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Abstract. This paperintroducesa methodthatcanincorporatedifferentinformationinto
thelidar retrieval problemasanattemptto addressthebackscatter–to–extinction ambiguity
thatplaguestheusefulnessof lidar backscatteringmeasurements.Theapproach,suitedfor
applicationto spacebornelidar data,invertsthe lidar equationvia anoptimal estimation
method.This methodis illustratedusingthreeexamplesdrawn from LITE data.Retrievals
using only lidar backscatteras input werecomparedto retrievals performedusingan
iterative solutionto the lidar inversionwith thesameinput. The two methodsproduced
essentiallyidentical results. The new method,however, offers a numberof advantages
comparedto othermethods,including (1) the ability to incorporatedifferentkinds of
informationundera commonretrieval philosophy. This featureis illustratedwith the
formal introductionof optical depthinto the lidar inversion. In this paper, opticaldepth
information,derived from the ldar transmissionestimates,is combinedwith backscatter
measurementsmakingit possibleto retrieve thebackscatter–to–extinction ratio in addition
to extinction profilesgivencertaincaveatsnotedin thepaper. (2) Themethodprovidesa
numberof waysfor evaluatingthequality of theretrieval. Notably, theretrieval approach
predictsfull errordiagnosticsidentifying sourcesof errordueto measurementuncertainty
(instrumentnoiseandcalibrationuncertainty),modelerror(containingall theassumptions
built into thelidar equationandits parameters),aswell asapriori errordueto theinfluence
of compileddatabaseson lidar backscatterof aerosolandcloud. Whenno opticaldepth
informationis available,theretrieval errorsarelargelydominatedby the(large)uncertainty
attachedto the backscatter-to-extinction coefficient

�
. Under thesecircumstancesthe

retrievals areonly meaningfulto the extent that
�

andits relateduncertaintyis known.
Whenopticaldepthis introducedasa form of measurement,theerrorcontributionsshift to
theextentthatretrieval errorsbecomedominatedby themeasurementerrorattachedto the
opticaldepthitself.

1. Intr oduction

Tenuouslayers of aerosoland thin cirrus clouds intro-
duceimportantalbeit complex effectson theradiationbud-
get of the planet. Theseeffectsoccurasa consequenceof
theway aerosolandcloudparticlesscatterandabsorbradi-
ation. Theseradiative processes,in turn, aredeterminedby
opticalpropertiesgovernedby thecomposition,size,struc-
ture,andnumberdensityof the particlesthat form the lay-
ersin question.Simply observingthespatialdistribution of
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themoretenuouscloudandaerosollayersis a challengelet
alonemeasuringthe complex physicaland optical proper-
ties.

With the advent of the light detectionand ranging (li-
dar) measurementsystememergeda tool sensitive enough
to detect the most tenuousscatteringlayers of the atmo-
sphere. Lidar systemshave evolved significantly over the
pastfew decades[e.g.,Measures, 1984;Grant, 1997]being
usedextensively to detectaerosol[McCormick et al., 1993;
Wandinger et al., 1995; Jager, 1991; Sassen and Horel,
1990]aswell ascirrusclouds[e.g.,Platt, 1979;Platt et al.,
2001;Sassen, 1991;Wylie et al., 1995;Spinhirne and Hart,
1990]. Theeraof spacebornelidar systemsis now uponus
with a flight of the backscatterlidar aspart of the Lidar in
SpaceTechnologyExperiment(LITE) flown in 1994on the
spaceshuttle[Winker et al., 1996]. LITE demonstratedthe
capabilityof lidar in detectingcloudandaerosol,giving an
unprecedentedview of the vertical structureof the scatter-
ing atmosphereandis to befollowedwith thelaunchof the
GLAS laterin 2001andthelidar of PICASSO-CENA (P-C)
[Winker and Wielicki, 1999]in 2004.

Although the backscatteringmeasurementsby ground,
airborne,andeventuallyspacebornelidar systemspromise
much,actualretrieval of particleoptical propertyinforma-
tion usinglidar alonehasproven to be difficult. The diffi-
culty arisesfrom anintrinsic ambiguitythatoccursbetween
theeffectsof backscatteringandextinctionthatarisesfrom a
combinationof scatteringandabsorption.For example,con-
sidertwo volumescontainingdifferentnumbersof scatterers
buriedsomewheredeepin a cloudor aerosollayer. Thevol-
umewith a greaternumberof scatterersdoesnot necessar-
ily producea signal larger than that derived from the vol-
umeof fewer particlessincethe increasedcontribution by
the greaternumberof backscatteringin that volumecanbe
offsetby asimultaneousdecreasedsignalassociatedwith at-
tenuationwithin thesamevolume.Thesecompetingeffects
cannotbe separatedfrom measurementsof lidar backscat-
ter alone,andother information is requiredto addressthis
so-calledbackscatter-to-extinction ambiguity. While more
advancedlidar systems,suchas the Rayleighlidar system
[e.g.,Grund and Eloranta, 1991] andRamanlidar systems
[Ansmann et al., 1990]provideawayof unraveling thisam-
biguity, retrievalsbasedon datafrom the simplerbackscat-
teringsystemsplannedfor spacein thecomingyearshaveto
confrontthisproblem.Moreobviousapproachesto address-
ing this problemeitherintroduceanexplicit relationshipbe-
tweenthebackscatteringandtheextinction andtake this to
be known a priori or alternatively introduceotherforms of
measurementthatcanberelatedindependentlyto extinction
(or backscatter)as exemplified by the methodof Fernald
et al. [1972], the LIRAD methodof Platt [1979], andoth-
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ers.
Thepurposeof thispaperis primarily to outlineamethod

to retrieve profilesof particleextinction from measuredli-
dar backscatteringprofiles. The focus of attentionis on
applicationof the retrieval algorithm to the spaceborneli-
dardataof LITE. Thechallengeis to identify waysto con-
strain,quantitatively, the backscatter–to–extinction proper-
tiesandrelateduncertaintywhetherfrom someindependent
sourceof knowledgeabout the scatteringof the particles
suchastyping aerosolby air massor cloudby temperature
or from othermeasurementscontainingindependentinfor-
mationaboutparticleextinction. Onceidentified,a method
has to be developedthat can appropriatelyadd this alter-
nateheterogeneousknowledgeinto a quantitative retrieval
method.Theessentialpurposeof this paperis to introduce
onesuchretrieval approachnot previously appliedto lidar
retrievals.Themethodis developedandillustratedusingex-
amplesdrawn from LITE data,andthe additionalinforma-
tion neededto constrainthe retrieval problemis introduced
in theform of opticaldepth.

Themainbodyof thepaperbeginswith a brief introduc-
tion to LITE and presentsorbit dataselectedfor analysis.
Section3 then follows with a brief outline of the lidar re-
trievalproblemandoffersinformationaboutthebackscatter-
to-extinction characteristicof aerosolandcirrus clouds. A
new lidar retrieval methodis introducedin section4 fol-
lowed by examplesof retrievals in section5 which, as in
pastwork [e.g.,Platt, 1979], revealan accutesensitivity to
theassumedvalueof thebackscatter–to–extinctionratioand
its relateduncertainty. We show how poor knowledgeof
this parameterleadsto an increasinglyunacceptablerange
of solutionsparticularlyastheopticaldepthof thelayer in-
creases.Bothsection6 andtheAppendixoutlineapproaches
that introduceopticaldepthin the retrieval eitherasa form
of measurement(section6) or asa contraint(AppendixA).
Theresultsof thepaperalongwith conclusionsderivedfrom
theseresultsaresummarizedin thefinal sectionof thepaper.

