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GaussianSmoothingCommonNames:GaussiansmoothingBriefDescriptionTheGaussiansmoothingoperatorisa2LDconvolutionoperatorthatisusedtòblur'imagesandremovedetailandnoise.Inthissenseitissimilartothemeanfilter,butitusesadifferentkernelthatrepresentstheshapeofaGaussian(̀bellLshaped')hump.Thiskernelhassomespecialpropertieswhicharedetailedbelow.HowItWorksTheGaussiandistributionin1LDhastheform:
whereisthestandarddeviationofthedistribution.Wehavealsoassumedthatthedistributionhasameanofzero(i.e.itiscenteredaboutthelinex=0).ThedistributionisillustratedinFigure1.

Figure11LDGaussiandistributionwithmean0and=1In2LD,anisotropic(i.e.circularlysymmetric)Gaussianhastheform:
ThisdistributionisshowninFigure2.
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Figure22LDGaussiandistributionwithmean(0,0)and=1TheideaofGaussiansmoothingistousethis2LDdistributionasàpointLspread'function,andthisisachievedbyconvolution.SincetheimageisstoredasacollectionofdiscretepixelsweneedtoproduceadiscreteapproximationtotheGaussianfunctionbeforewecanperformtheconvolution.Intheory,theGaussiandistributionisnonLzeroeverywhere,whichwouldrequireaninfinitelylargeconvolutionmask,butinpracticeitiseffectivelyzeromorethanaboutthreestandarddeviationsfromthemean,andsowecantruncatethemaskatthispoint.Figure3showsasuitableintegervaluedconvolutionmaskthatapproximatesaGaussianwithaof1.4.

Figure3DiscreteapproximationtoGaussianfunctionwith=1.4Onceasuitablemaskhasbeencalculated,thentheGaussiansmoothingcanbeperformedusingstandardconvolutionmethods.Theconvolutioncaninfactbeperformedfairlyquicklysincetheequationforthe2LDisotropicGaussianshownaboveisseparableintoxandycomponents.Thusthe2LDconvolutioncanbeperformedbyfirstconvolvingwitha1LDGaussianinthexdirection,andthenconvolvingwithanother1LDGaussianintheydirection.(TheGaussianisinfacttheonlycompletelycircularlysymmetricoperatorwhichcanbedecomposedinsuchaway.)Figure4showsthe1LDxcomponentmaskthatwouldbeusedtoproducethefullmaskshowninFigure3.Theycomponentisexactlythesamebutisorientedvertically.
Figure4Oneofthepairof1LDconvolutionmasksusedtocalculatethefullmaskshowninFigure3morequickly.



2006�04�08 http://www.cee.hw.ac.uk/hipr/html/gsmooth.html #3AfurtherwaytocomputeaGaussiansmoothingwithalargestandarddeviationistoconvolveanimageseveraltimeswithasmallerGaussian.Whilethisiscomputationallycomplex,itcanhaveapplicabilityiftheprocessingiscarriedoutusingahardwarepipeline.TheGaussianfilternotonlyhasutilityinengineeringapplications.Itisalsoattractingattentionfromcomputationalbiologistsbecauseithasbeenattributedwithsomeamountofbiologicalplausibility,e.g.somecellsinthevisualpathwaysofthebrainoftenhaveanapproximatelyGaussianresponse.GuidelinesforUseTheeffectofGaussiansmoothingistobluranimage,inasimilarfashiontothemeanfilter.ThedegreeofsmoothingisdeterminedbythestandarddeviationoftheGaussian.(LargerstandarddeviationGaussians,ofcourse,requirelargerconvolutionmasksinordertobeaccuratelyrepresented.)TheGaussianoutputsàweightedaverage'ofeachpixel'sneighbourhood,withtheaverageweightedmoretowardsthevalueofthecentralpixels.Thisisincontrasttothemeanfilter'suniformlyweightedaverage.Becauseofthis,aGaussianprovidesgentlersmoothingandpreservesedgesbetterthanasimilarlysizedmeanfilter.OneoftheprinciplejustificationsforusingtheGaussianasasmoothingfilterisduetoitsfrequencyresponse.Mostconvolutionbasedsmoothingfiltersactaslowpassfrequencyfilters.Thismeansthattheireffectistoremovelowspatialfrequencycomponentsfromanimage.Thefrequencyresponseofaconvolutionfilter,i.e.itseffectondifferentspatialfrequencies,canbeseenbytakingtheFouriertransformofthefilter.Figure5showsthefrequencyresponsesofa1LDmeanfilterwithwidth7andalsoofaGaussianfilterwith=3.

