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Abstract. This paperintroducesa methodthatcanincorporatedifferentinformationinto
thelidar retrieval problemasanattemptto addresshe backscattefto—extinction ambiguity
thatplagueghe usefulnes®f lidar backscatteringneasurements he approachsuitedfor
applicationto spaceborndidar data,invertsthe lidar equationvia an optimal estimation
method.This methodis illustratedusingthreeexamplesdravn from LITE data.Retrieals
using only lidar backscatteasinput were comparedo retrievals performedusing an
iterative solutionto the lidar inversionwith the sameinput. The two methodsproduced
essentiallyidenticalresults. The nev method,however, offers a numberof advantages
comparedo othermethods,including (1) the ability to incorporatedifferentkinds of
information undera commonretrieval philosophy This featureis illustratedwith the
formal introductionof optical depthinto the lidar inversion. In this papey optical depth
information, derived from the Idar transmissiorestimatesjs combinedwith backscatter
measurementmakingit possibleto retrieve the backscattetto—ectinction ratio in addition
to extinction profilesgiven certaincaveatsnotedin the paper (2) The methodprovidesa
numberof waysfor evaluatingthe quality of theretrieval. Notably theretrieval approach
predictsfull errordiagnosticsdentifying sourcesof errordueto measuremenincertainty
(instrumentnoiseandcalibrationuncertainty) modelerror (containingall theassumptions
built into thelidar equationandits parametersyswell asapriori errordueto theinfluence
of compileddatabasesn lidar backscatteof aerosolandcloud. Whenno optical depth
informationis available,theretrieval errorsarelargely dominatedy the (large) uncertainty
attachedo the backscatteto-extinction coeficient k. Underthesecircumstanceshe
retrievals are only meaningfulto the extentthat k£ andits relateduncertaintyis known.
Whenopticaldepthis introducedasaform of measurementhe errorcontritutionsshift to
the extentthatretrieval errorsbecomedominatecby the measuremerdrrorattachedo the
opticaldepthitself.

1. Intr oduction

Tenuouslayers of aerosoland thin cirrus cloudsintro-
duceimportantalbeitcomplec effectson the radiationbud-
getof the planet. Theseeffectsoccurasa consequencef
the way aerosolandcloud particlesscatterandabsorbradi-
ation. Theseradiative processesn turn, aredeterminecby
optical propertiesgovernedby the composition size, struc-
ture, andnumberdensityof the particlesthatform the lay-
ersin question.Simply observingthe spatialdistribution of



the moretenuouscloud andaerosolayersis a challengdet
alonemeasuringthe complex physicaland optical proper
ties.

With the adwent of the light detectionand ranging (li-
dar) measuremengystememeged a tool sensitve enough
to detectthe most tenuousscatteringlayers of the atmo-
sphere. Lidar systemshave evolved significantly over the
pastfew decadege.g.,Measures, 1984;Grant, 1997]being
usedextensiely to detectaeroso[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]. The eraof spacebornédar systemss now uponus
with a flight of the backscattetidar aspart of the Lidar in
SpaceTechnologyExperiment(LITE) flown in 1994onthe
spaceshuttle[Winker et al., 1996]. LITE demonstratethe
capabilityof lidar in detectingcloud andaerosol giving an
unprecedentesliew of the vertical structureof the scatter
ing atmospherandis to befollowedwith thelaunchof the
GLAS laterin 2001andthelidar of PICASSO-CEM (P-C)
[Winker and Wielicki, 1999]in 2004.

Although the backscatteringneasurement®y ground,
airborne,and eventually spaceborndidar systemspromise
much, actualretrieval of particle optical propertyinforma-
tion usinglidar alonehasprovento be difficult. The diffi-
culty arisesfrom anintrinsic ambiguitythatoccursbetween
theeffectsof backscatteringndextinctionthatarisesrom a
combinatiorof scatteringandabsorption For example,con-
sidertwo volumescontainingdifferentnumberof scatterers
buriedsomevheredeepin acloudor aerosolayer. Thevol-
umewith a greatemumberof scatterergloesnot necessar
ily producea signallarger thanthat derived from the vol-
ume of fewer particlessincethe increasedcontribution by
the greatemumberof backscatteringn thatvolumecanbe
offsetby asimultaneouslecreasedignalassociateavith at-
tenuationwithin the samevolume. Thesecompetingeffects
cannotbe separatedrom measurementsf lidar backscat-
ter alone,and otherinformationis requiredto addresghis
so-calledbackscatteto-extinction ambiguity While more
adwancedlidar systems suchasthe Rayleighlidar system
[e.g.,Grund and Eloranta, 1991]and Ramanlidar systems
[Ansmann et al., 1990]provide away of unraveling thisam-
biguity, retrievals basedon datafrom the simplerbackscat-
teringsystemgplannedor spacen thecomingyearshaveto
confrontthis problem.More obviousapproacheto address-
ing this problemeitherintroduceanexplicit relationshipbe-
tweenthe backscatteringndthe extinction andtake this to
be known a priori or alternatvely introduceotherforms of
measuremerthatcanberelatedindependentlyo extinction
(or backscatteras exemplified by the methodof Fernald
et al. [1972], the LIRAD methodof Platt [1979], and oth-



ers.

The purposeof this paperis primarily to outlinea method
to retrieve profiles of particle extinction from measuredi-
dar backscatteringrofiles. The focus of attentionis on
applicationof the retrieval algorithmto the spaceborndi-
dardataof LITE. The challenges to identify waysto con-
strain, quantitatvely, the backscatterto—etinction proper
tiesandrelateduncertaintywhetherfrom someindependent
sourceof knowledge aboutthe scatteringof the particles
suchastyping aerosolby air massor cloud by temperature
or from other measurementsontainingindependeninfor-
mationaboutparticleextinction. Onceidentified,a method
hasto be developedthat can appropriatelyadd this alter
nate heterogeneouknowledgeinto a quantitatve retrieval
method. The essentiapurposeof this paperis to introduce
one suchretrieval approachnot previously appliedto lidar
retrievals. Themethodis developedandillustratedusingex-
amplesdravn from LITE data,andthe additionalinforma-
tion neededo constrainthe retrieval problemis introduced
in theform of opticaldepth.

