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ABSTRACT

MaterialsdatadeepＧexcavationisveryimportantinmaterialsgenomeexploration．Inordertocarry
outmaterialsdatadeepＧexcavationinhotdiesteelsandobtaintherelationshipsamongalloyingeleＧ
ments,heattreatmentparametersandmaterialsproperties,a１１×１２×１２×４backＧpropagation(BP)
artificialneuralnetwork(ANN) wassetup．Alloyingelementcontents, quenchingandtempering
temperatureswereselectedasinput;hardness,tensileandyieldstrengthweresetasoutputparameＧ
ters．TheANNshowsahighfittingprecision．TheeffectsofalloyingelementsandheattreatmentpaＧ
rametersonthepropertiesofhotdiesteelwerestudiedusingthismodel．Theresultsindicatethat
hightemperaturehardnessincreaseswithincreasingalloyingelementcontentofC,Si, Mo, W, Ni,
VandCrtoamaximumvalueanddecreaseswithfurtherincreaseinalloyingelementcontent．The
ANNalsopredictsthatthehightemperaturehardnesswilldecreasewithincreasingquenchingtemＧ
perature,andpossessanoptimalvaluewithincreasingtemperingtemperature．Thismodelprovidesa
newtoolfornovelhotdiesteeldesign．

１．Introduction
　Materialsgenometechnologies, whichhavebeen
developedrecently,arebelievedtochangetraditionＧ
almeansofmaterialsdesign．MaterialsdatadeepＧ
excavationisoneofthekeytechnologiesinmateriＧ
alsgenometechnologies[１Ｇ７] ．Itisalsoestablished
thatartificialintelligentmethodscancarryoutmaＧ
terialsdatadeepＧexcavationefficiently[８,９] ．AsanarＧ
tificialintelligentmethod,artificialneuralnetwork
(ANN) hasselfＧteachingcapabilitiesandcan be
usedasacomputationalmodedesignedtomimichuＧ
manbrainarchitectureandoperations．ANN can
constructmathematicalmodelsfromexperimentdaＧ
taandhasshownremarkableperformance when
usedtomodelcomplexlinearandnonlinearrelationＧ
shipsinmaterialsscienceandengineeringrecently,
especiallyinhandlingmultivariableproblemswithＧ
outregularity[１０,１１] ．Forinstance, Huangetal[１２]

investigatedthe mechanicalpropertiesofceramic
materialsusing artificialneuralnetwork．Colet
al[１３] successfullypredictedthetoughnessofmicroＧ

alloyedsteelbasedonindustrialproductioncondiＧ
tionsusingthismethod．Siteketal[１４] proposeda
methodologyemployingneuralnetworksthatcan
modeltherelationshipsamong highＧspeedsteels
properties, chemicalcomposition and heatＧtreatＧ
mentparameters．Lietal[１５] appliedanartificial
neuralnetworktoacquiretheeffectsofdeformation
technologicalparametersonthemechanicalproperＧ
tiesofTC１１alloy．Youetal[１６] developedanew
artificialneuralnetworkmodeltooptimizetheconＧ
tentofcarboninlowＧalloyengineeringsteels．
　HotdiesteelshowsexcellenttemperatureresistＧ
ance,andhasbeenwidelyappliedinfabrication,aviaＧ
tion, aerospace and related metallurgy indusＧ
tries[１７Ｇ１９] ．ThehightemperatureresistanceisattribＧ
utedtoitsalloyingelements,suchasCr, Ni, Mn,
V,Si, Nb,andW;eachofsuchelementhasaposiＧ
tiveimpactonmechanicalproperties．Investigations
havebeencarriedoutontherelationshipsbetween
mechanicalpropertiesandconstituentelementsfor
hotdiesteel．Mostofthesestudiesareexperimental
andqualitative[２０,２１] , and no mathematical model
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hasbeenreportedontheeffectsofalloyingelements
onthemechanicalpropertiesduetothecomplexity
informulatingsuch models．However, itis well
knownthatsuch mathematicalmodelisofcritical
importancetodesignnewhotdiesteel．
　TheabilitiesofANNtolearncomplexrelationships
betweeninputandoutputparametersandtoallowuser
toexaminetheeffectofeachparameteronthepropＧ
ertiesofhotdiesteelmakeitasignificantanalytical
tool．The mathematical modelsrelatingchemical
compositionsto material properties obtained by
ANNwouldgreatlyfacilitatethenoveldesignofdifＧ
ferentkindsofsteels．Todate,suchrelevantresearch
hasrarelybeenreported．Inthispaper,anartificial
intelligentmodelwasconstructed,followedbyartiＧ
ficialneuralnetworktrainingandverification; and
theeffectsofalloyingelementsandheattreatment
parameters(quenchingandtemperingtemperatures)on
materialspropertiesforhotdiesteelwereobtained
usingthisartificialneuralnetwork．

