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ABSTRACT

In the guise of artificial neural networks (ANNs), genetic/evolutionary computation algorithms
(GAs/ECAs),fuzzylogic(FL)inferencesystems(FLIS)andtheirvariantsaswellascombinations,
thecomputational intelligence (CI)paradigmhasbeenapplied tonuclearenergy (NE)since the
late1980sasasetofefficientandaccurate,non-parametric,robust-to-noiseaswellasto-missing-
information,non-invasiveon-linetoolsformonitoring,predictingandoverallcontrollingnuclear
(power)plant(N(P)P)operation.Sincethen,theresultingCI-basedimplementationshaveafforded
increasinglyreliableaswellasrobustperformance,demonstratingtheirpotentialaseitherstand-alone
tools,or-whenevermoreadvantageous-combinedwitheachotheraswellaswithtraditionalsignal
processingtechniques.ThepresentreviewisfocusedupontheapplicationofCImethodologiesto
the-generallyacknowledgedas-key-issuesofN(P)Poperation,namely:control,diagnosticsand
faultdetection,monitoring,N(P)Poperations,proliferationandresistanceapplications,sensorand
componentreliability,spectroscopy,fusionsupportingoperations,asthesehavebeenreportedinthe
relevantprimaryliteraturefortheperiod1990-2015.Atoneend,1990constitutesthebeginningof
theactualimplementationofinnovative,and–atthesametime–robustaswellaspractical,directly
implementableinH/W,CI-basedsolutions/toolswhichhaveprovedtobesignificantlysuperiorto
thetraditionalaswellastheartificial-intelligence-(AI)derivedmethodologiesintermsofoperation
efficiency as well as robustness-to-noise and/or otherwise distorted/missing information. At the
otherend,2015marksaparadigmshiftintermsoftheemergent(and,swiftly,ubiquitous)useof
deepneuralnetworks(DNNs)overexistingANNarchitecturesandFLproblemrepresentations,thus
dovetailingtheincreasingrequirementsoftheeraofcomplex-aswellasBig-Dataandforever
changingthemeansofANN/neuro-fuzzyconstructionandapplication/performance.Byexposing
theprevalentCI-basedtoolsforeachkey-issueofN(P)Poperation,overallaswellasovertimefor
thegiven1990-2015period,theapplicabilityandoptimaluseofCItoolstoNEproblemsisrevealed,
thusprovidingthenecessaryknow-howconcerningcrucialdecisionsthatneedtobemadeforthe
increasinglyefficientaswellassafeexploitationofNE.



International Journal of Energy Optimization and Engineering
Volume 9 • Issue 1 • January-March 2020

28

1. INTRODUCTION

Nuclearenergy(NE,Weinberg,1994)amountstotheenergythatisrequiredinorderforanatomto
retainitsstability,i.e.fortheprotonsandneutronsthatcomprisethenucleusoftheatomtoremain
boundtoeachother.NEisreleasedwhen

(1) thenucleusofanatomissplitintosmallernuclei(nuclearfission,NFi),
(2) thenucleioftwoormoreatomsareintegratedintoalargernucleus(nuclearfusion,NFu),

where,inbothcases,thereleasedneutronsofthenucleioftheatom(s)involvedintheprocess
arevitalnotonlyforproducingNE,butalsoforsustainingthechainreaction.Inanutshell:

(1) thedifferenceinmass(and,thus,energy)betweentheoriginalandresultingnucleicausesthe
releaseofsignificantamountsofNE(especiallywhencomparedtothesizeoftheinteracting
elements),which-followingcollectionandconversion-canbeusedforturningturbines,and
consequentlydrivinggeneratorstoproduceelectricity1;

(2) theneutronsreleasedfromthesenucleisustaintheNFi/NFuphenomena.

ThepracticalexploitationofNEhasbecomeofparticularinterestsincethelastcentury2,with-to
date-NFiconstitutingthemainmeansofenergyproduction.Thelast20yearshavefurtherbrought
aboutashiftinnuclear(power)plant(N(P)P)constructionandoperation,withthefocusmoving
awayfrombuildingnewandtowardsmaintainingexistingN(P)Ps.Consequently,specialemphasis
hasbeenplacedupontheneedfor(i)comprehensiveplantlifemanagement(PLiM)and(ii)cost-
effectiveaswellasreliableinstrumentation&control(I&C),bothofwhicharecrucialnotonlyfor
avoidingaforcedshut-downduetounavailability,butalsoformaintainingoptimalfunctionalityof
theageingN(P)Ps.

Control,diagnosticsandfaultdetection,monitoring,N(P)Poperations,proliferationandresistance
applications, sensor and component reliability, spectroscopy and – finally - fusion supporting
operations have been established as key-issues of safe, maximally efficient real-time adjustable
N(P)Poperation (Ma& Jiang,2011).Complementary to the traditional signal and image/sound
processingtechniquesthathavebeenappliedtothesekey-issues,thecomputationalintelligence(CI)
(Pedrycz,1997)paradigm-whichwasputforwardintheearly1990sasasetofcomputationally
effective,adaptive,resistant-to-noiseaswellastomissingand/orpartlyerroneousinformation-has
providedalternativeon-line/real-time,robust,non-invasivemethodologiesformonitoring,controlling
andpredictingN(P)Poperation.Forthelast25years,theresultingCI-basedimplementationsand
applications have afforded prompt, reliable as well as robust response to these key-issues, thus
demonstratingthepotentialofCIeitherasasuperiorstand-alonetool,or-wheneveradvantageous
-incombinationwithtraditionalsignaland/orimageprocessing/analysistechniques.

ThepresentreviewcommunicatestheapplicationofCImethodologiestotheaforementionedN(P)
Pkey-issues,asreportedintherelevantprimaryliteratureofthemajorpublicationanddissemination
media(listedinalphabeticalorder):

(1) AnnalsofNuclearEnergy(ANE),publishedbyElsevier,
(2) FusionScience andTechnology (FST),NuclearScience&Engineering (NSE) andNuclear

Technology(NT),allthreepublishedbytheAmericanNuclearSociety(ANS),and
(3) ProgressinNuclearEnergy(PNE),alsopublishedbyElsevier

journalsfortheperiod1990-2015.Acrucialdecisionhasbeenmadenottoextendthepresent
reviewbeyond2015asthetransitionfrom2015to2016broughtaboutanimportantparadigmshift
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intermsofCItoolsused,namelyintheapplicationofdeepneuralnetworks(DNNs,Bengio(2009))
forupscalingtheproposedsolutionstosignificantlyharder,morecomplexsituationsaswellasto
theconcurrentefficientprocessingofsignificantlymorenumerousdata, something thatwasnot
consideredpossibletillthen.Byexposingthemostrepresentativeand/orsuccessfulCI-basedtool(s)
foreachkey-issue,anunderstandingoftheparticularstrengthsoftheusedtools-asrelatingtoNE-is
afforded.Itisobservedthat,despitethesuperiorperformance(solutionsandimplementations)offered
byCI-basedimplementationsovermoreconventionalsignalprocessingmethodologies(whichhas
moreoftenthannotbeendemonstratedonrealdata)forthespecificperiod,theresultingCI-based
implementationsare–asarule-nottranslatedintostand-alonepractical/commercialtools.

Theremainderofthisreviewisorganisedasfollows:Section2describesthekey-issuesofN(P)P
operationthatarediscussedinmoredetailinthefollowingsections,followedbyabriefdescription
oftheCIparadigmandthemainmethodologiesthatappearintherelevantliteraturefortacklingeach
key-issue;Section3tabulatesandcriticallyreviewstheresearchandtrendsreportedintheprimary
literatureforthevariouscombinationsofN(P)Pkey-issuesandexponentsoftheCIparadigm,as
observed for the period 1990-2015; finally, Section 4 summarises the findings, proposes future
directionsandconcludesthereview.

2. N(P)P OPERATION AND THE CI PARADIGM - A BRIEF EXPOSITION

2.1. N(P)P Energy Production and Maintenance/Safety Issues
N(P)Ps produce around 15% percent of the world’s electricity, thus significantly surpassing the
alternative-conventional(fossilfuelssuchaspetroleum,coalandgas)aswellasrenewable(solar,
wind,waveetc.)-meansofenergygeneration,whilefurtherdemonstratingsignificantadvantagesin
termsofoperationalcost,efficiencyandcleanliness.However,N(P)Pmonitoringandschedulingmust
bevigilantlymanaged,while–evenmoreimportantly-nuclearfuel(bothoperationalandexhausted)
mustbecarefullyhandledandguardedasitremainsradioactiveforlongandmayseriouslydamage
theflora,thefaunaandtheenvironmentifreleasedormishandled.

