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SUMMARY

To usethe Monte Carlo Independeh Column Approximation (McICA) methodfor computingdomain-
averageradiative fluxesin large-sale atmosphec models(LSAMs), a methodis needel for geneating cloudy
subcolumnswithin LSAM columns.Here,a stochasticloud gener#or is introducel to produe the subcdumns.
The geneator creaesa cloud field on a column-bycolumnbasisusing information aboutlayer cloud fraction,
vertical overap of cloud fraction and cloud condersatefor adjacem layers and density functions descibing
horizontalvariationsin cloud water content.The perfoomanceof the genertoris assessedusinga single day’s
worth of datafrom anLSAM simulationthatemployed alow-resdution 2D cloud-resolvingmodel(CRM) within
eachLSAM column(atotal of ~ 59,000cloudy domains) Statisticalcharateristicsof geneatedcloudfieldsare
comparel againstoriginal CRM data,and radiative transkr biasesassociatedvith the geneator are evaluated.
Whenthe gener#or is initialized to the greaestextent possble with information obtainedfrom the CRM fields,
overall biasesare small. For examge, global meantotal cloud fraction exhibits a biasof —0.004,ascompared
with —0.024for maximum-raglomoverap (MRO) and0.047for randan overlap.Biasesin radiative fluxesand
heatingratesarein geneal 2 to 4 timessmallerthanthosefor MRO with horizontally homogemrousclouds.

KEYwoORDS: Cloudoverlap Cloudhorizortal variations Radiatve transkr

1. INTRODUCTION

Within the currentparadigmof modelling broadbad radiative transferin large-
scde atmosphac models(LSAMS), unresdvedvariability of cloudyatmospleresis ei-
therneglectedaltogethe or incorporatedlirectlyinto 1D transporsolvers (e.g.,Gelegyn
andHollingsworth 1979;Cahalaret al. 1994 Oreopolos andBarker 1999; Cairnset
al. 200Q Li andBarker2002;Kato 2003).As aradicalalternatie, Barkeretal. (20033
andPincuset al. (2003) proposé the Monte Carlo Indep&dentColumn Approxima-
tion (MclICA) for estimatingdomain-aeragesMclCA restson samplingsubgid-scale
columnsthatareunresolhed by thehostLSAM. The moststraightforvardway to apply
McICA isfor it to draw samplegrom arraysof subcdumnsprovidedby cloud-resolving
models(CRMs) that areimbeddedn LSAMs (Grabavski 2003 Randd# et al. 2003).
CornventionalLSAMs, however, lack sud informationsoapplicationof McICA in them
requiressubgrid-scke columnsto be generatd usingbothinformationprovidedby the
LSAM andadditionalassunptions.Theobjedive of this papelis to presehandassesa
stoclasticcloudgeneationalgorithmthatenalesapplicationof MclICA in corventional
LSAMs. Thisalgorithmcouldalsobe usefulfor parameterizationf otherphyscal pro-
cesessud asprecipitation.

The ideaof sulgrid-scalecloud gererationis not new. Barker et al. (1999) and
JalobandKlein (1999;2000)usedsimplealgorithmsto simulatecloudfieldsthatfollow
themaximum-randonoverlap (MRO) rule (Geleyn andHollingsworth 1979. M. Webb
andS. A. Klein have developed an InternationalSatellite Cloud Climatology Project
(ISCCP)simulator(http://gcss-dimgyiss.nasagov/simulatomhtml) thatincludesoptions
for maximumandrandomoverlapin additionto MRO. All of thesegeneatorsprodue
fields with horizontally homog@&eousclouds The geneator presentechereincludes
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horizontalvariationsin cloud waterandallows for a more generaltreatmentof cloud
overlap(cf. Hoganandllli ngworth 2000;BergmanandRasch2002).

The geneatoris as®sse using CRM data.Giventhe capdiliti esof mostcurrent
computersthis canbe acheved following two distinct chanrls: a small numberof
casestudiesusing highly-resohed CRM domains or numeroudow-resolutionCRM
domains.The latter optionis followed here.As such eight sngshotsfrom an LSAM
simulation of a single day were usedin which the LSAM ran a low-resolution2D
CRM in eachof its 8192 columns(Khairoutdinov andRandall2001). Cloud property
andradiative flux errorsasseiatedwith the mostcomgete form of the generatorare
contrastechgains thosefor the plane-parallelhomog&eousMRO schene owing to its
currentpopulaity amongopeaationalLSAMs (cf. Barker etal. 2003b).

The gereratoris presentedn section2. Section3 introducesthe globd datase
usedto asessthe gererator Theradiatve transfermodelusedin the testsis desribed
in section4. Section5 presats resultspertainingto the performane of the geneator
and radiatve biase that stem from it. Needsfor further reseach and conclusons
are preseted in section6. Potentialextensons of the generatorare discussedin the
appendtes.