2. Lidar Profile ExamplesFrom LITE

The Lidar in SpaceTechnologyExperiment(LITE) was
flown aboardthe spaceshuttleDiscovery during Septem-
ber 1994. As the first civilian effort to operatean active
instrumenton spaceplatforms for environmentalresearch
purposes,LITE provided near-nadir profilesof backscatter
alongthe orbit track usinga three-wavelengthdoubledand
tripled Nd-YAG 1064 nm lidar. For the most part, inde-
pendentretrievals of cloud andaerosolpropertieswerenot
availableto matchtheselidar profiles.Furthermore,thelidar
backscatterin thepresenceof cloudstypically saturatedthe
detectorwhenset in high gain aerosolmodeandthe noise
introducedby scatteredsunlightdegradedthequality of the
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datato disallow Rayleighandaerosolscattermeasurements
during the daytimeportionsof the orbits. In this studywe
choosethreeLITE profilesto introducetheretrieval method.
Two of the profileswerechosenbecauseit waspossibleto
determinethe two-way transmittancethrougha thin cirrus
layer in one caseand a lofted aerosollayer in the second
case,therebyproviding someestimateof optical depthof
eachrespective layer. This transmissionapproachis fre-
quentlyusedin analysesof lidar data[seeYoung, 1995].

In thisstudy, only nighttimeportionsof orbit dataareana-
lyzedandthenonly threespecificbackscatteringprofilesare
usedto examinethelidar retrieval problem.Datafrom seg-
mentsof thetwo orbitsarepresentedasimagesof backscat-
teringprofilesmeasuredalongtheorbit trackof theshuttle. Plate 1.
Thetop panelof Plate1 is animageof anapproximate350
km sectionof the nighttimeportion of the LITE orbit 129
locatedin the vicinity of the Sudan-Ethiopiaborder. The
backscatteringprofilescompositedto createthis imagere-
veal the presenceof two layersof thin cirrus cloudsover-
lying a lower more extensive layer of aerosol. The cirrus
layersarelessextensivethantheaerosollayerwith onevery
thin layer above 15 km anda lower layer below 15 km is
denseenoughin portionsto saturatethereturnedsignal.The
aerosollayer is locatedbelow about5 km being lofted off
thesurfacefor mostof thesectionof theorbit. Thesourceof
this aerosolis presumablywind-blown dustfrom neighbor-
ing desertregions.Thebottomimageof Plate1 is a portion
of orbit 147showing anextensive layerof aerosolgenerally
lofted abovethesurfaceandlocatedbetweenapproximately
1-6km. Figure1.

Figure 1 presentsindividual backscatteringprofiles ex-
tracted from a 20 shot average,equatingto an approxi-
mate15 km along track average,at the locations(10.3� N,
31.7633� E) alongorbit 129and(20� N, 22� W) of orbit 147,
both locationsbeing indicated in Plate 1 by the vertical
dashedline. Theestimatedopticaldepthsof thecirruslayer
(orbit 129)andaerosollayer(orbit 147)arequotedin there-
spective profilesof Figure1. Thesevaluesof opticaldepths
do not apply to the entireprofile but to thatpart of the raw
profile that canbe identifiedas the layer in question. The
profile dataare also averagedin the vertical with the data
shown correspondingto a60m verticalresolution.Thepro-
file extractedfrom orbit 129 correspondsto the caseof a
very thin layerof cirrusovera relatively deepaerosollayer.
Thesecondprofile (orbit 147)correspondsto a lofted layer
of aerosollocatedroughlybetween1.5km and5.5km above
thesurface.

3. Lidar Retrieval Problem

Thelidar equationgovernstherelationbetweentherange-
resolvedmeasuredbackscatteringpower ������� andthescat-
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tering and attenuationpropertiesof the atmosphere.This
equationmaybewrittenasfollows:	�
 ����
���������������� 	�
�� � Ray ������� � ����������! #"$ � % ��&(')�+*,�)&(')���-* Ray �)&('.�/�.01&2' , (1a)

where ������� is the raw backscatterat range � ,
� ����� is

the backscatteringdue to aerosolor cloud,
�

Ray ����� is the
Rayleigh-backscatteringcoefficient, *,����� is theparticleex-
tinction coefficient, * Ray ����� is the Rayleighextinction, �
is a factorthat representsinstrumentcalibration,and

%
is a

factorthat accountsfor multiple-scatteringprocesses.This
calibration factor can be derived by matchingportionsof
themeasuredbackscatteringprofile takento arisefrom pure
molecularscattering. Figure 2 is an exampleof sucha Figure2.
calibration,showing theprofile of raw lidar data � from or-
bit 147analyzedin this studyplottedagainstthecalculated
Rayleigh-backscatteringcoefficient derivedusinga temper-
atureprofilematchedto thatportionof theorbit. Thesource
of this temperatureprofile is from weatherforecastscar-
ried out for theperiodof LITE by the EuropeanCentrefor
Medium-RangeWeatherForecasts.The top portion of the
profile (correspondingto the smallervaluesof backscatter)
representsthepureRayleigh-scatteringportionof theprofile
anda simplelinearfit, asindicated,directly provides � and
associatedoffsetvaluesthatmustbe incorporatedinto (1a).
Theportionsof theprofile which deviatefrom this linearfit
correspondto theaerosollayernotedabove.

Equation(1a) is a parametricform of the equationof
transfer that representslidar propagationin a scattering
medium. Multiple-scatteringprocessesare representedby
the factor

%4365
, which reducesthe attenuationof the li-

darbeamto accountfor theeffect of multiple scatteringon
thepropagation.Unlessstatedotherwise,we hereinafteras-
sumethat

%8795
althoughwe notethat multiple scattering

of the spacebornelidar specificallyandsurfacelidar more
generallycontinuesto be a topic of study[e.g.,Miller and
Stephens, 1999; Bissonnette et al., 1995] and is an addi-
tional sourceof retrieval uncertaintythat is not specifically
includedin theanalysespresentedbelow.

An equivalentform of (1a)is	:
 �;��
��������+������� 	:
�� � Ray �������-<������+*,��������=�  -"$ � % �)&(')�+*,��&(')���#* Ray ��&('>���>01&(' , (1b)

wherethecloudandaerosolbackscattercoefficient
� ����� of

(1a) is replacedby the product <������+*,����� , where <������ is
thebackscatter-to-extinctioncoefficient, hereinafterconsid-
eredindependentof rangeanddiscussedfurtherbelow. The
goal is to invert (1a) or equivalently (1b) to obtain either



6

the profile of particleextinction, namely *,����� , or the pro-
file of particlebackscatter

� ����� . The inversioncanfollow
two equivalentpaths.Onepathinverts(1a) for

� ����� given
thereplacementof *,��& ' � by

� �)& ' �@?A< in theattenuationterm.
The particle extinction profile then follows as the product� �����B?C< . The secondapproachinverts (1b) for *,����� and� ����� subsequentlyfollowsastheproduct <D*,����� .

