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Abstract—We explore the reduction of a fuzzy classifier
designedto perform a binary classificationof tracked or wheeled
vehicles based on acoustic data. A genetic algorithm is used
to explore the design space of the classifier with variations
performed on the number of antecedentsincluded in the final
fuzzy system.Besidesthe original individual setgeneratedby the
GA, we define a subsetof it with a small number of antecedents
as a filter ed set. A novel method of extracting important system
components,known as open product analysis, is applied to these
two sets,yielding systemsthat perform well with a small number
of antecedents.The fuzzy classifier we reduced performs well
using only 10 to 30% of the antecedentsthat were originally
usedfor classification.

keywords: fuzzy classifier openprodict analysis

|. INTRODUCTION

Fuzzy Rule-BasedClassifier Systems(FRBCS) have been
studiedfor quite sometime. Literally hundedsof papes have
beenwritten on the topic, and thesepapers have geneateda
numter of interestingwaysto apprachthe designof thefuzzy
systems.The cental problem in geneating fuzzy systemsis
thedevelgpmentof thefuzzy setsandmembeshipfunctiors of
thefuzzy sets.In gereral,thesehave beendevelgpedprimaily
by using large amouns of humar expetise in the design
of the systems.Of course,when human beingsare putting
togethe fuzzy systemsijt is sometimeaunclearasto whether
or not the systemis minimally designé, asthe tendeng for
human designes is to focus on the fundionality ratherthan
parsimay. Yet it is advartageos to createdevices that are
both fundional and simple. As a result, it is importart to
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conside whethe or not a particula device, fuzzy or not, has
beenbuilt in a way that is both simple androbust.

It is not clear however, that thereis a particdar metha
of competing this type of reductimm when it comesto the
designof fuzzy systemsThe auttors of this work areunaware
of ary systematicmethoalogy designedto redue existing
fuzzy systemsin such a way that the new systemis both
functionally robust and significarilly simplerthan the system
from which it was desigred. Of fundamentalimportanceare
decisiors relating to which antecednts are usedwithin the
rules. How might we go from a working fuzzy systemto a
simpler one?How do we reducethe numkber of antecednts
impactirg the rule? Generdly, thesequestios are answered
primaily by experience.

In the realm of evolutionary computation, thesequestions
redwce essentiallyto a somevhat simpler question. If we
wish to considerthe original designas being definedby the
memlershipfunctions and the fuzzy rules,the systemdesign
consistsof optimizing the rule usage,the rules themseles,
andthe membeship functions of the system.However, if the
questionis “simply” to decidewhetter or not a membersip
function or someof a rule’s antecedets are needd for the
device in question then the questionredices further. If the
inclusionof an antecedeis represeted by a ‘1’ in a binary
list, thenthe questionbecanes: Which of the binary lists has
a smallnumbe of ‘1’s andstill maintainsgoad functionality?
In geneal, thereis no a priori methal for answeriig this
guestion However, we can begin to answerthe questionby
emplo/ing evolutionary and analytic method.



We apply a geneticalgolithm to fuzzy systemsas a pre-
cursorto open prodict analysisin this pape. As one might
guessfrom the good fit betweenfuzzy systemdesignand
optimizatian andthe applicationof a geneticalgorithm such
an applicdion is not particulaly new [1][2][3][4]. However,
ratherthan designig the fuzzy systems rules and member
ship functions, we only usethe GA to simplify an existing
fuzzy systemby glearnng detailsaboutthe searchspacefrom
multiple applicatiors of the genetic algorithm We analyze
the output of the GA with open prodict analysis,a method
that furthe redwcesa fuzzy systemby finding the necessary
antecedets for optimal functionality of the system.

In this paper we explore a methodof reductio of a fuzzy
system by applying it to a fuzzy classifier that classifies
acousticdata as having been prodiced by either a tracked
or wheeledvehcle. In Section2, we describehowv a simple
genetic algoithm is applied to exploring the searchspace
of possiblederivative fuzzy systems.Section3 examnes the
outpu of the geretic algaithm descrited on Section2 and
the critieria for selectvely chosing GA outpus to createthe
“filtered set” Section4 illustrateshow condtional probability
matricescan be built from the dataso asto extract groupng
information for systemdesign Finally, Section5 offers a
discussiorand our conduding remaks.