2.2. The CI Paradigm
Historically, theartificial intelligence (AI)paradigm(Jackson,1985)constitutes the firstmature
steptowardsendowingcomputerprogrammeswithintelligent-likebehaviour.AIusesasymbolic
representation (Newell & Simon, 1976) of the problem and employs techniques such as search,
constraintpropagationandrule-basedinferenceforprovidingsolutions(appropriatecombinationsof
compatiblevaluesforthesetsofsymbolswhichcollectivelyrepresentboththeproblem-at-handand
itsstates)tocomplexproblemsthatcannotbetackledviastandardcomputerprogramming.Although
AIachievedsignificantbreakthroughsinthe1970sandearly1980s-withavarietyofAI-based
problemsolvingmethodologiesbeingstillappliedtodiversedomains(includingNE),bottleneck
problemssoonbecameapparentasthescaleoftheproblemsincreased,renderingtheattainmentof
asolutionanextremelytime-andresource-consumingprocess.

Consequently,aparadigmshifttowardswarmintelligence(SI,Bonabeauetal.,1999)andCI
(Siddique&Adeli,2013)occurred;byoperatingatthehyper-andsub-symboliclevels(Stamouet
al.,1999),bothSIandCI,respectively,overcometheAI-relatedbottleneckstoasignificantdegree.

SIisbasedonthecollaborationandcommunicationbetweensimple“agents”where,althougheach
agentismarginallycapableofindependentlyfindingasolutiontotheproblemathand,theimplicit
communicationbetweenagentshelpstheensembletoimproveupontheirindividualsolutionsand
toconvergeupona(near-)optimalsolutiontotheproblem.TworepresentativeexponentsofSIare:

(a)Antcolonyoptimisation(ACO,Dorigo&Stützle,2004),wherethepheromone-basedaspects
of(i)trailcreationbyeachantofthecolony,(ii)indirectcommunicationbetweentheantsofthe
colonyviathelevelsofpheromoneconcentrationdepositedovertheforagingareaand(iii)gradual
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pheromonetrailevaporation,areexploitedduringforagingoftheantcolonyforimprovingitsfood-
collectionperformance.Therepeatedforaging/foodsourcediscoveryofeachantandtheconcurrent
pheromonelayingandevaporationpromoteconvergenceoftheentirecolonyupona/theshortesttrail
totheclosestand/orrichestfoodsource3.

(b)Particleswarmoptimization(PSO,Kennedy&Eberhart,1995),whereaswarmof“particles”
navigatesagivenspaceinsearchoffoodsources.Althoughalongsimilar linestoACO,thecore
ofPSOisparticlepositioning:eachmovementofeveryparticleisconcurrentlyinfluencedbythe
(currently)best4positionsof(i)eachparticleand(ii)theentireswarm,wherebythemovementsof
(eachmemberofthe)entireswarmcollectivelyimplementconvergencetotheshortestpathtothe
richestfoodsource.

ComplementarytoSI,theaimofCIistomimicthemeansbywhichcrucialaspectsofnatural
(mainly-butnotexclusively-human)intelligenceareimplemented.Thefocusisuponbothformand
function,withinspirationprovidedbythedistributed,redundantanddynamicnatureofinformation
encoding in the brain and central nervous system, thus promoting (a) the on-line adjustment of
its behavioural and structural characteristics inorder tobetter fit the changing environment; (b)
generalization capabilities and robustness, which collectively allow the accurate, efficient/swift
reaction-andavoidanceofbottlenecks-underconditionsofnoisy,partlyerroneous(conflicting)
and/ormissinginputinformation,aswellasunderpartialdamageofthebrainorthecentralnervous
system.Theseaspectsofintelligence(andoptimalsurvival)aretranslatedintothefollowingthree
mainCIparadigms:

(A) Artificial neural networks (ANNs) (Rumelhart & McClelland 1987), where natural
“intelligent”functionemergesfromthesimulationoftheformandfunctionofgroupsofinterconnected/
interactingbiologicalneuronsthatarelocatedinthebrainandthecentralnervoussystem.Information
isconcurrentlylearntandencodedin:(i)thecollectiveactivationpatterns(firinglevelsorrates)
ofensemblesofneurons(ratherthanintheneuronsperse);and(ii)thestrengthsandsignsofthe
connectionsbetweenneurons.AsignificantvarietyofANNarchitectureshasbeenimplemented,
simulatingdifferentaspectsofbiologicalneuralensemblesthatarefoundinvariousareasofthebrain
and/orindifferentbiologicalorganisms,including(inalphabeticalorder)

• Auto-associativeANNs(Kramer,1992)
• Back-propagation(BP)ANNs(Rumelhartetal.,1986)-alsoknownasfeedforwardANNsor

multi-layerperceptrons(MLPs)),includingitsvariantsandextensions
• CellularNNs(CNNs,Chua&Yang,1988)
• DeepNNs(DNNs,Bengio,2009)
• DynamicNNs(DynNNs,Sinhaetal.,2000)
• GeneralregressionNNs(GRNNsorGRANNs,Specht,1991)
• HopfieldNNs(Hopfield,1982)
• Interactiveactivation&competitionNNs(IACANNs,McClelland&Rumelhart,1981)
• Linearvectorquantization(LVQ,Kohonen,1995)
• RadialbasisfunctionANNs(RBFs,Broomhead&Lowe,1988)
• RecurrentNNs(RNNs,Pearlmutter,1989)
• Selforganisingmaps(SOMs,Kohonen,1982)
• SpikingNNs(SNNs,Gerstner,2001).

(B)Robustandaccuratereasoning/decision-makingaccomplishedviafuzzylogic(FL)inference
systems(FLIS,Zadeh,1965).Unlikethe-standardinmathematicsandlogic-crisprepresentation
ofavariablethatstandsforagivenconceptorproperty5,FLassignsadegreeofbelief(i.e.graded
membership)tothevariable.Byintroducingdegreesofacceptanceof/beliefinanynotion,theresulting
problemrepresentation/frameworkmimicsbiologicalintelligentreasoningandbehaviour.Especially
whensuchafuzzyrepresentationspansoveranumberof interrelatedconcepts, theprocessesof
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inferenceanddeductionbecomeespeciallyrobust,generalandflexibleinexpressingaswellasin
exploitingpartial(non-crisp)and/ornoisy/partiallymissingconcepts/notions,verymuchalike to
thoseexpressedinnaturallanguage.Additionally,bybeingmorehuman-likeinexpressionand,thus,
alsomoreeasilyunderstood,thiskindofinferenceisacceptablebyhumans(e.g.N(P)Poperators).

Inmoredetail,andunlikecrisplogic,FLexpressesthedegree(ofmembership)towhichthe
propertyrepresentedbyagivenvariableistrueinagraded(fuzzy)manner,communicatedbyavalue
withintheinterval[01],wherethedegreeofmembershipofthevariableovertheentirerangeof
valuesisusuallycontinuousandmaytakeavarietyofshapes,dependingontheproblemdefinition
andthepropertiesofthevariable6.

FLusesfuzzyinferencerules(oftheIF-THENform),whichmaybeeitheroftheMamdani
(Mamdani,1974)oroftheTakagi-Sugeno(Takagi&Sugeno,1985)type,where(formoreinformation,
theinterestedreaderisreferredtoZadeh(1965)):

• Theinput(s)toafuzzyruleofeithertypeoffuzzyinferencemustbefuzzy-orfuzzified,if
originallycrisp-variable(s)

• T-normsareusedforcombiningthefuzzyvariablesinthefuzzyrulesviafuzzy“and”,“or”and
“not”logicaloperators

• Theoutputs(consequents)arefuzzyvariablesfortheMamdanitypeandcrispvaluesforthe
Takagi-Sugenotype
ThechoiceoftypeoffuzzyruleusedbyaFLISdependsonthecharacteristicsoftheproblemas

wellasthedesiredformofthefinaloutput.Someimportantdistinguishingcharacteristicsbetween
thetwotypesofFLISarethat:

(1) theMamdani-typeiseasiertointeractwithandthefuzzyoutputiseasiertounderstand,whereas
theTakagi-Sugeno-typerequiressignificantknow-howforsettingtheT-normcoefficients

(2) theTakagi-Sugeno-typeismoreefficientthantheMamdani-type,withthecontinuousoutputspace
beingnotonlydirectlyoptimizablebutalsomoreeasilyamenabletoanalysis(andunderstanding
oftheunderlyingphenomenonanditscharacteristics

(3) Geneticalgorithms(GAs,Goldberg,1989)areinspiredbytheabilityoflivingbeingstoadapt
tothechangingconditionsoftheirenvironment,e.g.temperature,humidity,radiation,salinity,
predators,surroundingfloraandfaunaetc.Individualswithtraitsthatrenderthembetterequipped
toprotectthemselves,toattainfoodandtoappealtotheothersex,tendtolivelongerandto
producemoreoffspring.Thetraitspromotinglongevityandreproductivesuperiorityare–more
oftenthannot-passedontotheiroffspring,whoeithercontinuetochangeovertimeinorderto
adapttochangingconditions,oraresupersededbyother(currently)“fitter”individualsofthe
population.TheCI-derivedsurvival-of-the-(currently)”fittest”paradigmistranslatedintoGAs
asameansofswiftlyattaininga(near-)optimalsolutiontoagivenproblem.Whilecrossover
(combinationsofgenesfromdifferentindividuals)andmutation(occasionalrandomchangesin
thegenesoftheindividuals)allowthepopulationtoremaindiverseandareespeciallyimportant
iftheproblemconstraintsand/orrequirementschangeovertime,selectioncontrolsthediversity
ofthepopulationtosuchadegreeastoensuretheinclusionofacriticalmassoffitindividuals
intheevolvingpopulation.TherepeatedapplicationofthethreeGAoperatorscausesagradual
changeinthemake-upofthepopulationbytheinclusionofmoreindividualsofhigherfitness,
whilealsoallowingtherepeatedadaptationandconvergencetoanewsolutionunderchanging
conditions(e.g.constraints)oftheproblem,thuseventuallyproducinga(near-)optimalsolution
tothecurrentconditionsoftheproblem-at-hand.