2. STOCHASTIC GENERATION OF SUBGRID-SCALE CLOUDY COLUMNS

The basic hypahesisupon which this geneator is built is: for compuation of
domain-aerageradiative fluxesin LSAMs, horizontalcorrelationsn unreslvedcloud
structureare unimportant.This implies that the Indeperlent Column Approximation
(ICA) isadeqate,andthusallowsfor indepementgen&ationof subcdumns.Moreover,
it is assimedthat eat layer of ead subolumnis eitherfilled with or free of cloud.
Thereforecloudfractionc; ;. in the kth layerof the jth sub@lumnis eitherO or 1. It is
further assimedthatthe atmosplereis discretizednto K layers,the uppermosbeing
k =1, andthat N subcdumnsareto begererated.

At the mostbasiclevel, the cloudgeneatoris analgorithmthatdetermines: ; . €
[0,1] andy,, € [0, 1] for eat subolumn j andlayer k. Propertiesof the gererated
fields depad on how z; ;. andy; , aredeterminedaswell ason conditionsprovided
by the LSAM. Thevariablez ;. is usel to decidewhetherthe cells of subcdumnsare
cloudyor clearaccadingto

_J 0 ; 7,,<1-C) (clear) _ L
Cj,k_{ 1 : x;,k> 1 _Ck: (Cloudy) [k—ktopa---akbasea J _1aaN] (1)
where (), is cloud fraction for the kth layer as provided by the LSAM, and k,,, and
kpqse aretheuppemostandlowermostlayerswith Cj, > 0. Thevariabley; . is usedto
determinecondeisateamountw ; ;. for cloudycellsfollowing

Yjk = /Owj,k pr(w) dw V(i k) = cjp=1] (2

wherepy (w) is anormalizedorobabilitydensityfunctionfor total (= liquid + ice) cloud
water contentw acrossthe cloudy portion of layer k. Hene, y ;. is the cumulatve
frequeng distribution of w. Theexactform of p,(w) is of secomlaryimportancejt can
beeithernon-analytid(i.e., tatulated),or idealizedsuchasa gammapeta,or lognormal
distribution (in eithercompleteor incompleteform).

The following subgctionsdescibe two distinct algorithmsfor settingz; ;, and
yj k- Thefirstis referredto asthe “full gener#or”, or FGenfor short.It allows for a
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continuaus rangeof cloud overlap ratesaswell as horizontal variations and vertical
correlationsn w. FGenis assssedin sedion 5 andrecommededfor usein LSAMs.
Thesecmd geneateshorizontallyhomogneows cloudfieldsthatfollow themaximum-
randomoverlap (MRO) rule. The® assimptionsarecurrentlyvery popula with LSAM
groups (cf. Barker et al. 2003). Errors inherentto FGen are put into contect by
contrasing themwith errorsas®ciatedwith MRO.

(@) Full geneator

(i) Cloudfractionandcloudoverlap

Hogan andlllingw orth (2000)andBergmanandRasch(2002)have useda gereral-
izedform of cloudoverlapin which vertically-projectectloudfraction C ; formedby
ary two layersk and! is descibed by a linear combindion of maximumandrandom
overlap sudh that

Chy =k Crp + (1 — ) Oy 3)

where
C,'Jj?x = max (Cy, C)) , (4)
Col = Cp+C - CiCy, 5)

anday  is theoverlapparameterit is straightforvardto implementthis overlap model
in the geneator suject to two additionalassimptions thefirst of whichis thatoverlap
is always betwe@ randomand maximum. This implies that o, ; € [0, 1]. Secmd, it
is assumd that overlap canbe desribed adeqately by apgying (3) sucessvey to
adja@nt layersand thus working directly with a_; 5 only so that for non-adjaent
layersthe overlap parameteis defiredimplicitly as

l
Q.1 = H Om—1,m- (6)

m=k+1

Analyssof obsevationsby Hoganandlllingw orth (2000)andMaceandBensor
Troth (2002)sugyestthata usdul deription of o, ; (BegmanandRasch2002)is

Q= exp [— /: %} (7)

where Ly is decarelation depthfor overlapping fractional cloud, and z is altitude.
Both assumpons madein the previous paragraphare perfectly corsistentwith (7).
In actudity, negative correlationsbetwea adjacat layers(i.e., ay—1 4 < 0) could be
included but theaddedcompleity wasjudgedunwarrantedsinceobsevationsindicate
that oy, ; < 0 occur much less frequently for adjacen layersthan for distant ones.
Similarly, accauntingexplicitly for correlationsbetweendistantlayerswould represen
alargejumpin complity relative to the simpleapproactusedhere.

