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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
used for classification.
keywords: fuzzy classifier, openproduct analysis

I . INTRODUCTION

Fuzzy Rule-BasedClassifierSystems(FRBCS) have been
studiedfor quitesometime.Literally hundredsof papers have
beenwritten on the topic, and thesepapers have generateda
numberof interestingwaysto approachthedesignof thefuzzy
systems.The central problem in generating fuzzy systemsis
thedevelopmentof thefuzzysetsandmembershipfunctionsof
thefuzzy sets.In general,thesehave beendevelopedprimarily
by using large amounts of human expertise in the design
of the systems.Of course,when human beingsare putting
together fuzzy systems,it is sometimesunclearasto whether
or not the systemis minimally designed, as the tendency for
human designers is to focus on the functionality rather than
parsimony. Yet it is advantageous to createdevices that are
both functional and simple. As a result, it is important to

consider whether or not a particular device, fuzzy or not, has
beenbuilt in a way that is both simpleandrobust.

It is not clear, however, that there is a particular method
of completing this type of reduction when it comesto the
designof fuzzy systems.Theauthorsof this work areunaware
of any systematicmethodology designedto reduce existing
fuzzy systemsin such a way that the new systemis both
functionally robust and significantly simpler than the system
from which it was designed. Of fundamentalimportanceare
decisions relating to which antecedents are usedwithin the
rules. How might we go from a working fuzzy systemto a
simpler one?How do we reducethe number of antecedents
impacting the rule? Generally, thesequestions are answered
primarily by experience.

In the realm of evolutionary computation, thesequestions
reduce essentially to a somewhat simpler question. If we
wish to considerthe original designas being definedby the
membershipfunctionsand the fuzzy rules,the systemdesign
consistsof optimizing the rule usage,the rules themselves,
andthe membership functionsof the system.However, if the
questionis “simply” to decidewhether or not a membership
function or someof a rule’s antecedents are needed for the
device in question, then the questionreduces further. If the
inclusionof an antecedent is represented by a ‘1’ in a binary
list, thenthe questionbecomes:Which of the binary lists has
a small number of ‘1’s andstill maintainsgood functionality?
In general, there is no a priori method for answering this
question. However, we can begin to answerthe questionby
employing evolutionary andanalyticmethods.



We apply a geneticalgorithm to fuzzy systemsas a pre-
cursor to openproduct analysisin this paper. As one might
guessfrom the good fit betweenfuzzy systemdesign and
optimization and the applicationof a geneticalgorithm, such
an application is not particularly new [1][2][3][4]. However,
rather than designing the fuzzy system’s rules and member-
ship functions, we only use the GA to simplify an existing
fuzzy systemby gleaning detailsaboutthe searchspacefrom
multiple applications of the genetic algorithm. We analyze
the output of the GA with openproduct analysis,a method
that further reducesa fuzzy systemby finding the necessary
antecedents for optimal functionality of the system.

In this paper, we explore a methodof reduction of a fuzzy
system by applying it to a fuzzy classifier that classifies
acousticdata as having been produced by either a tracked
or wheeledvehicle. In Section2, we describehow a simple
genetic algorithm is applied to exploring the searchspace
of possiblederivative fuzzy systems.Section3 examines the
output of the genetic algorithm described on Section2 and
the critieria for selectively choosing GA outputs to createthe
“filtered set.” Section4 illustrateshow conditional probability
matricescanbe built from the dataso as to extract grouping
information for system design. Finally, Section 5 offers a
discussionandour concluding remarks.

I I . GENETIC ALGORITHM-BASED FEATURE REDUCTION

A. Basic fuzzyrule-basedclassifier

To explore the minimization of a fuzzy logic systemwe
used a type-1 fuzzy binary classifier designed by Wu and
Mendel [5], which classifiesvehiclesas tracked or wheeled
basedon acousticdata. Of the 89 runs collected, 61 were
from trackedvehiclesand28werefrom wheeledvehicles.The
datacollectedfrom theserunswassegmentedinto one-second
blocks, andeachblock was processedinto feature vectors of
11 dimensions. Onesetof 11 antecedents correspondsto one
fuzzy rule, anda total of 9 rulesareusedinsidethe FRBCS.
However, therewasno justifiablereasonfor choosingprecisely
11 antecedents 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
crossover, and probability-based reproduction genetic algo-
rithm (GA) provides. The GA is a method that optimizes a
population of randomly initialized binary features,each of
which encodes the set of fuzzy antecedents usedin the clas-
sifier (1’s representsantecedents that are turned “on” andare
usedin theclassifier;0’s representantecedents thatareturned
“off ” and are not usedin the classifier).As a measurement
of how well the classifierwould work with the inclusion of
particular features,the fitnesswas formulatedto include the
accuracy of classificationby the classifierand the number of
features used to achieve this accuracy. Mutation, crossover,
andinitial populationcharacteristics,which include population

size and generation number, are optimized to produce more
individualswith betterfitnessover a shorteramount of time.

