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Abstract

The paper discussesthe conceptof intelligent expert
systemsand suggeststools for building adaptable,in an
on-line or in an off-line mode, rule baseduring the system
operationin a changingervironment. It appliesevolving
fuzzy neural networks EFUNNS as associatie memories
for the purposeof dynamic storing and modifying a rule
base.Algorithms for rule extractionandrule insertionfrom
EFuNNsareexplainedandappliedto a casestudyusinggas
furnacedataandtheiris dataset.
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Lintroduction: On-line Adaptive Intelligent Expert Sys-
tems

The traditional expert systems,basedon a fixed set of
rules, have significantly contributed to the developmentof
Al andintelligentengineeringsystemsn the pasttwo years.
Despitetheir successmore flexible tools for dynamicrule
adaptationyule extractionfrom data,andrule insertionin a
rule baseareparticularyneededvhenexpertsystemshave to
operatein an adaptie, on-line mode,andin a dynamically
changingervironment. The compleity and the dynamics
of mary real-world problems,especiallyin engineeringand
manufcturing, require sophisticatednethodsand tools for
building adaptve intelligentexpertsystemgIES). Suchsys-
temsshouldbe ableto grow asthey work, to build-up their
knowledgeandrefinethe modelthroughinteractionwith the
ervironment. Seven major requirement®of the next genera-
tion intelligent systemsarediscussedn [8, 9, 12, 13]. Here
they arepresentedn the context of the new generatiorof in-
telligentexpertsystemgIES).

Knowledgeis the essenceof what an IES haslearned.
Knoweldge-BasedNeuralNetworks (KBNN) areneuralnet-
works pre-structuredo allow for dataand knowledge ma-
nipulation,including learningfrom data,rule insertion,rule
extraction, adaptatiorandreasoning.KBNN have beende-
velopedeitherasa combinationof symbolicAl systemsand
NN [2, 5], or asa combinationof fuzzy logic systemsand
NN [1, 3-7,14,16, 18, 19] Ruleinsertionandrule extraction
operationsare examplesof how a KBNN canaccommodate

existing knowledgealongwith data,andhow it canexplain
whatit haslearned.Therearedifferentmethodgfor rule ex-
tractionwell experimentedandbroadly appliedso far [2-7].
Unfortunately the methodsproposedsofar arenot appropri-
atewhenthe systemis working in anadaptve, on-line mode
in achangingervironment.
Thepapersuggestaimethodologyof usingevolving fuzzy
neuralnetworks EFUNNSsfor thepurposeof building IES and
illustratesit ontwo casestudybenchmarldatasets.

2.Fuzzy Neural Networks FUNNs
2.1. The FuNN architectureand its functionality

Fuzzyneuralnetworks are neuralnetworks that realisea
setof fuzzy rulesand a fuzzy inferencemachinein a con-
nectionistway [3-7, 16, 18]. FuNN s a fuzzy neuralnetwork
introducedn [6, 7, 14] anddevelopedaspartof acomprehen-
sive ervironmentFuzzyCOPE/Jor building intelligent sys-
tems (available free on the WWW http://kel.otago.ac.nzj.
It is a connectionisfeed-forward architecturewith five lay-
ersof neuronsandfour layersof connectionsThefirst layer
of neuronsrecevestheinputinformation. The secondayer
calculateghe fuzzy membershiglegreesto which the input
valuesbelongto predefineduzzy membershigunctions,e.g.
small, medium,large. Thethird layer of neuronsrepresents
associationbetweertheinputandtheoutputvariablesfuzzy
rules. Thefourthlayercalculategshe degreesto which output
membershigunctionsarematchedoy theinputdata,andthe
fifth layercalculatesxactvaluesfor theoutputvariables'de-
fuzzification. A FUNN hasfeaturesof both a neuralnetwork
and a fuzzy inferencemachine. A simple FUNN structure
is shavn in Fig.1. Throughgrowth or shrinkage the num-
ber of neuronsin eachlayer can potentially changeduring
operation. The numberof connectionganalsobe modified
throughlearningwith forgetting,zeroing, pruningandother
operationg6, 14].

