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Abstract:　SmallfootprintairborneLIDARsystemsnow possessesthecapabilitytosamplethewholereturned
waveformratherthantoextractdiscrete3Dcoordinatevalues( discretepointcloud), thankstotheimprovementofdata
storagehardwareanddataprocessingspeed.Onemerittoanalyzewaveformdataisthattheend-usercanextractpoint
cloudbyhim/herselffromtherawwaveformdatainthepostprocessing, insteadofbeingprovidedbytheLIDAR
system.Thefirststeptoanalyzewaveformdataistodecomposethewaveformintoindividualcomponents.Conventional
methodsforwaveform decompositionareusuallypolynomialfittingbynon-linearleastsquarealgorithm, orsimply
thresholdingwiththethresholdvalueprovidedbysystemvendor.Literaturehaspointedoutthatitisimpossibletoget
higheraccuratedecompositionresultsbysuchconventionalmethods.ThepapermodifiestheExpectationMaximum
( EM) algorithminthecontextoflaserscanningwaveformdecomposition.Experimentswithdatafrombothairborneand
spaceborneLIDARsystemsshowthehighreliabilityandaccuracyoftheproposedmethodforwaveformdecomposition.
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1　INTRODUCTION

AirborneLightDetectionandRanging ( LIDAR)

techniquehasbeenwitnessedwidelyappliedforrapid3D
mappinginthepastdecade.Thoughtheessentialof
LIDARissimilartothatoflaserrangingtechnology, the
integrated LIDAR system with Positioning and
OrientationSystem (POS) andCCDcamera(with20—
40 millionpixels) makesitirreplaceableformappingin
areassuchasheavilyvegetationcoveredarea, coastal
zones, beachesandislands, etc., whereitisvery
difficultformappingbyconventionalphotogrammetric
means.AirborneLIDAR asanew typeofremote
sensingsensorisbecomingfamiliartosurveyingand
mapping community ( Ackmann, 1999; Baltsavias,
1999;Gamba＆Houshmand, 2000 ).
AirborneLIDARsystem coulddatebackto1980s

when someexperimentalsystemsemerged. Itwas
maturedinthemidtolate1990s.Theearliergeneration
ofLIDARsystemsrecordssingleecho, i.e., thefirst
echoisrecordedandonlytheDigitalSurfaceModel
(DSM) overthesurveyedareacanbeobtained.Inthe
latercommerciallyavailablesystems, bothfirstandlast
echoescouldberecorded, whichcanbeinputtospecific
algorithmstoremovenon-groundpointssoastoestablish

theDigitalTerrainModel(DTM ) overthesurveyed
area.Thoughsuchasimpleworkingflowseemstobeout
ofanyproblem, itisimpossiblefortheusertogetany
equipment-relatedinformation, suchas:howtogeo-locate
theechopulse?Howdoesthegroundobjectsinfluencethe
shapeandamplitudeofthereturnsignal? How arethe
returnsignalsquantified? Thedetectiontechniquesand
quantificationmethodsforechopulsesareusuallykeptas
commercialsecretsbysystemvendors.Literaturepointed
outthatthefinalachievementsshouldbeerrorproneif
differentdetectiontechniquesandquantificationmethods
areemployed(Wehr＆Lohr, 1999).
Onesolutionfortheabovementionedproblemisto

sampleandrecordthetransmittedandreturnedsignalsat
aninfinitesimalinterval, ratherthantorecordseveral
discretereturnsonly.Suchasamplingandrecording
mannerisdefinedasfullwaveform digitizing, andthe
systempossessingsuchacapabilityisreferredtoasfull
waveformdigitizingLIDAR.Usersknowwhyandhow
thediscreteechoesaregeneratedby analyzingthe
waveformdata, andapplication-orientedmethodscanbe
employedtoprocessthesedata.
Asamatteroffact, airborneLIDARsystemswere