The main body of the paperbeginswith a brief introduc-
tion to LITE and presentsorbit dataselectedfor analysis.
Section3 thenfollows with a brief outline of the lidar re-
trieval problemandoffersinformationaboutthebackscatter
to-extinction characteristiof aerosolandcirrus clouds. A
new lidar retrieval methodis introducedin section4 fol-
lowed by examplesof retrievals in section5 which, asin
pastwork [e.g., Platt, 1979], reveal an accutesensitvity to
theassumedalueof the backscatterto—extinctionratioand
its relateduncertainty We shov how poor knowledge of
this parameteteadsto an increasinglyunacceptableange
of solutionsparticularlyasthe optical depthof thelayerin-
creasesBothsection6 andthe Appendixoutlineapproaches
thatintroduceoptical depthin theretrieval eitherasa form
of measuremen(section6) or asa contraint(AppendixA).
Theresultsof thepaperalongwith conclusiongierivedfrom
theseresultsaresummarizedn thefinal sectionof the paper

2. Lidar Profile ExamplesFrom LITE

The Lidar in SpaceTechnologyExperiment(LITE) was
flown aboardthe spaceshuttle Discovery during Septem-
ber 1994. As the first civilian effort to operatean active
instrumenton spaceplatformsfor ervironmentalresearch
purposesLITE provided nearnadir profiles of backscatter
alongthe orbit track using a three-vavelengthdoubledand
tripled Nd-YAG 1064 nm lidar. For the most part, inde-
pendentretrievals of cloud and aerosolpropertieswere not
availableto matchthesdidar profiles. Furthermorethelidar
backscattein the presencef cloudstypically saturatedhe
detectorwhensetin high gain aerosolmodeandthe noise
introducedby scatteredsunlightdegradedthe quality of the



datato disallov Rayleighandaerosokcattermeasurements
during the daytime portionsof the orbits. In this studywe
chooseahreeLITE profilesto introducetheretrieval method.
Two of the profileswere choserbecauseét waspossibleto
determinethe two-way transmittancehrougha thin cirrus
layer in one caseand a lofted aerosollayer in the second
case,therebyproviding someestimateof optical depth of
eachrespectie layer This transmissionapproachis fre-
guentlyusedin analyse®f lidar data[seeYoung, 1995].

In this study only nighttimeportionsof orbit dataareana-
lyzedandthenonly threespecificbackscatteringrofilesare
usedto examinethelidar retrieval problem. Datafrom sey-
mentsof thetwo orbitsarepresentedsimagesof backscat-
teringprofilesmeasuredlongtheorbit track of the shuttle.
Thetop panelof Platel is animageof anapproximate350
km sectionof the nighttime portion of the LITE orbit 129
locatedin the vicinity of the Sudan-Ethiopigborder The
backscatteringrofiles compositedo createthis imagere-
veal the presenceof two layersof thin cirrus cloudsover
lying a lower more extensve layer of aerosol. The cirrus
layersarelessextensivethantheaerosolayerwith onevery
thin layer above 15 km and a lower layer below 15 km is
denseenoughin portionsto saturatehereturnedsignal. The
aerosollayer is locatedbelonv about5 km being lofted off
thesurfacefor mostof thesectionof the orbit. Thesourceof
this aerosolis presumablywind-blown dustfrom neighbor
ing desertregions. The bottomimageof Platel is a portion
of orbit 147 shawving anextensie layerof aerosolgenerally
lofted above the surfaceandlocatedbetweerapproximately
1-6 km.

Figure 1 presentsindividual backscatteringrofiles ex-
tractedfrom a 20 shot average, equatingto an approxi-
mate 15 km alongtrack average,at the locations(10.3N,
31.7633E) alongorbit 129and(20°N, 22°W) of orbit 147,
both locations being indicatedin Plate 1 by the vertical
dashedine. The estimatedptical depthsof the cirruslayer
(orbit 129)andaerosolayer (orbit 147)arequotedin there-
spectve profilesof Figure1. Thesevaluesof opticaldepths
do not apply to the entire profile but to that part of the raw
profile that can be identified asthe layer in question. The
profile dataare also averagedin the vertical with the data
shawvn correspondindgo a 60 m verticalresolution.The pro-
file extractedfrom orbit 129 correspondgo the caseof a
very thin layer of cirrusover arelatively deepaerosolayer.
The secondprofile (orbit 147) correspondso a lofted layer
of aerosolocatedroughlybetweerl.5km and5.5km above
thesurface.

3. Lidar Retrieval Problem

Thelidar equatiorgovernstherelationbetweertherange-
resohedmeasuredbackscatteringower P(R) andthescat-



tering and attenuationpropertiesof the atmosphere.This
equationmay be written asfollows:

In(CxP(R)R?) ~ In[Bray(R) + B(R)]

R (1a)

=2 [ Bi)otr") + omalrar'
0

where P(R) is the raw backscatterat range R, 3(R) is
the backscatteringlue to aerosolor cloud, Sray(R) is the
Rayleigh-backscatteringpeficient, o (R) is the particleex-
tinction coeficient, oray(R) is the Rayleighextinction, C
is a factorthat representénstrumentcalibration,andy is a
factorthataccountsor multiple-scatteringprocessesThis
calibration factor can be derived by matchingportions of
themeasuredackscatteringrofile takento arisefrom pure
molecularscattering. Figure 2 is an example of sucha
calibration,showing the profile of raw lidar dataP from or-
bit 147 analyzedn this studyplottedagainstthe calculated
Rayleigh-backscatteringoeficient derived usinga temper
atureprofile matchedo thatportionof theorbit. Thesource
of this temperatureprofile is from weatherforecastscar
ried out for the periodof LITE by the EuropearCentrefor
Medium-RangéNeatherForecasts.The top portion of the
profile (correspondindo the smallervaluesof backscatter)
representthe pureRayleigh-scatteringortionof theprofile
andasimplelinearfit, asindicated directly providesC and
associatedffsetvaluesthat mustbe incorporatednto (1a).
The portionsof the profile which deviate from this linearfit
correspondo theaerosolayernotedabove.

Equation(1a) is a parametricform of the equationof
transfer that representdidar propagationin a scattering
medium. Multiple-scatteringprocessesire representedy
the factorn < 1, which reducesthe attenuationof the Ii-
darbeamto accountfor the effect of multiple scatteringon
the propagationUnlessstatedotherwisewe hereinafteras-
sumethatn = 1 althoughwe notethat multiple scattering
of the spaceborndidar specificallyand surfacelidar more
generallycontinuesto be a topic of study[e.g., Miller and
Sephens, 1999; Bissonnette et al., 1995] and is an addi-
tional sourceof retrieval uncertaintythatis not specifically
includedin theanalysegpresentedbelow.

An equivalentform of (1a)is

In(C'x P(R)R?) ~ In[fray(R) + k(R)o(R)]

R (1b)

=2 [ o) + omal
0

wherethe cloud andaerosobackscattecoeficient 5(R) of
(1a) is replacedby the productk(R)o(R), wherek(R) is
the backscatteto-extinction coeficient, hereinafterconsid-
eredindependentf rangeanddiscussedurtherbelov. The
goal is to invert (1a) or equivalently (1b) to obtain either



the profile of particle extinction, namelys (R), or the pro-
file of particlebackscatte3(R). Theinversioncanfollow
two equivalentpaths. One pathinverts(1a)for 8(R) given
thereplacemenof o(r') by 5(r') /k in theattenuatiorterm.
The particle extinction profile then follows as the product
B(R)/k. The secondapproachinverts (1b) for o(R) and
B(R) subsequentlyollows asthe productko(R).

