms and czhe co);;e— most expert's knowledge isuzzy, most ofits facts and

; P ; Y ' rules are fuzzy. Fuzzy expesystems allowfuzziness of
spondingCA-fuzzy trigger model is proposed. Examples antecedents and/or consequenthin rules of the form “if
are provided to illustrate houzzy triggers can be applied X is A then Y is B” where “X is A” and “Y is B” arduzzy

:?oi real-life drivecontrol system in an industrighstalla- propositions. They also utiliz@pproximate reasoning
' [zadB89, GKB+84] which deals witmference undeimpre-
cision and/or uncertainty.
The mainideabehindour work is similar in spirit to
the one considered ithe context offuzzy expertsystems.

There has been considerable interest in active database rules 'S Work was originallydriven by the requirements of a
(called triggers in commercial applicationsand in the  'calapplication domain which was@aper machinelrive
SQL3 proposal [SQL3]) over the last decade (see [WC964al], management system. In orderawmd fallurgs oﬁhg drive

p. 303-324, for aeferencdist). Active databases provide systt_am,end—u'selrs Wat\)r]lt_ed sangle.mechamsrrg which two
the capability toreact to databas@nd possibly external) Ejequwements. (.) aability to notnfy use&sza ouproc.:g.?s
stimuli, calledevents without user intervention. Irecent datastatesrequiring operatoattention,an ( )_a possibil-
years, therdias been efforts tamdsintegrating active da- 'Y 10 express the conditions to be detected in a simple and
tabases with new technologies such as tempmndl real- intuitive way capturing imprecise utterances like “tam-

time database§BH95, RSS+96]. We are investigating perature rise Is strong’. . . .
another issue which is incorporatifigzzy logic into ac- The requirements werdypical for industrial process

: P : t applicatiorgharacterized by ever-increasing
tive databasesThe objective is to appljuzzy techniques managemen . :
to the evaluation of the trigger condition which Hzeen amounts of data stored in process databases. Rattethe

traditionally based on a Boolean predicate lack of precise process models, usggmand to bable to
Fuzzy logic[Zad65] dealswith statemeﬁts thatan be apply impreciseneasures tdhe management dhforma-

true to a certain epree: the valuesare between 1 t|onT1;I1c;odé er presents two main contributions:
(completely true)and O (completely false). Thusfuzzy paper p :

1. Introduction
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» We propose to embed fuzzy rulesthin a Boolean-val-
uedtrigger condition.Model of such a triggercalled a
C-fuzzy triggeris presented in Section 3.

* We introduce the concept of a fuzzy action and propose
a reasoning mechanism with the purpose of selecting a
real action. The correspondi@f-fuzzy triggemodel
is proposed in Section 4.

Both proposed trigger models operate in a traditional envi-
ronment of a crisp database. They enablemed applica-
tions semantics in database in an effectivand intuitive
way, as was shown in the case study [PBW96].

We discuss pro‘andcon's of theapproach inSection
5. Open questionand researcplans arepresented in Sec-
tion 6.

2. Basic concepts of fuzzy inference

This sectionintroducesbasic concepts ofuzzy sets and
fuzzy inferencdKY96], required to definduzzy triggers.
Informally, afuzzy sefs a set with imprecisboundaries
in which the transition from membership non-member-
ship is gradual rather than crisp. In this wayuzzy set F
in a universe of discourse U @haracterized by emember-
ship functionu:, which associatesachelement ull U

with a grade of membershjp(u) O[O0, 1] in the fuzzy set
F. Note that a classical set A in U is a specide of a
fuzzy set with all membership valugg(u) [{0,1}.

1.1 Linguistic variables

The basic concept underlying fuzzy logic is thatioguis-

tic variable which is a variable whose valuase words
ratherthan numbers. A linguistizariable is characterized
by a quintuplg(x, T(x), U, G, M)in which x is thename

of the linguistic variableT(x) is the term set of, that is,

the set of names of linguistic valu@ierms) of x defined

on U; G is a syntactic rule for generating the names of
values ofx; andM is a semantic rule for associatimgth
each value its meaning.

Example 1.