２．ModelingandAlgorithm
　In present study, multiＧlayered feedＧforward
backＧpropagation(BP)algorithmwasselected．This
algorithmiscurrentlyoneofthemostcommonsuＧ
pervisedlearningalgorithms．Supervisedlearning
impliesthatagoodsetofdataorpatternsisneeded
totrainthenetwork．InputＧoutputpairsarepresenＧ
tedtothenetworkandweightsareadjustedtominiＧ
mizetheerrorbetweennetworkoutputandactual
values．Theknowledgeofneuralnetworkisstored
inthese weights．BackＧpropagationtrainingalgoＧ
rithmisaniterativegradientalgorithm, whichis
designedto minimizethe meanＧsquarederrorbeＧ
tweenthepredictedanddesiredoutputvalues．A
backＧpropagationmodelconsistsofaninputlayer,
somehiddenlayersandanoutputlayer．

２１．ArchitectureofBPartificialneuralnetwork

　ModelingtherelationshipsamongchemicalcomＧ
positions,heattreatmenttechnologiesandmechaniＧ
calpropertiesisimportantfordesigninganovelalＧ
loy．However,rarelyprecisemodelhasbeenbuilt
toclarifytheserelationshipsforhotdiesteel．Dueto
itsadvantages, BP ANN wasselectedto model
theserelationships．Consideringthecomplexityand
limiteddata,twohiddenlayerswereselected．Since
mechanicalpropertiesaredeterminedbychemical
compositionsandheattreatmenttechnologiesfor
hotdiesteel,１１neuronsininputlayerand４neuＧ
ronsinoutputlayerweredetermined．Theneurons
intheinputlayerdenotethe９alloyingelements(C,
Cr, Ni, Mo, Mn,Si, V, W,andMn)andtwoheat
treatmentvariables(quenchingandtemperingtemＧ
peratures)．Theneuronsintheoutputlayerdenote
hightemperaturehardness,roomtemperaturehardＧ

ness,tensilestrengthandyieldstrength, respecＧ
tively．
　ForBPnetwork,anexperimentalformulacanbe
usedtodeterminethenumberofneuronsinhidden
layer:
　　n１＝(m＋q)０５＋s　０≤s≤１０ (１)
where,q,mandn１arethenumbersofneuronsin
input,outputandhiddenlayer,respectively．According
tothisequation,itwasdeterminedthatn１ ≤１４．
Furthermore,thenumberofneuronsinhiddenlayＧ
erwasoptimizedbytestingnetworkperformance
withvariousvaluesofneuronsnumber．Finally, a
１１×１２×１２×４networkwasdetermined．ThenetＧ
workarchitectureisshowninFig１．

Fig１．　Architectureofnetworkwith１１×１２×１２×４．

２２．AlgorithmoftrainingbackＧpropagationnetwork

　TheflowchartofbackＧpropagationalgorithmis
illustratedinFig２．

Fig２．　FlowchartofBPANNalgorithm．

　Itisassumedthattherearesneuronsininput
layer,m neuronsinthefirsthiddenlayer,nneuＧ
ronsinthesecondhiddenlayers,andqneuronsin
outputlayer．TheinputsofinputlayerareP１,P２,
P３, , Pi．Wijistheconnectingweightbetween
theithneuroninonelayerandthejthneuroninthe
subsequentneighborlayer,bisthethresholdvalue
ofhiddenlayer,andf(x)isalogisticsigmoidalacＧ
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