The key factor that facilitatesthe inversionof the lidar
equation either in terms of S(R) or o(R) is the back-
scattering-to-gtinction ratio £ andits enablingrole in the
inversionof (1a) and (1b) is well known [e.g., Sephens,
1994]. Unfortunately this parameteis highly variablede-
pendingon thesize,shapeandcompositionof thescattering
particles. Table 1, adaptedfrom Anderson et al. [2000],
providesmeasurementsr estimate®f this ratio for various
aerosoltypes. The tablelists valuesof the so-calledlidar
ratioS, A
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S=—. )
collatedfrom various aerosoldata sourceson the basisof
differentmeasuremerdapproachesWhile theactualvolume
of datafor tropospheri@erosol aswell asfor cirrusclouds
as describedbelow in relationto Figure 3, is limited, the
availabledatado allow usto placeboundson the valuesof
k. For example,the valueslisted in Table 1 rangefrom
aboutS = 15 srto 91 sr wherethis rangeis broadly gov-
ernedby the aerosomodealthoughthe ratiosalsovary sig-
nificantly within thesemodes.Also notevorhty arethe val-
uesfor Hawaii, indicatingthatthis ratio is reasonablywell
constrainedor this particularcasewherethe samplingwas
conductedn a very consistent(maritime) air mass. Typi-
cal valuesof k (S) for the coarsemoderangebetweenl.26
and0.314(10to 40sr),while valuesfor submicrorpollution
aerosolparticlesrangebetweer0.314and0.14 (40to 90 sr)
[Ackerman, 1998;Muller et al., 1998;Anderson et al., 2000;
Reagan et al., 1988]. In this studywe do not attemptto rep-
resentcomprehensiely this variability but ratherexemplify
propertieof coarsemode(seasalanddust)andaccumula-
tion mode(dirty andcleanpollution) aerosoltypesby con-
sideringa rangeof valuesof S betweer20 and80 srandk
betweerD.628and0.157.

Values of the backscatteto-extinction ratio of cirrus
cloudsalso vary significantly Figure 3, adaptedirom the
work of Platt et al. [2001], indicatesthat k& variesby a fac-
tor of almost4 for the tropical cirrus cloudsanalyzedusing
theLIRAD measuremertechniqueappliedto thelidar data.
The apparentemperaturalependencsuggestghatit may
be possibleto restrictthe rangeof & for cirrus by assuming
this parameterariesasa function of midcloudtemperature
asimplied by theresultsof Figure3.

Thelidar retrieval problemconsideredn this paperseeks
to invert (1) to obtainprofilesof o. Therearea numberof



publishedechniquegor invertingthelidar equationjnclud-
ing the Klett method[Klett, 1981] for a single-component
systemandthe methodsof Fernald [1984] andtheiteration
methodsof Platt [1979] and Alvarez and Vaughan [1994]
for atwo-componenegystenconsideredh thispaper Since
measurementsf £ (andS) for ice crystalcloudsandaerosol
have beenlimited to a few surfaceand ground-basedidar
sitesworldwide [Anderson et al., 2000],andsincetherange
of variability of this parameteiis known to be large, a re-
trieval algorithmappliedto global spacebornéidar databy
necessityhasto assigna large uncertaintyto this parameter
thus compromisingthe quality of the informationreturned
by the algorithm. The challengeis to identify waysto con-
strainthe rangeof k, thusreducingthe uncertaintyattached
to this parametertherebyimproving the overall quality of
theretrieval. This constrainttouldbederivedfrom somein-
dependensourceof knowledgeaboutthe scatteringof the
particlessuchastyping aerosolby air mass,or grossinfor-
mation aboutpatrticle size, cloud by temperaturepr from
othermeasurementsontainingindependeninformationon
particleextinction. Onceidentified,a methodhasto be de-
velopedthat can appropriatelyadd this alternateheteroge-
neousknowledgeinto a quantitatve retrieval method. The
essentiapurposeof 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

Theapproactdevelopedhereto invertthelidar equatioris
basedon the optimal estimationmethodpopularizedoy the
work of Rodgers[1976,1990]amongothers.This approach
offersa numberof advantagever the moreusuallidar re-
trieval methodsntroducedabove. A key goalof this papelis
to illustratethe primary advantage®f this approachwhich
include(1) anability to incorporatemultiple sourcef het-
erogeneouiformationundera commonretrieval philoso-
phy. Thesesourcesof information can extend beyond the
532nm lidar backscatteof the spacebornédar. For exam-
ple, theinformationcould comefrom lidar measurementst
anadditionalwavelength(suchasat1064nmasin LITE and
alsoproposedy PICASSO-CEM), or beintroducedn the
form of optical depthderived from someotherindependent
sourcesuchaslIR radiancessin the exampleof the LIRAD
method[Platt, 1979] or the informationmight comein the
form of sceneclassificationpointing to specificsetsof pa-
rametersamongthemary possibilities.(2) Dataavailableto
theretrieval canalsovaryalongtheorbit dueto, for example,
day—nightorbit differencesamongotherfactors. The same
algorithm can procesdifferenttypesand amountsof data
accordingly (3) Retrieval diagnosticsn theform of detailed



error budgets,including a breakdevn of error components
andmetricsof informationcontentfollow directly from the
method.This comprehensie setof diagnosticprovidesary
userof the dataclearmeasure®f the retrieval quality and
the extentof relianceon otherextraneouslata.

4.1. General Optimal-Estimation Approach

The lidar-observingsystemmathematicallyexpressedn
termsof thelidar equation(1), canbegenerallywrittenin an
alternateconceptuaform

y =F(x,b) +¢y, @)

wherey is avectorof the measurementariable(backscat-
ter power) ande,, is the measuremergrror (ostensiblyaris-
ing from calibrationof thelidar); F' is theforwardfunction,
x is a vectorof the true extinction profile (asdistinctfrom
x, which is our (imperfect)retrieval of x), andb is a vec-
tor of “model” parameter¢hatarenotactuallyretrievedbut
fundamentallygoverntherelationbetweerthemeasurement
andthe retrieved parametenof interest. In reality, both the
forward modelandthe modelparametersnustbe approxi-
mated,producing

y:f(fc,f))+sy+sf, 4)

wheree; now reflectsan additional sourceof uncertainty
associateavith the forward functionandassumedaluesof
b asdiscussedbelow.

We follow the notationof Rodgers [1990] andintroduce,
formally, theretrieval schemeas

)ACZI(y,b,Xa,C) ’ (5)

which is the “inversemodel” requiring somea priori infor-
mationx, andotherinformationc thatis not formally part
of the forward function but neverthelessnay be neededy
theinversionprocess.

The optimal estimationapproachconstructsk, usingthe
forward modelto obtainthe mostlikely solutionconsistent
with both the measurementandary givena priori knowl-
edgeof x. Underthe assumptiorof Gaussiarstatisticsthe
optimalsolutionis foundby minimizing the costfunction

®=(%—x,)78 (% —x,)
+(y - f(x,b)7S,  (y - f(%,b)) + C(x) ,

with respectto x. A brief note aboutthe assumptionof
Gaussiarstatisticsis warranted.The optimal estimationap-
proachintroducedhereis an implementationof the Bayes
theoremand the detailsof how one goesaboutestimating
themostprobablesolutionvariesaccordingto the detailsof

(6)



theform of the probabilitiesassumedin principle,any non-
Gaussiarstatitistics could be invoked (this would change
the details of the solution presentedbelonv in significant
ways). E. T. JaynegProbability Theory: The Logic of Sci-
ence, 1996. unpublishednanuscript1996(bookavailableat
http://omeya.math.albanedi:8008 JayresBookhtml))
notesthat accordingto the principle of maximumentropy,
the Gaussiardistribution is the mostappropriateif only a
meanand varianceis known. Alternative distributions, un-
lessknown andrigorouslyjustifiable,addspuriousnforma-
tion to the retrieval and biasesthe estimatatiorof the most
probablesolution.