Beginning at k,,, this algorithmdetermines;; ;, by first assigningo eachsubol-
umn

Ljkiop = RN]‘j,ktop [.7 =1,... aN] ’ (8)

whereRN1; . is a uniqguerandomnumberdistributed evenly between0 and 1. For
subgquat layers,

x j,k—1 N RN2 ik < ak—l,k _ o
Tjk = { PNJN3j,k : RNQ;,k ; 1k [k - ktop + 17 R kbase 7 )= 15 e 7N] ’
9)
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whereRN2; ; andRN3; . arenew randonnumbeswith propertiedike RN1; ;. . Note
that algorithmsfor simulatingrandomoverlap (o = 0) andmaximumoverlap (« = 1)
arespecih cass of (9). For randomoverlap,z ; ,, aregeneratedor all cells using(8),
while for maximumoverlap, z; ., is usedfor all layersin the jth subolumn.

(i) Cloudcondesateamount
The algorithmusedto generatevertical profilesof y; , resembleslosdy that for
zj . For theuppermostcloudylayer

yj’ktop = RN4j,kmp [j = 1, e ,N] , (10)

while for sulsequat layers

o _Jyik1 s RNSjp<rmp 1k 14 _ C i
Yik = { RNﬁj’k : RN5j,k > Tk 1k [k' - ktop + 17 I kbase y )= 17 ree 7N] ’
(11)

wherery,_; 4 is thelinearcorrelationbetweercloudcondeisatecumulatve frequerties
y for the ovedapping portions of two adjacen cloudy layers. Thus, the algorithm
simulatescloudswith specifiel correlationr;_, 5, in cordensée amountby combining
perfectcorrelationfor a fraction r,_; , of cloudy cells with no correlationfor the
remainder
Three assumpions are involved in this algorithm. As with cloud fraction, it is

assumd that r;_; € [0, 1], and that for non-agacent layers £ and [, concensate
correlationis defiredimplicitly as

!
Tk = H Tm—1,m- (12)

m=k+1

Obsendtions (Hoganandlllingworth 2003 suggestthatr canbeapproximatedvell by
(7) but, in generalusingadifferentdemrrelationdepththanthatfor cloudfraction.

The third assimptionis that non-overlapping and overlapping portions of cloud
have the samep, (w). Hence ary potential corditionalities betwea cloud geanetry
and distributions of w are neglected.In actuality one would expect non-overlapping
portionsto favour smallervaluesof w becaiseof mixing with clearair, andvice versa
for overlappedportions.

Presentlythe cloud geneator assimes(asdo LSAM radiationcode$ that when
liquid andice hydromeeorsco-exist in a layer, the ratio of liquid to ice condensate
amounts(w; /w;) is horizontally invariant. This is an excdlent approximationfor the
datasetsedhereto assssthe geneator, probalty becaisew,; andw; werediagnogd
from prognosic total cloudwater Alternative methodghatincludehorizontalvariations
in cloud phasewereexpaimentedwith but arenot reportedheregiven our inability to
justify them.

Generatedloudcondasateamourts couldbeusel in paraméerizationof effective
cloud dropletandice crystal sizes(seeApperdix A). Constah values are assuned,
however, in themainpartof this paper(seesedion 4).

(b) Maximum-andomoverlap (MRO) genertor

The magnitudeof errorsinherentto the full generatorare put into context by
contrastinghemwith errorsasso@tedwith MRO usingplane-parallelhomog@&eous
clouds. Following Geleyn and Hollingsworth’s (1979) version of MRO, total cloud
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fractionfor layersk throughl, inclusive, is

l

Crs1=1-(1-Cg) H
m=k+1

1 — max(Cp—1, Cn)

(13)

m—1

Beginning agan with (8) for k = k;,,, profiles of z,; that correspad to (13) are
geneatedstoclasticallyas

e Tjk—1 5 Thk—1> 1 — Cy_1 (cloudycell abore) (14)
gk = R,Nj,k(l — Ck:—l) 5 Thk—1 <1-Ck_1 (cloudles cell abcve)
wherek = ko + 1, . . ., kpese aNdRN ;. arerandomnumberdik e thoseusedthusfar.

Becaisehorizontallyhomog@&ouscloudsareassumd, meancloud water contert
for thecloudypartof anLSAM layeris assigedto ead cloudycellin thatlayer Thus,
thereis noneedto generte y ;.

(c) Anexampe usinga singleCRMdomain

Oncevaluesof z ; ;, andy; ;, aredeterminedthey arerunthrough(1) and(2) which
yieldsthe subgrid-scke fields of cloudfractionandwaterconten. Sincerandomnum-
bersareused boththe FGenandMRO versionof the generatoproducea distribution
of fieldsfor any setof inputconditions.This pointis demorstratecherefor asingle2D
CRM field with 64 sub@lumnsbelongingto the globd climate model(GCM) datase
degribedin section3. A morecomprehasive asgssmat of the geneator is givenin
secion 5.

Figure 1(a) shaws cloud occurrene for the 2D CRM field. Sincegenerged fields
lack horizontal structure,columns are reorderedto facilitate visual comparisonof
inherentandgeneatedfields. Figure1(b) shovs oneway of reorderingthe 64 columns
of this field accordingto cloudtopheight. Note that applicaion of the ICA to these
fieldsproduesidenticaldoman-averageradiative flux profiles.Usinginformationfrom
this field to initialize FGenand MRO, Figs. 1(c) and (d) shov correspading single
realizationf 64 sulzolumns(reorderedaccading to cloudtopheight).