Let us considerthe linguistic variable Temperature Its
term sefl(Temperaturefould beT (Temperature) $low,
normal, hot} where eactierm is characterized by a fuzzy
set in a universe afiscourseU= [0, 300]. We might in-
terpret “low” as “a temperature below @)’ “normal” as
“a temperaturelose to 128C,” and“hot” as “a tempera-
ture above about 130". These terman becharacterized
as fuzzysets whose membership functicsre formulated
below andshown in Fig. 1. Forexample, if thecurrent
temperature is 9C then themembershipdegreeto the
fuzzy subsetow is equal to 0.6.

U, = Trapezoidal(0, 0, 80, 100)
Uooma = Trapezoidal(90, 120, 120, 140
U = Trapezoidal(130, 160, 300, 300

~ —

1 low normal hot

»
v
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Figure 1. Membership functions of the linguis-
tic variable Temperature.

1.2 Fuzzy inference

A fuzzy implications viewed agdescribing a fuzzyrela-
tion between fuzzysets forming the implication [MJ94].
A fuzzyrule, such as “if X is A then Y is B" is &uzzy
implication which has a membership functipg_ z(x, y)
O [0, 1]. Note thaji, _g(X, Y) measures thdegree oftruth
of the implication relation betweenand y. The if part of
an implication iscalledthe anteceden{premise) whereas
the then part is called the consequentUsing the Mam-
dani’'s (minimun) implication the membership function
of the fuzzy implication is defined as:

Ha - s(X, Y) = minfu(X), te(y)]

It is easy to see this isot acorrectextension of dradi-
tional propositional logic implication, because 0 yields
zero. However, this interpretation of thezzy implication
is more useful for some applications).

In fuzzy logic, Modus Ponens igextended toGeneral-
ized Modus Ponensn the following manner: given the
input “X is A*” and the fuzzy rule “if X is A then Y is B’
then the consequence is “Y is B*". The memberdbige-
tion of the conclusion, th&uzzy set B*, is defined as fol-
lows [Zad84, Zad89]:

He-(Y)= MaXoa Has(X) T A - s(X; Y] @)

Generalizedmodus ponens has beadapted andused
widely in control applications; the mechanism ¢slled
interpolative reasoningThis mechanism iseededor ap-
plications for which the input-output relationship is de-
scribed by a collection of fuzzy if-then rulds fuzzy logic
system, using the interpolative reasoninggligracterized
by the following algorithmical steps:

(1) Fuzzification:

The process of converting a crisp input data, x'04xU,
to a fuzzyset A*, is calledfuzzification It maps the in-
puts into their membership functiorend truth values,
these mappings are thdad into the rules. The most
widely used fuzzifier is &uzzy singletodefined by:



the final output of the systenThere are severalefuzzifi-

Ha(X) =1 ifx=x,0x0U cation methods [Men95]. The most commonbked is the
) ' Centroid (Center-of-gravity) defuzzifiawhich provides a
Has(x) =0 if x£ X crisp value based on thenter-of-gravity otthe result(the

The fuzzy input set A* only contains a crisp element x'. Output fuzzy set graph).

In this case, the formula (1) becomes a fuzzy implication: .
@) yimp 3. C-fuzzy triggers

He-(Y)= 1 O ptn _ g(X's ¥)= Ha . o(X, Y) ) _ _ : : ,
. , In this section we propose a triggerodel incorporating
Let us now consider a rule base (where Xand Z ardin- approximate reasonin@uzzy inference) inthe process of
guistic variables defined on the universe of discourse U, V ne evaluation of the condition part of an ECA trigger. We
and W respectively): are calling such trigger€-fuzzy trigers (or Condition-
R: if X is A and Y is Bthen Z is Ci=1..n fuzzy ECA triggers). The execution model of C-fuzzy trig-

) ) . . gers can be easily implementasing existingfuzzy infer-
andgiven the input crisfact (0, yo), the goal is to de-  ence tools.

termine the output “Z is C*”.
3.1 Incorporating fuzzy inference

(2) Interpolative reasoning (fuzzy inference): - ,
In order toutilize the expressivpower of fuzzyrules and

The most commonlysed fuzzy inferencenethod is the  to applyfuzzy inference tahe trigger condition part, we
so-calledMax-Min inferencemethod The process for ob- propose a Specia| functiooalled the rule set function

taining the fuzzy output using the Max-Mininference (RSF):
method consists of the following steps:
RSF:{RXS XSi_l} - D