developedbyNASAandcharacterizedbyfullwaveform
digitizingcapabilityasearlyas1990s, suchasSLICER
(ScanningLidarImagerofCanopiesbyEchoRecover) and
LVIS(LaserVegetationImagingSensor).Somespace-
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borneLIDARsystemssuchasGLASalsopossessfull
waveformdigitizingcapability.However, noneofthemis
forcommercialpurpose.Thetechnologywasfirstlyadopted
byRIEGLin2004 foritscommercialsystem.Thoughonly
afewyearslater, mostofmatureLIDARsystemsavailable
inthecurrentmarkethaveintegratedfullwaveformdigitizer
asastandardconfigurationcomponent, suchasFalconIII
byToposys, ALS50-IIbyLeicaGeosystem andALTM
3100EAbyOptech.
Studyonwaveform dataanalysisandprocessingis

relativelybehindthedevelopmentoffullwaveformdigitizer
hardware.Thisduepartiallytothefactthattheapplication
andanalysisofwaveformdataarestilllimitedtoresearch
community, seldom isused in engineering projects.
Furthermore, methodologyforwaveform dataanalysisis
usually application-oriented, leading to the lack of
generalizedmethodsandalgorithmstoprocessthesedata.
Thepaperdiscussesoneofthekeystepsofwaveform

dataanalysis: waveform decomposition. A modified
ExpectationMaximum (EM) algorithmisapplied, using
thepubliclyaccessedwaveform dataprovidedbyNASA
SLICERandRIEGLastheexperimentaldatasets.

2　THEGENERATIONANDDECOMPOSITION
OFWAVEFORMDATA

Thoughthereisatechnicalterm“fullwaveform”,
weshouldpaymuchattentiontothatthewaveform
mentionedinairborneLIDARtechnologyisnotactually
amathematically smooth curve. Itisin factthe
infinitesimaltimeintervalsamplingofthereturnedecho
makestherecordeddataseemtobeacontinuouscurveif
theyareplottedinaplanarcoordinatesystemspannedby
timeandamplitudeasxy-axes.Wefirstlyinvestigatethe
generationofwaveformwhichiscloselyrelatedtothe
latterdecomposition.Thisshouldstartwithintroducing
the radar equation. The relationship between the
transmittedandthereceivedpowercanbeformulatedas
equation( 1 ), accordingtothederivationsuggestedby
Wagneretal.( 2006 )

Pr (t) =∑
N

i=1

D2

r

4πR4iβ
2

t

Pt(t)
＊σ′i(t)

＊Γ(t) ( 1)

whereNdenotestheobjectnumberencounteredbythelaser
pulseinthetripittraversesforthandback, underthe
conditionthattherangethepulsevisitedislargerthanthe
minimumdistancethesystemrequired, thesocalledrange
resolution.Onlyifthedistanceseparatedbytwoobjects
alongthelaserpulsesforwardandbackpathislargerthan
therangeresolution, couldthetwoobjectsbedistinguished.
Pt(t) denotesthetransmittingpower, Pr (t) thereceiving
power, Drtheaperturediameterofthereceiveroptics, Rithe
rangebetweenlasertransmitterandobjecti, βi isthe
transmitterbeamwith, σ′i (t) thedifferentialbackscatter
cross-sectionwhichisdefinedasthebackscattercross-section

withinainfinitesimalrangeintervaldR, andtthetime
variable.SincerangeRandtimetisrelatedbyt=2Ri/vg,
where vg is the velocity oflight, they are used
interchangeablyintheLIDARcommunity.Γ (t) isthe
receiverimpulsefunction, and＊ denotestheconvolution
operator.Waveformdataarerecordedbysamplingthereturn
signalwithpredefinedinterval.Sincesamplingfrequency
satisfiestheNyquesttheorem, thesampleddatacanbe
restored.Fig.1 illustratesthebasicideaofgenerating
waveformanddiscretepointdata.