Il. GENETIC ALGORITHM-BASED FEATURE REDUCTION
A. Basicfuzzyrule-basedclassifier

To explore the minimization of a fuzzy logic systemwe
used a type-l fuzzy binary classifier designd by Wu and
Mendel [5], which classifiesvehiclesas tracked or wheeled
basedon acousticdata. Of the 89 runs collected 61 were
from trackedvehidesand28 werefrom wheeledvehicles. The
datacollectedfrom theserunswasseggmentedinto one-secnod
blocks, and eachblock was processednto featue vectas of
11 dimensios. Onesetof 11 antecedets correspondsto one
fuzzy rule, and a total of 9 rulesare usedinsidethe FRBCS.
However, therewasno justifiablereasorfor chossingprecisely
11 antecedets for eachfuzzy rule andprecisely9 fuzzy rules
for the system.

B. GeneticAlgorithm

To select features for the classifier system, we utilized
the searchspacethat a single point mutation single point
crosseer, and probaility-based repraluction genetic algo-
rithm (GA) provides. The GA is a methal that optimizes a
popuation of randanly initialized binary features,each of
which encods the set of fuzzy antecedets usedin the clas-
sifier (1's repesentsantecedets thatareturned “on” andare
usedin the classifier;0’s repiesentantecedets thatareturned
“off” and are not usedin the classifier).As a measuremen
of how well the classifierwould work with the inclusion of
particula features,the fithnesswas formulatedto include the
accurag of classificationby the classifierand the numker of
features usedto achieve this accurag. Mutation crosseer,
andinitial popuation characteristicayhichinclude popuation

size and generéion numter, are optimizedto produce more
individuals with betterfitnessover a shorteramoun of time.

1) FitnessFundion: The fithessfunction evaluges a pos-
sible solution canddate for our set of objectives. Our objec-
tivesinclude the following: maintenane of high classification
accuray and performarce and a reduction in the numker
of includedfeaturesto achieve this perfamance The fitness
mustincreaseasthe performarce increaesandthe nunber of
antecedntsdecreases.
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The equation (1) represets the geneal form of our fitness
function that can be appliedto the I** designof the FRBCS.
Ch,; represets the accurag of the classifierthat usesraw
acousticdatathat the 1's in the individuals of the GA hold
the placefor. C}, ; takesthe value of "1 if the it block of
datafrom the k%* run is classifiedcorrectly and’0’ if the
block of datais classifiedincorredly; the value can be seen
asclassifieraccuray. Thetotal numter of thesebinaryvalues,
N, depems on the type of velicle from which the block of
datacomesfrom. N; is 80for I lessthanor equé to 61, which
corresponddgo tracked vehicles; N; is 160 for the remainirg
vehcles,which arewheeledThesecondsummatiorwithin the
first summation representshe numter of correctly classified
blocks from the kt* run of data. P, representthe numker
of antecednts usedin the I** designof the FRBCS. The
constah o can be consideed a weightirg factor put on the
correctnessof the classifier andit is setto 10000, a value
large enoudn to presere the accurag of the classifierat ary
cost while attemptingto reducethe nunber of antecednts
requred. Evenif thenumter of requred antecedntsdecreaes
dramatically, thefitnesscannotincreasef only onemore block
is misclassified.

2) SelectionCriteria: In addition to the first selection
metric, fitness,we usethe falsealarmrate (FAR) of oneleft-
out run of dataasthe secondcriteria. The FAR repesentshe
wrongnessof the classifierdefinedby the curren individual
during a geneation of the GA. In eachgeneratio, the FAR
is calculatedfor only the individual that has the highest
fitness.When the GA contiruesto the next geneation, this
individual's fitnessis compaed to the fittest individual of the
previous gererations.If the new geneation’s individual hasa
higher fitnessthan the previous generéions’ individual, then
the FAR for the new oneis calculatedand compaed to the
FAR of the previous one.If the latteris lower thanthe former
the new fittest individual is setto the bestone Evertually, at
the end of the GA the solutionwith both the highest fithess
andlowestFAR is consideedthebestindividual of thegenetic
algoithm andis outpu.