* Finding the firing level of each of the ruléghe truth
value for the premise of each rule is computed, and ap- hereRis a set offuzzy rules (a rule set)each of which
plied to the conclusion part of each rule. The member- s in the form:
ship functions defined on the input variables are applied
to their actual values to determine the degree of truth for  if EP then EC
each rule premise. The degree of truth for a rule’s prem- ) ) )
ise is sometimes referred asatpha It is computed as ~ WhereFP is a fuzzy antecederfpredicate) and=C is a

follows: fuzzy consequentP and FC are constructed frorfuzzy
0 = Hayana o’ Yo) = MIN(Lin(%0) » Ha(o)) propositions:
If a rule’s premise has nonzero degree of truth (i.e. XIS g

when the input matches partially the premise of the

rule) then the rule iired where X is a linguistic variable representing database

value, fuzified using the term ,a(and the corresponding
* Inferencing:The second step is to find the output;,C*  membership function) in the term &t a, [JA,. Fuzzy

of each of the rules: antecedents can be connected by fuzzy opermtoror and

Hes (W)= Heai and iy ci(Xos Yoo W) O w O W not The consequent linguistic variable should be shme

In theMin inferencing which uses the Mamdani’s im- ~ ©ne occurring in all the fuzzy rules in ,

plication rule, the implication is interpreted as a fuzzy Sands, correspond to theurrentandpreviousdata-
andoperator: base states. Theference tahese states is possible using

_ - v = respectively thekeywordsnew (defaultyandold in a con-
Hc*.rg]v;/r)]( HA' a”d&'(xo’ 310) a?\?vl;)c'(w) crete syntax. Theange ofRSF, D, is a domain (universe
Haj ana 8Xo: Yo)» Hei of discourse) of the@utput linguistic variable. Thus, RSF
» Composition All fuzzy subsets assigned to each output yields a crips value whichan be used in a regular com-
variable are combined together to form a single fuzzy  parison predicate evaluating, in turnfrge or false
subset for each output variable. The purpose is to ag-
gregate all the individual rule outputs to obtain the 3.2 Execution model
overall system output. In tHdax compositionthe
combined output fuzzy subset C* is constructed by tak-

ing the maXimU“? over all of Fhe fuzzy subsets assigned dimensions of ECA triggers [PDW+93] such as coupling
to the output variable by the inference rule: modes, conflict resolution, etc. We consider a simple ECA
He-(W)= maxXUe:a (W), Heeo(W),... s Hesn (W) Ow W trigger execution model (as shown in [WC96b], p. 17). In
its simple form, therule processing algorithi which
characterizes the execution model, repeatedly exethutss
The result of the fuzzy inference system is a fuzzy set. Theconsecutive calculations performed when an event occurs:
defuzzification step produces a representativep value as

The execution modalletermineshow triggersbehave at
run-time. We will notelaborate further orthe behavioral

(3) Defuzzification:



(1) detecting an event and finding a relevant trigger, create linguistic type TempDiff float (
' - downStrong trapezmd(—_lOO, -100, -60, -50),
(2) evaluating the condition and downModerate trapezoid(-60, -50, -30, -20),
. L L neutral trapezoid(-30, -20, 20, 30),
(3) executing the action if the condition is true. upModeratF()e trapc(ezoid(zo, 30, 50)1 60),

Our approach of incorporating fuzayferenceinto triggers upStrong trapezoid(S0, 60, 100, 100) )

requiresonly the modification of thesecondcalculation There is %ing|e Outpu[\/ariab|e which representbe se-

steps of the above rule processaigorithm. Thecondi- verity level of alarms. Thiariable is oflinguistic type
tion may induce one or more rule set function catiach Severity, defined as follows:

RSF is evaluated in the following way:

(1) Fuzzification:the linguistic variables in the antece- c:fggangntgr];;)sgzco%?g’ %egegn{)ﬂ oat (

dent part of the rules are evaluated, i.e., the corre- t_low trapezoid(0.5, 1, 1.5, 2),
sponding source data are fuzzified. t_medium trapezoid(1.5, 2, 2.5, 3),

(2) Inferencethe Max-Min inference method is applied thigh rapezoid(2.5, 3,4, 4) )

to t)he rule set, producing a fuzzy conclusion (a fuzzy Definition of the rule set

set).

