
DOI: 10.4018/IJDST.291081

International Journal of Distributed Systems and Technologies
Volume 13 • Issue 2 


Copyright©2022,IGIGlobal.CopyingordistributinginprintorelectronicformswithoutwrittenpermissionofIGIGlobalisprohibited.



*Corresponding Author

1

Analysis and Prediction of 
Meteorological Data Based on Edge 
Computing and Neural Network
Jianxin Wang, Anyang National Climatological Observatory, China*

Geng Li, Henan Polytechnic University, China

ABSTRACT

Inthiswork,aimingattheproblemofmissingelementvaluesinreal-timemeteorologicaldata,the
authorsproposearadialbasisfunction(RBF)neuralnetworkmodelbasedonroughsettooptimize
theanalysisandpredictionofmeteorologicaldata.Inthismodel,therelativehumidityofasingle
stationistakenasanexample,andthemeteorologicalinfluencingfactorsarereducedbyroughset
theory.ThekeyfactorsareusedastheinputofRBFneuralnetworktointerpolatethemissingdata.
Theexperimentalresultsshowthattheinterpolationeffectofthemodelissignificantlyhigherthan
thatofthelinearinterpolationmethod,whichprovidesaneffectiveprocessingmethodforthelackof
real-timemeteorologicaldataandimprovestheanalysisandpredictioneffectofmeteorologicaldata.
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INTRoDUCTIoN

Themeteorologicalenvironmentisthefoundationforthesurvivalanddevelopmentofhumansociety.
However,dueto theexcessiveusageofresourcesforeconomicdevelopment, themeteorological
environmentisseverelydamagedandbecomesextremelyfragile(Lietal.,2012).Therefore, the
analysisandpredictionofmeteorologicaldata isgreatsignificance toenvironmentalgovernance
andimprovement.Meteorologicalobservationdataaremainlycollectedthroughautomaticweather
stations. Modern automatic weather stations have basic functions, such as data collection, data
processing,datastorage,data transmission,dataqualitycontrol,andoperationmonitoring(Tang
&Gao,2008).Therealizationofthesefunctionsdependsontheaccurateacquisitionofreal-time
data.Duetotheexistenceofelectromagneticwavesandman-madeinterferencesources,andthe
unpredictabilityof theenvironmentwhere theautomaticweatherstationcollector is located, the
datareceivedduringtheoperationoftheautomaticweatherstationisinaccurate(Pepin&Duane,
2010).Inaddition,predictingandverifyingthecollectedreal-timedatacanimprovethestability
oftheautomaticweatherstationoperationandtheconvenienceofmanualoperation,whichmake
theweatherdatamorepredictable,andeffectivelyincreasethefunctionsofthecontrolsystemfor
managers.Thisprovidesareliablebasisfordecision-making(Liuetal.,2006).

Atpresent,theanalysisandpredictionmethodsandtheoriesofmeteorologicaldatahavedeveloped
rapidly,whichprovidesstrongsupportconditionsfortheanalysisandpredictionoflarge,complex
andinformation-richdatasets(Wang,Zhang,Wangetal,2020).Recently,manyresearchershave
carriedoutextensiveworksonthespecificproblemsofmeteorologicaldataanalysisandprediction,
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andproposedavarietyofapproaches,suchasmethodsbasedonstatistics,methodsbasedonmachine
learning,andmethodsbasedondeeplearning(DL)method.Amongthem,deeplearningtechnology
isoneofthemostpopularmethods,whichdealswithcomplexproblemsbysimulatingthelearning
andtrainingfunctionsofbiologicalneuralnetworks(Rasheedetal.,2020;Wang,Han,Leunget
al,2020).Ithasstrongparallelprocessing,redundancyandfault tolerance,association,memory,
self-organization,andself-adaptationfunctions.However,anetworkmodelofdeeplearningusually
containsalargenumberofneuronparameters,whichcausesitscomputationalefficiencytobegreatly
reducedand restricts itsdevelopment in the fieldofmeteorologicaldataprocessing. Inorder to
optimizethedataprocessingcapabilitiesofneuralnetworks,manymethodshaveproposedindecades,
andedgecomputingisafastestgrowingoneapproach(Molina-Masegosa&Gozalvez,2017).The
combinationofthistechnologyanddeeplearningmainlyreflectstwoadvantages:firstly,DLcanbe
integratedintotheframeworkofedgecomputing,whichenablesadaptivemanagementofthenetwork
edge.Inaddition,edgecomputingalsopushesalargenumberofmodelcalculationsfromthecloud
downtotheedge,andachieveslow-latency,high-reliabilityintelligentservices(Liuetal.,2020).