The key factor that facilitatesthe inversionof the lidar
equationeither in terms of

� ����� or *,����� is the back-
scattering-to-extinction ratio < and its enablingrole in the
inversionof (1a) and (1b) is well known [e.g., Stephens,
1994]. Unfortunately, this parameteris highly variablede-
pendingon thesize,shapeandcompositionof thescattering
particles. Table 1, adaptedfrom Anderson et al. [2000], Table 1.
providesmeasurementsor estimatesof this ratio for various
aerosoltypes. The table lists valuesof the so-calledlidar
ratio E , E 7GFAH< , (2)

collatedfrom variousaerosoldatasourceson the basisof
differentmeasurementapproaches.While theactualvolume
of datafor troposphericaerosol,aswell asfor cirrusclouds
as describedbelow in relation to Figure 3, is limited, the
availabledatado allow us to placeboundson thevaluesof< . For example,the valueslisted in Table1 rangefrom Figure3.
about E = 15 sr to 91 sr wherethis rangeis broadly gov-
ernedby theaerosolmodealthoughtheratiosalsovary sig-
nificantly within thesemodes.Also noteworhty aretheval-
uesfor Hawaii, indicatingthat this ratio is reasonablywell
constrainedfor this particularcasewherethesamplingwas
conductedin a very consistent(maritime) air mass. Typi-
cal valuesof < ( E ) for thecoarsemoderangebetween1.26
and0.314(10to 40sr),while valuesfor submicronpollution
aerosolparticlesrangebetween0.314and0.14(40 to 90 sr)
[Ackerman, 1998;Muller et al., 1998;Anderson et al., 2000;
Reagan et al., 1988]. In this studywe do not attemptto rep-
resentcomprehensively this variability but ratherexemplify
propertiesof coarsemode(seasaltanddust)andaccumula-
tion mode(dirty andcleanpollution) aerosoltypesby con-
sideringa rangeof valuesof E between20 and80 sr and <
between0.628and0.157.

Values of the backscatter-to-extinction ratio of cirrus
cloudsalso vary significantly. Figure 3, adaptedfrom the
work of Platt et al. [2001], indicatesthat < variesby a fac-
tor of almost4 for thetropicalcirruscloudsanalyzedusing
theLIRAD measurementtechniqueappliedto thelidar data.
The apparenttemperaturedependencesuggeststhat it may
bepossibleto restrictthe rangeof < for cirrusby assuming
this parametervariesasa functionof midcloudtemperature
asimpliedby theresultsof Figure3.

Thelidar retrieval problemconsideredin this paperseeks
to invert (1) to obtainprofilesof * . Therearea numberof
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publishedtechniquesfor invertingthelidar equation,includ-
ing the Klett method[Klett, 1981] for a single-component
system,andthemethodsof Fernald [1984]andtheiteration
methodsof Platt [1979] and Alvarez and Vaughan [1994]
for atwo-componenetsystemconsideredin thispaper. Since
measurementsof < (andE ) for icecrystalcloudsandaerosol
have beenlimited to a few surfaceandground-basedlidar
sitesworldwide[Anderson et al., 2000],andsincetherange
of variability of this parameteris known to be large, a re-
trieval algorithmappliedto globalspacebornelidar databy
necessityhasto assigna largeuncertaintyto this parameter,
thuscompromisingthe quality of the informationreturned
by thealgorithm. Thechallengeis to identify waysto con-
straintherangeof < , thusreducingtheuncertaintyattached
to this parameter, therebyimproving the overall quality of
theretrieval. Thisconstraintcouldbederivedfrom somein-
dependentsourceof knowledgeaboutthe scatteringof the
particlessuchastyping aerosolby air mass,or grossinfor-
mation aboutparticle size, cloud by temperature,or from
othermeasurementscontainingindependentinformationon
particleextinction. Onceidentified,a methodhasto be de-
velopedthat canappropriatelyadd this alternateheteroge-
neousknowledgeinto a quantitative retrieval method. The
essentialpurposeof this paperis to introducean approach
that is capableof being extendedto incorporatethis kind
of knowledgein a variety of forms with the lidar measure-
ments.

4. NewLidar Algorithm

Theapproachdevelopedhereto invertthelidar equationis
basedon theoptimalestimationmethodpopularizedby the
work of Rodgers [1976,1990]amongothers.Thisapproach
offersa numberof advantagesover themoreusuallidar re-
trievalmethodsintroducedabove.A key goalof thispaperis
to illustratetheprimaryadvantagesof this approach,which
include(1) anability to incorporatemultiple sourcesof het-
erogeneousinformationundera commonretrieval philoso-
phy. Thesesourcesof informationcan extendbeyond the
532nm lidar backscatterof thespacebornelidar. For exam-
ple, theinformationcouldcomefrom lidar measurementsat
anadditionalwavelength(suchasat1064nmasin LITE and
alsoproposedby PICASSO-CENA), or beintroducedin the
form of opticaldepthderivedfrom someotherindependent
sourcesuchasIR radiancesasin theexampleof theLIRAD
method[Platt, 1979] or the informationmight comein the
form of sceneclassificationpointing to specificsetsof pa-
rametersamongthemany possibilities.(2) Dataavailableto
theretrievalcanalsovaryalongtheorbit dueto, for example,
day–nightorbit differencesamongotherfactors.The same
algorithm canprocessdifferent typesandamountsof data
accordingly. (3) Retrieval diagnosticsin theform of detailed
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error budgets,including a breakdown of error components
andmetricsof informationcontentfollow directly from the
method.Thiscomprehensivesetof diagnosticsprovidesany
userof the dataclearmeasuresof the retrieval quality and
theextentof relianceon otherextraneousdata.

4.1. GeneralOptimal-Estimation Approach

The lidar-observingsystem,mathematicallyexpressedin
termsof thelidar equation(1), canbegenerallywrittenin an
alternate,conceptualformI 7KJ ��L,M�N,���=O(P , (3)

where I is a vectorof themeasurementvariable(backscat-
ter power) and O P is themeasurementerror(ostensiblyaris-
ing from calibrationof thelidar);

J
is theforwardfunction,L is a vectorof the true extinction profile (asdistinct fromQL , which is our (imperfect)retrieval of L ), and N is a vec-

tor of “model” parametersthatarenot actuallyretrievedbut
fundamentallygoverntherelationbetweenthemeasurement
andthe retrieved parameterof interest. In reality, both the
forwardmodelandthe modelparametersmustbe approxi-
mated,producingI 7SR � QL,M QN,���=O P �=OAT , (4)

where O T now reflectsan additionalsourceof uncertainty
associatedwith theforwardfunctionandassumedvaluesofQN asdiscussedbelow.

We follow thenotationof Rodgers [1990] andintroduce,
formally, theretrieval schemeasQL 7VU � I M QNWM�L�XYMBZ[� , (5)

which is the “inversemodel” requiringsomea priori infor-
mation L X andotherinformation Z that is not formally part
of the forward functionbut neverthelessmaybe neededby
theinversionprocess.

The optimal estimationapproachconstructs
QL , usingthe

forwardmodelto obtainthemostlikely solutionconsistent
with both the measurementsandany given a priori knowl-
edgeof L . Undertheassumptionof Gaussianstatistics,the
optimalsolutionis foundby minimizing thecostfunction\ 7 � QL � L X ��]_^,`baX � QL � L X ��K� I � R � QL,M QN,����]_^,`baP � I � R � QL,M QN_�@���8�c� QLd� ,

(6)

with respectto
QL . A brief note about the assumptionof

Gaussianstatisticsis warranted.Theoptimalestimationap-
proachintroducedhereis an implementationof the Bayes
theoremand the detailsof how onegoesaboutestimating
themostprobablesolutionvariesaccordingto thedetailsof
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theform of theprobabilitiesassumed.In principle,any non-
Gaussianstatitisticscould be invoked (this would change
the details of the solution presentedbelow in significant
ways). E. T. Jaynes(Probability Theory: The Logic of Sci-
ence, 1996. unpublishedmanuscript,1996(bookavailableat
http://omega.math.albany.edu:8008/JaynesBook.html))
notesthat accordingto the principle of maximumentropy,
the Gaussiandistribution is the most appropriateif only a
meanandvarianceis known. Alternative distributions,un-
lessknown andrigorouslyjustifiable,addspuriousinforma-
tion to the retrieval andbiasesthe estimatationof the most
probablesolution.