Thefirst termof (6) representshat partof the costfunc-
tion associatedvith constraintsimposedby a priori data.
The degreeto which this constraintis to be appliedis ul-
timately determinedby the covariancematrix S,, which
containsmeasuref the confidenceplacedin x,. The
secondterm representghat part of the cost function de-
fined by matchingthe measuremeny to themodel f (%, b).
Minimizing the cost function defined by this term alone
is equivalentto a weightedleastsquaresestimation[e.g.,
Menke, 1989], wherethe weightingin this senseis estab-
lished throughthe covarianceerror matrix S,. The third
termof this particularcostfunctionrepresentsnadditional
constraintthat might be imposedfrom someotherform of
information aboutx, thus emphasizinghow suchinforma-
tion canbeaddedn theretrieval asdesired.We describejn
AppendixA, anexampleof the inversionof the lidar equa-
tion for which C'(x) is in the form of anintegral constraint
expressedn termsof the opticaldepth.

Ignoringthefinal term of (6) for now, the solutionx that
lies at the minimum of the costfunctionis [e.g.,Marks and
Rodgers, 1993]

X=X, + SaKTngl[y - f()A()] ) (7)

whereKT is thetransposef the weightingfunction matrix
constructedf 0 f(z;)/d(&;). In the caseof thelidar prob-
lem, theweightingfunctionmatrix is composedf elements
representinghe sensitvity of the forward model evaluated
atrangeR; to changesn theextinctionatrangeR,;.

The specific form of the covariance matricesand the
weighting function matrix, asappliedto the lidar problem,
is discussedn section4.2, but some generalcomments
about S, are warrantedat this stage. Following Marks
and Rodgers [1993], we considerS,, to containtwo general
sourcef error, namely

Sy:SE+Sf1 (8)

wherethefirst termof theright-handsideof (8) is theerror
attributedto themeasuremertf y (i.e.,e,), andthesecond
term containsthe errorsthat canbe attachedo the forward



model(ef). Thelatter, in turn, canbe expressedn termsof
the quantity
of .+

Af:F(X,b)—f(X,b)—a—b(b—b), (9)
wherethe differenceermdefinedby thefirst two factorsac-
countsfor biaseghatmight exist in theforwardmodel. The
third termis theerrorassociateavith uncertaintiesn model
parameters.Quantifying bias errorsis difficult in general,
andtheseare hereinafterignoredalthoughbias errorswill
have to be addressedvhen applying the algorithmto real
data. With this assumptionjt thus follows that [refer to
Marks and Rodgers, 1993]

Sf = KngKb y

whereKj is thesensitvity matrix determinedy thefactors
0f(#;,b)/0b, andS, is theerrorcovariancematrix formed
by the errorsattachedo the modelparameterd.

Givensuitablespecificatiorof all errortermsandweight-
ing functions thesolutionof (6) proceed$y iteration[Marks
and Rodgers, 1993],

X" = 87((S7 "xa + KT8 y — f(x") + K"(%")]
(10)
whereS? is theerrorcovariancematrix of thenth iteration
Sy =(S;" +K"S;'K")~". (11)
Corvergenceof thisiterationis achievedby thetest
AXTSTAx < ny (12)

wheren,, is thedimensionof thex vector
Theretrieval errorcovariancematrix S, canalsobewrit-
tenas

s =D,S,D] +D,S,D] (13)

where
D, = S,K"S;"', (14)
D,=S,S;'. (15)

The advantageof this particularform of error covarianceis
thattheindividual componentshatcontributeto thetotal er-
ror canbe quantified. In this studywe considerthreemain
sourcef retrieval errorfor discussionanapriori errorde-
fined by the secondterm of the right-handsideof (13), the
measuremengrror representinghe contritution S, in the
first termof theright-handsideof (13), andthe modelerror
determinedy (9) whensubstitutednto (8) and,in turn,into
(13).

In additionto the error analysisofferedby the approach,
otheruseful diagnosticinformation canbe derived. Good-
ness-of-fitof theretrievedinformationto the measurements

10



(including a priori data)can be quantifiedusinga x? test,
where

gl(i_xa)

xa)"
+(y - f&DB)TS, (v - f(%,b))

follows a x? distribution with n,, degreesof freedom(n,, is
the dimensionof the measurementectory. Accordingto
Marks and Rodgers [1993], x? ~ n, is typical of a good
retrieval andis alsotypical of the retrievals provided below
(althoughy? statisticsarenot presented).
Themodelresolutionrmatrix[e.g., Menke, 1989;Rodgers,
1990]
A=D,K (16)

providesa measureof the dependencef x on thetrue pro-
file x andthusoffersinsightonthe extentthe measurements
y contributeto theretrieved%x versushow mucha priori in-
formationcontributesto theretrieval. For anidealobserving
systemwhich is onesolelydependenbn measurementA
is the identity matrix. For a systemthatdeliversa retrieval
basedentirely on a priori input, A is the zero matrix. For
theretrievalsdescribedelow, verylittle weightis placedon
a priori input resultingin an A matrix that very closelyap-
proximatesthe desiredunity matrix. (For aninterpretation
of the A matrix appliedto actualdata,referto Engelen and
Sephens[1999]).

4.2. Application to the Lidar Retrieval Problem
The lidar retrieval problem (1) can be expressedn the
form of (3) with thefollowing definitions:
x={o(R;);j=1,...,N}, (17a)
={In(C x P(R;)R?*);j =1,...N}, (17b)

F(@5,5;) = In(Bray(R;) + k(R;)3(R;))
— 2%7_, [cBraye + 15 AR,

definedat eachrangeR;,j = 2,...N countedfrom the
top of the atmospheredlownward where AR is the range
resolution of the lidar system,and the overbarrefers to
layer meanvalues(z, is the layer meanextinction (z; =
0.5(z; + z;—1))). We considertwo forms of the modelpa-
rametervector, one vectorbeing composedf threemodel
parametershatareeachafunctionof rangeR,;

(17¢)

= {b1,ba,b3},
where
b1 = {Brayj;j =1,...N}, (18a)
by={k;j=1,...N}, (18b)

bs={n;;j=1,...N}, (18c)

11



wherewe have assumedhat & is constantthroughoutthe
scatteringayer underinvestigation. The secondversionof
theretrieval defines

b={b1,bs}

andincludesk in theretrieval vectorx. We deferdiscussion
of this secondapproactto section6.