Figure5FrequencyresponsesofBox(i.e.mean)filter(width7pixels)andGaussianfilter(=3pixels).Thespatialfrequencyaxisismarkedincyclesperpixel,andhencenovalueabove0.5hasarealmeaning.Bothfiltersattenuatehighfrequenciesmorethanlowfrequencies,butthemeanfilterexhibitsoscillationsinitsfrequencyresponse.TheGaussianontheotherhandshowsnooscillations.Infact,theshapeofthefrequencyresponsecurveisitself(halfa)Gaussian.SobychoosinganappropriatelysizedGaussianfilterwecanbefairlyconfidentaboutwhatrangeofspatialfrequenciesarestillpresentintheimageafterfiltering,whichisnotthecaseofthemeanfilter.Thishasconsequencesforsomeedgedetectiontechniques,asmentionedinthesectiononzerocrossings.(TheGaussianfilteralsoturnsouttobeverysimilartotheoptimalsmoothingfilterforedgedetectionunderthecriteriausedtoderivetheCannyedgedetector.)WeusetoillustratetheeffectofsmoothingwithsuccessivelylargerandlargerGaussianfilters.showstheeffectoffilteringwithaGaussianof=1.0(andmasksize5x5).showstheeffectoffilteringwithaGaussianof=2.0(andmasksize9x9).showstheeffectoffilteringwithaGaussianof=4.0(andmasksize15x15).



2006�04�08 http://www.cee.hw.ac.uk/hipr/html/gsmooth.html #4WenowconsiderusingtheGaussianfilterfornoisereduction.Forexample,considertheimagewhichhasbeencorruptedbyGaussiannoisewithameanofzeroand=8.Smoothingthiswitha5×5Gaussianyields.(Comparethisresultwiththatachievedbythemeanandmedianfilters.)SaltandpeppernoiseismorechallengingforaGaussianfilter.Herewewillsmooththeimage,whichhasbeencorruptedby1%saltandpeppernoise(i.e.individualbitshavebeenflippedwithprobability1%).showstheresultofGaussiansmoothing(usingthesameconvolutionasabove).(Comparethiswiththeoriginal.)Noticethatmuchofthenoisestillexistsandthat,althoughithasdecreasedinmagnitudesomewhat,ithasbeensmearedoutoveralargerspatialregion.Increasingthestandarddeviationcontinuestoreduce/blurtheintensityofthenoise,butalsoattenuateshighfrequencydetail(e.g.edges)significantly,asshownin.Thistypeofnoiseisbetterreducedusingmedianfiltering,conservativesmoothingorCrimminsSpeckleRemoval.Exercises.1StartingfromtheGaussiannoise(mean0,=13)corruptedimage,computebothmeanfilterandGaussianfiltersmoothingatvariousscales,andcompareeachintermsofnoiseremovalvs.lossofdetail..2AthowmanystandarddeviationsfromthemeandoesaGaussianfallto5%ofitspeakvalue?OnthebasisofthissuggestasuitablesquaremasksizeforaGaussianfilterwith=s..3EstimatethefrequencyresponseforaGaussianfilterbyGaussiansmoothinganimage,andtakingitsFouriertransformbothbeforeandafterwards.Comparethiswiththefrequencyresponseofameanfilter..4HowdoesthetimetakentosmoothwithaGaussianfiltercomparetothetimetakentosmoothwithameanfilterforamaskofthesamesize?Noticethatinbothcasestheconvolutioncanbespedupconsiderablybyexploitingcertainfeaturesofthekernel.ReferencesE.DaviesMachineVision:Theory,AlgorithmsandPracticalities,AcademicPress,1990,pp42L44.R.GonzalezandR.WoodsDigitalImageProcessing,AddisonLWesleyPublishingCompany,1992,p191.R.HaralickandL.ShapiroComputerandRobotVision,AddisonLWesleyPublishingCompany,1992,Vol1,Chap7.B.HornRobotVision,MITPress,1986,Chap8.D.VernonMachineVision,PrenticeLHall,1991,pp59L61,214.LocalInformationGeneraladviceaboutthelocalHIPRinstallationisavailablehere
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