Thefirst termof (6) representsthatpartof thecostfunc-
tion associatedwith constraintsimposedby a priori data.
The degreeto which this constraintis to be appliedis ul-
timately determinedby the covariancematrix ^�X , which
containsmeasuresof the confidenceplaced in

QL�X . The
secondterm representsthat part of the cost function de-
finedby matchingthemeasurementI to themodel

R � QL�M QN_� .
Minimizing the cost function definedby this term alone
is equivalent to a weightedleast squaresestimation[e.g.,
Menke, 1989], wherethe weighting in this senseis estab-
lished through the covarianceerror matrix ^ P . The third
termof this particularcostfunctionrepresentsanadditional
constraintthat might be imposedfrom someotherform of
informationabout L , thusemphasizinghow suchinforma-
tion canbeaddedin theretrieval asdesired.We describe,in
AppendixA, anexampleof the inversionof the lidar equa-
tion for which �c� QLd� is in the form of an integral constraint
expressedin termsof theopticaldepth.

Ignoringthefinal termof (6) for now, thesolution
QL that

lies at theminimumof thecostfunction is [e.g.,Marks and
Rodgers, 1993]QL 7 L�Xe�f^�X2gh]_^_`�aP � I � R � QL��/� , (7)

where g ] is thetransposeof theweightingfunctionmatrix
constructedof i R � Qjlk �B?(i_� Qjnm � . In thecaseof the lidar prob-
lem, theweightingfunctionmatrix is composedof elements
representingthe sensitivity of the forwardmodelevaluated
at range� k to changesin theextinctionat range� m .

The specific form of the covariancematricesand the
weightingfunction matrix, asappliedto the lidar problem,
is discussedin section 4.2, but some generalcomments
about ^ P are warrantedat this stage. Following Marks
and Rodgers [1993],we consider̂ P to containtwo general
sourcesof error, namely,^ P 7 ^bop�f^�T , (8)

wherethefirst termof theright-handsideof (8) is theerror
attributedto themeasurementof I (i.e., O P ), andthesecond
termcontainstheerrorsthatcanbeattachedto the forward



10

model( O T ). Thelatter, in turn, canbeexpressedin termsof
thequantityq R�7rJ �)L,M@N_� � R ��L,M�N,� � i RilN � QN � N,� , (9)

wherethedifferencetermdefinedby thefirst two factorsac-
countsfor biasesthatmight exist in theforwardmodel.The
third termis theerrorassociatedwith uncertaintiesin model
parameters.Quantifyingbias errorsis difficult in general,
and thesearehereinafterignoredalthoughbias errorswill
have to be addressedwhen applying the algorithm to real
data. With this assumption,it thus follows that [refer to
Marks and Rodgers, 1993]s T 7 gh]tu^ t g t ,

whereg t is thesensitivity matrix determinedby thefactorsi R � Qj k M@N_�B?(ilN , and ^ t is theerrorcovariancematrix formed
by theerrorsattachedto themodelparametersN .

Givensuitablespecificationof all errortermsandweight-
ing functions,thesolutionof (6)proceedsby iteration[Marks
and Rodgers, 1993],QL�vCw a 7 ^�vx � �/^ `�aX L�Xe�8ghv ] ^ `baP � I � R � QL�vy���-ghvb� QL�vz�/�:� ,

(10)
where ^ vx is theerrorcovariancematrixof the { th iteration^ vx 7 �/^ `�aX �#g v ] ^ `baP g v � `ba . (11)

Convergenceof this iterationis achievedby thetestq QL ] s `bax
q QLh|}{ x , (12)

where{ x is thedimensionof the
QL vector.

Theretrieval errorcovariancematrix ^ x canalsobewrit-
tenas ^ vx 7K~ PA^�P ~ ]P � ~ XA^dX ~ ] X (13)

where ~ P 7 ^ x g v ^_`�aP , (14)~ X 7 ^ x ^_`�aX . (15)

Theadvantageof this particularform of errorcovarianceis
thattheindividualcomponentsthatcontributeto thetotaler-
ror canbe quantified. In this studywe considerthreemain
sourcesof retrieval errorfor discussion,ana priori errorde-
finedby thesecondterm of the right-handsideof (13), the
measurementerror representingthe contribution ^ o in the
first termof theright-handsideof (13),andthemodelerror
determinedby (9) whensubstitutedinto (8) and,in turn,into
(13).

In additionto the erroranalysisofferedby theapproach,
otherusefuldiagnosticinformationcanbe derived. Good-
ness-of-fitof theretrievedinformationto themeasurements
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(including a priori data)canbe quantifiedusinga � � test,
where �u� 7 � QL � L X ��]_^,`baX � QL � L X ��K� I � R � QL,M QN,����]_^,`baP � I � R � QL�M QN_�@�
follows a � � distribution with {�P degreesof freedom( {�P is
the dimensionof the measurementvector I . Accordingto
Marks and Rodgers [1993], � � �9{ P is typical of a good
retrieval andis alsotypical of theretrievalsprovidedbelow
(although� � statisticsarenot presented).

Themodelresolutionmatrix[e.g., Menke, 1989;Rodgers,
1990] � 7r~ P g (16)

providesa measureof thedependenceof
QL on thetruepro-

file
QL andthusoffersinsighton theextentthemeasurementsI contributeto theretrieved

QL versushow mucha priori in-
formationcontributesto theretrieval. For anidealobserving
system,which is onesolelydependenton measurements,

�
is the identity matrix. For a systemthatdeliversa retrieval
basedentirely on a priori input,

�
is the zeromatrix. For

theretrievalsdescribedbelow, very little weightis placedon
a priori input resultingin an

�
matrix thatvery closelyap-

proximatesthe desiredunity matrix. (For an interpretation
of the

�
matrix appliedto actualdata,referto Engelen and

Stephens [1999]).

4.2. Application to the Lidar Retrieval Problem

The lidar retrieval problem(1) can be expressedin the
form of (3) with thefollowing definitions:L 74� *,��� m ���;� 7�5 M��[����M@��� , (17a)I 7���	:
 �;��
������ m �+�������;� 745 M[���[����� , (17b)R � Qj m M Q� m � 7V	:
 � � Ray ��� m �d�-<b��� m � Qj ��� m �@������ m�/� a � Z��� Ray� � � % �j � �

q
� ,

(17c)

definedat eachrange � m M/� 7 � M[���[��� countedfrom the
top of the atmospheredownward where

q
� is the range

resolution of the lidar system,and the overbar refers to
layer meanvalues( �j � is the layer meanextinction � �j m 7� ���n� j m � j m `ba ��� ). We considertwo formsof themodelpa-
rametervector, onevectorbeingcomposedof threemodel
parametersthatareeacha functionof range� mQ�W7��(� a M � � M ��� � ,

where � a 7���� Ray� m �;� 745 M[�[������� , (18a)� � 7�� <��;� 745 M[�[������� , (18b)� � 7���% m �;� 7�5 M[�[������� , (18c)
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wherewe have assumedthat < is constantthroughoutthe
scatteringlayer underinvestigation.The secondversionof
theretrieval defines Q�e7��(� a M � � �
andincludes< in theretrieval vector

QL . We deferdiscussion
of this secondapproachto section6.