Theelementof theweightingfunction matrix, K;;, con-
structedby differentiating(17c)with respecto z, follow as

K, = 0 i<y,

Ki; = —2jAR i>j, (19)
k

K, = ———-2nAR i=j,

’ ﬂRay,i"‘ka'i 7 J

andall covariancematricesareassumedo be diagonalwith
thediagonalelementspecifiedby

2
Sa,ii =045

2 2 2 2
Sy.ii = €y + Op1 + Tpa + Op3

wheree, is theerrorin the measuremerand,for both sim-
plicity andfor the sake of illustration, thisis takento be 5%
of the measuredackscattepower, andthe remainingerror
factorsfollow from (9) and(18b)with

0-02,8Ray’z
Ob1 o
Brayi + ki
o = -— 20
’? ,BRay,z' + kx; ( )

which, respectiely, reflecta 2% error in the specification
of the Rayleighbackscattetakento be typical of the error
in estimatingRayleighbackscatefrom a giventemperature
profile andanerrorin k dictatedby Ak. Hereinafteropz =
0 sincewe consideronly thecaseof n = 1.

Theapriori x, appliedto (10), usedto establisitheerror
accordingto (20) andfurther usedto begin the iteration, is
derivedfrom a simpleonestepof theinteractionsolutionof
thelidar equation(1b) expressedis

Ta,i = [exp(yi + 25,7} [cBray¢ + NTa, ]AR) — ,BRay,i](k -)

21
We hereinafterseto, = 55, reflectinga stateof lit-
tle confidencein a priori knowledge (for example,thereis
no establishectlimatologyof aerosolextinction thatcanbe
usedto definex,). Although arbitrary this hasthe sought
after effect of downgradingthe contribution of the a priori
informationrelativeto theinformationcontainedn themea-
surement.
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5. AerosolRetrieval Resultsfor Orbit 129

Aerosolextinction profileswereretrieved from the back-
scatteringprofile correspondingo thelower portionof orbit
129. It wasnot possibleto infer the optical depthof this
lower aerosollayer using the previously mentionedtrans-
missionmethodsotheretrieval resultsintroducedbelow are
presentednerelyto highlight selectedfeaturesof the lidar
retrieval problem.Retrievalsarepresentedor thefollowing
valuesk = 0.628,0.314,0.209, and0.157 (or equivalently
S =20,40,60,and80), broadlyencompassinthe expected
rangeof valuesnotedin Tablel. The retrieved profiles
correspondingo eachof thesevaluesof k, presentedh Fig-
ure 4, werederived assumingan errorin k of 50%, reflect-
ing a relatively poor knowledgeof this parametet(but not
sopoorasto accommodate factorof 5 rangein variability
notedin Tablel). For comparisorpurposestesultswereob-
tainedusinganalgorithmbasednasimpleiterationmethod
(hereinafterreferredto asthe iterationmethod). The agree-
mentbetweerthetwo typesof retrieval methodds excellent.
Sincethereis no companioninformationaboutthe physical
andchemicalcharacteristicef the aerosolobsened during
LITE, it is not possiblea priori to specifywhich of the four
valuesof k (or arny valuewithin therangeconsidered)s the
correctretrieval without considerablaincertainty Lacking
additionalinformationthatmight reducethe rangeof uncer
tainty in k, ary one of the four profiles presentedn Fig-
ure 4 represents legitimateretrieval solutionfor the given
backscatteringrofile.

Table2 lists the optical depthsobtainedfrom theintegra-
tion of the individual extinction profiles retrieved through
the depthof the aerosollayer The optical depthsderived
from the retrievals from the iteration methodare givenin
parenthesesThe resultsemphasizean obvious correlation
betweenthe optical depthobtainedfrom the integration of
the extinction profilesandthe valueof k£ assumedn there-
trieval. This correlationis a consequenc&om the factthat
a layer of aerosolcharacterizedy low valuesof & (typi-
cal but not exclusive to aborbingaerosol)requiresa greater
numberdensityto producehesamebackscattecomparedo
the caseof anaerosolof high £ (suchasa purely scattering
aerosol). Unfortunately the retrieved profile not only does
not simply scalein a proportionallinearway to the valueof
k but alsochangesn anonlinearfashionasclearly seenfor
example,whencomparingthe k= 0.628and0.157 profiles
of Figure4. The nonlineardependencef theretrieval on k
is similarly reportedby Platt [1979].

Figures5a and 5b presentthe error budgetsassociated
with two of the profilespresentedn Figure4 (k = 0.628
andk = 0.157, respectiely). Shavn arethe profilesof ex-
tinction asgivenin Figure4 andthetotal error,

error = /Sy ii
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(left panel)aswell asthe contribution of thethreeindividual
componentgright panels)wherethe sumof the squareof
the componeneerrorsis equalto the squareof the total er-
ror. Thetotal errorvariesthroughtheprofile andapproaches
about50% asexpectedsincethetotal erroris dominatedoy
themodelerrorwhich, in this casejs principally determined
by the uncertaintyin the modelparametek. Sincethe un-
certaintyplacedon k wasassumedo be constanthroughout
the layer, this resultingmodel error is approximatelyuni-
formly distributedthroughouthelayer Theerrorthatarises
from theinfluenceof thea priori ontheretrieval is smallde-
spitethefactthatthe uncertaintyassumedor the a priori is
large. This too is understandablgiventhatby design,very
little of the a priori x, actually contributesto retrieval and
thusto theerrorbudget.

Theresultspresente@bove emphasizeanimportantfea-
ture of thelidar retrieval problemthatalthoughknown, war-
rantsfurther comment. The resultsunderscorehe extreme
sensitvity of theretrieval to the assumedralueof k. As a
consequencdarge uncertaintyin k, typical of whatis ex-
pectedfor obsenationscollectedover the rangeof global
conditionswithout arny way to constrairthis parametercor-
respondsto an unacceptablywide rangeof retrieval solu-
tions. Therearetwo possibleways aroundthis unsatiséc-
tory result. One approachis to provide direct information
aboutk or correlatve informationthatpointsto specificval-
uesof k with reduceduncertainty Sincedirectmeasurement
of k hasbeenrestrictedo afew surfacesitesworldwideand
the amountof this type of datacannotbe expectedto in-
creasesignificantly this strateyy is perhapsmore appropri-
ately limited to validation of the global retrievals at those
limited sites. A secondapproachis to introducesomeform
of constraintinformationto limit the rangeof valuesof k
usinginformationmorereadily availableto matchlidar or-
bit data. Table 2 supportsthe ideathat a possiblesource
of suchinformationis the optical depthof the layer. Since
theopticaldepthinformationretrievedusingpresensatellite
systemscorrespond®nly to the column optical depth,this
approaclonly workswhentheopticaldepthcanproperlybe
assignedo the scatteringayer beingprofiled. As we indi-
catedabove, it is alsopossibleto determingheopticaldepth
of thin layersusinglidar data. This methodrequiressome
way of characterizinghereturnbelow thelayerin question
(suchasfrom a sufficiently deepRayleigh-scatterindpyer)
and cannotbe expectedto work for the importantcasesof
boundarylayeraerosol.