Intheapplicationofedgecomputing,becausethecomputingresourcesofmobileterminalsare
relativelylimited,andDLhasthecharacteristicsofcomplexmodelsandlargeamountsofcalculations,
theend-cloudarchitectureisproposedtoachievemodeltrainingandinference,i.e.,end(edgedevices)
providesmodelinput,andthecloud(remotedatacenter)executesthecalculationprocess.Inthe
processingofmeteorologicaldata,edgedevicesusually involvemultipledatacollection,suchas
temperaturedata,visibilitydata,windspeeddata,andprecipitationdata.Differentmeteorological
datahavedifferentcharacteristics,andthustheiredgepredictionmodelsarealsodifferent.Inthe
temperaturedatapredictionmodel,theBPneuralnetworkmodeliswidelyused,anditsbasicideaisto
achieveaninformationprocessingsystemwiththesmallestmeansquareerrorbetweentheinputsignal
andtheexpectedsignalthroughlocalsearch(Bhm,2000).Duringtheworkingperiod,thesignalis
usuallytransmittedtotheoutputlayerbythetransferfunctionafternonlinearprocessinginthehidden
layer.Inaddition,theGM(1,1)predictionmodelissuitableforthetemperaturepredictionmodel(Xiao
&Deng,2001).Themodelisdesignedtoshowthedynamicinputchangesofthedata,anditsbasic
ideaistohighlightthecharacteristicsofrecentinputdata.Thus,itcanbetterhighlightallthedata
inthetimeseries.Theresultofthedynamicchangeofthemeasuredvariableisanidealshort-term
predictionmodel.Aftersettingthestartingtimesequencepoint,aself-containeddifferentialequation
isestablishedfortheindependentvariables,andthenthevalueofeachparameterisdeterminedby
theleastsquaremethodtoderivethepredictionmodel.Thegeneticneuralnetworkmodelisaclassic
modelinthevisibilitypredictionproblem(Palmesetal.,2005).ThatgeneticneuralnetworkisaBP
neuralnetworkthatimprovestheabilityofrandomsearch.Itsbasicideaistorandomlygeneratea
setofinitialsolutionsfordifferententrypointsoftheproblemsituation,andthenestablishthefitness
functionthatevaluatesthefitnessofdifferentindividuals.Thehigherthefitnessmeansthegreater
theprobabilityofbeingselected.Thentheselectedindividualwillcrossandmutate,andmutagen
ratingindividualswillhavehigherfitness.Itshouldbenotethattheinitialsolutionisgeneratedto
theprocessofgeneratinganadaptivesolutiontotheproblem,andthisprocessiscalledaniteration.
Aftersufficientiterations,therewillbeoneindividualremainingintheconvergencearea,andthe
optimalsolutioncanbeobtainedbyfinallydisassemblingtheselectedindividual.Inthewindspeed
predictionmodel,discreteHopfieldpattern recognitionandGeneralRegressionNeuralNetwork
(GRNN)nonlinearcombinationpredictionmethodareverypopular(Zhang,2015).DiscreteHopfield
networkisakindofneuralnetworkthatsimulatestheassociativefunctionofbiologicalmemory.
Itachievesstableequilibriumpointthroughitsowndynamicevolutiontounderstandnewpatterns
andachievethepurposeofassociation.Basedonthetheoryofnonlinearregressionanalysis,GRNN
hasstrongabilityinapproximation,learningandclassification,aswellasstrongnonlinearmapping
abilityandhighfaulttolerance.Forprecipitationpredictionmodel,EEMD-GRNNmodelcanusually
haveexcellentperformance (Amanollahi&Ausati,2020).Themodelconsistsof twoparts, i.e.,
EEMDdecompositionmethodandGRNNnonlinearcombinationforecastingmethod.Nonlinearand
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