Theelementsof theweightingfunctionmatrix, � k�m , con-
structedby differentiating(17c)with respectto j , follow as� k�m 7 � � 3 � ,� k�m 7 ��� % q � �!� � , (19)� k�m 7 <�

Ray� k �8< jzk �=� %
q
� � 7 � ,

andall covariancematricesareassumedto bediagonalwith
thediagonalelementsspecifiedbys X � k�k 7 *b�X ,s P � k:k 7 O �P �#* �t a �-* �t � �-* �t � ,

where O P is theerror in themeasurementand,for bothsim-
plicity andfor thesake of illustration,this is takento be5%
of themeasuredbackscatterpower, andtheremainingerror
factorsfollow from (9) and(18b)with

* t a 7 � � � � � Ray� k�
Ray� k �-< j k ,

* t � 7 q
< k�jzk�

Ray� k �-< j k , (20)

which, respectively, reflect a 2% error in the specification
of the Rayleighbackscattertaken to be typical of the error
in estimatingRayleighbackscaterfrom a giventemperature
profile andanerror in < dictatedby

q
< . Hereinafter, * t ��7�

sinceweconsideronly thecaseof
% 7�5

.
Thea priori L X appliedto (10),usedto establishtheerror

accordingto (20) andfurther usedto begin the iteration,is
derivedfrom a simpleonestepof theinteractionsolutionof
thelidar equation(1b)expressedasj X � k 7�� ¡�¢D£ ��¤ k � �1� k `ba��� a � Z � Ray� � � % j X � � �

q
��� � � Ray� k ��?C< .

(21)
We hereinafterset *zX 7 � s P � k:k , reflecting a stateof lit-
tle confidencein a priori knowledge(for example,thereis
no establishedclimatologyof aerosolextinction thatcanbe
usedto define Lb¥ ). Although arbitrary, this hasthe sought
after effect of downgradingthe contribution of the a priori
informationrelativeto theinformationcontainedin themea-
surement.
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5. AerosolRetrieval Resultsfor Orbit 129

Aerosolextinction profileswereretrievedfrom theback-
scatteringprofilecorrespondingto thelowerportionof orbit
129. It was not possibleto infer the optical depthof this
lower aerosollayer using the previously mentionedtrans-
missionmethodsotheretrieval resultsintroducedbelow are
presentedmerely to highlight selectedfeaturesof the lidar
retrieval problem.Retrievalsarepresentedfor thefollowing
values < 7 � � ¦ �C§ M � � ¨ 5 F M � � � �1© , and

� � 5 �1ª (or equivalentlyE 7
20,40,60,and80), broadlyencompassingthe expected

rangeof valuesnotedin Table 1. The retrieved profiles Figure4.
correspondingto eachof thesevaluesof < , presentedin Fig-
ure4, werederivedassuminganerror in < of 50%,reflect-
ing a relatively poor knowledgeof this parameter(but not
sopoorasto accommodatea factorof 5 rangein variability
notedin Table1). For comparisonpurposes,resultswereob-
tainedusinganalgorithmbasedonasimpleiterationmethod
(hereinafterreferredto asthe iterationmethod).Theagree-
mentbetweenthetwo typesof retrievalmethodsis excellent.
Sincethereis no companioninformationaboutthephysical
andchemicalcharacteristicsof theaerosolobservedduring
LITE, it is not possiblea priori to specifywhich of thefour
valuesof < (or any valuewithin therangeconsidered)is the
correctretrieval without considerableuncertainty. Lacking
additionalinformationthatmight reducetherangeof uncer-
tainty in < , any one of the four profiles presentedin Fig-
ure4 representsa legitimateretrieval solutionfor thegiven
backscatteringprofile. Table 2.

Table2 lists theopticaldepthsobtainedfrom theintegra-
tion of the individual extinction profiles retrieved through
the depthof the aerosollayer. The optical depthsderived
from the retrievals from the iteration methodare given in
parentheses.The resultsemphasizean obvious correlation
betweenthe optical depthobtainedfrom the integrationof
theextinction profilesandthevalueof < assumedin there-
trieval. This correlationis a consequencefrom thefact that
a layer of aerosolcharacterizedby low valuesof < (typi-
cal but not exclusive to aborbingaerosol)requiresa greater
numberdensityto producethesamebackscattercomparedto
thecaseof anaerosolof high < (suchasa purelyscattering
aerosol).Unfortunately, the retrieved profile not only does
not simply scalein a proportionallinearway to thevalueof< but alsochangesin anonlinearfashionasclearlyseen,for
example,whencomparingthe < = 0.628and0.157profiles
of Figure4. Thenonlineardependenceof theretrieval on <
is similarly reportedby Platt [1979]. Figure5.

Figures5a and 5b presentthe error budgetsassociated
with two of the profilespresentedin Figure4 ( < 7 � � ¦ �C§
and < 7 � � 5 ��ª , respectively). Shown aretheprofilesof ex-
tinctionasgivenin Figure4 andthetotal error,¡�«@«B¬A«p7�­ s x � k:k
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(left panel)aswell asthecontributionof thethreeindividual
components(right panels)wherethe sumof the squaresof
thecomponeneterrorsis equalto thesquareof thetotal er-
ror. Thetotalerrorvariesthroughtheprofileandapproaches
about50%asexpectedsincethetotal error is dominatedby
themodelerrorwhich,in thiscase,is principallydetermined
by the uncertaintyin the modelparameter< . Sincethe un-
certaintyplacedon < wasassumedto beconstantthroughout
the layer, this resultingmodel error is approximatelyuni-
formly distributedthroughoutthelayer. Theerrorthatarises
from theinfluenceof theapriori on theretrieval is smallde-
spitethefact that theuncertaintyassumedfor thea priori is
large. This too is understandablegiventhatby design,very
little of the a priori L X actuallycontributesto retrieval and
thusto theerrorbudget.

Theresultspresentedabove emphasizean importantfea-
tureof thelidar retrieval problemthatalthoughknown, war-
rantsfurther comment.The resultsunderscorethe extreme
sensitivity of the retrieval to the assumedvalueof < . As a
consequence,large uncertaintyin < , typical of what is ex-
pectedfor observationscollectedover the rangeof global
conditionswithoutany way to constrainthisparameter, cor-
respondsto an unacceptablywide rangeof retrieval solu-
tions. Therearetwo possiblewaysaroundthis unsatisfac-
tory result. Oneapproachis to provide direct information
about< or correlative informationthatpointsto specificval-
uesof < with reduceduncertainty. Sincedirectmeasurement
of < hasbeenrestrictedto a few surfacesitesworldwideand
the amountof this type of datacannotbe expectedto in-
creasesignificantly, this strategy is perhapsmoreappropri-
ately limited to validation of the global retrievals at those
limited sites.A secondapproachis to introducesomeform
of constraintinformation to limit the rangeof valuesof <
usinginformationmorereadilyavailableto matchlidar or-
bit data. Table 2 supportsthe idea that a possiblesource
of suchinformationis the optical depthof the layer. Since
theopticaldepthinformationretrievedusingpresentsatellite
systemscorrespondsonly to the columnoptical depth,this
approachonly workswhentheopticaldepthcanproperlybe
assignedto the scatteringlayer beingprofiled. As we indi-
catedabove,it is alsopossibleto determinetheopticaldepth
of thin layersusinglidar data. This methodrequiressome
way of characterizingthereturnbelow thelayerin question
(suchasfrom a sufficiently deepRayleigh-scatteringlayer)
andcannotbe expectedto work for the importantcasesof
boundarylayeraerosol.

Two differentwaysof introducingopticaldepthinforma-
tion are introducedin this paper. The methoddescribed
in section6 introducesthe optical depth into the retrieval
framework in a way thatpermitstheretrieval of < . This ap-
proachis especiallysuitedto the backscatterlidar problem
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characterizedby highly uncertainbackscatter–to–extinction
relationships.A secondapproachis introducedin Appendix
A andusestheopticaldepthasa form of internalconstraint
appliedto thesolution.Althoughthissecondapproachis ap-
plied to the lidar problemin AppendixA, it is bettersuited
to thoseproblemsfor which the backscatter–to–extinction
relation is betterknown, suchas for the problemof radar
precipitationretrieval [L’Ecuyer and Stephens, 2001].