AsGAstendnottobeabletoconsistentlyscaleuptoproblemsofincreasingcomplexityorof
adecision-makingnature,GA-variantevolutionary(computation)algorithms(EC,EAsorECAs)
havebeen-andcontinuetobe-developed(e.g.Fogel,1995;Chiongetal.,2012).
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3. THE CI PARADIGM APPLIED TO N(P)PS – AN 
INVESTIGATION PER N(P)P KEY-ISSUE

TheCI-relatedresearchperformed(andreportedintherelevantliterature)duringtheperiod1990-
2015ontheaforementionedN(P)Pkey-issuesiscriticallydiscussedindependentlyforeachexponent
oftheCIparadigmcollectivelyoverallkey-issues,andindependentlyforeachkey-issue,inboth
casesreportedbothseparatelyperpublicationmediumandcollectivelyoverallpublicationmedia.
ForconcisenessandhomogeneityintermsofnumbersofpublicationsandNEareascoveredbythe
fivejournalsconsideredhere,thepublicationsappearinginthethreeANSjournalsarecollectively
referredtoasANS.

3.1 Publication Profile - Coverage per CI Paradigm
3.1.1. ANNs
AsdepictedinFigure1,theresearchoutputconcerningtheuseofANNsis–ingeneral–evenly
distributedovertheperiod1990-2015foreachofthethreejournals.NoANNpublicationsappearin
ANEin1990,1992-1993,1999and2004(atotaloffiveyears),suggestingtherathertimidinauguration
ofnon-purelysignalprocessingtechniquesinNE,especiallyuntilthemid-1990s,yetthesteadily
increasinguseofANNsinNEfromthenon.PNEfollowsasimilar–yetmoreintermittent7-path.
AsfarasANSpublicationsareconcerned,ANN-relatedresearchactivityappearsearlierthanfor
eitherANEorPNE,yetwithnopublicationsin1990andthenagainin2000,2005-2006,2008,2011-
2012and2014(8years).ThemajorityofANN-relatedresearchappearsinANE(52%),withANS
andPNEcovering36%andonly12%ofthetotalresearchoutput,respectively.Thereseemstobe
arathersignificantgapbetweenthepublicationmediaathandconcerningthepercentagecoverage
of the aforementionedparadigm,withANEbeing themost suitablemedium for thepublication
ofANN-relatedresearchandtooldevelopment.Itisalsonotedthat,althoughtheresearchinterest
inANNsappearsquiteprominentintheeveofthenewmillennium,sometime-gapsoccurwhich
itisnotstraightforwardtoexplain,especiallygiventhepotentialofANNstoimplementeffective
performancefor–practically-allN(P)Poperationkey-issues.Overall,theapplicabilityofANNs
isboostedbytheirformal,mathematical-basedjustificationofconvergenceandstabilityunderlying
theirconstruction,aswellasbytheirclearandexplicitarchitecture,i.e.featuresthatfacilitatethe
deploymentofthisparadigminaratherstraightforwardandadequatemanner.

3.1.2. FL
FL-relatedresearchpublicationsare-ingeneral–intermittentovertheperiod1990-2015,bothwhen
consideredindependentlyperjournalandoverthethreejournals(Figure2).Thejournalspeakat
differenttimes(18%in2013,38%in2005and15%in1994forANE,PNEandANS,respectively)
anddonotsharetheirperiodsofno-FL-relatedresearchoutput(1990-1993,1997-2002,2004,2006-
2008,2011-2012forANE,16yearsoverall;1990-2000,2002,2006-2008,2011and2013-2014for
PNE,18yearsoverall;1991-1993,1995,2001-2003,2005,2009and2013forANSamountingto
10yearsoverall).ThemajorityofFL-relatedresearchresultsarefoundinANS(46%),with30%and
24%ofpublicationsappearinginPNEandANE,respectively.

ItisevidentthattheFLparadigmdoesnothavethesamediffusionasANNsconcerningtheN(P)
Pkey-issue;thisisduetothefactthattheapplicationoftheFL-basedparadigmforappropriately
formulating (i.e. representing) the problem to be solved relies heavily on the expertise of the
programmer/engineer inassemblingacorrect, completeandwell-coordinatedsetof fuzzy rules.
TheFL-basedsystemisstronglyapplication-dependentand–eventhen–remainsproblem-instance-
specific,withthecharacteristic(inFL)(a)trial-and-error-basedselectionoffuzzyvariablemembership
functionsand(b)linguisticexpressionsforbindingtogetherthefuzzyrules,oftenlackingasound
theoreticalbasis.Asaresult,considerableeffortmaybeneededforestablishingtheoptimalshapes
ofthemembershipfunctionsaswellastheappropriatenumber,shapesandlimitsofthecreatedfuzzy
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Figure 1a. Yearly percentage (% over the period 1990-2015) of purely ANN-related publications from ANE

Figure 1b. Yearly percentage (% over the period 1990-2015) of purely ANN-related publications from PNE
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Figure 1c. Yearly percentage (% over the period 1990-2015) of purely ANN-related publications from ANS

Figure 1d. All journals ANN
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Figure 2a. Yearly percentage (% over the period 1990-2015) of purely FL-related publications from ANE

Figure 2b. Yearly percentage (% over the period 1990-2015) of purely FL-related publications from PNE
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Figure 2c. Yearly percentage (% over the period 1990-2015) of purely FL-related publications from ANS

Figure 2d. All journals: FL control
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rules.TheobservedlowerdiffusionoftheFLparadigmissharedacrossallpublicationmedia,with
significanttime-gapsofFL-relatedpublishedresearchoverall,andANEbeingtheleastpreferred
mediumofpublicationoftheFL-basedimplementationsandtools.PNEdemonstratesthelargesttime
gapsofFL-relatedpublications(asalsoobservedforANNs).TheANSpublicationsliesomewhere
in-betweenwithamorebalancedrepresentationofFL-basedimplementations.

3.1.3. GAs
IllustratedinFigure3,ANSconstitutesthemajormediumofpublishingGA-relatedresearch(50%of
therelevantliterature),followedbyPNEandANE(31%and19%,respectively).Thethreejournals
demonstrateatemporaldifferenceinGA-relatedpublicationactivity,(A)totaling12,nineandthree
yearsofGA-relatedpublications,respectively(namely1995-1998,2001-2002,2006,2008-2011,2014
forANS;2003,2005,2008and2010-2015forPNE;and2006,2013and2014forANE),(B)with
publicationpeakingin2006forANS,2011forPNEand2013forANE,with19,20and50%ofthe
totalpublications,respectively.GAshavebeenmostlyimplementedfrom2000onwards,withonly
sporadicresearchpublishedinthesecondhalfofthe1990sintheANSjournals.Therathersmall
diffusionofthistechniquecanbeattributedtothefactthatGAshavetobespecificallyformulated
inordertoefficientlyaddressproblemsrelatingtoN(P)Pkey-issues.

Still,theresearchinterestintheGAparadigmhasgrowninthelast15-20years;itappearsthatthe
increasingavailabilityofcomputationalresources(suchasprocesspower,memory)hasaffordedthe
necessaryresourcestothismorecomputationallydemandingparadigmforthegenerationofoptimal
solutionswithinmoreviableexecution-times.Especiallyforon-lineandreal-timeapplications,the
aspectofexecutiontimehastobetakenintoaccountsinceCI-toolsingeneral(andon-lineoperating
GAs,morespecifically)aredependentonanappropriaterepresentationoftheoptimizationproblem
fordelivering timely/efficientandconsistently (near-)optimal solutions.Asalsoobserved inFL,
reliablynear-optimaland–atthesametime-efficientsolutionsrequireanin-depthunderstanding
(andappropriaterepresentation/codification)oftheproblemtobesolved.