1) FitnessFunction: The fitnessfunction evaluates a pos-
sible solution candidate for our set of objectives.Our objec-
tivesinclude the following: maintenanceof high classification
accuracy and performance and a reduction in the number
of includedfeaturesto achieve this performance. The fitness
mustincreaseastheperformance increasesandthenumberof
antecedentsdecreases.��������� 	�
�
������ 
������� � ���� � ����� 
��

�� "! �$# (1)

The equation
�&%��

represents the general form of our fitness
function that canbe appliedto the

�('�)
designof the FRBCS.� 
��

�
represents the accuracy of the classifier that usesraw

acousticdata that the 1’s in the individuals of the GA hold
the placefor. � 
��

�
takes the value of ’1’ if the * '�) block of

data from the + '�) run is classifiedcorrectly and ’0’ if the
block of data is classifiedincorrectly; the value can be seen
asclassifieraccuracy. Thetotal number of thesebinaryvalues,, � , depends on the type of vehicle from which the block of
datacomesfrom.

, � is 80 for
�

lessthanor equal to 61,which
correspondsto tracked vehicles;

, � is 160 for the remaining
vehicles,whicharewheeled.Thesecondsummationwithin the
first summation representsthe number of correctly classified
blocks from the + '�) run of data.

! � representsthe number
of antecedents used in the

�-'�)
design of the FRBCS. The

constant � can be considered a weighting factor put on the
correctnessof the classifier, and it is set to 10,000, a value
large enough to preserve the accuracy of the classifierat any
cost while attemptingto reducethe number of antecedents
required.Evenif thenumber of required antecedentsdecreases
dramatically, thefitnesscannotincreaseif only onemoreblock
is misclassified.

2) Selection Criteria: In addition to the first selection
metric, fitness,we usethe falsealarmrate(FAR) of oneleft-
out run of dataasthe secondcriteria.TheFAR representsthe
wrongnessof the classifierdefinedby the current individual
during a generation of the GA. In eachgeneration, the FAR
is calculated for only the individual that has the highest
fitness.When the GA continues to the next generation, this
individual’s fitnessis compared to the fittest individual of the
previous generations.If the new generation’s individual hasa
higher fitnessthan the previous generations’ individual, then
the FAR for the new one is calculatedand compared to the
FAR of thepreviousone.If the latter is lower thanthe former
the new fittest individual is set to the bestone. Eventually, at
the end of the GA the solution with both the highest fitness
andlowestFAR is consideredthebestindividualof thegenetic
algorithm andis output.

I I I . FILTERING GA-GENERATED INDIVIDUALS

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

the GA, suchas random initialization andseveral probability
parameters,a large set of GA outputs is neededfor accurate
statistics.In this study, we collect 1,000 output individuals
from the GA, which is an amount of data large enough for
statisticalanalysis.

A. Investigation of GA-generatedIndividuals

The easiestway to analyzethe output individualsproduced
by the GA is by examining the occurrence rate of each
antecedent outof thetotal 99antecedents.By simplysumming
up the number of 1’s in each antecedent, we can know
the frequency of a certain antecedent being used.As stated
previously, a total of 89 different designs is available. For
brevity, the occurrencerateof only four designsout of 89 are
represented in Fig. 1.

Note that the overall occurrence rate is low. Most an-
tecedentsareturned on with the probability muchlower than
0.5,which meansthatonly a few antecedentssurvive in thefi-
nal bestindividual aftera GA evolution. Nevertheless,it is not
easyto specificallyselecta smallnumberof antecedents outof
99 sincethe probability differencebetweenmost antecedents
is not statisticallysignificant.Thus it is highly probablethat
thereis a grouping property or correlation betweendifferent
antecedents,which will be discussedin the following section.

Together with thefitness,theFAR of oneleft-out runof data
is the secondselectionmetric in the GA. The 3-D histograms
that consider both the number of antecedentsusedand FAR
areshown in Fig. 2. Of course, from the GA evolution most
datatakeson a very low FAR for all four designs.We cansee
that the number of antecedentsusedvariesover a large range
while the maximum number is still lessthanhalf of the total
of 99, which meansthat many different solution individuals
areproducedby theGA. Thesolutionspaceobtained from the
GA is very complicated, i.e. multimodal ratherthanunimodal,
which is againthe reasonwhy it’s difficult to specifythe best
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Fig. 2. Distribution in numberof antecedents: (a) design30, (b) design60,
(c) design80, (d) design 89.

solutionuniquely.