Two differentwaysof introducingoptical depthinforma-
tion are introducedin this paper The methoddescribed
in section6 introducesthe optical depthinto the retrieval
frameawork in away that permitstheretrieval of k. This ap-
proachis especiallysuitedto the backscattelidar problem



characterizedby highly uncertainbackscatterto—extinction
relationshipsA secondapproachs introducedn Appendix
A andusesthe opticaldepthasaform of internalconstraint
appliedto thesolution. Althoughthis secondapproachs ap-
plied to the lidar problemin AppendixA, it is bettersuited
to thoseproblemsfor which the backscatterto—extinction
relationis betterknown, suchasfor the problemof radar
precipitationretrieval [L’ Ecuyer and Sephens, 2001].

6. Optical Depth As a Form of Additional
Measurement

We now introducean approactthat makesuseof the op-
tical depthasa form of measuremenuith the intentionto
retrieve both k andthe extinction profile directly. The ad-
vantages thataretrieval of k eliminatesthe unsatisctory
dependencef thelidar retrieval on this parameteandthus
removesthe major sourceof error from the retrieval prob-
lem. However, it is necessaryo assumehatk is vertically
uniform throughthe cloud or aerosol. This assumptioris
guestionablendsomeideaof thislimitation, alongwith as-
sociatederror, will eventually be requiredif the algorithm
describedn this paperis to be appliedto realdatain quasi-
operationalmode. The secondadwantageof the approach
describedbelow is that retrieved valuesof k£ containuseful
informationaboutaerosol.

Theapproacho introduceopticaldepthdeviatesfrom that
describedn section4 only in minor ways now described.
The optical depthis addedto the measuremenvectory
which is now avectorof length N + 1. Theretrieval vec-
tor likewise is now extendedby one element,where now
(N + 1) = k. Theforwardmodel(opticaldepthcouldalso
beincludedin a morecomprehensie way by extendingthe
forward modelto dealwith radiancemeasurementgor ex-
ample thusdirectly integratingtheretrieval of opticaldepth
with thelidar retrieval), representingheadditionalmeasure-
ment,simply follows as

fzny1) = SN,7AR. (22)

TheweightingfunctionmatrixK isnowanN +1x N +1

matrix wherethe N x N block follows from (18) with &

replacedy z(N+1). Theadditionalrow andcolumnentries
aredefinedthus:

Ti

Kot = a0z @
fori=1,...,N and

Kni1,j=AR, (24)

forj = 1,...,N (Kn41,n4+1 = 0). The dimensionsof

thesquarediagonalcovariancematricesaresimilarly N + 1
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with the additionaldiagonalelementglefinedas
Sa,N+1,N+1 = U/% , (25)

Sy,N+1,N+1 = 07, (26)

wherec? is theuncertaintyassignedo thea priori guessor
k takento be large (100%). The error associatedvith the
optical depth,asabove, is specifiedby o, = 0.057, repre-
sentinga 5% errorin this quantityasnotedabove.

Figure 6a and 6b presentthe resultsof this schemeap-
plied to both the cirrus layer obsened along orbit 129 and
the elevatedaerosolayerobseredalongorbit 147, respec-
tively. The optical depthsobtainedfrom the lidar transmis-
sionmethodfor eachlayer, notedpreviously in referenceo
Figure 1, were appliedin the retrievals shavn in Figure6.
Also shavn for comparisonn theleft sideof eachfigureare
theequialentextinction profilesobtainedusingtheiteration
methodwith avalueof £ deducedrom theratio of theinte-
gratedbackscatteandoptical depth. The profilesof extinc-
tion andthevaluesof k retrievedby bothmethodsareclosely
matched. The right-handpanelsof eachfigure presenthe
componenterrorswhich combineto producethe total er-
ror presentedn the left-hand panels. The differencesbe-
tweentheerror propertiesof theretrievalsof Figure6 based
on the combinationof backscattemeasurementand opti-
cal depthinformationandthe errorspresentedn Figure 5
aresubstantial Firstly, thetotal retrieval errorsaresubstan-
tially reducedover the retrievals conductedwithout optical
depthinformation(e.g.,Figure5). Thisresultshouldbecon-
sidered however, within the context of the assumptiongn-
vokedto producetheresultsof Figure6, specificallythatthe
backscatterto—extinction propertiesarevertically invariant.
Secondlythe error budgetis now dominatednot by model
errorsbut by measuremergrrorsthat chiefly reflectthe as-
sumederror in optical depthassignedo the transmission
methodusedto derive this information.

7. Discussionand Conclusions

Lidar measurementsf theatmospherareenteringa new
realm with the launchof simple backscatterindidar sys-
temson a seriesof upcomingsatellite experiments. Con-
versionof lidar backscatteringneasurement® relevantin-
formationaboutparticlesby inversionof thelidar equation
is, however, complicatecby ambiguitiesthatarisefrom the
needto separatehe effects of backscatteringrom extinc-
tion. This leadsto inversionghatarelargely determinecby
assumptiongealingwith theconnectiondetweerbackscat-
tering and extinction. The large rangeof possiblebeha-
ior of backscatterto— extinction togetherwith the overre-
liance of the endretrieval producton theseassumptionss
well known andis especiallyundesirabldén the contet of
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the spacebornaneasurementthat will obsene the global
atmosphereover a large range of conditions. While the
backscatterto—extinction ambiguity has been appreciated
for sometime, thereremainsa legitimate needto develop
methodgo addresghis ambiguity especiallyin the context
of global spaceborneneasurementsOneapproacharound
this problemis to develop methodscapableof integrating
additionalinformationin theinversionprocesge.g.,the LI-
RAD methodof Platt [1979]).

This paperintroducesa methodthat canincorporatedif-
ferentinformationinto thelidar retrieval problemasdeemed
relevantandis thusapotentiallysuitablecandidatdor appli-
cationto spaceborndidar data. The approachdescribedn
thispapeiinvertsthelidar equatiorvia anoptimalestimation
methodpopularizedby the work of Rodgers [1976, 1990].
Thelidar inversionproblemis particularlywell suitedto this
solution proceduregiven the simple analyticalform of the
forward modelandits associatedlacobian(note equations
(17c)and(19)). Theretrieval methoddevelopedn thispaper
is illustratedusingthreeexamplesdrawn from LITE data;a
caseof thin cirrus obsened along orbit 129 locatedat an
altitude of about16 km, a secondcaseoccurringalongthe
sameorbit correspondingo a (geometrically)thick aerosol
layernearthe surface,andathird casecorrespondingo the
an aerosollayer obsened along a 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 backscattens
inputwerecomparedvith retrievalsperformedusinganiter-
ative solutionto thelidar inversionwith thesameinput. The
two methodgproducecessentiallyidenticalresults.