The membershigunctions(MF) usedin FuUNN to repre-
sentfuzzy values,are of triangulartype, the centresof the
trianglesbeingattachedasweightsto thecorrespondingon-
nections.The MF canbe modifiedthroughlearning,altering
thecentresandthewidthsof thetriangles.

Several training algorithms have been developed for
FuNN [6, 14]. Several algorithmsfor rule extraction from
FuNNshave alsobeendevelopedandapplied[6, 17].
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Figurel: A FuNN structureof 2 inputs(inputvariables) 2 fuzzy linguistic
termsfor eachvariable(2 membershigunctions). The numberof the rule
(case)nodescanvary. Two outputmembershifunctionsare usedfor the
outputvariable.

Oneof themrepresentgachrule nodeof atrainedFUNN
asan|F-THEN fuzzyrule.

3.Evolving Fuzzy Neural Networks EFUNNSs
3.1.A general description

EFuNNsareFuNN structureghatevolve accordingo the
ECOSprinciples[8]. EFuNNsadoptsomeknown techniques
from [6, 15, 16] andfrom otherknown NN techniqueshut
here all nodesin an EFuUNN are createdduring (possibly
one-pass)earning. The nodesrepresentingF (fuzzy la-
bel neurons)canbe modifiedduring learning. As in FUNN,
eachinput variableis representedhere by a group of spa-
tially arrangedneuronsto represent fuzzy quantisationof
this variable.For example,two neuronsanbeusedto repre-
sent*small” and“large” fuzzy valuesof avariable.Different
membershigunctions(MF) canbeattachedo theseneurons
(triangular Gaussiangtc.). New neuronscanevolve in this
layerif, for a giveninput vector, the correspondingariable
valuedoesnot belongto arny of the existing MF to a degree
greatethanamembershighreshold A new fuzzyinputneu-
ron, or aninput neuron,canbe createdduringthe adaptation
phaseof anEFUNN.

The EFuNN algorithm, for evolving EFUNNS, hasbeen
first presentedn [9]. A new rule nodern is createdand
its input and output connectionweights are set as follows:
W1(rn)=EX W2(rn) = TE, where TE is the fuzzy output
vectorfor the currentfuzzy input vector EX. In “one-of-n”
EFuNNSs, the maximumactiation of a rule nodeis propa-
gatedto the next level. Saturatedinear functionsare used
asactivation functionsof the fuzzy outputneurons.In case
of “many-of-n” mode,all the activation valuesof rule (case)
nodes,that are above an activation thresholdof Athr, are
propagatedurtherin the connectionisstructure.

3.2.The EFuNN learning algorithm

The EFuNNevolving algorithmis givenasa procedureof
consecutrestepy8, 9, 10, 11, 13]:

1. Initialise an EFuNN structurewith a maximumnum-

berof neuronsandzero-valueconnectionsinitial con-
nectionsmay be setthroughinsertingfuzzy rulesin a
FuNN structure. FUNNs allow for insertionof fuzzy
rulesasaninitialization procedurehusallowing for ex-

isting informationto be usedprior to the evolving pro-

cesqtheruleinsertionprocedurdor FUNNscanbeap-
plied[6, 14]). If initially thereareno rule (casenodes
connectedo thefuzzy input andfuzzy outputneurons
with non-zeroconnectionsthenconnecthefirst node
rn=1 to representhe first exampleEX=x1 and setits

inputW1(rn)andoutputW2(rn) connectionweightsas
follows: <Connecta new rule nodern to represenan
exampleEX>: W1(rn)=EXW2(rn)= TE, whereTEis

thefuzzy outputvectorfor the (fuzzy) exampleit EX.