Fig.1　Fullwaveformdataanddiscreteecho.(Optech, 2006)

Inpractice, Pt(t) andΓ (t) cannotbeeasily
determinedindependently.Thereforeitisadvantageous
torewritetheconvolutionterm bymakinguseofthe
commutativeproperty ofthe convolution operator:
Pt(t)

＊Γ(t) ＊σ′i (t) , whereweintroducethesystem
waveformS(t) ofthelaserscanner, definedasthe
convolutionofthetransmittedpulseandthereceiver
responsefunction.Itcanbemeasuredexperimentally
andisshowninFig.2 fortheRIEGLLMS-Q560.Itcan
beseenthatitiswelldescribedbyaGaussianfunction:

S(t) =S e
-
t2

2s2swhereS istheamplitudeandssthe
standarddeviation.

Fig.2　SystemwaveformofRIEGLLMS-5600

Inradarremotesensingtheory, itisassumedthatthe

scatteringpropertiesofaclusterofscattererscanbe

describedbyaGaussianfunctionσ′i (t) =σ ie
-

t-ti
2

2s2i
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whereσ iistheamplitudeandsithestandarddeviation
oftheclusteri.SincetheconvolutionoftwoGaussian
curvesgivesagainaGaussianfunction, sothatwe

obtain:Pr (t) = ∑
N

i=1

 Pie
-
t-ti

2

2s2
p, i , wheresp, i =

s
2
s+s

2
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, whichshowsthatthe

returnwaveform isactuallysuperimposedbyseveral
Gaussianfunctions.Ifwetrytodecomposethereturn
waveformintoindividualGaussianfunctionandestimate
itsparameterssuchasamplitude, meanvalueand
standarddeviation, thenitdoesnotonlyprovide
preprocesseddataforlaterprocessing, butalsocan
estimatethebackscattercross-sectionofthepulsedarea.

3　ALGORITHMFORWAVEFORMDECOMP-
OSITION

Sincethereturnwavecanbedescribedasthe

superimpositionofseveralGaussianfunctions, itisof
greatvalue to estimate parametersofthem. The

amplitude, thepositionofwavepeak, thewidthofthe
waveandthedistancebetweentwocontinuouswave

peaks, amongmanyothers, areparametersofmost

importance.Itismainlydependentonthedetermination
ofindividualwaveform toestimatetheseparameters;

thereforeitisoneofsignificantstepsforwaveform
decompositioninanalyzingwaveformdata.

Wagneretal.( 2006) andHotonetal.( 2000 ) have

alreadydevelopedGaussianfunctionbasedwaveform
decompositionalgorithms, wheretheGaussianfunction

wasonlyregardedasanaim functiontowhichthe
waveform datawerefittedbyusingnon-linearleast

squaremethod.Someconstraintconditionsshouldbe

givenupontheiralgorithmsandthesolutiontendedtobe
localoptimal.Fromtheotherpointofview, however,

theproblem ofwaveform decompositionisactuallya
problem of decomposition for mixture Gaussian

distributionsincethewaveformcanbedescribedasthe

superimposition of several Gaussian functions.
DecomposingmixtureGaussiandistributionisaproblem

oftenoccurredinfieldssuchaspatternrecognitionand
statisticalinferencetheExpectationMaximum ( EM)

algorithm developedbyDempster, etc.in1977 can
perform parameterestimation forGaussian mixture

distribution(Dempsteretal., 1977 ).Anoverviewofthe

algorithm isgiven inthefollowing whiledetailed
descriptiondeservestobereferencedbyOliveetal.