The retrieval approachintroducedin this paperoffers a
numberof advantage®ver othermethodsjncluding (1) the
methodadmitsthe incorporationof differentkinds of 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 meaningfuland desirableparameter
to includein thelidar inversionsfor two reasons Firstly, it
is known (and further demonstratedn this study) that the
optical depthderived from retrieved extinction profilessys-
tematicallyvarieswith the value of the back-scattering-to-
extinction ratio assumedor theretrieval. Secondly optical
depthinformation,in principle, couldoriginatefrom anum-
berof differentmeasuremergourceghatmaycoincidewith
spacebornéidar measurementsn this particularstudy op-
tical depthawverederiveddirectly from thelidar transmission
estimatedor thethin cirrus exampleandthe lofted aerosol
layer exampleandthenappliedin the retrieval. However,
themethodneednotberestrictedto this particularsourceof
information. Whenoptical depthis introduced,it becomes
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possibleto retrieve the backscatterto—extinction coeficient
in additionto extinction profiles, given the caveatthat the
backscatterto—extinction propertiesareuniform throughout
the scatteringlayer. (2) The methodprovidesa numberof
waysfor evaluatingthe quality of theretrieval. Notably, the
retrieval approackpredictsfull errordiagnosticsdentifying
source®f errordueto measurementncertainty(instrument
noiseand calibrationuncertainty),model error (containing
all theassumptiorbuilt into thelidar equatiorandits param-
eters)aswell asa priori error dueto the influenceof com-
piled database®n lidar backscatteof aerosoland cloud.
Whenno opticaldepthinformationis available,theretrieval
errorsarelarge beingdominatecdby the uncertaintyattached
to the backscatteto-extinctionratio k. Underthesecircum-
stancegheretrievalsareonly meaningfulto theextentthatk
andits relateduncertaintyareknown. Whenopticaldepthis
introducedasaform of measurementheerrorcontributions
shift to the extentthatretrieval errorshecomedominatecby
the measuremengrror attachedto the optical depthitself.
The examplesintroducedin this paperwere so constructed
thattheapriori errorwasnegligible by virtue of theassump-
tion thata priori informationessentiallywasunreliable.
Thereareanumberof issueghatrequirefurtherexamina-
tion. For instancethe erroranalysisdoesnot accountor all
possiblesourcesof uncertaintiessuchasthoseassociated
with the assumptiorthat k£ is constantthroughthe scatter
ing layerin questionor with effects of multiple scattering.
Furthermorethe optical depthconstraintrequiresappropri-
atematchingof opticaldepthto thelidar profile andthis will
be problematicto do in casesof multiple layersof scatter
ers.Thereare,however, alsoanumberof waystheapproach
introducedin this papercould be extendedto include even
more informationthan consideredn this study Backscat-
teringfrom a secondidar wavelength,morerefineda priori
datafrom othertypesof aerosolmeasurementgre among
otherpossibilitiesthatwill be pursuedn futureresearch.

Appendix A: Addition of an Integral
Constraint

An alternatve way of introducingoptical depthinforma-
tion into the lidar retrieval problemis to includethis infor-
mationasanadditionalconstraintof integral form,

C(%) = w (A1)

= o ,
whichis addedo the costfunction(6) where
G(%) = X) ,7AR,

ando, is the error assignedo the optical depth. As men-
tionedabove, the sourceof this optical depthis immaterial
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provided both the valuesof 7 andthe associatedrror are
specified. Adding this termto the costfunction, we obtain
the solutionfor its minimum [e.g., Engelen and Sephens,
1999]
x=x,+S.K"S, [y — f(R)] + ARSaLTw :
UT

(A2)
whereL is a unit vectorrepresentinghe derivative of G(%)
with respectto x divided by AR. This equationis then
solvedby iteration

)2"+1 _ SZ([Sglxa + KnTS?;l][y _ f()ACn) + K”()A(")]

+7Lo;?).
(A3)

Theerrorcovariancematrix S, is

S; — (S;l 4 KnTs;lKn +ARLnLnTU‘%)71 , (A4)

andasbefore,
S. =D,S,D] + D,S,D; +D,S.D], (A5)
where

D, =S,Ko 2. (A6)

To illustratethe method,cirrusretrievalswere performed
on the upperportionof the profile extractedfrom orbit 129.
The optical depthof the thin cirrus layer was determined
to be = = 0.043, andthe uncertaintywas estimatedo be
o, = 0.17). Theresultsshovn in Figure Al correspondo
two differentsetsof retrievalsderivedassuming: =0.25and
0.5, which approximatelyrepresentshe spreadof valuesof
k expectedfor cirrus clouds. The two setsof resultswere
createdby systematicallyalteringthe S, via a multiplica-
tive factorandare presentedas a function of the following
parameter:

¢_<I>

= q)—i ; (A7)

where
3, =(y - f(x,b))TS; (y — f(X,b))  (A8)

is the contribution to the costfunction dueto the difference
betweemmodelandmeasuremerdnd

N CTelc) "9

2
or

is the contribution to the costfunction associatedvith the
7 constraint. Valuesof ¢y < 1 imply solutionsweighted
moreby the forward modelpredictionswhereag) > 1 im-
pliesasolutioncorrespondinglgloserto thatimplied by the
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constraint. This is revealedin the figure showving how re-
trieval solutionssystematicallyapproachheconstraintalue
7 = 0.043 asy increases.

Therearetwo notablefeaturesof the solutionspresented
in Figure Al. The solutiongenerallyfalls betweerthe un-
constrainedsolutions(yy = 0) anda solutionthat produces
an optical depthequivalentto that of the constraint. The
solutionapproacheshe latter asthe modelerror increases.
Thiserror, however, cannotbemadearbitrarily largewithout
incurringthe penaltyof bothlargeerrorsin retrievalsaswell
asintroducingretrieval solutioninstabilities,which resultat
the point highlightedfor thek = 0.25 case.The secondo-
tableaspecbf the solutions(andonenot shawn) is thatthe
erroris notostensiblyinfluencedby theconstraindepitethe
moreaccuratenatureof thelatterandremainsdominatedoy
themodelerrorlargely dueto theerrorattachedo k.
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Figure Captions

Plate 1. Raw backscatteringrofilesalongportionsof orbits
129(top)and147 (bottom)of LITE. Thelocationof thespe-
cific profilesusedin the paperareindicatedby the vertical
dashedines. Thearraw indicatesthelocationof theprofiles
usedto createtheretrievalspresentedn Figure4.

Plate 1. Raw backscatteringrofilesalongportionsof orbits 129 (top) and 147 (bottom)of LITE. The
location of the specificprofilesusedin the paperareindicatedby the vertical dashedines. The arrow
indicateshelocationof the profilesusedto createthe retrievals presentedn Figure4.

Figure 1. Uncalibratedbackscatteprofilesaveragedalong
approximately25 km of orbit for the two locationshigh-

lightedin Platel. The optical depthsnotedarethe values
derivedfrom lidar transmissioranalyses.The valuequoted
for the profile of orbit 129 correspondgo the cirrus layer
only anddoesnot includeary contribution from the under

layingaerosolayer. Theopticaldepthderivedfor theprofile

of orbit 147 correspond$o theaerosolayerlocatedapprox-
imatelybetweerl and6 km anddoesnotincludeany contri-

bution from theunderlyingthick scatterindayerdiscernible
belov 1 km.

Figure 1. Uncalibratedbackscatteprofiles averagedalong approximately25 km of orbit for the two
locationshighlightedin Platel. The optical depthsnotedarethe valuesderivedfrom lidar transmission
analyses.Thevaluequotedfor the profile of orbit 129 correspondso the cirrus layer only anddoesnot
includeary contribution from the underlayingaerosollayer. The opticaldepthderivedfor the profile of
orbit 147 correspondto theaerosolayerlocatedapproximatehbetweerl and6é km anddoesnotinclude
ary contribution from theunderlyingthick scatteringayerdiscerniblebelon 1 km.