. WHILE <there are examples- DO

Enterthecurrentexamplez; , EXbeingthefuzzyinput
vector(thevectorof thedegreeso whichtheinputval-
uesbelongto theinputmembershigunctions).If there
arenew variablesthatappeaiin this exampleandhave
not beenusedin previous examples,createnew input
and/oroutputnodeswith their correspondingnember
shipfunctionsasexplainedin [13]

. Find the normalizedfuzzy similarity betweenthe new

exampleEX (fuzzy inputvector)andthealreadystored
patternsn thecasenodeg=1,2..rn: Dj = sum(abs(EX
-W1(j))/ 2) / sum(WL1(j)).

. Find the activation of the rule (case)nodesj, j=1..rn.

Hereradialbasisactivationfunction,or a saturatedin-
earone,canbeusedontheDj inputvaluesi.e. A1(j) =
radbas(Dj) or AL(j) = satlin(1- Dj). Previousactiva-
tion atthe samelayercanbetakeninto accoun{13]

. Updatethelocal parameterslefinedfor therule nodes,

e.g. Short-Term Memory (STM), age,averageactiva-
tion aspre-defined.

. Find all casenodesj with an activation value A1(j)

above a sensitvity thresholdSthr.

. If thereis nosuchcasenode then<Connecta newrule

node> usingthe procedurdrom stepl.

ELSE

Findtherule nodeindalthathasthe maximumactiva-
tion value.(maxal.

(a) in caseof “one-of-n” EFUNNSs,propagateéhe ac-
tivationmaxalof therule nodeindalto thefuzzy
output neurons. Saturatediinear functions are
usedas activation functionsof the fuzzy output
neurons:A2 = satlin (Al(indal)* W2)

(b) in caseof “many-of-n mode”, only the activation
valuesof casenodesthatareabove an activation
thresholdof Athr arepropagatedo the next neu-
ronallayer.



8. Findthewinningfuzzy outputneuroninda2andits ac-
tivationmaxa2

9. Findthedesiredvinningfuzzy outputneuronindt2and
its valuemaxt2

10. Calculatethefuzzy outputerrorvector:Err = A2- TE.

11. IF (inda2is differentfrom indt2) or (abs(Err (inda2))
> Errthr) then<Connect/ceatea rule node>

12. Update:(a) theinput,and(b) the outputconnection®f
rule nodek=indal asfollows:

(a) Dist = EX-W1(k) W1(k) = W1(k) + Ir1*Dist,
wherelrl is thelearningratefor thefirst layer;

(b) W2(k)= W2 (k) + Ir2*Err*maxal, wherelr2 is
thelearningratefor the secondayer. If STM is
usedupdatethe feedbackconnectionsn the rule
layer

13. Prunerule nodesj and their connectionghat satisfy
thefollowing fuzzy pruningrule to a pre-definedevel:
IF (node(j) is OLD) and (average activation Alav(j)
is LOW) and (the densityof the neighbouringarea of
neuonsis HIGH or MODERATE) and (the sumof the
incomingor outgoingconnectionweightsis LOW) and
(theneuonis NOT associatedvith the corresponding
“yes” classoutputnodeg(for classificationtasksonly)
THENthe probability of pruningnode(j) is HIGH.

The above pruning rule is fuzzy and it requires
thatall fuzzy conceptssuchasOLD, HIGH, etc., are
definedin advance.As a partialcase afixedvaluecan
be used,e.g. anodeis old if it hasexistedduring the
evolving of a FUNN from morethan60 examples.

14. Aggregate rule nodesinto layer clusters(prototype)
nodegsee[15])

15. END of the WHILE loop andthealgorithm

16. Repeastep2-15for asecongresentatiomf thesame
inputdataor for ECOtrainingif needed.

3.3.Learning strategiesfor ECOS

EFuNNsallow for differentlearningstratgiesto be ap-
plied, dependingon the type of dataavailableandon there-
guirementgo thelearningsystem.Severalof themareintro-
ducedandillustratedin [8, 9, 12, 13]:

¢ Incrementalpne-passearning

Usingpositive examplesonly

Cascadeco-learning.