( 1996).
Theoriginalformulaforestimatingpj, μjandσjby

EM isaslistedbelow:

　　　Qij=
pjfj(xi)

∑
k

j=1

pjfj(xi)
( 2 )

pj=
∑
n

i=1

Qij

n
( 3 )

μj=
∑
n

i=1

Qiji

pj×n
( 4 )

σj=
∑
n

i=1

Qij (i-μj)
2

pj×n
( 5)

Supposethatthewaveformissuperimposedbyindividual
Gaussian distributions, then the result mixed
distribution, thatis, thesmall-time-intervalsampled
data, canbeformulatedas:

f(x) =∑
k

j=1

pj×fj(x)

fj(x) ∈ N(μj, σ
2

j)

kdenotesthenumberofGaussiandistributionstaking
partinthesuperimposition;fj (x) istheGaussian
probabilitydensityfunction;pjistheweightoffj(x)

describingthepercentageofthejthcomponentoccurred
inthemixturedistribution, andsatisfies:0 <pj <1,

∑
k

j=1

pj=1;μjandσjarethemeanvalueandstandard

deviationofGaussiandistributionrespectively.Foreach
componentj, theestimatedμjgivesthepositionofthe
returnwaveintheabscissa, whileσjrepresentsthewidth
ofthewave.Alltheparameterspj, μj, and, σjcanbe
estimatedbyEM algorithm.Whenappliedinpractice,
however, datapreprocessingshouldbecarriedoutand
initialparametervaluesforformula( 2 )— ( 5) shouldbe
given.Theinitialvaluesareusuallypredictedfromraw
data, andthentheconstructedf(x) isusedtocalculate
Qij.Thoughsuchaworkflowisfeasible, itwillnotgeta

satisfactoryoutcomeifformula( 2 )— ( 5 ) areadopted
directly withoutconsidering the amplitude ofthe
waveform.A modifiedEM algorithm isderivedif
amplitudeNi istakenintoconsideration.Detailsof
derivationaregiveninthefollowing:
Substituting( 3 ) intoformula( 4 )— ( 5), itreads:

μj=
∑
n
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Qiji
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=
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Qiji
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=
∑
n

i=1

Qij(i-μj)
2

∑
n

i=1

Qij

( 7)

wheretheamplitudeNi isaddedtonominatorand

denominatorsimultaneously.Niisequivalenttoaweight
constrainingpj, μjandσj.

　μj=
∑
n

i=1
NiQiji

∑
n

i=1

NiQij

( 8)

σj=
∑
n

i=1

NiQij(i-μj)
2

∑
n

i=1
NiQij

( 9)

Ifformula ( 8 ) and ( 9 ) arerestoredtotheform
coincidingwithEMalgorithm, then:

　　　Qij=
pjfj(i)

∑
k

j=1

pjfj(i)
( 10)

pj=
∑
n

i=1

NiQij

n×∑
n

i=1

Ni

( 11)

μj=
∑
n

i=1
NiQiji

n×pj×∑
n

i=1

Ni

( 12)

σj=
∑
n

i=1

NiQij(i-μj)
2

n×pj×∑
n

i=1
Ni

( 13)

wherendenotesthenumberofpointsforsamplingraw
waveformdata, andNithesamplingintervalofthei

th

sample.Sincetheinitialvaluesofpj, μjandσjare

usuallysuboptimal, iterationiscarriedoutusingformula
( 10) — ( 13 ) toobtaintheoptimalvaluesbyadjusting

theseparameterswithamplitude.
Thedifferencebetweentwoconsecutivemeanvalues

canbecalculatedaftertheoptimalμjisestimatedbyEM

algorithm.Anadditionalμj+1 canbeinsertedbetweenthe
twoconsecutivemeanvaluesifthedifferenceexceedsa
giventhresholdinordertodecomposeasmanyindividual
Gaussianfunctionsaspossible, andthenre-iterate( 10)—

( 13 ).Otherwise, ifthereisnomoreindividualGaussian
functionscanbedecomposed, theiterationisendedand
thefinalresultisobtained.Fig.3illustratestheflowchart

ofdecompositionEM algorithm.Pointcloudcanbe
generateddirectlyviatheprocessifrawwaveform data
areimported.Theoretically, accuracyofpointclouds

obtainedbythemethodofwaveform decompositionis
higherthanthatgeneratedbyLIDARsystemitself.