To demongatethevariability of results 5000realizationsveregeneatedfor both
FGenandMRO, usingeither64 or 640 subolumnsperrealization.Figuresl(e)— (g)
shaw resultingfrequeng distributions of total cloud fraction C;,;, cloudy-areamean
cloud water path W, andits relative standarddeviation oy (i.e., standarddeviation
divided by mearn. As expected, breadthsof distributions decreae as the numbe
of generatecsubcdumns N increase. While meanvalues of thesedistributions are
esentiallyindepenientof A/, they donot(in geneal) equa correspndingCRM mears.
In this particularcasethe FGenunderestimate€’;,; andoverestimate®othW andoyy .
With cloudylayersspaningasignificant verticalextent, thistropicalcorvective domain
represatsamoredemandingtestthanmostothersin the GCM datagt.

By its very nature the MRO modelusuallyunderesmatesC,,; andoverestimates
W sulstantiallywhenthereareseveral contiguaus, partly cloudy layerssuchasfor the
example in Fig. 1. In the majority of cass, MRO’s assimptionthat layer cloudsare
homogneos canbeexpectedto produceundeestimate®f o 1. Theseundaestimates
maximizefor columnsthat cortain a singleinhomogeneows cloud layer. For the multi-
layer cloud field shawvn in Fig. 1, however, MRO producs fortuitously an excdlent
estimateof oy .
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Figurel. (a)Binary mapof a2D CRM cloudfield for a single GCM columnrepresentingropical corvedion

at7°S,59°W. (b) Thesamefield rearderedaccading to cloudtopheight.(c) A singlecorresponéhg realization

geneatedby FGenand (d) by MRO, reorderedaccordng to cloudtopheight. (e)—@) Freqieng distributions

of total cloud fraction C;,:, meancloudy-areacloud water path W, and its relative standad deviation oy

comresporing to 64 and 640 subcdumns per realizationfor FGenand MRO. Vertical lines indicate Got, W,
andoyy for the CRM cloudfield.

3. GLOBAL GCM/CRM DATASET AND INITIALIZATION OF THE GENERATOR

(@) GlobalGCM/CRMdatas¢

The stochasic generatolis asgssedusingdataobtainedfrom a GCM simulation
that employed a low-resolution2D CRM in eachGCM column (Khairoutdinos and
Randall2001). The CRM domainsconsi$ of 24 layerson an uneven grid, and 64
columnsalignedeast-to-westvith a grid-spacingof ~4 km (GCM grid-spacingwas
2.8). Eight global sngshotsfrom one day (Januay 1) are used eachsepaated by
3 hours,therebyconstitutingone diurnal cycle. This totals 65,536 GCM columrs, of
which ~59,000containsomecloudines.

The domans rangefrom tropical deg corvection (with andwithout an arvil) to
stratiform polar clouds so the geneator is exposedto a wide rangeof condtions but
not all condtions (e.g.,marinebourdary layer cloudsare representegoorly). While
the 2D CRM framawork is known to simulatedeepcorvection well (e.g., Rotunnoet
al. 1988;Grabavski etal. 1998),it is not obviousthatthe sameis true for othercloud
systemsAnotherlimitationmaybeverticalresolutiorwhichvariesfrom ~130m in the
lowestlayerto ~1.2 km in the middle anduppe troposphee. While this grid-spacing
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Figure2. Frequency distributionsof (a) total cloudfraction G+, (b) meancloudvisible opticaldepth7, and(c)
relative standarddeviation of opticaldepthe- in CRM data.Thefirst columnin eachframerepresentscloud-free
case (Cto:=0), while thelastcolumnrepresents;,: =1 in (a), 7 > 80 in (b), ando > 4 in (c).

typifiesmary GCM simulationsjt exceedsthegeometrichicknes of mary real-world
clouds

For thisstudyit is degrablethatthe GCM/CRMfieldsbearatleastsomesemblane
to reality, but it is moreimportantthatthey vary amongthemseles andthat at leasta
sub®t of thempossesconsderableinternalvariability andthusprovide a wide range
of demanéhg tests.Figure2 shaws frequeng distributionsof C,,;, meancloudvisible
optical depth7, andrelative standarddeviation of optical deptho - for the GCM cells
ascomputedrom instantaneos CRM subolumns.About half the GCM columnsare
partially cloudy andthe majority of the remainderare overcast. The distribution of 7
pe&s for T < 4, but 33% of the columnshave 7> 20, and mary of them are quite
variablewith o, > 1. For furtherasgssmats of the clouds produ@dby this GCM, see
Khairoutdinos andRandall (2001).