Sleepeco-training.

Unsupervisedndreinforcementearning

4.Fuzzy rule insertion, on-line rule adaptation, and rule
extraction from EFUNNs

EFuNNsstorefuzzy dataexemplarsin their connections.
Fuzzyexemplarscover patchesn the problemspace.These
patchecanberepresentedsfuzzyrules.

4.1.Ruleinsertion and rule adaptation

A FuNN andan EFuNN in particularcanbe adequately
representedy a setof fuzzy rulesthroughrule extraction
techniqueg6, 7, 10, 13]. Thefuzzyinferenceis embodiedn
the connectionisstructure.In this respectan EFUNN canbe
consideredsanevolving fuzzy system.Therulesthatrepre-
senttherule nodesneedto beaggrayatedin clustersof rules.
Thedegreeof aggreyationcanvary dependingpn thelevel of
granularityneeded Sometimesfor explanationpurposesthe
numberof rulesneededgcould be evenlessthanthe number
of thefuzzy outputvalues.

At ary time (phase)of the evolving (learning) process,
fuzzy, or exactrulescanbeinsertedandextracted. Insertion
of fuzzy rulesis achiezedthroughsettinga new rule nodefor
eachnew rule, suchastheconnectiorweightsWw1 andW2 of
therule noderepresenthefuzzy or the exactrule [13].

Examplel:Thefuzzyrule IF x1 is Smallandx2 is Small
THEN y is Small, canbe insertedinto an EFUNN structure
by settingthe connectionweightsof a new rule nodeto the
fuzzy conditionnodesx1- Smallandx2- Smallto 0.5 each,
andthe connectionweightsto the outputfuzzy nodey-Small
to avalueof 1. Therestof theconnectionsresetto zero.

Example2: TheexactruleIF x1is 3.4andx2is 6.7 THEN
y is 9.5 canbe insertedin the sameway asin example1,
but herethe membershipdegreesto which the input values
x1=3.4andx2=6.7belongto the correspondinduzzy values
arecalculatedandattachedo the connectiorweightsinstead
of valuesof 1.0. Thesameprocedures appliedfor thefuzzy
outputconnectionweights.

Changinga MF during operationmay be neededor are-
fined performanceafter a certaintime of the systemopera-
tion. For example insteadof threeMF thesystemcanchange
to five MF. In traditionalfuzzy neuralnetworksthis changds
notpossibleputin EFUNNSit is possiblepecaus@anEFUNN
storesin its W1 andW2 connectionsuzzy exemplars.These
exemplars,if necessarycanbe defuzzifyiedat any time of
the operationof thewhole system thenusedto evolve a new
EFuNNSstructureg[12, 13].

4.2.Ruleextraction

Thefollowing arethe stepsthatcompriseanalgorithmfor
rule extractionfrom a trainedEFUNN, whereW1 represents
theweightmatrix of theconnectionbetweerthefuzzyinputs
layerandtherule layer, andW2representsheweightmatrix
of theconnectiondetweertherulelayerandthefuzzy output
layer[13]:



1. A EFuNN:is evolvedonincomingdata.

2. ThevaluesW1(i,j) arethresholded:
if WL1(i,j))>Thrl then W1t(i,j)=W1(,j)), otherwise:
W1t(i,j)=0.

3. The valuesW?2(j,k) are thresholdedn a similar way
with the useof athresholdThr2.

4. A rule Rj that representsa nodej (j=1,2... Nrn) is
formedasfollows:
Rj: IF x1is 11 [W1t1 (i1,j)] ANDx2is 12 [W1t2(i2,))]
AND...
ANDXxnis In [W1tn (in,))]
THENylis L1[W21 (j, 11)] ANDy2is L2 [W2 2 (],
12)] AND...
AND ymis Lm [W2m (j,Im)], wherel1,12,....In arethe
fuzzy values(labels)of theinput variablesx1,x2,...,xn
correspondinglywith the highestconnectionweights
to therule nodej thatareabovethethresholdThrl. L1,
L2,...,Lmare the fuzzy valuesof the outputvariables
y1,y2,....,yncorrespondinglythat are supportedy the
rule nodej by connectionrweightsabove the threshold
Thr2. ThevaluegW1t(i,j)] areinterpretedasfuzzyco-
ordinatesat the clustersrepresenteih therulesRj and
thevalues[W2(j,I)] areinterpretedascertaintyfactors
thatthis clusterbelongsto the fuzzy outputclass.