Once the fuzzy typeandtheir fuzzy terms aredefined, we

are able todefine the rule setcomposed of fuzzyrules.

tion value which is then applied to the comparison Fuzzy rules are a series tf-then” statementsand they
oredicate traduce the occurrence of algrmmg cond|_t|on.s. Let us as-

: sume thedefaultalarm value ist_none which is consid-
Example 2. ered an output when none of the rules is fired. The rule set
may be defined as follows:

(3) Defuzzificationthe conclusion is defuzzified using
the Center-of-gravity method to yield the crisp func-

This example shows how tgenerateoverheating alarms

in a drive system. The main purpose is to watchtehe create rule set TemperatureAlarm

perature behavior of electriotors. Thetemperature of a  (tempCh TempDiff, dev TempDiff)

motor is expected tdoehave according tthe motor ther- Severity DEFAULT t_none(

mal model whichdefinesthe allowabletemperature as a  IFtempCh IS neutral AND dev IS upModerate
function of power. Assume that all thelevant motor THEN 't low,

measurement series are stored in a single table having th& ©mpPCh IS neutral AND dev IS upStrong

(
followin hema: THEN t_medium,
oTowing sehema IF tempCh IS upModerate AND dev IS upModerate

THEN t_medium,
o)

The rule setTemperatureAlarm traducesthat thealarm
level is a combine&ffect of the temperature deviation and
the temperature change. lorder to simplify the syntax,
the output variable nam#oesnot appearexplicitly in the
rules (only its type is specified &verity, in the header)

motor(TS, motorld, temp, deviation)

where TS is the measurement timestamigmp is the
measured value dhe motor'stemperatureand deviation
denotes the deviation from the thermal model.

There are several steps to be followed when defining C-
fuzzy triggers: the definition of the linguistic types, the
rule set functions and the C-fuzzy triggers themselves. The
above entities are treated as first cldatabas@bjects (i.e.
they can becreated andemovedsimilarly to tables). The
examples below arformulatedusing the syntax of the In the last step, wdefinethe triggers. We include, in the
languageRQL/F of the TEMPOServer prototype imple- condition part of the triggers, a function call to the rule set
mented in atVTT Information Technology. RQL/F is  TemperatureAlarm. Three fuzzytriggers corresponding,

Definition of C-fuzzy triggers

based orthe SQL languageand, specifically,the trigger respectively, to a lowmediumand high alarm, may be

syntax is based on the SQL3 proposal. defined to test the returning defuzzified value of the rule set
call. One of them is shown below. The triggeffiied by

Definition of linguistic types each insertion of a measurement value.

We begin by defining the inpuandoutput linguisticvari- create trigger Trig_alarm_high

ables of thefuzzy rules.The first inputvariable is called INSERT ON motor

tempCh and itrepresentshe temperature chandgeetween WHEN (TemperatureAlarm(

the current and the previous temperature. Sdmndinput NEW.temp-OLD.temp, deviation) > 3)

variable is called deviation and it eflectsthe deviation (HighTempAlarm@TempAlarms)

according tathe motor thermal model. Trdomain of the
linguistic variables is defined usitigguistic types To be
able to represent the aboleguistic variable, welefine a
linguistic type calledrempDiff as follows:

The keywords NEW and OLD represent a special semantics
of RQL/F database tables which have tempohnakracteris-
tics: after an INSERTNEW denoteghe insertedrow and



OLD denotes the row inserted previously, in the same time
series. (In thestandardSQL, the OLD/NEW semantics is
available with UPDATE only.)

If the WHEN predicateyields true, the actiorcalled
HighTempAlarm@TempAlarms is executedThe action
naming convention of RQL/enables to callupon both
internal and externdi.e. executed outsidéhe serverproc-
ess) actions, depending on the application needs.

3.3 On the expressiveness of C-fuzzy triggers

For the purpose of the presentation clarity, the above ex-
ample was limited with respect to the expresgioever of

an RSF: onlyone databasdable was usedand the rules
dealt with distinct values only. Igeneral, thexpressive-
ness ofC-fuzzy triggers isdependent orthe following
considerations:

Domain of the rule set function: In many in-
dustrial applications, it is important teavethe capa-
bility of reasoning based on the history of tetabase
in order to understand thieend ofthe process control.
The rule set function RSF, defined in sectid, can
be extended as follows:

_1 e X S| _ n} - D

R {Ras X x5,

whereS; corresponds tdhe currentdatabasestate and S
corresponds to th& previous database state. Such an
RSF may bamplemented in a tempordatabase. In
this case, an example of a ruletecedent could be
“IF a motor hasbeentoo hot for more thenfive
minutes ...".