3.2. Publication Profiles - Coverage per Key-Issue
3.2.1 Control
AsshowninFigure4,theresearchoutputconcerningN(P)Pcontrolissuesmakesitsappearance-and
alsoceasestobeused-earliestinANSforallthreeexponentsoftheCIparadigm.ANEconstitutes
thepreferredjournalforANN-relatedresearchincontrol,withbothPNEandANSbeingchosen
forFL-basedimplementationsandapplications;still,PNEremains-byfar-thepreferredmeans
ofpublicationforGA-basedsolutionstoN(P)Pcontrolissues.ItcanalsobededucedfromTable1
thatANN-basedtoolsoutnumberbothFL-andGA-basedapplications,thusrevealingapreference
for this techniqueas far as controlproblemsare concerned.Themost implementedANN-based
architectureisBP(14outof26researchoutputs,Table1(a)),followedbycombinationsofBPwith
otherarchitecturesandCImethodologies.Itisworthnotingthatsimulateddatahavebeenutilizedin
22outof26ANNresearchoutputs.Thesameappliestoall(12,Table1(b))FLandtothemajority
(5outof8,Table1(c))ofGAimplementations.Clearly,significantlymoreresearcheffortmustbe
investedtorealdataforvalidatingtheeffectivenessof(and,thus,furtherboostingconfidencein)
thenon-parametricCIparadigm.

AsfarasANNsareconcerned,themainfocusofpublishedresearchhasbeenprimarilyonpower
(level)control,followedbyreactivitycompensationandload-followingoperations.Aplethoraofinput
informationisutilisedforattainingasatisfactorylevelofperformance,suchasthermo-hydraulic(e.g.
temperature,pressure,massflowofseveralcriticalcomponents)andneutron-derivedparameters(e.g.
neutronfluxanddiffusion).Thereseemstobenoapparentrelationshipbetweenthenatureofthe
providedinformation/dataandtheANNarchitectureemployed,wherebynoinsightcanbederivedas
towhatkindofinformation/parameters/measurementsarebestsuitedtoeachapplication,orwhichCI
paradigm(andparticularmethodology)isbetter-suitedtotheapplication/dataathand;thismayalso
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Figure 3a. Yearly percentage (% over the period 1990-2015) of purely GA-related publications from ANE

Figure 3b. Yearly percentage (% over the period 1990-2015) of purely GA-related publications from PNE
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Figure 3c. Yearly percentage (% over the period 1990-2015) of purely GA-related publications from ANS

Figure 3d. All journals: GA
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Table 1. Key-issue: Control; CI paradigm: ANNs (a), FL (b), GAs (c) combinations (d)

journal year type of ANN Authors Data Reactor

(a)

NT 1992 BP&SOM GuoandUhrig,
1992

Real N.A.S.

NT 1995 GFNN ParkandCho,
1995

Simulated N.A.S.

FST 1996 4L Albaneseetal.,
1996

Simulated ITER

ANE 1998 BP Dubeyetal.,1998 Simulated PHWR

ANE 1998 BP Dubeyetal.,1998 Simulated AHWR

NT 1998 BP Garisetal.,1998 Simulated PWR

NSE 1999 BP Accorsietal.,1999 Simulated PWR

NSE 1999 BP&GPT Lysenkoetal.,
1999

Simulated PWR

NT 1999 BP Seongetal.,1999 Simulated PWR

NT 2001 LOGFNN Uluyoletal.,2001 Simulated PWR

ANE 2002 BP AkkurtandColak,
2002

Simulated PWR

NSE 2002 BP Seongetal.,2002 Simulated PWR

ANE 2003 RNN Boroushakietal.,
2003

Simulated VVER320

PNE 2004 BP Mazrouand
Hamadouche,2004

Real LWR

ANE 2005 BP Arab-Alibeikand
Setayeshi,2005

Simulated PWR

ANE 2005 RNN Boroushakietal.,
2005

Simulated VVER320

ANE 2006 BP Souzaand
Moreira,2006

Real LWR

NSE 2007 CNN Boroushakietal.,
2007

Simulated 5MWthermalpool-typecubicresearch
reactorcore

ANE 2007 MLP Jangetal.,2007 Simulated Solubleboron-free

FST 2007 RBNN Vitela,2007 Simulated D-Tfueledtokamak

ANE 2011 BP LinandChang,
2011

Simulated PWR-KSNPs

ANE 2014 B-splinekernel
NN

Abharianand
Fadaei,2014

Simulated TRR

ANE 2014 BP Bayrametal.,
2014

Simulated N.A.S.

ANE 2014 MFLNN Coban,2014 Simulated LWR

ANE 2014 BP Sarkaretal.,2014 Real PHWR

ANE 2015 BP Marklundand
Michel,2015

Simulated PFR

(b)

NT 1994 FLC HahandLee,1994 Simulated PWR

NT 1997 FLC Linetal.,1997 Simulated ABWR

NT 1998 FLC LinandYang,
1998

Simulated ABWR

NT 1999 FLC Kavakliogluand
Upadhyaya,1999

Simulated PWR&BWR

ANE 2003 FLC Marseguerraand
Zio,2003

Simulated PWR

PNE 2004 FuzzyRule-Based
System

Guimaraesand
Lapa,2004

Simulated PWR

NSE 2004 FLC Liuetal.2004 Simulated PWR

PNE 2005 FL Addaetal.,2005 Simulated Researchreactor

PNE 2005 FLC Benitez-Readet
al.,2005

Simulated TRIGAMarkIII

continued on following page
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explainwhyconsideringtheresearchoutputsinchronologicalorderdoesnotrevealanyparticular
temporaltrendindominantANNarchitectures.Itisalsoworthnotingthattheadoptionofspecific
ANNarchitecturesandtrainingalgorithms(e.g.FFNstrainedwithBP,oritsvariants)dovetailstheir
applicationtootherscientificareas.Asexpected,thequalityofthedatausedintheimplementations
playsapivotalroletothelevelofperformanceattainedbythevariousANN-basedsystems.

SimilarremarksapplytothereportedFLandGAapplications,withthemaingoalofcontrol
remaining the consistent attainmentof thedesired (safeyet efficient)power level, coupledwith
controlofthefeed-waterlevelandrodpositions.Again,thereisnoevidenceofanyFL-orGA-based
techniquebeingbettersuitedtoaparticularkindofdata,withthedata“quality”andcompleteness
requirement(intermsofsignalaswellasrelevantparameters)holdingstrong.

Finally,thepublishedcombinations(Table1(d))oftheaforementionedCIparadigms(i)strive
totackletheinherentdrawbacksandweaknessesoftheconstituentmethodologies,while(ii)fully
exploitingtheadvantagesofeachmethod,withtheresultingcombinationsrevealingpromisingresults.

3.2.2. Diagnostics and Fault Detection
ANEconstitutesthepreferredmediumofCI-orientedresearchfordiagnosticsandfaultdetection,
followedbyANS.ANNsconstitutetheprevalentCIparadigmforthiskey-issue(27researchoutputs,
Table2(a)),withFLbeingusedlessoften(12researchoutputs,Table2(b)).Thetotalabsenceof

journal year type of ANN Authors Data Reactor

PNE 2012 FLC Alirezaand
Shirazi,2012

Simulated LWR

ANE 2013 FLC LiandZhao,2013 Simulated PWR

ANE 2013 FLC Rojas-Ramirezet
al.,2013

Simulated TRIGAMarkIII

(c)

NSE 2001 GA Marseguerraand
Zio,2001

Experimental Xenon-Controlled

PNE 2003 GA Marseguerraetal.,
2003

Simulated PWR

PNE 2005 GA Domingosetal.,
2005

Simulated PWR

ANE 2006 GA LeeandLin,2006 Simulated BWR

PNE 2010 Micháleketal.,
2010

Real VR-1

PNE 2012 QEA Nicalauetal.,
2012

Real PWR

ANE 2013 GA Karahroudietal.,
2013

Simulated VVER-1000

PNE 2013 IAGA&LQG
&PID

LiandZhao,2013 Simulated PWR

(d)

NT 2000 ANFIS LinandShen,
2000

Simulated PWR

ANE 2005 ANN&FL Zhaoetal.,2005 Simulated PWR

NSE 2007 FL&GA Marseguerraetal.,
2007

Simulated PWR

ANE 2008 ANFIS Khorramabadiet
al.,2008

Simulated PWR

PNE 2010 ANN&GA Coban,2010 Simulated TRIGAMarkII

ANE 2011 ANFIS LaliandSetayeshi,
2011

Simulated N.A.S.