Figure 3 displayseffective zonal meanvalues of decarelation degh for cloud
fractionandcloudcordenséte (L .y and L., respetively) for adjacat layers It follows
from (7) that

(Lep) = —(Az)/In{a), (15)
(Lew) = —(Az)/In{r), (16)

where(- - - ) denoteszond mean,Az is layer midpoint distanceand(a) and(r) are
meanvaluesof « andr for the latitude bandandlayer pair consdered.For a pair of
layersk andl, («y,;) is definel in sucha way thatwhen(ay ) is apgied to all GCM
columnsin alatitudeband,correctzoral meancloudfraction (Cy, ;) is obtained When
compuing (ry ), cloudfractionsfor the overlappingpartof layersk and! areusedas
weightingfactors.

In mostof thetroposphere(L.y) = 1 -5 km, but values aslargeas10km occurin
theuppermostroposphereandvalues < 0.5 km occu nearthesurfaceat low latitudes.
Decarelation depthfor cloud concensateis abou half that for cloud fraction. This
agres roughly with obsevational evidence from Hogan and lllingworth (2003) and
othermodelresults(R. Pincus persoml communicéion, 2003).

(b) Initializing thegeneator
Both FGenandMRO areinitialized with CRM datato thegreatesexterts possible.
As such attentionis focusedon the genergors’ capatii ties ratherthan on quality of
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Figure3. Zonal meandecorelationdepths(km) for (a) cloud fraction (L. ;) and(b) cloud concensate(Le. )
for CRM datausedin this study

input data.First, profilesof layer cloud fraction andcloud fraction overlap parameter
ax—1, for adjacet layers are derived directly from CRM data. Likewise, vertical
correlationsry_1 ;, of the cumulatve frequeng of cloud water contentw are defired
usingCRM databy first compuing the cumulatve frequeng of w for ead cloudycell
inlayersk — 1 andk (y; 1 andy; ;). Then,isolatingthosesubolumnsthathave cloud
in bothlayers,andusingthesecellsonly, linear correlationcoeficientsr;_; , between
yj,k—1 andy; ; aredeterminedFollowing this, cumulatve frequery distributionsof w
aretatulatedandemployedto corvert stochatically geneatedvalues of 4 ; 4, into w; .
Naturally useof perfectinput dataoverestimateshe accurag achievable using
FGenin an ordinary LSAM ervironment where overlap parameterse and r and
probability distributions of cloud condesatep(w) arenot readily available. However,
parameterizatioof thesequartiti esfalls beyondthe scoge of this pape. Furthermore,
resultsfor both FGenandMRO neglect uncertaintyin estimate®f layer cloudfraction
andcondesateamourt whichis boundto infestLSAM simulations.

4. RADIATIVE TRANSFER CALCULATIONS

Shortwave (SW) fluxes are computed by a multi-layer two-streamapproxmation
(e.g.,Coaklg etal. 1983),while for longwave (LW) fluxes anemissvity-type appro&h
with correctiondor scatterings used(Li 2002. Gaseastransmittancefor H,O, CO,,
O3, CHy4, N2O, CFCl and CRCl,) are computedusing the correlatedk distribution
(CKD) methodwith K = 31 qualraturepointsin cumulatve probability spacefor the
SWand K = 46 for the LW. Optical propertiedfor liquid droplets(Dobbieetal. 1999;
LindnerandLi 2000 andice crystals(Fu 1996 Fu et al. 1998)areresoled into four
SW bardsandnineLW bandsAs the CRM fieldscontainnoinformationabaut particle
size,constanvaluesareused aneffective radiusof ., = 10 um for liquid cloudsanda
generalizeaffective diametemf D . = 50 pm (Fu1996)for ice clouds Aerosoleffects
arealsoincluded in SW calculations The SW compmentof this codeparticipatedn
a recen intercomparisorof radiative transfermodels(Barker et al. 2003b)andis in
accordwith mostothermodelsin active service.For moredetailsof the LW code see
Li (2002).
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Temperatureandspedfic humidity varied horizontallyin the CRM fields, but for
the radiationcalculationsperformedhere,they were averagedhorizontally serately
for cloudles andcloudy cells. Ozoneprofilescamefrom McClatchg etal. (1971)and
broadland SW surfacealbed® camefrom the Meteo-Frane datagt usedby Raisanan
(1999).In the LW, all surfaces were treatedas blacklpdies. Horizontal and vertical
distributions of four aerosl types (continental, maritime, urban, and stratosphec
badground)wereprescribecbagdon Tanreetal. (1984).

The ICA is usedto compue domain-aerage radiative fluxes In the reference
calcuations,the subolumnsnealedfor ICA aretakendirectly from the CRM fields;
otherwisethey aregeneatedstochascally.

5. VERIFICATION OF THE GENERATOR

This sectionhastwo sub®ctions.The first asseseschaactericticsof cloud fields
geneated by FGen,while the seond assssesspuriousradiatve forcings that arise
from FGenfields. Thefocusis on the validity of FGens assimptionsaboutcloudfield
structure,and so all quantitiesare estimatedusing 10,000geneated subcdumns per
cloudfield (i.e., GCM column).This reducesamplingnoisealmostto zero.