6. Optical Depth As a Form of Additional
Measurement

We now introduceanapproachthatmakesuseof theop-
tical depthasa form of measurementwith the intentionto
retrieve both < andthe extinction profile directly. The ad-
vantageis thata retrieval of < eliminatesthe unsatisfactory
dependenceof the lidar retrieval on this parameterandthus
removesthe major sourceof error from the retrieval prob-
lem. However, it is necessaryto assumethat < is vertically
uniform throughthe cloud or aerosol. This assumptionis
questionableandsomeideaof this limitation, alongwith as-
sociatederror, will eventuallybe requiredif the algorithm
describedin this paperis to beappliedto realdatain quasi-
operationalmode. The secondadvantageof the approach
describedbelow is that retrievedvaluesof < containuseful
informationaboutaerosol.

Theapproachto introduceopticaldepthdeviatesfrom that
describedin section4 only in minor ways now described.
The optical depth is addedto the measurementvector I
which is now a vectorof length �®� 5

. The retrieval vec-
tor likewise is now extendedby one element,wherenowj ����� 5 � 7 < . Theforwardmodel(opticaldepthcouldalso
be includedin a morecomprehensiveway by extendingthe
forwardmodelto dealwith radiancemeasurements,for ex-
ample,thusdirectly integratingtheretrieval of opticaldepth
with thelidar retrieval), representingtheadditionalmeasure-
ment,simply followsasR � jz¯ w a � 7 � ¯��� � �j �

q
� . (22)

Theweightingfunctionmatrix g is now an �°� 5 
±�²� 5
matrix wherethe �³
#� block follows from (18) with <
replacedby j ���´� 5 � . Theadditionalrow andcolumnentries
aredefinedthus:� k � ¯ w a 7 jzk�

Ray� k � j ���µ� 5 � j k , (23)

for
� 745 M[���[��MB� and � ¯ w a � m 7

q
� , (24)

for � 7¶5 M[�[����M@� ( � ¯ w a � ¯ w a 7 �
). The dimensionsof

thesquare,diagonalcovariancematricesaresimilarly �S� 5
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with theadditionaldiagonalelementsdefinedass X � ¯ w a � ¯ w a 7 * �· , (25)s P � ¯ w a � ¯ w a 7 *b�¸ , (26)

where* �· is theuncertaintyassignedto theapriori guessfor< taken to be large (100%). The error associatedwith the
optical depth,asabove, is specifiedby * ¸ 7 � � � �(¹ , repre-
sentinga5% errorin this quantityasnotedabove. Figure6.

Figure 6a and 6b presentthe resultsof this schemeap-
plied to both the cirrus layer observed alongorbit 129 and
theelevatedaerosollayerobservedalongorbit 147,respec-
tively. Theopticaldepthsobtainedfrom the lidar transmis-
sionmethodfor eachlayer, notedpreviously in referenceto
Figure1, wereappliedin the retrievals shown in Figure6.
Also shown for comparisonin theleft sideof eachfigureare
theequivalentextinctionprofilesobtainedusingtheiteration
methodwith avalueof < deducedfrom theratioof theinte-
gratedbackscatterandopticaldepth.Theprofilesof extinc-
tionandthevaluesof < retrievedbybothmethodsareclosely
matched.The right-handpanelsof eachfigure presentthe
componenterrorswhich combineto producethe total er-
ror presentedin the left-handpanels. The differencesbe-
tweentheerrorpropertiesof theretrievalsof Figure6 based
on the combinationof backscattermeasurementsandopti-
cal depthinformationand the errorspresentedin Figure5
aresubstantial.Firstly, thetotal retrieval errorsaresubstan-
tially reducedover the retrievalsconductedwithout optical
depthinformation(e.g.,Figure5). Thisresultshouldbecon-
sidered,however, within the context of the assumptionsin-
vokedto producetheresultsof Figure6, specificallythatthe
backscatter–to–extinctionpropertiesarevertically invariant.
Secondly, the error budgetis now dominatednot by model
errorsbut by measurementerrorsthatchiefly reflecttheas-
sumederror in optical depthassignedto the transmission
methodusedto derive this information.

7. Discussionand Conclusions

Lidar measurementsof theatmosphereareenteringanew
realm with the launchof simple backscatteringlidar sys-
temson a seriesof upcomingsatelliteexperiments. Con-
versionof lidar backscatteringmeasurementsto relevantin-
formationaboutparticlesby inversionof the lidar equation
is, however, complicatedby ambiguitiesthatarisefrom the
needto separatethe effectsof backscatteringfrom extinc-
tion. This leadsto inversionsthatarelargely determinedby
assumptionsdealingwith theconnectionsbetweenbackscat-
tering and extinction. The large rangeof possiblebehav-
ior of backscatter–to– extinction togetherwith the overre-
lianceof the endretrieval producton theseassumptionsis
well known and is especiallyundesirablein the context of
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the spacebornemeasurementsthat will observe the global
atmosphereover a large rangeof conditions. While the
backscatter–to–extinction ambiguity has beenappreciated
for sometime, thereremainsa legitimateneedto develop
methodsto addressthis ambiguity, especiallyin thecontext
of global spacebornemeasurements.Oneapproacharound
this problemis to develop methodscapableof integrating
additionalinformationin theinversionprocess(e.g.,theLI-
RAD methodof Platt [1979]).

This paperintroducesa methodthat canincorporatedif-
ferentinformationinto thelidar retrieval problemasdeemed
relevantandis thusapotentiallysuitablecandidatefor appli-
cationto spacebornelidar data. The approachdescribedin
thispaperinvertsthelidarequationvia anoptimalestimation
methodpopularizedby the work of Rodgers [1976,1990].
Thelidar inversionproblemis particularlywell suitedto this
solutionproceduregiven the simpleanalyticalform of the
forward modeland its associatedJacobian(noteequations
(17c)and(19)). Theretrievalmethoddevelopedin thispaper
is illustratedusingthreeexamplesdrawn from LITE data;a
caseof thin cirrus observed along orbit 129 locatedat an
altitudeof about16 km, a secondcaseoccurringalongthe
sameorbit correspondingto a (geometrically)thick aerosol
layernearthesurface,anda third casecorrespondingto the
an aerosollayer observed alonga portion of orbit 147 be-
ing lofted sufficiently far off the surfacethat the transmis-
sion throughthe layer could be determined.The retrievals
obtainedfrom this approachusingonly lidar backscatteras
inputwerecomparedwith retrievalsperformedusinganiter-
ativesolutionto thelidar inversionwith thesameinput. The
two methodsproducedessentiallyidenticalresults.