PNE 2013 ANN&FL&GA Oliveiraand
Almeida,2013

Simulated PWR

Table 1. Continued
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Figure 4a. Yearly percentage (% over the period 1990-2015) of purely control-focused publications using the ANN exponent

Figure 4b. Yearly percentage (% over the period 1990-2015) of purely control-focused publications using the ANN exponent
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Figure 4c. Yearly percentage (% over the period 1990-2015) of purely control-focused publications using the FL exponent

Figure 4d. Yearly percentage (% over the period 1990-2015) of purely control-focused publications using the FL exponent
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Figure 4e. Yearly percentage (% over the period 1990-2015) of purely control-focused publications using the GA exponent

Figure 4f. Yearly percentage (% over the period 1990-2015) of purely control-focused publications using the GA exponent
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theGAexponentismostprobablyduetotherelativedifficultytorepresentandmanipulatesuch
problemsintheformofinteractinggenesandchromosomes.ANSconstitutestheearliestmediumof
publicationforthetwoCIexponents,withPNEand(especially)ANEstartingofflaterbutremaining
consistentovertime.RegardingtheANNarchitectures,18outof27researchoutputsaredeployed
withBPANNs(includingBPextensionsandvariants),whichismostprobablyduetotheirsimplicity
and robustnessof operation aswell as their superior approximationperformance andprediction
accuracy.Simulateddataareutilizedinthemajorityofcontrol-orientedresearch(Table2(a-b)),with
18andnine(outofatotalof27and12,respectively)ANNandnineFL-basedpublications.The
DiagnosticsandFaultDetection(D-FD)key-issueiscloselyrelatedtothatofControl,whichcan
beexplainedbythefocusofbothkey-issuesontheassessmentofN(P)Poperationperseand/orits
criticalcomponents.EspeciallyconcerningANNs,thereisnoapparenttrendinthe(preferred)choice
ofANNarchitectureovertime.ThesameistrueoftheFLparadigmaswellastheircombinations
(Table2(c)),theonlyexceptionbeing–perhaps-apreferenceforFL-basedproblemformulations
asfarassensorvalidationapplicationsareconcerned.

3.2.3. Monitoring
ANNsconstitutetheprevalenttoolforprovidingviablesolutionstothemonitoringkey-issue(49
research outputs, Table 3(a)), with their application persisting throughout the entire 1990-2015
period.ResearchresultsfortheothertwoCIexponentsappearsignificantlylater(1996and2006,
respectively),withimplementationsremainingquitelimited(sevenFL-relatedresearchoutputsagainst
twoFL-GA-combinationsandonlytwoGAimplementations),asshowninTable3(b-c)),especially
forGAs.DerivedfromTable3(a),theBParchitectureanditsvariantsremainthemostpreferable
(28outofatotalof49researchoutputs).Differentarchitectures,likeRBFnetworks,havealsobeen
deployed,primarilyfortacklingproblemsexpressedasclassificationtasks.ThesameappliestoFL,
withmonitoringhandledasaclassificationproblem.Again,theutilizationofsimulateddatainstead
ofrealmeasurementsisprevalent,(amountingto39outof49,and5outof7,outputsinANNsand
FL,respectively(Table3(a),(b)),afindingthatis“reversed”inCIcombinationswhererealdatais
used(in6outof9outputs,Table3(d)).ThemostprevalentapproachforCIcombinationsisbased
onANN-basedfuzzyinferencesystems(ANFIS),withonlytwopiecesofresearchutilizingGAs
coupledwithANNs.

As observed for the Control and Diagnostics key-issues, the data used pertain to thermo-
hydraulicparameters(temperature,pressure,massflow),neutronflux,neutronnoiseetc.;thisisnot
surprising,sincebothkey-issuesarecloselyrelatedtomonitoring.Itisalsoobserved,primarilyin
themostrecentyears,thataconsiderableamountofCellularandRBFneuralnetworksareutilized
onneutron-typemeasurements.Althoughinteresting,aformaltheoreticalinvestigationaswellasa
justificationoftheappropriateness/suitabilityofsuchatypeofdatafor/totheseANNarchitectures
needstobeperformed.

3.2.4. N(P)P Operations
ANNsandGAsarepreferredovertheFLexponent(25researchoutputsforANNs,21researchoutputs
forGAsandonly8forFL,Table4(a-c)),withANN-relatedresearchpublicationsoccurringmostlyin
ANEandtheothertwoCIexponentsappearingmostlyinANS,whichalsohoststheearliestrelevant
literatureforallexponents.AsseeninTable4(a),14outof25ANN-derivedresearchoutputsare
basedontheBParchitectureanditsvariants.ThemostinterestingfactregardingtheN(P)POperations
key-issueistheextensiveuseofGAmethods,especiallywhencomparedtotheControl,Diagnostics
andMonitoringkey-issues(asshownabove),afindingthatisduetothefactthatthestructureand
formulationunderlyingGAsismoreappropriateforthistypeofproblems.Although,oncemore,the
prevalenceofsimulateddataisevident,thetypesofutilizeddataaremorediverseforthiskey-issue,
sincetheyarehighlycase-studydependent.
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Table 2. Key-issue: Diagnostics & Fault Detection; CI paradigm: ANNs (a), FL (b), combinations (c)

journal year Type of ΑΝΝ Authors Data Reactor

(a)

NT 1991 BP Rohetal.,1991 Simulated PWR

PNE 1992 BP Marseguerraetal.,1992 Simulated N.A.S.

NT 1992 RMLP Parlosetal.,1992 Simulated N.A.S.

NSE 1994 DNANN BasuandBartlett,1994 Simulated BWR

NT 1994 BP KimandBartlett,1994 Simulated PWR

ANE 1994 BP MarseguerraandZio,1994 Simulated N.A.S.

NSE 1994 Boltzmannmachine MarseguerraandZio,1994 Simulated N.A.S.

NT 1994 ABP Parlosetal.,1994 Simulated N.A.S.

ANE 1994 Perception-based RaczandKiss,1994 Real VVER1000

NT 1995 PNN Taletal.,1995 Simulated PWR

ANE 1996 BP FantoniandMazzola,1996 Simulated BWR

NT 1996 MLPBP FantoniandMazzola,1996 Simulated BWR

NSE 1996 MLPBP Marseguerraetal.,1996 Real PWR

NSE 1996 FFNN Pazsitetal.,1996 Real PWR

ANE 1996 MLP YanandUpadhyaya,1996 Real ORNL

PNE 2001 BP&Other Keyvan,2001 Real EBR-II

ANE 2005 BP Kimetal.,2005 Real N.A.S.

PNE 2005 MLP LeeandandSeong,2005 Simulated N.A.S.

ANE 2005 AANN MarseguerraandZoia,2005 Experimental N.A.S.

ANE 2005 AANN MarseguerraandZoia,2005 Simulated BWR

ANE 2006 AANN MarseguerraandZoia,2006 Simulated BWR

ANE 2010 BootstrappedANN Zioetal.,2010 Simulated GFR

PNE 2011 MLP&RBP&WT Hadadetal.,2011 Real VVER1000

ANE 2012 MLP Elnokityetal.,2012 Simulated ETRR-2

PNE 2013 BP Dzwineletal.,2013 Simulated IBR-2

ANE 2013 ANN-PSVR Liuetal.,2013 Real N.A.S.

PNE 2014 BP HosseiniandVosoughi,2014 Simulated VVER1000

(b)

NT 1990 FL&PDM HolbertandUpadhyaya,1990 Real PWR&EBR-II

NSE 1994 FL Holbertetal.,1994 Simulated N.A.S.

ANE 1994 FuzzySignedDisgraph
Method

ParkandSeong,1994 Real Kori-2NPP

ANE 1996 FuzzyLogic Hegeretal.,1996 Simulated N.A.S.

NT 1999 FLC Mironidisetal.,1999 Simulated PWR

PNE 2003 FuzzyLogic Kinelevetal.,2003 Simulated VVER-1000

PNE 2005 FuzzyLogic Garciaetal.,2005 Simulated PWR

NSE 2006 FLC Marseguerraetal.,2006 Real CANDU6

ANE 2009 Fuzzydecisiontree Zioetal.,2009 Simulated PWR

ANE 2010 FuzzyLogic Zioetal.,2010 Simulated N.A.S.

ANE 2014 FuzzyLogic Purba,2014 Simulated N.A.S.

ANE 2015 Fuzzydecisiontree Purbaetal.,2015 Simulated? N.A.S.

(c)

NT 1996 Other Hinesetal.,1996 Real PWR

NT 1997 ANN&FL ErbayandUpadhyaya,1997 Real PWR

NT 1997 ANFIS Hinesetal.,1997 Real N.A.S.

PNE 2003 ANN&FL Liuetal.,2003 Simulated N.A.S.

PNE 2003 ANFIS Upadhyayaetal.,2003 Simulated PWR

ANE 2007 ANFIS GuimaraesandLapa,2007 Simulated LWR

PNE 2014 ANFIS Liuetal.,2014 Simulated N.A.S.
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Table 3. Key-issue: Monitoring; CI paradigm: ANNs (a), FL (b), GAs (c) combinations (d).

journal year type of ANN Authors Data Reactor

(a)

ANE 1991 BP Kostic,1991 Experimental PWR

NT 1993 BP CheonandChang,1993 Simulated BWR

NSE 1993 BP Kimetal.,1993 Simulated PWR

NT 1993 BP Kimetal.,1993 Simulated PWR

NSE 1994 FFNN Arul,1994 Simulated FBTR

NT 1994 MLPBP KavakliogluandUpadhyaya,1994 Real PWR

NT 1994 ANN ThomasandAdams,1994 Real PWR

ANE 1995 BP KozmaandNabeshima,1995 Real HOR

PNE 1995 BP VallejoandBarrio,1995 Simulated N.A.S.