(@) Comparsonof original andgeneatedcloudfields

Thefollowing fiveassimptionsin FGenarecaple of causng difference between
geneatedcloudfieldsandtheoriginal CRM fields:

(i) Overlap parameterfor cloud fraction o can be computedfrom (6) for
non-adjaentlayers;

(i) o > 0 for adjacet layers(andcongquentlyall layerpairs);

(iii ) overlap parameteffor cloud cordensége r canbe compued from (12)
for non-agacentlayers,

(iv) r > 0 for adjacat layers(andconequentlyall layerpairs);and

(v) probaliity distributions of cloud condensateare independentof cloud
geometry(e.g.,they areidenticalfor overlappingandnon-overlappingcloud
cells.)

To addessthe impact of assmmptions (i) and (ii), Fig. 4 showvs global meana
(denotedas|«]) asafunctionof verticaldistane expresedin modellayers.Onaverag,
a distane of M layerscorrespodsto ~ M kilometers,even thoughmodel vertical
resolutiornvaries.As expected|«] decreassasafunctionof increaing verticaldistance
so that distant layers are essatially randomly overlapped. The rate of decreas is,
however, slower for generateccloud fields than for CRM data. The geneator also
overestimatega| for adjacat layersby ~0.01 becaiseit usesa =0 in the event of
a < 0. Themainreasorfor differencedetweerFGenandCRM data,however, is that
for the presen datasg (6) tendsto overestimatethe degree of overlap betwe@ non-
adjaentcloudlayers.

Figure 4(b) shavs meancloud condensateoverlap paraméer [r] asa function of
verticaldistancegivenin mode layers.As with [a], thegereratorslightly overestimates
[r] compaedto CRM data.Neglect of negative correlationdassumgion (iv)] leadsto
anoverestimateof ~ 0.03 for adja@ntlayers.As with cloudfraction,however, themain
reasa for thelargerdifferenceseerfor non-agacentlayersis assimption(iii ): Eq.(12)
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Figure4. (a)Global meanvaluesof overap paranetera for cloud fraction asa function of vertical distance
in modellayers (average layer thicknessin the troposplereis ~ 1 km) for the CRM data(CRM) andthe full
geneator (FGen. (b) Sameas(a) but for cloud condensateoverap parameterr.

tendsto overestimatethe horizontalcorrelationbetweercloud condesatedistributions
in non-adjaentlayers.

It is not clearwhy (6) and (12) overestimatethe horizontalcorrelationsof cloud
fraction and cloud condasatefor non-agacentlayers.One contrituting factor coud
be wind sheaywhich wasshaovn by Hoganand|lli ngworth (2003)to enhanceratesat
which horizontalcorrelationof cloudice distributionsdecreaewith vertical distance.
It is alsopossble that for corvective ca®s,wind shea could lead oftento a < 0 for
distantlayers.Moreover, the limited vertical and horizontalresolutionsof the presat
CRM datasemight alsoplay a role. Thoudh not shavn here,generated for distant
layersusually agreedwell with CRM datafor the few highly-resohed 3D cloudfields
employed by Barker et al. (2003b). It would be pertinent,therefore,to asses the
generatowith anextengve setof higherresolutionCRM fields.

Figure 5 addresesassumpon (v). It displaysglobal mean cloud condensate
contentfor two groupsof cloudy CRM cells: (1) thoseadjacat to cloudy cells both
above andbelow; and(2) all othercloudy cells(i.e., thosewith clearcellsabove and/or
below). Directcomparisorof meanvaluesfor thetwo groupsis misleadingbe@usethe
fractionsof cellsin groups-land 2 vary from onecloud layer to anothe (e.g., most
lowertroposphéc cloudcellsbelongto group-1at high northernlatitudesbut to group-
2 in the tropics). Of moreinterestis a comparisorwith resultscomputed usingthree
simplifiedhypothesesFirst, NOCORRassmesno correlationbetweercloudgeanetry
andcondesateamount.This correspods to assimption (v) in FGen.Secor, CORR
assume perfectcorrelationbetweercloudgeomdry andcondesateamour, sud that
for eat cloudylayer, all cellsin thetotally overlappedgroup-1have largerw thancells
in group-2.Third, NEGCORRassumsthatcellsin group-lhave w thatarealwaysless
thanthosein group-2.

Not surprisingly the NEGCORR hypahesis deviates most from CRM results,
wherea?NOCORRandCORRperformsimilarly. In the lower andmiddletroposghere,
the assumpion of no correlation betweencloud geoméry and condesateamount
is slightly betterthan perfectcorrelation,whereasin the uppe troposphee, perfect
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Figure 5. (a) Global meanvaluesof cloud condensateamountw for (a) cloudy CRM cells neighboued

by a cloudy cell both above and below, and (b) other cloudy CRM cells. The thick solid line gives results

computeddirectly from CRM dataandthethreeotherlinesgive resuts for the NOCORR,CORRandNEGCORR
hypothese descibedin thetext.

correlationis close to CRM results.While not unambigwusly supeior to CORR,the
NOCORRassuptionis preferredfor the cloudgeneatorbecaseof its simplicity.