Fig.3　Flowchartofwaveformdecomposition
byEMalgorithm

4　EXPERIMENTSANDDISCUSSION

4.1　SLICER

Thewaveformdatausedinourfirstexperimentwas
acquiredbySLICERoveravegetationareaandstoredin
abinaryformatfilewithsuffix.dat.Eachreturnedsignal
issampledwithanintervalof0.1112 meandthereare
totally600 samplingpoints.Theinclinationangleand
azimuthofthetransmittedpulse, Lat/Lonandelevation
ofthehighestsurfacedetectedarealsocontainedinthe
data.
4.1.1　Pre-processingoftherawdata

Fig.4showstherawwaveformdata, wheretheabscissa
representsthe time interval ( bearing in mind the
interchangeabilityoftimeandrange) forsamplingwhilethe
ordinatetheamplitudeofthereturnsignal.Noisesfrom
manysourcescontaminatethesampleddata, leadingthe
sampledcurvetoajitteredonewherethejitteredpartswith
smallamplitudesillustratingnoises.Thesenoisesshouldbe
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removedbeforetheEMalgorithmisapplied.Cutting5%of
thewaveformtailoffsincethetailjittersaroundasmall
value, andthencalculatesthemeanvaluefrom itas
thresholdσnoise.Allsampleswithamplitudelessthan
thresholdσnoisearesettozero.Fig.5 illustratesthefinal
resultofwaveformaftersmoothing.

Fig.4　RawwaveformdataacquiredbySLICER

Fig.5　Pre-processedwaveformofFig.4

4.1.2　Parameterinitialization
Theinitialvaluesofμj, pjandσjcanbegivenrandomly

inprinciplewhentheEMalgorithmiscarriedout, thougha
betterpredictionforthesevalueswillgreatlyimprovethe
calculatingspeed.Theinitialvalueofμjcanbedetermined
bylocalmaximum sinceitisobviousthatthelocal
maximumwouldbeacandidateforoptimalμj, sothefirst
derivativeofthewaveform iscalculated, asshownin
Fig.6.Theinitialvaluesofpj aresetsothateach
componenthasanequalweightandσjissetas7 inthis
experiment.Fig.7 illustratesthepre-processedwaveform
(solidcurve) anditsinitialcurve(dashedcurve).

Fig.6　Firstderivativeofwaveform

Fig.7　Waveformwithinitialvaluesestimated

Fig.8 showstheWaveform ( solid) withthree
Gausssiancomponents (dashed) decomposedthrough
iteration ( 10 ) — ( 13 ).Theestimatedparametersof
thesedistributionsare:μ1 =54、 σ1 =9.0、μ2 =89、 σ2

=8.5、 μ3 =131、 σ3 =7.2.

Fig.8　Asimulatedwaveformandprocessedresult
bytheproposedalgorithm

Anautomatedlastreturndetectionsoftwareprovided
bySLICERisappliedtothereturnwaveformtoidentify
thestart, peakandendofareturn, whichisshownin
Fig.9.TheverticallinesGrstart、GrpeakandGrEnd(the
first, secondandthirdlinefromthelefttoright) inthe
figureillustratethepositionsofthegroundextractedby
theSLICER.ThepeakbetweenGrpeakandGrEndis
inferredtobefromtheground.InFig.9 thelaserpulse
hitsthecanopyfirstandcreatesoneechopulses;a
fractionofthelaserpulsealsohitsthegroundgivingrise
toasecondechopulses.Thetwoechopulsesoverlapas
aresultofthedistancebetweenvegetationandgroundis
short.

Fig.9　GroundlocationofSLICER
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UsingEMalgorithmfordecomposingthesamedata,

twofittedGaussiandistributionscanbeobtainedas

showninFig.10.Thetwoverticallinesshow the

positionsoftworeturnpeaks.Estimatedparametersare:

μ1 =57、 σ1 =7.3、 μ2 =83, σ2 =7.3.Itisobviousby

comparingFig.9 andFig.10 thatEM decomposition

algorithmoutperformsthemethodprovidedbySLICER.