B. Filtering output individuals

Of course all output data from the GA can be possible
solutions sinceit comes from the GA evolution basedon the
specifiedobjective function. However, we needto filter this
original GA output further, assumingthat a considerablepart
of it is stuckin a local optima,which is in fact onedrawback
of many optimization tools that include GAs. Among all 99
antecedents within the nine fuzzy rules there must be core
antecedentsthatplay themostimportant role in classification.
If one of a few of thesecore antecedents is not used in
calculatingthe FAR of a GA output individual, then many
other antecedentswould be usedfor compensation,resulting
in the useof many unnecessaryantecedents. As canbe seen
in Fig. 2, the output individuals that have a relatively high
number of antecedents are obtainedfrom the GA. In order
to extract optimal solutions more efficiently, we need to
selectively collectoutput individualsthathave fewer turned-on
antecedentsthana threshold setat 20.For distinctionfrom the
original setof individuals,we term theseselectedindividuals
the “filtered set.”

IV. FEATURE SELECTION VIA OPEN PRODUCT ANALYSIS

As we have seenfrom histogramsof theraw output individ-
ualsof theGA, theprobabilitiesof antecedentoccurrencevary
very little, andconsequentlywe learnlittle aboutthe interplay
betweenthepartsof thesystem.This is becausewhile theGA
eliminatessystemcomponents,it canonly evaluatethesystem
as a whole. Hence, redundancies built in to the systemor
crosstalk betweenthecomponentsof thesystem(particularly
therules)remains unaccountedfor. However, sincetheeffects
of one rule on the functionality of others is neglectedin the
processof designing rule sets, redundancies are often built
into the system;it becomessignificantlydifficult to eliminate



all unnecessarycomponentsof the systemusing only a GA.
It would seemthat after the GA has randomly weededout
individual antecedents that demonstratedetrimentaleffectson
systemperformance, that the structureof the systemought
to be examined to determine the effectsof interplaybetween
systemcomponents.To accomplish this we use a statistical
methodology called Open Product Analysis, which uses a
conditional probability matrix to determine the relationship
betweendifferent rules and reconstruct the systemto take
advantageof theserelationships.

A. Conditional probability matrix

Supposethatwe have N binary vectors of dimensionM that
are either original individuals from the GA or filtered ones.
Among theseN vectors the

� '�)
one can be representedby. �������/��0 � �����2143534361�0�78�9�9�&�:3

Then,supposethat we take;=<?> �A@ �B� . �����&�-CD� . ���9�&�
�FEGH 0 � �����I0 � �9��� J5J4J 0 � �����K0�7L���9�

...
. . .

...0�7L���9�I0 � �9�9�MJ5J4JN0�78�9�9�I0�7O���9�
P4QR 3

(2)

Suppose that we now sum all S of thesematricesformed
from the S vectors andnormalize them.Thenwe haveTBU %, V� �A��� ;=<W> �X@
Sinceeach

0 ��Y[Z�\ 14%�]
, this reducesto

T � EGGGH
! �^0 � � ! �^0 � 1&0�_�� J5J4J ! �^0 � 1&0 7 �! ��0�_`1&0 � � ! ��0�_�� J5J4J ! �^0�_a1&0 7 �

...
...

. . .
...

! �^0 7 1&0 � � ! �90 7 1�0�_5�bJ5J4J ! �^0 7 �
P4QQQR 3

(3)
Note that

! �^0 � 1&0dc��e� ! ��0 � � ! �^0dcIf 0 � �
. Then we can

definethe matrix C as follows:

�
� c U T � cT �g�

� EGGGH
% ! �^0�_af 0 � � J4J5J ! �^0 7 f 0 � �! ��0 � f 0�_�� % J4J5J ! �^0 7 f 0�_��
...

...
. . .

...
! �90 � f 0 7 � ! �^0�_If 0 7 �MJ4J5J %

P4QQQR 3
(4)

Finally, this matrix provides the conditional probabilities be-
tween any two binary random variables associatewith an-
tecedentsin this study.

The conditional probability matricesfor two kinds of indi-
vidual sets,original and filtered, are illustrated as 3-D bar
plots in Fig. 3 for design 30. Since the shapeof original
matricesis toocomplicatedto berepresented,only asubmatrix
corresponding to 50antecedents is illustrated.Apparently there
exist severalridgesandvalleysovercertainrows,whichmeans
that many otherantecedents highly tend to alsobe turnedon
or turned off whena specificoneis already turnedon. On the
whole, the variation of conditional probabilities in the filtered
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Fig. 3. Conditional probabilit y distribution: (a) original set (design 30),
(b) filtered set (design30).

set is larger than that of the original set, which means that
the latter tell us the connectednessbetweenantecedentsmore
clearly.