The retrieval approachintroducedin this paperoffers a
numberof advantagesoverothermethods,including(1) the
methodadmitsthe incorporationof differentkindsof infor-
mationundera commonretrieval philosophy, andthis fea-
ture of the methodis illustratedwith the formal introduc-
tion of optical depthinto the lidar inversion. It is argued
that optical depthis a meaningfulanddesirableparameter
to includein the lidar inversionsfor two reasons.Firstly, it
is known (and further demonstratedin this study) that the
opticaldepthderivedfrom retrievedextinction profilessys-
tematicallyvarieswith the valueof the back-scattering-to-
extinction ratio assumedfor the retrieval. Secondly, optical
depthinformation,in principle,couldoriginatefrom anum-
berof differentmeasurementsourcesthatmaycoincidewith
spacebornelidar measurements.In this particularstudy, op-
tical depthswerederiveddirectlyfrom thelidar transmission
estimatedfor the thin cirrusexampleandthe lofted aerosol
layer exampleand thenappliedin the retrieval. However,
themethodneednot berestrictedto thisparticularsourceof
information. Whenoptical depthis introduced,it becomes
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possibleto retrieve thebackscatter–to–extinctioncoefficient
in addition to extinction profiles, given the caveat that the
backscatter–to–extinctionpropertiesareuniformthroughout
the scatteringlayer. (2) The methodprovidesa numberof
waysfor evaluatingthequality of theretrieval. Notably, the
retrieval approachpredictsfull errordiagnosticsidentifying
sourcesof errordueto measurementuncertainty(instrument
noiseandcalibrationuncertainty),modelerror (containing
all theassumptionbuilt into thelidar equationandits param-
eters)aswell asa priori error dueto the influenceof com-
piled databaseson lidar backscatterof aerosoland cloud.
Whennoopticaldepthinformationis available,theretrieval
errorsarelargebeingdominatedby theuncertaintyattached
to thebackscatter-to-extinctionratio < . Underthesecircum-
stancestheretrievalsareonly meaningfulto theextentthat <
andits relateduncertaintyareknown. Whenopticaldepthis
introducedasaform of measurement,theerrorcontributions
shift to theextentthatretrieval errorsbecomedominatedby
the measurementerror attachedto the optical depthitself.
The examplesintroducedin this paperwereso constructed
thattheapriori errorwasnegligible by virtueof theassump-
tion thata priori informationessentiallywasunreliable.

Thereareanumberof issuesthatrequirefurtherexamina-
tion. For instance,theerroranalysisdoesnot accountfor all
possiblesourcesof uncertainties,suchas thoseassociated
with the assumptionthat < is constantthroughthe scatter-
ing layer in questionor with effectsof multiple scattering.
Furthermore,theopticaldepthconstraintrequiresappropri-
atematchingof opticaldepthto thelidar profileandthiswill
be problematicto do in casesof multiple layersof scatter-
ers.Thereare,however, alsoanumberof waystheapproach
introducedin this papercould be extendedto includeeven
more information thanconsideredin this study. Backscat-
teringfrom a secondlidar wavelength,morerefineda priori
datafrom othertypesof aerosolmeasurements,areamong
otherpossibilitiesthatwill bepursuedin futureresearch.

Appendix A: Addition of an Integral
Constraint

An alternative way of introducingopticaldepthinforma-
tion into the lidar retrieval problemis to includethis infor-
mationasanadditionalconstraintof integral form,

�c� QLd� 7 � ¹ �»º � QLd�¼� �* �¸ , (A1)

which is addedto thecostfunction(6) whereº � QLd� 7 � ¯��� � �j �
q
� ,

and * ¸ is the error assignedto the optical depth. As men-
tionedabove, the sourceof this optical depthis immaterial
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provided both the valuesof ¹ and the associatederror are
specified.Adding this term to the costfunction,we obtain
the solution for its minimum [e.g., Engelen and Stephens,
1999]QL 7 L X �f^ X gh]u^,`baP � I � R � QL����D�

q
�½^ X2¾ ] � ¹ �»º � QLd�¼�* �¸ ,

(A2)
where ¾ is a unit vectorrepresentingthederivativeof º � QLd�
with respectto

QL divided by

q
� . This equationis then

solvedby iterationQL vCw a 7 ^ vx�� � ^ `�aX L X �-g v ] ^ `baP � � I � R � QL v ���-g v � QL v ����=¹ ¾ *u`l�¸ � .
(A3)

Theerrorcovariancematrix ^ x is^ vx 7 �;^,`baX �-g v ],^_`�aP g v �
q
� ¾pvy¾pv ]d*b�¸ ��`ba , (A4)

andasbefore,^ x 7K~ P ^ P ~ ]P � ~ X ^ X ~ ] X � ~ ¸ ^ ¸ ~ ]¸ , (A5)

where ~ ¸ 7 ^ x gh* `l�¸ . (A6)

To illustratethemethod,cirrusretrievalswereperformed
on theupperportionof theprofile extractedfrom orbit 129.
The optical depthof the thin cirrus layer was determined
to be ¹ 7 � � � F ¨ , and the uncertaintywasestimatedto be* ¸ 7 � � 5 ¹ ). The resultsshown in FigureA1 correspondto
two differentsetsof retrievalsderivedassuming< 7 0.25and
0.5,which approximatelyrepresentsthespreadof valuesof< expectedfor cirrus clouds. The two setsof resultswere
createdby systematicallyaltering the

s P via a multiplica-
tive factorandarepresentedasa function of the following
parameter: ¿ 7 \ P\ ¸ , (A7)

where \ P 7 � I � R � QL,M QN,����]_^,`baP � I � R � QL�M QNu�@� (A8)

is thecontribution to thecostfunctiondueto thedifference
betweenmodelandmeasurementand\ ¸ 7 � ¹ �»º � QLd�¼� �* �¸ (A9)

is the contribution to the cost function associatedwith the¹ constraint. Valuesof

¿ 3¶5
imply solutionsweighted

moreby theforwardmodelpredictions,whereas

¿ � 5
im-

pliesasolutioncorrespondinglycloserto thatimpliedby the
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constraint. This is revealedin the figure showing how re-
trievalsolutionssystematicallyapproachtheconstraintvalue¹ 7 � � � F ¨ as

¿
increases. FigureA1.

Therearetwo notablefeaturesof thesolutionspresented
in FigureA1. The solutiongenerallyfalls betweenthe un-
constrainedsolutions(

¿ 7 �
) anda solutionthatproduces

an optical depthequivalent to that of the constraint. The
solutionapproachesthe latter asthe modelerror increases.
Thiserror, however, cannotbemadearbitrarily largewithout
incurringthepenaltyof bothlargeerrorsin retrievalsaswell
asintroducingretrieval solutioninstabilities,which resultat
thepoint highlightedfor the < 7 � � � � case.Thesecondno-
tableaspectof thesolutions(andonenot shown) is that the
erroris notostensiblyinfluencedby theconstraintdepitethe
moreaccuratenatureof thelatterandremainsdominatedby
themodelerrorlargelydueto theerrorattachedto < .
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FigureCaptions

Plate1. Raw backscatteringprofilesalongportionsof orbits
129(top)and147(bottom)of LITE. Thelocationof thespe-
cific profilesusedin the paperareindicatedby the vertical
dashedlines.Thearrow indicatesthelocationof theprofiles
usedto createtheretrievalspresentedin Figure4.

Plate 1. Raw backscatteringprofilesalongportionsof orbits 129 (top) and147 (bottom)of LITE. The
locationof the specificprofilesusedin the paperareindicatedby the vertical dashedlines. The arrow
indicatesthelocationof theprofilesusedto createtheretrievalspresentedin Figure4.

Figure 1. Uncalibratedbackscatterprofilesaveragedalong
approximately25 km of orbit for the two locationshigh-
lighted in Plate1. The optical depthsnotedarethe values
derivedfrom lidar transmissionanalyses.Thevaluequoted
for the profile of orbit 129 correspondsto the cirrus layer
only anddoesnot includeany contribution from the under-
layingaerosollayer. Theopticaldepthderivedfor theprofile
of orbit 147correspondsto theaerosollayerlocatedapprox-
imatelybetween1 and6 km anddoesnot includeany contri-
bution from theunderlyingthick scatteringlayerdiscernible
below 1 km.

Figure 1. Uncalibratedbackscatterprofilesaveragedalongapproximately25 km of orbit for the two
locationshighlightedin Plate1. Theopticaldepthsnotedarethevaluesderivedfrom lidar transmission
analyses.Thevaluequotedfor theprofile of orbit 129correspondsto thecirrus layeronly anddoesnot
includeany contribution from theunderlayingaerosollayer. Theopticaldepthderivedfor theprofile of
orbit 147correspondsto theaerosollayerlocatedapproximatelybetween1 and6 km anddoesnot include
any contribution from theunderlyingthick scatteringlayerdiscerniblebelow 1 km.