Fig.10　Simulatedwaveform
DottedcurveshowstwoGaussiandistributiondecomposed

fromthesamedatasetshowninFig.9

Similarly, thoughthealgorithmprovidedbySILCER

candetectthestart, peakandendofthewaveformwell,

itfailsindetectingthefirstandsecondreturn, asshown

inFig.11.However, threeGausssian components

(dashed) aredecomposedbyEMalgorithmasshownin

Fig.12 EMalgorithmperformsmoreaccurately.

Fig.11　GroundlocationofSLICERforanotherdataset

Fig.12　SimulatedwaveformbyEMalgorithm
＊DottedcurveshowstwoGaussiandistributionsdecomposed

fromthesamedatasetshowninFig.11

4.2　RIEGL

RIEGLwaveformdataarestoredintwoseparatefiles:
＊.LWFfilecontainsthecalibratedwaveformsampledata,
＊.LGC file contains the geocoding and indexing
informationforeachlasershot.Eachwaveformconsistsof
abytearrayofSTRTWFLEN (startwaveform length)
samplesrepresentingtheemittedpulsewaveformofalaser
shotforreference, followedbyabytearrayorushortarray
ofWFLEN (waveformlength) samplesrepresentingthe
surfacereturnwaveform.Thedistancefromonesampleto
thenextis0.149855 m, shownasFig.13.

Fig.13　RawwaveformdataacquiredbyRIEGLLM5600

ThedatapreprocessingofRIEGLisdifferentfrom
thatofSLICER.ThethresholdfordenoisinginRIEGL
isdeterminedbycalculatingthemeanvalueofthetailof
theemittedwaveform sincetheemittedwaveform is
recordedandprovidedbythesystem, again5% ofthe
lastpartofthetailiscutoff.Therearelesssamplesin
comparisonwithSLICER.Theinitialvalueofσjisset
to1.Fig.14 showsthepreprocessingofthebackscatrrer-
ingwaveform, inwhichthehorizontallinerepresentsthe
thresholdvalueσnoiseforsmoothing.

Fig.14　Pre-processedwaveform

Fig.15 showsthetwoGaussiancomponentsdecomposed
fromthedatashowninFig.14.Twoverticallinesinthe
figureillustratethelocationoftworeturnechoes.The
parametersestimatedareμ1 =13.5, σ1 =1.5, μ2 =27.0 and
σ2 =2.5.

Fig.15　SimulatedwaveformbyEMalgorithm
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5　CONCLUSION

Atpresent, fullwaveformdigitizingtechnologyisnot
onlyadoptedbyspace-borneLIDAR systems, butalso
becomingastandardconfigurationcomponentofairborne
LIDARsystems.Analyzingandprocessingwaveformdata
willprovideadditionalsurfaceinformationthandiscrete
echoes, thoughequipmentvendorsandresearchersbelieve
thatthelackofmaturealgorithmandanalyzingworkflowis
abottleneck.Waveformdecompositionisoneofthekey
stepsofwaveformdataanalysis.Worksinthispapershow
thatlaserscanningwaveform decompositionbasedon
modifiedEM algorithm providesbetterwaveform fitting
precisioncomparedwithconventionalmethods.
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改进的 EM模型及其在激光雷达
全波形数据分解中的应用

马洪超,李　奇
武汉大学 遥感学院,湖北 武汉　 430079

摘　要:　随着数据存储能力和处理速度的提高, 小光斑机载激光雷达系统已经可以通过数字化采样来存储整个反射波形,

而不仅仅是由系统提取出来的三维坐标 (即离散点云 )。分析波形数据最重要的优点之一是可以在后处理过程中让使用者自

己来提取三维坐标。一般的分解方法基于非线性最小二乘的多项式拟合,或者有设备厂商提供的简单阈值法, 无法获得高精

度的分解结果。本文使用改进的 EM脉冲检测算法得到回波脉冲的位置和宽度, 证明是一种性能可靠 、精度较高的波形分解

算法。

关键词:　LIDAR, EM算法, 波形数字化,波形分析,高斯分解