Errorsin zond meancloud field propertiesare addresed next. Figure 6 shawvs
values of (Cot), (W) and(ow) for CRM dataalongwith correspading meanbias
errors(MBE) androot-mean-saare errors(RMSE) for generged cloudfields relative
to CRM data.Resllts for FGenarecontrasedwith resultsfor MRO andrandomoverlap
(RAN). While FGenincludes harizontalvariationsin w with overlap dictatedby CRM
data,MRO andRAN fields usehorizontallyhomogeized clouds Note that (W) and
(ow) aremeanvalues for cloudy partsof GCM columnsonly. In particular biasesn
(W) stemfrom biase in (C},:) as,on average,total massof waterin a GCM column
predictedby all thegener#orsis conered.

Zond meanvaluesof Cy, for FGenfollow CRM values closdy, althoughthey
exhibit a small negative bias of —0.004 in the globd mean.This bias resultsfrom
assimptiong(i) and(ii) listedatthebeginningof thissection Spedfically, for thepreseh
datagt, (6) overestimateshe degreeof overlap betweemon-adjaentcloudlayers(see
above). Conquentlythereis asmallpostivebiasin (W). Errorsin (Ci), andthusin

(W), aremuchlarger for MRO andRAN thanfor FGen.While MRO undeestimates

(Ci0t), RAN overestimatest. Root-mean-sgareerrorsin Cy,;, and W, are likewise
sudtantially largerfor the classicoverlapassumponsthanfor FGen.

The full geneator undeestimatego ) slightly in the tropics and overestimates
it slightly at high latitudeswith zond MBEs smaller than 0.05. MRO and RAN
undeestimate(oy) subsantially owing to their useof homog@eousclouds In fact,
the only way they produe@ (o) > 0 is from overlap. Valuesof (o) aresignificarily
largerfor MRO thanfor RAN in thetropicsbecaiseof toweringcorvective cloudfields:
MRO is proneto produe overly largeandsmallvalues of W in thesameGCM column.

Errorsin FGens estimatef (o) arecomplicaed asthey canarisethroughall
assimptions(i)—(v). Additionaltests(notelabaatedonhere) indicatethatits undeesti-
mationof (o) in thetropicsis relatedto theassumpon thatprobalilit y distributionsof
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Figure6. (a)Zonalmeantotal cloudfraction C;o+ for CRM data.(b) and(c) Zonalmeanbiasandr.m.s.errars
in Ctot for thefull geneator (FGen;solid lines), maximum-ranlom overap (MRO; dashel lines), andrandam

overlap (RAN; dottedlines). (d)—(f): as(a)-(c) but for meancloudwaterpathw (g nt2) for the cloudy partsof

GCM columns(g)—(): as(a)—() but for zonalmeanrelative standad deviation of cloudwaterpathay . Numbers

listed on the plots areglobal averagefor CRM data[(a), (d), and(g)] andglobal MBEs andRMSEsfor FGen/
MRO / RAN. NotethatMRO andRAN usehorizontallyhomogaizedclouds.

condesateareindepementof cloudgeometryFor deepropicalcorvectionwith anvils,
FGenundeestimatesondnsateamountin the coresandoverestimatest in thearvils.
Ontheotherhand theslight overestimateof (o) athighlatitudesis mainly caugdby
useof (12), which overestimatesorizontalcorrelationsof condensatedistributionsfor
non-adjacet cloudlayers.

(b) Radiativeforcing by thegeneator

Sincethe cloud generatoiis imperfect,useof its productsasinput for algorithms
thatsimulatephysial procesesis expectedto producebiasesThis subsetion asseses
the natureandmagnitudeof biases in radiationfieldsfor bothFGenandMRO versions
of thegeneratarThe® biasescanbethoughtof asspuiousradiative forcingsinduced
by thegeneator.

The spuious radiative forcings are charaterizedhereby global and zond mean
bias errorsand root-mean-scare errorsin net radiatve fluxes (down—up) and layer
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Figure7. (a)-(c): Zonal meanSW, LW and total (=LW+SW) cloud radiatve forcings for net (= down—up)
fluxesat thetop of the atmosphee (TOA) andat the sufface(SFC)[seelegendin (a)]. (d)—(f): Meanbiaserrors
in netfluxesfor genealizedoverlapwith horizontally homogerousclouds(FGen)atthe TOA andatthe surface
(SFC),andfor maximum-rawlom overlapwith horizontallyhomogeneusclouds(MRO) at the TOA andat the
surface[seelegendin (d)]. (g)—(i): As (d)—(f) but for root-mea-squae errors.

heding rates.Referenceesultsareobtaina by applyingthe ICA to the original CRM
cloudfields. Reslts for FGenandMRO arefrom ICA calculationswith A" = 10,00
geneatedsubcdumnspereachCRM cloudfield (i.e., GCM column).With A thislarge,
samping noiseis reducel effectively to zero.