X

Fuzzy quantifiers: Regular triggers use twguan-
tifiers: universal and existential Fuzzy triggers are
based on fuzzy rules amday utilize awide variety of
fuzzy quantifiers exemplified bjew, severa) usually,
most about ten etc. A linguistically quantified
proposition may be written as “Q X’'s ARE Afhich
means Q elements of a set X are satisfyingfibey
predicate A.For example, thejuantified proposition
“most motors are hot”, whetgotis a linguistic term,
uses thduzzy quantifiermost Fuzzy quantifiers are
able to range over th@atabaseThus, theyextend the
fuzzy anteceder(predicate) of duzzy rule to address
the whole database state.

Approximate reasoning on a fuzzydatabase:
Fuzzy databases providiae capability of storing im-
precise or vague datd@his capabilityenables theuser

to have asummarized view ofhe data.For example,

it is more useful for the user to know that a motor is
hot rather than to obtain a crisp value. In the context
of fuzzy databases, the inference proasssnot need

to fuzzify the values (i.e. the fuzzification phase is ig-
nored). Furthermore, the result of thaference (a
fuzzy t) can be storedndcan be a source of other
events.

3.4 Advantages and limitations of C-fuzzy
triggers

We summarize the section about C-fuzzy triggers by high-
lighting the advantages and limitations of using them. The
main advantages of adopting C-fuzzy triggers are:

Ease of implementation: the design of C-fuzzy
triggers focuses on a seamless integratiofuzdy in-
ferencewithin databasdriggers. The TEMPGServer
prototype implementation hagemonstratedhat an
existing active database serveian beeasily extended
with fuzzy logic features, sincexisting fuzzy infer-
ence tools can be used.

Expressiveness:C-fuzzy triggers, based on fuzzy
rules, enable teeasily capturethe expertknowledge
which is imprecise, incomplete or vague. Thiakes
C-fuzzy triggers a suitable model flmowledgerepre-
sentation.

Usability: Fuzzy triggers enable to shortdre ap-
plication development time. A case study [PBW96] re-
inforcedthis claim. Our industriapartnet gave high
marks to the possibility to define fuzziatabaseules,
using a high-level language, in a totally dynamic way.

One limitation of C-fuzzy triggers isarly defuzzification

the defuzzificationphase takeplace wherthe crispfunc-

tion output is evaluated.The defuzzification of results
could imply somedifficulties to define the boundaries of
the comparisorpredicates. Inthe CA-fuzzy trigger this
deficiency is removed.

3.5 Implementation notes

C-fuzzy triggers have been implemented, at Mffbrma-
tion Technology, in the TEMP@erver which is a proto-
type activedatabase systenusing fuzzy triggers. The
TEMPO Server is arextension of the activéme series
database system RapidBase [WKP@#lizing a temporal-
relational model and a language based on SQL.

The C-fuzzy triggerfunctionality of the TEMPO
Server was derived from @sestudy [PBW96] where re-
guirementsand specific problems of aeal industrial ap-
plication were analyzed, and the syntactical shape of the C-
fuzzy trigger was proposed. The implementation of the
TEMPO Server is described in a more detail in [BPKW97].
A demonstration application using the TEMRB@rver can
be downloaded from a web gite

4. CA-fuzzy triggers

So far wehave consideredC-fuzzy triggers whichextend
the conventional condition part eégulartriggers by in-
cluding fuzzy rules in a rule set function. The next step is
to introducefuzzy actionsand tointegrate them with the
condition part more tightly. Such a triggemlled aCA-

1 ABB Industry Oy, amanufacturer ofcomplex drive systems for
industrial installations.

2 http://www.tte.vtt.fi/tte/projects/tempo/



fuzzy trigger may be built byembeddingaction specifica-
tions in fuzzy rules.The main benefits of CA-fuzzy trig-
gers are:

Reducing the proliferation oftriggers: It is a
widely acknowledged fact that the proliferation of trig-

gers affects the performance of the system as well as it

makes the process of developing applicationadtive
databasesvery difficult [WC96b]. With CA-fuzzy
triggers, less triggers have to be defined in the system.