I1l. FILTERING GA-GENERATED INDIVIDUALS

Each time the GA is applied once, the best individual
is produced accordng to the two metrics menticned in the
previous sections.Becauseof the rancbmnessinhetent in
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Fig. 1.  Occurrence rates of antcedats: (a) design 30, (b) design 60,
(c) design80, (d) design89.

the GA, suchasrandan initialization and several probability
paraneters,a large set of GA outpus is neededfor accuate
statistics.In this study we collect 1,00 output individuals
from the GA, which is an amouwnt of datalarge enoudn for
statisticalanalysis.

A. Investigaion of GA-gererated Individuals

The easiestvay to analyzethe output individuals produced
by the GA is by examiring the occurence rate of each
antecedet out of thetotal 99 antecednts.By simply summing
up the nunber of 1's in each antecednt, we can know
the frequeng/ of a certainantecedenbeing used.As stated
previously, a total of 89 different desigrs is available. For
brevity, the occurencerate of only four designsout of 89 are
represetedin Fig. 1.

Note that the overdl occurence rate is low. Most an-
tecedentsareturned on with the probability muchlower than
0.5,which meanghatonly a few antecedntssurvivein thefi-
nal bestindividual aftera GA evolution. Neverthelessijt is not
easyto specificallyselecta smallnunberof antecedets out of
99 sincethe prokability differencebetweenmostantecednts
is not statistically significant. Thus it is highly probablethat
thereis a growing property or correlation betweendifferert
antecedets, which will be discussedn the following section.

Togethe with thefitnessthe FAR of oneleft-out run of data
is the secondselectionmetricin the GA. The 3-D histogams
that conside both the numter of antecedntsusedand FAR
areshown in Fig. 2. Of course, from the GA evolution most
datatakeson a very low FAR for all four designsWe cansee
that the numter of antecedntsusedvariesover a large range
while the maximun numter is still lessthanhalf of the total
of 99, which meansthat mary different solution individuals
areproducedby the GA. The solutionspaceobtaina from the
GA is very complicatedi.e. multimodal ratherthanunimodal,
which is againthe reasorwhy it’s difficult to specifythe best

Fig. 2. Distribution in numberof ante@dens: (a) design30, (b) design60,
(c) design80, (d) design 89.

solutionuniqudy.

B. Filtering outpu individuals

Of cousse all outpu data from the GA can be possible
solutiors sinceit comes from the GA evolution basedon the
specifiedobjective function. However, we needto filter this
original GA output further, assuminghat a consideable part
of it is stuckin alocal optima,whichis in factonedravbad
of mary optimization tools that include GAs. Among all 99
antecednts within the nine fuzzy rules there must be core
antecedntsthat play the mostimportantrole in classification.
If one of a few of thesecore antecedets is not usedin
calculatingthe FAR of a GA outpu individual, then mary
other antecedntswould be usedfor compensation resulting
in the useof mary unrecessaryantecedets. As canbe seen
in Fig. 2, the output individuals that have a relatively high
nunber of antecednts are obtainedfrom the GA. In order
to extract optimal solutiors more efficiently, we need to
selectvely collectoutpu individualsthathave fewerturnedon
antecedntsthanathreshdd setat 20. For distinctionfrom the
original setof individuals, we term theseselectedndividuals
the “filtered set’

IV. FEATURE SELECTION VIA OPEN PRODUCT ANALYSIS

As we have seenfrom histogamsof the raw outpu individ-
ualsof the GA, the probabilitiesof antecedntoccurrecevary
very little, andconsegentlywe learnlittle aboutthe interday
betweerthe partsof the system.This is becasewhile the GA
eliminatessystemcompnentsjt canonly evaluatethe system
as a whole. Hence, redundarcies built in to the systemor
crosstalk betweerthe compamentsof the system(paticularly
the rules)remairs unacountedfor. However, sincethe effects
of one rule on the functionality of othes is neglectedin the
processof designim rule sets,reduindancie are often built
into the system;it becomessignificantly difficult to eliminate



all unrecessarycompamentsof the systemusing only a GA.