5. Therulesthathavethesameconditionandactionparts,
but differ in fuzzy co-ordinatevalueandcertaintyfac-
tors,areaggreyatecby takingtheaveragevaluesacross
thefuzzy co-ordinatesandthe maximumvaluefor the
certainty degrees. Taking an averagevalue for the
fuzzy co-ordinatess equialentto finding the geomet-
rical centreat the clusterthat aggreyatesseveral rule
nodesinto one. The rule insertion and rule extrac-
tion methodsareillustratedin the next sectionon two
benchmarkcasestudies. The methodsareincludedin
thegenerakrchitecturef IES presentedn section6.

5.Case studiesof adaptivelearning, ruleinsertion and rule
extraction

The first casestudyis a benchmarkproblemof adaptve
time-seriegrediction(approximationjllustratedon the gas-
furnacedata. The secondcasestudy is of a classification
problemillustratedon the benchmarkris data.

5.1.Gas-Furnacedata set

The gas-furnacalatahasbeenusedby mary researchers
in the areaof neuro-fuzzyengineerind4, 15]. The dataset
consistsof 292 consecutie valuesof methaneat a time mo-
ment(t-4), andthecarbondioxideC O, producedn afurnace
at a time moment(t-1) asinput variableswith the produced
CO, atthemoment(t) asanoutputvariable. The following

stepsweretaken: (1) EvolveanEFuNNon halfthedatasefor
onepassandthenteston the whole dataset.(2) Retrainthe
EFuNNontheentiredatasetnitially for onepassthenrepeat
anotherpassof training, andthenteston the entire dataset.
(3) Extractrulesfrom theEFuNNandtheninsertinto abrand
new EFuNN structureandthenre-testonthe entiredataset.

For the above task an EFUNN was set up with seven
membershigunctionsandparametersf sensitvity threshold
Sthr=0.85; errorthresholdErrthr=0.1; learningratefor both
the first and secondlayer Ir=0.5. In part (1) the numberof
rule nodesgeneratedvas112. Theresultin Fig.2 shovs that
the EFUNN hasaccuratelylearntthe first half of the dataset
andgeneralisedvell onthe otherhalf of the datasejust after
onepassof learning.
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Figure 2: Initial testingof trained EFUNN when first half of the gas-
furnacedatasets used.

In part(2) 201rule nodesweregeneratedFig.3shavsthe
resultsof testingthe entire datasebn the retrainedEFUNN
after one passand after the secondpassof training. In this
casethe EFUNN hasretainedthe memoryof thefirst half of
the datasewhilst achiesing a betterfunction approximation
of the entiredataset. The EFUNNimproved afterthe second
passof training.

In the final part of the experimenta setof ruleswere ex-
tractedfrom the EFUNN from Fig.3. Wheretherewasa case
in whichrulesthathadthe sameconditionandactionpartex-
isted, the averageof the conditionvaluesandthe maximum
of theactionvaluesweretaken. This resultedin 35 rulesex-
tractedusingthe algorithmfor Thr1=0.1andThr2=0.8. The
newv EFUNNwastestedon the entiregas-furnacelatasetind
theresultsshavnin Fig.4. Theresultsshow thatonly 35 clus-
ters(new rule nodes)were createdo aggrayatethe previous
201.
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Figure 3: Testingof trainedEFUNN whenthe entire gas-furnacelataset
is usedafter onepassof training and after a secondpassof trainingon the
entiredataset.
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Figure4: Testingof EFUNNwith 35 rulesinsertedinto its structure(no
furthertraining).