NT 1995 BP VanDerHagen,1995 Simulated BWR

FST 1996 MLPBP Yoshinoetal.,1996 Simulated ITER

ANE 1997 RBF IkonomopoulosandHagen,1997 Simulated PWR

ANE 1997 BP KimandChang,1997 Simulated PWR

FST 1997 Various Windsoretal.,1997 Simulated COMPASS-D

ANE 1998 MLP IkonomopoulosandEndou,1998 Real FBR

NSE 1998 BP Tambouratzisetal.,1998 Simulated BWR

PNE 1999 MLP Hesseletal.,1999 Simulated VVER400

NSE 1999 BP MarseguerraandMazzarella,1999 Simulated PWR

ANE 1999 BP TambouratzisandAntonopoulos-Domis Simulated BWR

ANE 2000 BP IshitaniandYamane,2000 Simulated N.A.S.

FST 2001 MLFFNN SenguptaangRanjan,2001 Simulated SST-1

ANE 2002 IACANN TambouratzisandAntonopoulos-Domis,2002a Simulated BWR

ANE 2002 BP TambouratzisandAntonopoulos-Domis,2002b Simulated BWR

ANE 2003 RBF LeeandChang,2003 Simulated PWR

ANE 2003 MLP Molaetal.,2003 Simulated PWR

PNE 2003 Ruanetal.,2003 Experimental OECDHaldenReactor

ANE 2003 BP&2RNN Sekeretal.,2003 Simulated HTTR

NSE 2004 NRNN Suteauetal.,2004 Simulated PWR

PNE 2005 BP&WT FigedyandOksa,2005 Simulated WWER440/WWER1000

ANE 2006 MLP Jiangetal.,2006 Real CONSORT-ResearchReactor
OfImperialCollege

ANE 2007 RNN Cadinietal.,2007 Simulated simplifiednuclearreactor

ANE 2007 CNN HadadandPirouzmand,2007 Simulated SSR

PNE 2007 DynNN Moetal.,2007 Simulated N.A.S.

ANE 2008 BP&SVM Baeetal.,2008 Simulated YonggwaNPPUnit3

ANE 2008 CNN Hadadetal.,2008 Simulated N.A.S.

ANE 2009 CNN Boroushaki,2009 Simulated BWR

NT 2009 Autoadaptive Dumonteil,2009 Simulated N.A.S.

ANE 2009 BP Montesetal.,2009 Simulated BWR

ANE 2010 GRNN TambouratzisandPàzsit,2007 Real KURRI

ANE 2011 CNN PirouzmandandHadad,2011 Simulated N.A.S.

ANE 2012 BP&SVM Cai,2012 Simulated N.A.S.

ANE 2012 CNN PirouzmandandHadad,2012 Simulated N.A.S.

PNE 2013 RBF Jiangetal.,2013 Simulated N.A.S.

NT 2013 FFNN Sarkaretal.,2013 Real PHWR

ANE 2014 BP Jingjingetal.,2014 Simulated N.A.S.

ANE 2014 RBF Pengetal.,2014 Simulated ACP100

ANE 2014 RBF Xiaetal.,2014 Simulated PWR

NT 2015 BP Angelo,2015 Experimental N.A.S.

FST 2015 ANN Carlietal.,2015 Simulated ITER

ANE 2015 RBF Pengetal.,2015 Simulated ACP100

continued on following page
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AnincreasingvarietyofANNarchitectures,otherthanBP,appearsinrecentyears(Table4(a)),
withthis trend–however-notbeingasintenseasforthemonitoringkey-issue.Otherthanfuel
managementaswellasloadingandreactordesign,therangeofN(P)Poperationstackledhasexpanded
intime,coveringaspectsofoperationswithradiationdoseabsorptionandvariation,operationguidance
systems,predictionandcontrolofnuclearpowergeneration,signalencryptionetc.

A similar time-based pattern is evident for GA applications (Table 4(c)), with some quite
innovativevariantsappearinginrecentyears.ThevastmajorityofGA-basedresearchhasfocused
uponsolvingcriticaloptimizationissues,withonlyonepieceofresearchdedicatedtoclassification.
Inasimilarfashion,theCIcombinations(Table4(d))favourANN/GAcombinationsoverANFIS
systems,somethingthatisunlikewhathasbeenobservedforthekey-issuesofControl,Diagnostics
andMonitoring.

3.2.5. Proliferation and Resistance Applications
Onlythreerelevantpublicationsappearinthe1990-2015relevantliterature,thefirstbasedonANNs
andpublishedinANEin1996,withtheothertwoemployingFLandappearinginANSin2007and
2012,respectively(Table5).

3.2.6 Sensor and Component Reliability
Therelevantliteratureisscant,representedbythreequiterecentrelevantpublications,twousing
ANNsandpublishedinANEin2009and2015,andonebeingFL-orientedandappearinginANS
in2014(Table6).Itwillbeofinteresttoobservehowthiskey-issueevolvesinthefuture.

journal year type of ANN Authors Data Reactor

(b)

NT 1996 FL MuramatsuandNinokata,1996 Simulated LMFBR

PNE 2003 FIS Marseguerraetal.,2003 Simulated PWR

PNE 2005 Fuzzy
Classifier

ZioandBaraldi,2005 Simulated PWR

ANE 2005 Fuzzy
Classifier

Zio,E.,Baraldi,P.,2005 Simulated PWR

PNE 2009 Fuzzy
Cognitive
Map

Espinosa-Paredesetal.,2009 Simulated BWR

FST 2010 FL Murarietal.,2010 Real N.A.S.

PNE 2015 FIS DeolandGabbar,2015 CaseStudy PNGS

(c)

NSE 2006 MOGA Marseguerraetal.,2006 Simulated PWR

ANE 2013 LSSVR&
PSO

JiangandZhao,2013 Simulated liquid-coolednuclearreactors

(d)

NT 1993 ANN&FL Ikonomopoulosetal.,1993 Real PWR

PNE 1995 ANFIS Kozmaetal.,1995 Real HOR

NT 1999 ANFIS LinandLin,1999 Simulated TaiwanPowerCompany
MaanshanCompactSimulator

NT 1999 ANFIS Na,1999 Real N.A.S.

PNE 2004 ANFIS Marseguerraetal.,2004 Simulated PWR

PNE 2006 ANN&GA Moletal.,2006 Simulated PWR

NT 2007 ANN&GA LeeandLin,2007 Real BWR

PNE 2009 ANFIS OliveiraandSchirru,2009 Real PWR

ANE 2011 ANFIS Costaetal.,2011 Real PWR

Table 3. Continued
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Table 4. Key-issue: N(P)P Operations; CI paradigm: ANNs (a), FL (b), GAs (c), combinations (d).

journal year type of ANN Authors Data Reactor

(a)

NT 1992 MLP&SOSLA BartlettandUhrig,1992 Simulated N.A.S.

NSE 1993 Barto-Sutton JouseandWilliams,1993 Simulated PWR

NT 1993 ANN OhgaandSeki,1993 Simulated BWR

NT 1994 RMLPBP Parlosetal.,1994 Simulated BWR

NT 1994 MLPBP ReifmanandVitela,1994 Simulated PWR

NT 1995 RNN Wacholderetal.,1995 Simulated N.A.S.

NT 1997 BP Keyvanetal.,1997 Real N.A.S.

ANE 2001 ANN-OLL Jangetal.,2001 Simulated PWR

ANE 2002 BP Khajaviaetal.,2002 Simulated PWR

ANE 2002 HNNA Sadighietal.,2002 Simulated PWR

ANE 2003 BP FariaandPereira,2003 Simulated PWR

NSE 2003 MLPBP OritzandRequena,2003 Simulated BWR

ANE 2007 MLP Moetal.,2007 Simulated PWR

ANE 2008 MLP Kucuk,2008 Simulated N.A.S.

ANE 2008 BootstrappedANN Secchietal.,2008 Simulated RBMK-1500

PNE 2009 BP Hedayatetal.,2009 Simulated NRR

ANE 2011 GRNN Moletal.,2011 Real Argonauta
researchreactor

PNE 2012 BP Aghinaetal.,2012 Simulated PWR

ANE 2012 BP Mirvakilietal.,2012 Simulated VVER1000

ANE 2012 HNNA PazirandehandTayefi,2012 Simulated VVER1000

NT 2013 MINN Vuetal.,2013 Simulated N.A.S.

NT 2015 Levenberg-Marquardt Chatzidakisetal.,2015 Simulated N.A.S.