Providing another dimension to the causal-
ity in active databasesBecause aecision mak-
ing process is inherently a processcoimbining dif-
ferent sub-decisions, extendirthpe individual-based
inference oftriggers is veryimportant. Indeed, the
cause-and-effedietweenthe conditionand the action
part of a regular trigger (or a C-fuzzy trigger) is a mat-
ter of yes/no(an action isexecutediff the condition
matches exactly)whereas it is anatter of degree in
CA-fuzzy triggers.

A CA-fuzzy trigger can besymbolically represented as
E(CA)*, meaning that an event fires the evaluationnof
(n=1) fuzzyif-thenrules having &uzzy antecedenand a

fuzzy action consequent.

1.1 Condition-Action model

In this model, thecause-effectrelationship between the
databasestate and the concrete (implementedactions is
expressed as a fuzzy rule set in the form:

if FP, then FA
if FP, then FA

if FP, then FA

whereFP, is a fuzzy predicate in the forproposed for C-
fuzzy triggers andFA, is a fuzzyaction propositiorrepre-
sented as:

Zis z
Where Z is a fuzzyaction linguistic variable such that
T(2) ={z, 2, ... z}. Therealso exists a set afoncrete
actionsA = {a,, &, ... a} of which eachy, (i = 1, 2, ... n)
may be implemented, in a real system, as a distjoroce-
dure. The setg andA are said to benappedto each other
if z; is associated with,@or eachi=1, 2, ... n..

Thus, a linguistic ternz, denotes a fuzzactionand it
is uniquely associatewvith a concreteaction. All the
membership functions &f are defined over the saraebi-
trary domain where the relationships among thezy
actions are captured.

For example, irFig. 2, thefuzzy actions: zerg low,
mediumandhigh are associated witfmappedto) the con-
crete actions Action;, Action,, Action, and Action,, re-
spectively.

zero low medium high

»
L4

Actiong Action, Actiong Action,

Figure 2. Example of membership functions of
fuzzy actions.

1.2 Execution model

CA-fuzzy triggersinducethe modification of thecalcula-
tion steps of both the condition and the action parts of the
rule processing algorithm. The CA-fuzzy executinadel

is as follows:

(1) Event signaling:
An event is detected and associated with a trigger,
(2) Fuzzification:

The linguisticvariables in the antecedent part of tikes
are evaluated,e., thecorresponding sourcdata are fuzzi-
fied.

@)

The Max-Min inferencemethod isperformed and aesult
Z" formed by the fusion of the rule results i®quced. In
Fig. 3, a possible result Z low-mediumis shown if the
terms of the figure 2 anesed inthe fuzzy action proposi-
tion.

Inference:

low-medium

| L4
Action

ca = Center-of-gravity

Figure 3. Example of a fuzzy result action.
(4) Action selection and execution:

The fuzzy result is theninterpreted byinvoking concrete
actions, using one of possible strategies, such as:

Unique invocatiormaps the fuzzy result to exactly one
fuzzy action. The policy of selecting an action is to

(a) defuzzify the result, yielding the crisp action value,
ca.



(b) select the fuzzy action whose membership function
yields the highest value, for the givea i.e., z such

that M (ca) = max(uﬂ(ca), Ho (ca),...uzn(ca)).

(c) select thecorresponding concretaction for execu-
tion.

For example, in Fig.3, the crisp valoa is mapped to
the fuzzy actiolow and, subsequently, titve concrete
action Action.

Multiple invocationmaps thefuzzy result to zero,
one or more concrete actions. A possible mapping may
involve checking the membership degrees of fuzzy sub-
sets, in theinferenceresult, and activating thecorre-
sponding actions if the membershdpgree exceeds a
given threshold. In @eneral casanultiple invocation
requires further study.

Example 3.