5.2.Iris Dataset

Therealisatiorof rule extractionandinsertionwasusedon
thebenchmarlris dataset(150instances3 classessetosa,
versicolourandvirginica; four attributes- X1-sepallength,
X2-sepalwidth, X3-petallength, X4-petalwidth). The fol-
lowing stepsweretaken: (1) Insertthreeinitial rulesinto an
EFuNNSstructureandtestontheentiredataset. Therulesare:
If X3is Smalland X4 is SmallthenSetosa.lf X3is Medium
and X4 is Mediumthen\ersicolour If X3is Large and X4 is
LargethenVirginica. (2) Trainthe EFUNNonthedataseand
testit. (3) Extractrulesfrom the EFUNNandtheninsertinto
a brandnew EFuUNN structureandthenre-teston the entire
dataset.

For the above taska EFUNN wassetup with threemem-

bership functions and parametersof sensitvity threshold
Sthr=0.85; errorthresholdErrthr=0.1; learningratefor both
the first and secondayer Ir=0.5. Overall classificationrate
afterpart(1) wasSetosa 50/50(100%); Versicolour- 50/50
(100%)Virginica30/50(60%). Oncepart (2) hadbeencom-
pletedthe classificatiorratewasSetosa 50/50(100%);Ver-

sicolour- 50/50(100%) Virginica 50/50(100%). Using the
rule extractionalgorithm17 ruleswereextracted.Whenpart
(3) wascompletedthe classificatiorrate was Setosa 50/50
(100%); Versicolour- 48/50 (96%) Virginica 45/50 (90%).
Theresultswerebasedn 17 rules.

6.An Architecture of Intelligent Expert System that Uti-
lizes Rule Insertion and Rule Extraction from EFUNNs

Traditionally the architectureof corventionalexpert sys-
temshada fixed structureof modulesanda fixed rule base.
Althoughthey weresuccessfuin very specificareasthis par
ticular architectureresultedin little or no flexibility for the
expertsystemto adaptto the changesequiredby the useror
theervironmentin which the expertsystemoperated.
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Figure5: A block diagramof anon-lineadaptve expertsystem.

To addresghesedeficiencieswe proposean Intelligent
Expert System(IES) that consistsof a seriesof modules
which areagentbasedandgeneratedon thefly” asthey are
needed.Fig.5 shavs a generalarchitectureof anIES thatis
underdevelopment. The User specifiesthe initial problem
parameterandtaskto be solved. Intelligentagentshencre-
ate Modulesthatmay initially have no rulesin themor may
be setup with rulesfrom the ExpertKnowledgeBase. The
Modulesthencombinethe ruleswith the Datafrom the En-
vironmentto form the ExpertSystem.The Modulesarethen
trainedwith the Data from the Environment The rulesmay
be extractedfor later analysis,or aggreyatedandre-inserted
into new Modulesfor re-trainingor testing. Oncethe Mod-
uleshave beentrained,they aretestedwith new Data from
the Environmentandthe resultsextracted. Thesethenform
thesolutionto the problemandmay be furtherinterpretechy
anothersetof Modules The Moduleswill dynamicallyadapt
their rulesetasthe ervironmentchangesincethe numberof
rulesis dependenbn the datathatis beingpresentedo the



Module Modulegagents)are dynamicallycreatedupdated
andconnectedThey will bedestryedif necessanata later
stageof theoperationof the IES.

7.Conclusions

The papersuggesta methodologyfor building intelligent
expert systems(IES), expert systemsthat can changetheir
knowledgebasedynamicallyasthe systemworks. They can
adaptin anon-linemode,possiblyin realtime, to achanging
ervironment. The methodologyusesrule insertion,rule ex-
tractionandfastadaptatioomethoddor evolving fuzzy neural
networks. The methodologyis appliedto practicalproblems
in predictionandclassification.
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