ANE 2015 MLP Leniauetal,2015 Simulated PWR-MOX

ANE 2015 RNN Ortiz-Servinetal.,2015 Simulated BWR

PNE 2015 MLP Thiolliereetal.,2015 Simulated Subcrticica1

(b)

NT 1994 FP Yuetal.,1994 Simulated BWR

ANE 1995 FuzzyTS ParkandSeong,1995 Simulated N.A.S.

NT 2000 FAR Eisenhaweretal.,2000 Simulated N.A.S.

PNE 2001 Fuzzy MoonandKang,2001 Previousstudy
(Shinetal,1994)

N.A.S.

PNE 2005 FuzzyLogic FiordalisoandKunsch,2005 Simulated N.A.S.

NT 2007 FIS&Tabu MartinDelCampo,etal.,2007 Simulated BWR

FST 2008 FL Anghel,2008 Real CANDU

PNE 2010 FuzzyLogic EustaquiodeVasconcelosetal.,2010 Simulated N.A.S.

(c)

NT 1995 CIGARO DeChaineandFeltus,1995 Simulated PWR

NSE 1996 CIGARO DeChaineandFeltus,1996 Simulated PWR

NSE 1996 MOGA Parks,1996 Simulated PWR

NT 1997 GA Omorietal.,1997 Simulated LWR

NT 1998 GA AumeierandForsmann,1998 Simulated N.A.S.

NSE 2002 GA2stage KobayashiandAiyoshi,2012 Simulated BWR

FST 2006 GA Anetal.,2006 Simulated EAST

ANE 2006 NIGA Yilmazetal.,2006 Real PWR

NT 2006 GA Yilmazetal.,2006 Simulated PWR

NT 2008 GA Mansilla,2008 Simulated VHTR

PNE 2008 NIGA PereiraandSacco,2008 Simulated PWR

NSE 2010 GA&PEBBED Gougaretal.,2010 Simulated RBR

FST 2010 GA SantosandCantos,2010 Real TJ-IIstellarator

PNE 2011 GA Françoisetal.,2011 Simulated BWR

continued on following page
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3.2.7. Spectroscopy
Atotaloffiverelevantpublications(Table7)appearintherelevantliterature.Thetwopublicationsin
ANE(appearingin2012and2013)arebasedonANNs,withoneoftheremainingthreepublications
appearinginANSandemployingGAs(2009)andtwoemployingFL(2011and2015).

3.2.8. Fusion
Therelevantliteratureonthiskey-issueisscant,withonlyonerelevantANN-basedpieceofresearch
publishedinANSin2010(Table8).

3.3. Combinations
ThecombinationsofCIapproachesforanumberofkey-issuesarealso(briefly)discussedinthe
following, as they provide some pointers as to the construction of efficient as well as accurate
decision-makingtools.

3.3.1. Combinations of CI Approaches Grouped by Publication Medium
AvarietyofcombinationsbetweenthethreeexemplarsoftheCIparadigmhavebeensuccessfully
implemented.ANFISandANN-GAsconstitutetheprevalentCI-combinations,appearingmainlyin
ANE,butalsoinPNEandANS(43%,25%and27%oftherelevantliterature,respectively),with
FL/GAcombinationsbeinglesspopular.CI-combinationsinvolvingANFIS,ANNsandFLaswell
asANNsandGAsarethenorm(81%,91%and74%,respectively),revealingcomplementaryareas

journal year type of ANN Authors Data Reactor

NT 2011 GA&RANS LeeandKim,2011 Simulated PBMR

PNE 2011 EnhancedInteger
Coded Norouzietal.,2011 Real PWR

ANE 2013 ParallelInteger
Coding Norouzietal.,2013 Simulated TRR&BNPP

NSE 2014 GA&CAFCA Passerinietal.,2014 Real LWR

PNE 2014 DE SaccoandHendreson,2014 Simulated cylindrical3-enrichment-
zonereferencereactor

ANE 2014 GA&SI/GA Zameeretal.,2014 Real CHASNUPPUnit1

PNE 2015 EHS Poursalehi,2015 Real KWUPWR&VVER-440

(d)

NSE 1993 ANN&FL Kimetal.,1993 Simulated N.A.S.

NT 1995 Other Changetal.,1995 Simulated PWR

ANE 2003 ANN&GA ErdoganandGeckinli,2003 Real PWR

NSE 2004 ANN&GA OrtizandRequena,2004 Real BWR

ANE 2005 ANN&GA HuoandXie,2005 Simulated N.A.S.

ANE 2005 GA&FL Marseguerraetal.,2005 Simulated N.A.S.

ANE 2006 ANN&GA Gozalvezetal.,2006 Simulated N.A.S.

NSE 2007 ANN&GA Ortizetal.,2007 Real BWR

ANE 2008 ANN&GA FadaeiandSetayeshi,2008 Simulated VVER-1000

ANE 2008 ANFIS Jeongetal.,2008 Simulated N.A.S.

NSE 2009 ANN&FL Ortizetal.,2009 Simulated BWR

ANE 2010 ANN&GA Fadaeietal.,2010. Simulated IR-40

ANE 2012 ANFIS Jeongetal.,2012 Simulated N.A.S.

ANE 2012 ANN&GA KhoshahvalandFadaei,2012 Real PWR

ANE 2014 Other Castilloetal.,2014 Simulated BWR

NSE 2015 Other Burretal.,2015 Simulated LWR

ANE 2015 Other Otiz-Servinetal.,2015 Simulated BWR

Table 4. Continued
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Table 5. Key-issue: Proliferation & Resistance Operations; CI paradigm: ANNs (a), FL (b).

journal year type of ANN Authors Data Reactor

(a)

ANE 1996 BP Antonopoulos-DomisandTambouratzis,1996 Simulated N.A.S.

(b)

FST 2007 FL Wuetal.,2007 Experimental N.A.S.

NT 2012 TrFNs Otsuka,2012 Simulated N.A.S.

Table 6. Key-issue: Sensor and Component Reliability; CI paradigm: ANNs (a), FL (b), combinations (c).

journal year type of ANN Authors Data Reactor

(a)

ANE 2009 ANN-SOM TambouratzisandPázsit,2009 Real KURRI

ANE 2015 BP Yuetal.,2015 Simulated AP1000NPP

(b)

NT 2014 FL&DFM&
ATHEANA

Pintoetal.,2014 Real PWR

(c)

PNE 2006 ANFIS Guimaraesetal.,2006 Simulated N.A.S.

Table 7. Key-issue: Spectroscopy; CI paradigm: ANNs (a), FL (b), GAs (c).

journal year type of ANN Authors Data Reactor

(a)

ANE 2012 BP Medhat,2012 Experimental N.A.S.

ANE 2013 BP Akkoyun,2013 Experimental HIFEreactions

(b)

NT 2011 FL Alamaniotisetal.,2011 Simulated N.A.S.

NT 2015 FL&SVR Alamaniotisetal.,2015 Experimental N.A.S.

(c)

FST 2009 GA Yuet.Al,2009 Simulated ToreSupraTokamak

Table 8. Key-issue: Fusion; CI paradigm: ANNs

journal year type of ANN Ref1 Data Reactor

FST 2010 RNN Murarietal.,
2010 Simulated N.A.S.
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coveredbyeachpublication.Combinationsofmethodologiessuchasheuristicoptimizationanddata
mining,whichappearintheANEandANSjournalsunderthetitle“Other”,donotstrictlyfitinto
theCI-paradigm;thereasontheyareshownhereisthattheiroccurrence(13%and20%oftherelated
publications,respectively)mayverywellpointtowardsanevolvingparadigmshift.

3.3.2. Combinations of CI Approaches per Key-Issue, Grouped per Publication Medium
AnexaminationofthefrequencyofoccurrenceofcombinationsofexemplarsoftheCIparadigm
revealsdifferent traits for the three journals:while theN(P)POperationskey-issueranksfirst in
ANEandANS(69%and40%,respectively),monitoringisthemostprevalentkey-issueforPNE
(37%).BoththeFaultDetection&DiagnosticsandtheControlkey-issuesdemonstratethehighest
occurrenceinthePNEjournal.Finally,theANSpublicationsarethemostconsistentintermsofthe
overalldistributionofkey-issues.

4. CONCLUSION

ThepresentedreviewhascoveredtheapplicationofCItools(namely,artificialneuralnetworks,
fuzzy logicandgeneticalgorithms) tokey-issuesofNEandN(P)P(i.e.control,diagnosticsand
fault detection, monitoring, N(P)P operations, proliferation and resistance applications, sensor
and component reliability, spectroscopy, fusion supporting operations), collected over the major
scientific/researchpublicationmedia(AnnalsofNuclearEnergy,FusionScienceandTechnology,
NuclearScience&Engineering,NuclearTechnology,ProgressinNuclearEnergy)fortheperiod
1990-2015.Trendshavebeenobservedanduncoveredoverallaswellasperkey-issue,perjournal
andperCIexemplar,withthebest-andsomeofthelesssuccessful-combinationspinpointedand
criticallydiscussed.