Figure 2. Uncalibratedidar returnderived from that por-
tion of orbit 147identifiedin thetop portionof Platel atthe
locationof the arrov. Theraw backscatteprofile is corre-
lated to Rayleighbackscatteralculatedirom a giventem-
peratureprofile. The slopeof thedashedine (andtheinter-
cept) establisheselevant calibrationfactorsappliedto this
specificLITE profile andusedin the retrievals presentedn
Figure6b.

Figure 2. Uncalibratedidar returnderived from that portion of orbit 147 identifiedin the top portion
of Platel atthelocationof thearron. Theraw backscatteprofile is correlatedo Rayleighbackscatter
calculatedrom a giventemperaturerofile. The slopeof the dashedine (andtheintercept)establishes
relevant calibrationfactorsappliedto this specificLITE profile and usedin the retrievals presentedn
Figure6b.
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Figure 3. Cirrus cloud backscatterto—etinction ratio plot-
ted as a function of midcloud temperaturgmodified from
Platt et al. [2001]).

Figure 3. Cirrus cloud backscatterto—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 Platel. Theretrievalsshovn correspondo the
four valuesof k£ noted.Thesolid line representsheretrieval
result obtainedusing the methodintroducedin this paper
The profile definedby the solid circlesis the equivalentex-
tinction profile derived from an alternatve algorithmbased
ontheiterative procedureof Alvarez and Vaughan [1994].

Figure 4. Extinction profilesderivedfrom the backscatteprofile locatedalongorbit 129 at the position
indicatedby thearrow in Platel. Theretrievalsshovn correspondo thefour valuesof k£ noted.Thesolid
line representtheretrieval resultobtainedusingthe methodintroducedn this paper The profile defined
by the solid circlesis the equivalentextinction profile derived from analternatve algorithmbasedon the
iterative procedurenf Alvarez and Vaughan [1994].

Figure 5. Error characteristicgorrespondindo the (a) k =
0.628 and(b) £ = 0.157 profilesof Figure4. Therespectie
extinction profilesandtotal erroris shawn in the left-most
panel(the grey curve is the total extinction error) and the
breakdaevn of this total errorinto a priori, measuremerdand
modelcomponents.

Figure5. Error characteristicsorrespondindo the (a) £ = 0.628 and(b) £ = 0.157 profilesof Figure4.
Therespectre extinction profilesandtotal erroris shavn in theleft-mostpanel(thegrey cuneis thetotal
extinction error) andthe breakdaevn of this total errorinto a priori, measuremerandmodelcomponents.

Figure 6. (@) Cirrus cloud extinction profile retrieved for
thatportionof orbit 129notedin Platel. As for Figureb, the
retrievedprofilesderivedfrom thetwo differentmethodsare
shavnin theleft panel.Also shovn is thetotal error, andthe
retrieved value of & is quotedin the figure. The right-hand
panelpresentghe errorsasfor Figure5aand5b but for the
aerosolayerof orbit 147.

Figure 6. (a) Cirruscloudextinction profile retrievedfor thatportionof orbit 129notedin Platel. As for
Figure5, theretrieved profilesderived from the two differentmethodsareshawn in the left panel. Also
shawvn is thetotal error, andtheretrievedvalueof & is quotedin thefigure. Theright-handpanelpresents
theerrorsasfor Figure5aand5b but for theaerosolayerof orbit 147.



Figure Al. Retrieval solutionsfor the cirrus case(refer
Plate 1 and Figure 6a) expressedn termsof the retrieved
optical depthplottedasa function of 1) which is a parame-
terthatmeasuretherelative strengthof theimposedoptical
depthconstrain{seetext). Theopticaldepthconstrainisin-
dicatedby thehorizontalline andis borderedby two dashed
linesrepresentinghe 10 % rangeof uncertaintyattachedo
thisconstraint.Two retrievalsareshavn, onefor anassumed
k = 0.25 andanotherfor £ = 0.5. The pointat which the
retrieval for k = 0.25 failsis indicatedby the starsymbol.

Figure Al. Retrieval solutionsfor the cirrus case(refer Plate 1 and Figure 6a) expressedn termsof

the retrieved optical depth plotted as a function of ¢ which is a parametethat measureghe relative

strengthof theimposedopticaldepthconstrainiseetext). Theopticaldepthconstrainis indicatedby the

horizontalline andis borderedby two dashedinesrepresentinghe 10 % rangeof uncertaintyattached
to this constraint. Two retrievalsareshown, onefor anassumed: = 0.25 andanotherfor ¥ = 0.5. The

pointatwhichtheretrieval for £ = 0.25 failsis indicatedby the starsymbol.
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Table 1. Lidar RatioMeasurementgVith SignificantSampleSizes

Method Location N? Sarange(sr)® Notes$
Slantlidar Tucson 57 15-82 1
Nephelometry centrallllinois 95 27-75 2
Nephelometry IndianOcean 168 33-91 3
Nephelometry Hawaiiancoast 35 26-33 4
Lidar/sunphotometer IndianOcean 102 25-75 5
Ramarlidar centralOklahoma 2556 45-87 6

2 N is theestimatechumberof independensamples.

b Sarangeis therangethatencompasse35%of thedata.

¢1, Lidar measurements severalslantangledeterminegffective S overmixedlayerat694nm; sporadicdaily
samplesover 5 years;rangeandN reflectonly sampleswith lessthan30% uncertainty] Spinhirne et al., 1980;
Reagan et al., 1988]; 2, nephelometrianethoddeterminedocal S at 532 nm; continuoussuriacemeasurements
over 5 weeks;N assumesneindependensampleevery 4 hours[Anderson et al., 2000]; 3, methodasin note(2);
airbornedata(30to 3500m altitude)from 18flights over 6 weeksduringlow-level offshoreflow from surrounding
continents;V assumesneindependensamplesvery 1 km verticalor 100km horizontal[ Masonis, 2001;Masonis
etal., 2001];4, methodasin note(2); continuousurfacemeasuremeniver 8 daysduringonshorgmarine)flow;
N assume®neindependensampleevery 4 hours[Masonis, 2001]; 5, vertically pointing micropulselidar and
sunphotometadetermineeffective S overaerosol-ladefowertropospherecontinuousiatafrom shipduringsame
experimentasin note(3); N assume®neindependensampleevery 4 hoursfor the 17 cloud-freedaysof data
[Welton et al., 2001]; 6, Ramanlidar determinedocal S from 0.8 km to about4 km at 355 nm; continuousdata
from surfacestationover 2 years; N assumegour independensamplesn vertical obtainedevery 4 hoursover
213dayswith 50%datalossdueto cloud contaminatioriFerrare et al., 2001].
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Table 2. Aerosol Layer Backscatteto-Extinction Ratios
and Retrieval Optical Depths AssociatedWith Resultsof
Figure4.

S(sr) K T
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)