B. Extraction of new designs

As mentioned previously the unique optimal solutionwith
reduced complexity cannot be obtained from the simple use
of the GA. The corresponding solution spaceturned out to
be multimodal; hencethere can exist many solutions even
for fixed complexity or number of antecedents used.As a
possibleexampleof utilizing theconditional probability matrix
derived in the previous subsection,we proposeone way of
deriving new designsunder various conditions on complexity.
By assigninga certain threshold to conditional probabilities,
we can reasonably adjust the number of antecedents in a
solution individual. The specific procedurefor building this
is as follows:



1) Choosea thresholdvalue h Y �
\ 14% # . Set + equalto the

index of the antecedent of highestfrequency. Createa
vector

 i j
of k numbers,all set to

 %
.

2) Set the + '�) element of the vectorequal to
%
.

3) Setall elementsl of the vectorequalto
%

if � 
 cnm h .
4) Changeremaining elementsof vector

 i j
from

 %
to

\
.

This builds up a binary vector

 i j ' indicating the antecedents
included in the solution. It is clearthat if h4oqp8h , then

j �'^r �/%
if
j �' �e%

.
Oncea threshold value is determined, a singlesolutionfor

each set of output individuals is obtained using the above
scheme.Of coursethis solutionis different from thosepresent
in theoriginal andthefilteredsetsof individualsobtainedfrom
thesimpleuseof theGA. Usingthis solution,boththeaverage
FAR over all 89 runsof dataandthe singleFAR of oneleft-
out data can be computed. The relation betweenFAR and
total number of antecedents associatedwith many threshold
values is illustrated in Fig. 4. In eachdesign,two plots in
the first columnareobtainedfrom the original individual set
of 99 antecedents, and the plots in the secondcolumn are
from the filtered datasetwith the antecedent thresholdsetat
20 antecedents. In the first row of figures for eachdesign,
the FAR is calculatedover the single run of dataleft out for
validation. In the secondrow of figuresfor eachdesign,the
FAR is averaged over all of 89 runsof data.

As expected, theFAR decreases,though not monotonically,
as the number of antecedents increases.We can see that
on the whole the classifierobtainedfrom the filtered set of
individualsoutperforms the classifierfrom the original setfor
lower numbersof antecedents. Theseresultsindicatethat the
filtered dataset reflectsinformation on core antecedents out
of the total 99 antecedents moreaccuratelywhile the original
set is influenced, though not much, by noisy individuals, i.e.
oneswith many unneccesary antecedentsat the cost of core
antecedents. The solutioncreatedfrom the filtered dataset is
able to classify one left-out run of dataperfectly with about
10 to 30 antecedents,which is about10%-30%of theoriginal
number of antecedents.Also, as seenin design80’s solution
the average FAR reaches a low around 20 antecedents.How-
ever, theFAR increasesasmoreantecedentsareincludedin the
calculationbecauseof adverse interplay betweenantecedents,
creatinga dip in the graph. The antecedents usedat the low
point of the dip form the core antecedents that are essential
to classification.

V. CONCLUDING REMARKS

The naive expectationof the fuzzy engineeris that onecan
use a stochasticoptimization technique such as the genetic
algorithm to bothcreateafuzzysystemandto reducethefuzzy
systemonce it is created.Indeed, this seemsto be a rather
simple task given the appropriately designed optimization
technique.However, we’ve seenin this paperthatsucha blind
use of the genetic algorithm cannot be generally effective
for a number of important reasons.Thesereasonsinclude
the structure of the searchspace,which we have seenhas
nontrivial structure which tends to strandgenetic algorithm
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populationsin suboptimal locations.This structure,heretofore
unknown, hassignificant impacton theeffect of any algorithm
whichseeksto find moreparsimoniousimplementationsof the
fuzzy system.

As a result, we’ve createda new methodology for both
analyzing the search space and developing simpler fuzzy
systemsthatarecapableof carrying out thesamecalculations
as the original system.This method uses the varied final
solutions developed from the genetic algorithm to extract
enough informationabout the searchspacethat parsimonious
designis possible.It is remarkablethatsucha largepartof the
original fuzzy systemcanbeleft out of thedesignwith perfect
performance on the single run and excellent performanceon
all runs. Sucha revelation indicatesthat fuzzy systemsmay
be extremely inflated in their design,indicating the potential
for successfulapplicationof similar analyseson other fuzzy
systems.

Still, this is a first step, and much work needs to be



done yet before this methodology can be applied to fuzzy
systemsin general. It is not yet clear whether or not the
individual solutionswhich have comeout of theopenproduct
analysiscan be joined by other individual solutionsstarting
with otherantecedents.Moreover, if thereareothersolutions,
how much do theseoverlap with the existing solutions? Is
it advantageousto use multiple design / reduce / design /
reduce cycles?Finally, is it possibleto groundthis work in an
even moresolid theoreticalbackground, andhow might such
a theoretical approachhelpus to apply this technique to more
general problems? Thesequestions must be answeredbefore
a satisfactory understandingof this method and its place in
fuzzy systemscanbe established.
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