ItisobservedthatCIhasbeengraduallyacknowledgedasahighlypromising,effective,accurate,
robust tool for/approach towards safe and efficient N(P)P operation, which not only compares
favourablytotraditionalapproachesintherelevantliterature,butcan–furthermore-becombined
with these approaches for the seamless implementation of integrated environments and tools. It
seemsthataclosercollaborationbetweennuclearengineersandCIscientists/researcherswouldbe
conducivetoassuringboththeappropriatechoiceofCImethodologyanditsmoreformallycorrect
application(intermsofrepresentation,set-up,implementation,cross-validation).Tothisaimthe
utilisationofrealcases/datawouldfurtherimprovetheconfidenceinCImethods,thusfacilitatingthe
actual(on-site)deploymentoftheresultingtools.Itwouldalsobeinterestingtocomparethepresented
findingswithfindingsrelatingtothesamekey-issues,yetimplementedusingartificialaswellas
swarmintelligencemethodologies,showing–perhaps–theadvantagesderivedfromcombiningall
three“intelligence”paradigms,expressedviaanincreaseintheefficiencyandaccuracyofattaining
asolution,somethingthatisespeciallyimportantwhenusingtheuncertain,inaccurateand/orpartial
informationavailableinrealon-lineN(P)Psignals.

Afuturereviewshalldemonstrate theparadigmshift thathasoccurred in thepost-2015era
following the fruitionof thebid-dataparadigmand the increasingly extensiveuseofCI for the
actualimplementationofstand-alone/commercialtoolsbasedonDNNs.Thismaywellalsosuggest
theincreasingappreciationof-andconfidencein-thenon-parametricnatureofCI-basedtoolsand
implementations over the more traditional engineering/formal-analysis-based, parametric signal-
processingmethodsandapproaches.
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2 Pile-1(CP-1)wastheworld’sfirstnuclearreactor,builtinChicago,U.S.A.in1942;CalderHallwasthe
firstNPP,builtinWindscale,U.K.in1956.

3 Theoptimal (shortest) trail takeson the formofapiece-wiseassemblyofpartsof themostheavily
pheromone-laidindividualpheromonetrails.

4 i.e.nearesttothe/afoodsource.
5 whereeachvariableeitherhasordoesnothavetheproperty,asgivenbythevaluesof1or0,respectively,

thusrepresentingfullmembershiporabsolutenon-membershiptotheproperty,i.e.the“true”or”false”
statusofaconcept.

6 withnoandfullmembershipbeingexpressedbythevaluesof0and1,respectively.Forinstance,the
“height”continuousvariable,which takesonvalueswithin–say- [0.302.50]cmincrisp logic,can
be represented inFLvia the “very short’, “short”, “average”, “tall”, “very tall” properties/(as-a-rule
overlapping)fuzzyintervalssuchthateachvalueofheightisrepresentedbyacertainty/beliefinevery
property,expressedviaasetofvaluesbetween0and1forno-and-full-membershiptoeachcorresponding
property.Byappropriatelyrepresentingthevariablesofinterest,thecombinationofFL-basedrulesover
anumberoffuzzyvariablesprovidestheinferencetaskwithcontinuity,noise-resistanceandrobustness,
whilefurtherprovidingtheoperatorwithatransparentaswellasmoreeasilymodifiableunderstanding
oftheinferenceprocess.

7 withnorelatedresearchreportedfortheyears1990-1991,1993-1994,1996-1998,2000,2002,2006,
2008and2010(12yearsoverall)
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APPENDIX A: SUPLIMENTAL FIGURES

Figure 5a. Yearly percentage (% over the period 1990-2015) of purely diagnostics and fault detection-focused publications using 
the ANN exponent



International Journal of Energy Optimization and Engineering
Volume 9 • Issue 1 • January-March 2020

70

Figure 5b. Yearly percentage (% over the period 1990-2015) of purely diagnostics and fault detection-focused publications using 
the ANN exponent



International Journal of Energy Optimization and Engineering
Volume 9 • Issue 1 • January-March 2020

71

Figure 5c. Yearly percentage (% over the period 1990-2015) of purely diagnostics and fault detection-focused publications using 
the FL exponent
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Figure 5d. Yearly percentage (% over the period 1990-2015) of purely diagnostics and fault detection-focused publications using 
the FL exponent
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Figure 6a. Yearly percentage (% over the period 1990-2015) of purely monitoring-focused publications using the ANN exponent
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Figure 6b. Yearly percentage (% over the period 1990-2015) of purely monitoring-focused publications using the ANN exponent
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Figure 6c. Yearly percentage (% over the period 1990-2015) of purely monitoring-focused publications using the FL exponent
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Figure 6d. Yearly percentage (% over the period 1990-2015) of purely monitoring-focused publications using the FL exponent
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Figure 6e. Yearly percentage (% over the period 1990-2015) of purely monitoring-focused publications using the GA exponent
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Figure 6f. Yearly percentage (% over the period 1990-2015) of purely monitoring-focused publications using the GA exponent
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Figure 7a. Yearly percentage (% over the period 1990-2015) of purely NPP operations-focused publications using the ANN exponent
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Figure 7b. Yearly percentage (% over the period 1990-2015) of purely NPP operations-focused publications using the ANN exponent
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Figure 7c. Yearly percentage (% over the period 1990-2015) of purely NPP operations-focused publications using the FL exponent



International Journal of Energy Optimization and Engineering
Volume 9 • Issue 1 • January-March 2020

82

Figure 7d. Yearly percentage (% over the period 1990-2015) of purely NPP operations-focused publications using the FL exponent
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Figure 7e. Yearly percentage (% over the period 1990-2015) of purely NPP operations-focused publications using the GA exponent
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Figure 7f. Yearly percentage (% over the period 1990-2015) of purely NPP operations-focused publications using the GA exponent
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Figure 8a. Yearly percentage (% over the period 1990-2015) of purely proliferation and resistance applications-focused publications 
using the ANN exponents
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Figure 8b. Yearly percentage (% over the period 1990-2015) of purely proliferation and resistance applications-focused publications 
using the ANN exponents
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Figure 8c. Yearly percentage (% over the period 1990-2015) of purely proliferation and resistance applications-focused publications 
using the FL exponents
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Figure 8d. Yearly percentage (% over the period 1990-2015) of purely proliferation and resistance applications-focused publications 
using the FL exponents
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Figure 9a. Yearly percentage (% over the period 1990-2015) of purely sensor and component reliability publications using the 
ANN exponents
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Figure 9b. Yearly percentage (% over the period 1990-2015) of purely sensor and component reliability publications using the 
ANN exponents
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Figure 9c. Yearly percentage (% over the period 1990-2015) of purely sensor and component reliability publications using the 
FL exponents
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Figure 9d. Yearly percentage (% over the period 1990-2015) of purely sensor and component reliability publications using the 
FL exponents
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Figure 10a. Yearly percentage (% over the period 1990-2015) of purely Spectroscopy publications using the ANN exponents
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Figure 10b. Yearly percentage (% over the period 1990-2015) of purely Spectroscopy publications using the FL exponents
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Figure 10c. Yearly percentage (% over the period 1990-2015) of purely Spectroscopy publications using the FL exponents
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Figure 10d. All journals:FL Spectroscopy
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Figure 10e. Spectroscopy (GA) per journal
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Figure 10f. All journals: GA Spectroscopy
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Figure 11a. Yearly percentage (% over the period 1990-2015) of purely fusion-focused publications using the ANN exponent
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Figure 11b. Yearly percentage (% over the period 1990-2015) of purely fusion-focused publications using the ANN exponent
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Figure 12a. Yearly percentage (% over the period 1990-2015) of publications involving CI combinations-focused publications 
grouped by publication medium
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Figure 12b. Yearly percentage (% over the period 1990-2015) of publications involving CI combinations-focused publications 
grouped by publication medium



International Journal of Energy Optimization and Engineering
Volume 9 • Issue 1 • January-March 2020

103

Figure 12c. Yearly percentage (% over the period 1990-2015) of publications involving CI combinations-focused publications 
grouped by publication medium
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Figure 12d. Yearly percentage (% over the period 1990-2015) of publications involving CI combinations-focused publications 
grouped by publication medium
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Figure 13a. Yearly percentage (% over the period 1990-2015) of CI combinations-focused publications per key - issue grouped 
by publication medium
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Figure 13b. Yearly percentage (% over the period 1990-2015) of CI combinations-focused publications per key - issue grouped 
by publication medium
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Figure 13c. Yearly percentage (% over the period 1990-2015) of CI combinations-focused publications per key - issue grouped 
by publication medium
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Figure 13d. Yearly percentage (% over the period 1990-2015) of CI combinations-focused publications per key - issue grouped 
by publication medium
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