Figure 2. Uncalibratedlidar returnderived from that por-
tion of orbit 147identifiedin thetopportionof Plate1 at the
locationof the arrow. The raw backscatterprofile is corre-
lated to Rayleighbackscattercalculatedfrom a given tem-
peratureprofile. Theslopeof thedashedline (andtheinter-
cept)establishesrelevant calibrationfactorsappliedto this
specificLITE profile andusedin the retrievalspresentedin
Figure6b.

Figure 2. Uncalibratedlidar returnderived from that portion of orbit 147 identifiedin the top portion
of Plate1 at the locationof thearrow. Theraw backscatterprofile is correlatedto Rayleighbackscatter
calculatedfrom a giventemperatureprofile. Theslopeof thedashedline (andthe intercept)establishes
relevant calibrationfactorsappliedto this specificLITE profile andusedin the retrievals presentedin
Figure6b.
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Figure 3. Cirruscloudbackscatter–to–extinction ratio plot-
ted as a function of midcloud temperature(modified from
Platt et al. [2001]).

Figure 3. Cirrus cloud backscatter–to–extinction ratio plotted as a function of midcloud temperature
(modifiedfrom Platt et al. [2001]).

Figure 4. Extinction profilesderived from the backscatter
profile locatedalongorbit 129 at the position indicatedby
thearrow in Plate1. Theretrievalsshown correspondto the
four valuesof < noted.Thesolid line representstheretrieval
result obtainedusing the methodintroducedin this paper.
Theprofile definedby thesolid circlesis theequivalentex-
tinction profile derivedfrom an alternative algorithmbased
on theiterativeprocedureof Alvarez and Vaughan [1994].

Figure 4. Extinctionprofilesderivedfrom thebackscatterprofile locatedalongorbit 129at theposition
indicatedby thearrow in Plate1. Theretrievalsshown correspondto thefour valuesof < noted.Thesolid
line representstheretrieval resultobtainedusingthemethodintroducedin this paper. Theprofile defined
by thesolid circlesis theequivalentextinction profile derivedfrom analternativealgorithmbasedon the
iterativeprocedureof Alvarez and Vaughan [1994].

Figure5. Error characteristicscorrespondingto the(a) < 7� � ¦ �A§ and(b) < 7 � � 5 �1ª profilesof Figure4. Therespective
extinction profilesandtotal error is shown in the left-most
panel(the grey curve is the total extinction error) and the
breakdown of this total errorinto a priori, measurementand
modelcomponents.

Figure5. Errorcharacteristicscorrespondingto the(a) < 7 � � ¦ �A§ and(b) < 7 � � 5 �1ª profilesof Figure4.
Therespectiveextinctionprofilesandtotalerroris shown in theleft-mostpanel(thegrey curveis thetotal
extinctionerror)andthebreakdown of this total errorinto apriori, measurementandmodelcomponents.

Figure 6. (a) Cirrus cloud extinction profile retrieved for
thatportionof orbit 129notedin Plate1. As for Figure5, the
retrievedprofilesderivedfrom thetwo differentmethodsare
shown in theleft panel.Also shown is thetotalerror, andthe
retrievedvalueof < is quotedin the figure. The right-hand
panelpresentstheerrorsasfor Figure5aand5b but for the
aerosollayerof orbit 147.

Figure6. (a)Cirruscloudextinctionprofile retrievedfor thatportionof orbit 129notedin Plate1. As for
Figure5, theretrievedprofilesderivedfrom the two differentmethodsareshown in the left panel.Also
shown is thetotalerror, andtheretrievedvalueof < is quotedin thefigure.Theright-handpanelpresents
theerrorsasfor Figure5aand5b but for theaerosollayerof orbit 147.
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Figure A1. Retrieval solutionsfor the cirrus case(refer
Plate1 andFigure 6a) expressedin termsof the retrieved
opticaldepthplottedasa functionof

¿
which is a parame-

ter thatmeasurestherelativestrengthof theimposedoptical
depthconstraint(seetext). Theopticaldepthconstraintis in-
dicatedby thehorizontalline andis borderedby two dashed
linesrepresentingthe10 % rangeof uncertaintyattachedto
thisconstraint.Two retrievalsareshown,onefor anassumed< 7 � � � � andanotherfor < 7 � � � . The point at which the
retrieval for < 7 � � � � fails is indicatedby thestarsymbol.

Figure A1. Retrieval solutionsfor the cirrus case(refer Plate1 andFigure6a) expressedin termsof
the retrieved optical depthplotted as a function of

¿
which is a parameterthat measuresthe relative

strengthof theimposedopticaldepthconstraint(seetext). Theopticaldepthconstraintis indicatedby the
horizontalline andis borderedby two dashedlinesrepresentingthe10 % rangeof uncertaintyattached
to this constraint.Two retrievalsareshown, onefor anassumed< 7 � � � � andanotherfor < 7 � ��� . The
pointat which theretrieval for < 7 � � � � fails is indicatedby thestarsymbol.
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Table 1. Lidar RatioMeasurementsWith SignificantSampleSizes

Method Location ÁcÂ Sarange(sr)Ã NotesÄ
Slantlidar Tucson 57 15 - 82 1
Nephelometry centralIllinois 95 27 - 75 2
Nephelometry IndianOcean 168 33 - 91 3
Nephelometry Hawaiiancoast 35 26 - 33 4
Lidar/sunphotometer IndianOcean 102 25 - 75 5
Ramanlidar centralOklahoma 2556 45 - 87 6

Â Á is theestimatednumberof independentsamples.Ã Sarangeis therangethatencompasses95%of thedata.Ä 1,Lidar measurementsatseveralslantanglesdetermineseffectiveSovermixedlayerat694nm;sporadicdaily
samplesover 5 years;rangeandN reflectonly sampleswith lessthan30% uncertainty[Spinhirne et al., 1980;
Reagan et al., 1988]; 2, nephelometricmethoddetermineslocal S at 532nm; continuoussurfacemeasurements
over 5 weeks;N assumesoneindependentsampleevery 4 hours[Anderson et al., 2000];3, methodasin note(2);
airbornedata(30to 3500m altitude)from 18flightsover6 weeksduringlow-level offshoreflow from surrounding
continents;Á assumesoneindependentsampleevery1 km verticalor 100km horizontal[Masonis, 2001;Masonis
et al., 2001];4, methodasin note(2); continuoussurfacemeasurementsover8 daysduringonshore(marine)flow;Á assumesoneindependentsampleevery 4 hours[Masonis, 2001]; 5, vertically pointing micropulselidar and
sunphotometerdetermineeffectiveSoveraerosol-ladenlowertroposphere;continuousdatafrom shipduringsame
experimentasin note(3); Á assumesoneindependentsampleevery 4 hoursfor the17 cloud-freedaysof data
[Welton et al., 2001]; 6, Ramanlidar determineslocal S from 0.8 km to about4 km at 355nm; continuousdata
from surfacestationover 2 years; Á assumesfour independentsamplesin vertical obtainedevery 4 hoursover
213dayswith 50%datalossdueto cloudcontamination[Ferrare et al., 2001].
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Table 2. Aerosol Layer Backscatter-to-Extinction Ratios
and Retrieval Optical DepthsAssociatedWith Resultsof
Figure4.

S(sr) K Å
20 0.620 0.060(0.061)
40 0.314 0.147(0.149)
60 0.209 0.285(0.289)
80 0.157 0.525(0.526)