It would seemthat after the GA hasrancdmly weededout
individual antecedets that demorstratedetrimental effectson

systemperfamance that the structureof the systemough

to be exanined to deternine the effects of interplay between
systemcompmnents.To accomfish this we use a statistical
methodalogy called Open Prodict Analysis, which usesa
condtional prabability matrix to determire the relationship
betweendifferent rules and reconstrat the systemto take
adwartage of theserelationshig.

A. Conditioral probability matrix

Suppaethatwe have N binarly vecta's of dimensionM that
are either original individuals from the GA or filtered ones.
Among theseN vectos the I* one can be representedby

n(l) =y (),...,nmn ()). Then,supposehat we take
Angy = (@ ()" (0 (1)
ny (1) nq (1) 1y (1) iy, (1)
= : - : )
1 (1) na (1) N () 1 (1)

Suppae that we now sum all M of thesematricesformed
from the M vectas andnormalize them. Thenwe have

1 n
B = N ;An(l)

Sinceeachn; € {0, 1}, this reduceso

P (ny) P (nq1,m2) P (ni,nm)
P (na,nq) P (ny) P (na,nm)
B = : : :
P (tmyma) P (0, o) P ()

®3)
Note that P (n;,n;) = P (n;) P (nj|n;). Then we can

definethe matrix C asfollows:

1 P (n2|n1) P (npm|n1)
P(n1|n2) 1 .. P (nmlng)
= : : .. : - @
P (ni|nm) P (na2lnm) --- 1

Finally, this matrix provides the conditioral probabilities be-
tween ary two binary randaon variaes associatewith an-
tecedentsn this study

The conditioral prokability matricesfor two kinds of indi-
vidud sets, original and filtered, are illustrated as 3-D bar
plots in Fig. 3 for design 30. Since the shapeof original
matriceds too comgicatedto berepresentedpnly a submatrix
correspndirg to 50antecedets is illustrated Apparerly there
exist severalridgesandvalleys over certainrows, which means
that mary otherantecedets highly tendto also be turnedon
or turnel off whena specificoneis alrea¢ turnedon. On the
whole, the variatian of condtional probabilitiesin the filtered
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Fig. 3.

Condtiona probalility distribution: (a) original set (design 30),
(b) filtered set (design30).

setis larger than that of the original set, which mears that
the latter tell us the conrectednesdetweenantecedntsmore
clearly

B. Extraction of new designs

As mentined previously the unigue optimal solution with
redwced compleity canna be obtaired from the simple use
of the GA. The correspnding solution spaceturned out to
be multimodal; hencethere can exist mary solutions even
for fixed complity or numbe of antecedsts used.As a
possibleexanple of utilizing the condtional probability matrix
derived in the previous subsectionwe prgpose one way of
deriving new designsuncer various condtions on compleity.
By assigninga certainthreshdd to condtional probabilities,
we can reasoably adjust the nunber of antecedeis in a
solution individual. The specific procedurefor building this
is asfollows:



1) Choosea thresholdvalue ¢ € [0,1]. Setk equalto the
index of the antecedenof highestfrequency. Createa
vector ¥ of m nunbers,all setto —1.

2) Setthe k" elemen of the vectorequal to 1.

3) Setall elementsj of the vectorequalto 1 if Cy; > ¢.

4) Changeremairnng elementsof vecta o from —1 to 0.

This builds up a binary vector u indicating the antecednts
included in the solution It is clearthatif ¢’ < ¢, thenv}, =1
if vi=1.