Let us considerExample 2presented irSection 3,which
dealswith alarm treatment in drive control system. We
will show that the trigger specificatiotan be furthesim-
plified using aCA-fuzzy trigger. Let us assumthere are
three differentalarm notification actions of which abost
one is to be invoked. The linguistic typaedrule setdefi-
nitions of Example 2 arased. The terms of the type Se-
verity become fuzzyactions by virtue of the actiomap-
ping, as shown in the following triggedefinition
example:

create fuzzy trigger OverheatingTrigger

INSERT ON motor

INFER TemperatureAlarm(
NEW.temp-OLD.temp, deviation )

UNIQUE ACTION(
t_low AS (LowTempAlarm@ TempAlarms),
t_medium AS (MediumTempAlarm@TempAlarms),
t_high AS (HighTempAlarm@TempAlarms) )

The above example of @A-fuzzy triggerdoesthe job of

three C-fuzzy triggers, as one of three different actions may

be invoked. TheUNIQUE ACTION clause specifies the
unique action invocation policydescribedabove. A new
expressive power of a trigger is achieved by a magpar-
ture from the traditional trigger syntax: the condition and
action parts are ptacedwith the rule sef(inference) part
andthe action mapping part, respectively.

5. Discussion

Fuzzy triggers allow for the use difizzy inference to

evaluate decisions when situations of interest occur. In this

section weaddresssome common criticism of thiuzzy
approach and discuss possible application domains.
Critics of the fuzzy approach often ask who is going to
assign a membership function of a linguistic term. This is
a problem ofknowledgeacquisition whereby duman ex-
pertise is required. In themost common way, thaser de-
fines the shape of a membership functidmere exists

however a (semi-)automatic approachgenerate member-
ship functions. It isbased onthe use of soft computing
techniques such as neural netwoaksl genetic algorithms
[Tuk91].

The proposed fuzzytrigger modelscan be applied to
many application domains, here combining fuzziness
with active behavior isneeded. Webelieve thatregular
triggers and fuzzy triggers can beed in acomplementary
way. Thus, the part of the application which is inherently
fuzzy will be easily expressed using fuzzy triggers.

Fuzzy triggers areeededparticularly in thecase of
process managemeahd automatiorsystemswhere pro-
prietary (non-databasejolutions are still in use. The ac-
ceptance of the new database technology by the industry is
bestpromoted by providing mechanisms which meet the
requirements. Procesdatabases areseful because they
provide an efficient means storing andquerying process
measurement datdlechanisms such dszzy triggers are
useful becausethey allow to analyze intelligently large
volumes ofstored data. Irthis respect, we believe that
fuzzy triggerswill makedatabasesven more attractive to
developers of industrial applications.

An attentivereademoticed that we have dealt mostly
with applicationsrequiring generation ahtelligent event
notifications. One may ask: What about the traditiond
of triggers in the area of maintainimigitabaseonsistency?

In a brief study{BW97b] we haveshown thatfuzzy trig-
gers can be used for that purpose, too.

6. Future work

The CA-fuzzy trigger model and fuzzy quantifiers are being
implemented in thesENSE projecB. More studywill be
also performed on theeeds ofthe industrial user commu-
nity in order toachievethe most convenientterfacefor-
mat of the proposed mechanisms.

There remain severather issues whichequire further
investigations, such as general model of fuzzy events
capturing event composition. [BW97a], we haventro-
duced the concept dlizzy eventand proposed a trigger
model dealing with it. Another important issue to study is
the inter-relationshifpetweenthe proposed fuzzy concepts
and other behavioral dimensions of actilsabaseystems
[PDW+93] like coupling modes, termination, etc.

7. Conclusions

Various applications, for example in industrgystems,
require fuzzy concepts to captuthe relevant semantics.
To do this, weproposefuzzy databaseriggers (fuzzy ac-
tive database rules) which aim at combining two important
areas: fuzzy reasonirendactive databases. In this paper,
we first extendthe basic semantics advent-condition-
action rules withfuzzy rules andfuzzy inferenceThe cor-
responding C-fuzzy trigger model was implemented and
tested in an example application. A maayancednodel,

the CA-fuzzy trigger model, is also proposedevefuzzy

3 http://www.tte.vtt.fi/tte/projects/sense/



actions areintroduced andintegratedwith the inference
process. CA-fuzzy triggeneducethe proliferation of trig-
gers by providing gossibility to capture several actions
in a single trigger definition. By way of examples utilizing
concrete syntax, we showed that gireposed models may
result in intuitive and user-oriented interfaces.
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