Oncea threshdd valueis determired, a single solutionfor
each set of output individuals is obtainal using the above
schemeOf coursethis solutionis different from thosepresent
in theoriginal andthefiltered setsof individualsobtainedrom
the simpleuseof the GA. Usingthis solution,boththe averag
FAR over all 89 runsof dataandthe single FAR of oneleft-
out data can be compued. The relation betweenFAR and
total nunber of antecedets associatedvith mary threshold
valuesis illustratedin Fig. 4. In eachdesign,two plots in
the first column are obtainedfrom the original individual set
of 99 antecednts, and the plots in the secondcolumn are
from the filtered datasetwith the antecedenthresholdset at
20 antecedess. In the first row of figuresfor eachdesign
the FAR is calculatedover the single run of dataleft out for
validation. In the secondrow of figuresfor eachdesign,the
FAR is averagd over all of 89 runsof data.

As expectedthe FAR deceasesthoudh not mondonically,
as the nunber of antecedets increases.We can see that
on the whole the classifier obtainedfrom the filtered set of
individuals outperfors the classifierfrom the original setfor
lower numbersof antecedets. Theseresultsindicatethat the
filtered data set reflectsinformation on core antecedets out
of the total 99 antecedets more accuratelywhile the original
setis influerced, though not much by noisy individuals, i.e.
oneswith mary unneccsary antecednts at the cost of core
antecedets. The solution createdfrom the filtered datasetis
ableto classify one left-out run of dataperfectly with abou
10to 30 antecednts,whichis about10%-30% of the original
numter of antecednts.Also, as seenin design80’s solution
the averag FAR reachs a low arownd 20 antecednts.How-
ever, theFAR increasessmoreantecedetsareincludedin the
calculationbecase of adwerseinterday betweenantecedets,
creatinga dip in the graph The antecedets usedat the low
point of the dip form the core antecedsts that are essential
to classification.

V. CONCLUDING REMARKS

The naive expectationof the fuzzy engireeris thatonecan
use a stochasticoptimization techniqie such as the genetic
algorithm to bothcreateafuzzy systemandto rediwcethefuzzy
systemonceit is created.Indeal, this seemsto be a rather
simple task given the appopriately designé optimization
techniqie. However, we've seenin this paperthatsuchablind
use of the genetic algorithm canrot be geneally effective
for a number of important reasons.Thesereasonsinclude
the structue of the searchspace,which we have seenhas
nontiivial structue which tendsto strandgeretic algorithm
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Fig. 4. Relafonship betwe@ numberof ante@dens and FAR: (a) design
30, (b) design80.

populationsin subopimal locations.This structure heretdore
unknown, hassignificart impacton the effect of any algorithm
which seekgo find moreparsimoiusimplementéions of the
fuzzy system.

As a result, we've createda new methoddogy for both
analyang the searchspace and developing simpler fuzzy
systemghat are capableof carrjing out the samecalculations
as the origind system. This methal usesthe vaiied final
solutiors developed from the genetic algoithm to extract
enowgh informationabou the searchspacethat parsimamious
designis possiblelt is remarlablethatsucha large partof the
original fuzzy systemcanbeleft out of the designwith perfect
performane on the single run and excellent perfamanceon
all runs. Sucha revelation indicatesthat fuzzy systemsmay
be extremnely inflatedin their design,indicating the potential
for successfubpplicationof similar analyseson other fuzzy
systems.

Still, this is a first step, and much work needsto be



done yet befae this methoalogy can be appliedto fuzzy
systemsin geneal. It is not yet clear whetheror not the
individual solutionswhich have comeout of the openproduct
analysiscan be joined by otherindividual solutionsstarting
with otherantecednts.Moreover, if thereare othersolutiors,
how much do theseoverlap with the existing solutiors? Is
it advartageousto use multiple design/ redwe / design/
redu@ cycles?Finally, is it possibleto groundthis work in an
even more solid theoreticalbackgpound and how might such
a theoetical appoachhelp usto apply this techniqie to more
geneal problens? Thesequestios must be answeredefore
a satistctory undestandingof this methal and its placein
fuzzy systemscan be established.
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