Figure 7 displayszoral meanSW, LW, and total (= LW+SW) cloud radiatve
forcings (CRF) for the referencecalcuationsalongwith MBEs andRMSEsfor FGen
andMRO. Figures7(d)—(f) shav thatzond meanCRF(i.e., netradiative flux) errorsfor
FGenaregenerdly belov 1 W m—2. They maximizein the SWat~3 W m~2 at57°S,
whichtranslatesnto arelative errorfor SW CRFof only —1.8%.This errorstemsrom
a conatenationof slightly overestimatedsyy [Fig. 6(h)] andslightly undeestimated
Cyot [Fig. 6(b)]. Table 1 lists global meanvalues and errors,and shavs that MBEs
arisingfrom FGenarepostive for net SW fluxes andnegative for net LW fluxes. This
is consistenwith theslightly negéive biasesn C,; in Fig. 6(b).
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TABLE 1. GLOBAL STATISTICS FOR RADIATIVE FLUXES

MBE RMSE
Quantity CRF FGen MRO FGen MRO
Fsw,roa (Wm=2) -54.6 0.36 -0.23 5.08 13.17
Fsw,src (Wm™ 2) —61.6 041 -0.11 5.73 15.25
Frw,roa (Wm—2) 240 -0.01 198 128 557
Frw,src (Wm—2) 262 -0.29 -0.14 124 3.08

Frorroa (Wm—2) —306 035 176 486 13.29
Frorsrc(Wm-2) 354 012 -025 538 14.21

CRF is global mean cloud radiatve forcing in the reference calcula-
tions. The other columnsgive meanbias errors (MBE) and root-mean-
squae errors (RMSE) for genealized overlapwith horizortally variable
clouds(FGen)andmaximum-ralom overlapwith horizortally homoge

neousclouds(MRO). Fsw, o4, FLw,ro4 andFror.roa (Fsw,src,
Frw,src andFror, SFc) arenetSW, LW andtotal( LW+SW) fluxes
atthetop of the atmosplere(sufaoe)

Looking at the MBEs in Table 1 onewould condude that the MRO modeldoes
extremelywell, espeially in the SW. This, however, is dueto widespreadancdation
of errorsrelatedto the maximum-randonoverlap assimptionandhomogerousclouds
(cf. Barker et al. 20038). Figures7(d)—(f) shov that thesecompemsatingerrorsbegin
to unravd whenviewed aszond averags.Negdive SW biasesnear60 °S stemfrom
frequentlyovercastcloudsportrayedas homog@&eous whereagostive SW biasesn
thetropicscomefrom underesmationof Cy,; for corvective cloudfields.Largepositive
LW biases at the TOA nearthe equatorarisefrom homogaizationof extensve cirrus
(cf. Li andBarker2002.

Tablel shavsthatglobalmeanRMSEsin radiative fluxesfor MRO areatleast2.5
timeslargerthanthosefor FGen.Figures7(g)—(i) indicatethatthe supeior performance
of FGenholdsfor all latitudes Although SW CRFmaximizesalongthe southerrstorm
belt,thelargestRMSEsfor SWluxesoccu neartheequaor wherecloudfieldsaremost
inhomogeerous[seeFig. 6(g)] andthereforemostchallengingto simulateaccurately
Root-mean-squaerrorsfor LW fluxesareconsderablysmallerthanthosein SWluxes
beingonly ~1 W m~2 for FGenat mostlatitudes.

Figures8(a) and 8(b) shov zond meanimpactson radiatve heatingratesdueto
cloudsfor thereferencecalcuations.Figure8(c) shavs thatcorrespndingSW heding
rateerrorsfor FGenrarelyexceed0.02K d—!, andFig. 8(d) shavsthatfor the LW, they
arealsosmall save for two localizedareasof positive errorthatreach0.18K d—! near
the surfacesouthof 60 °S andalmost0.10K d—! in the equdorial uppertroposihere.
Additional testsshaved that the former featureis mainly relatedto cloud fraction
overlap,andthelatterfeaturecanbelinkedto thegereratorsassimptionthatproballit y
distributionsof condeasateamoun areindepadentof cloudgeomery.

Zonal meanheatingrate errorsfor MRO are consderably larger than thosefor
FGen.In the uppe troposphes, homogenizedcloudsexposedto spaceprodue bands
of positive SW heatingerrorsand negative LW heatingerrors(cf. Barker etal. 1999.
At lower altitudes theseerrorsreversesigndueto excessive shieldingof cloudto solar
radiation,andexcessive trappingof terrestrialradiation.

Figure9 shavs that FGenand MRO exhibit similar RMSE patternsfor radiatve
heatingrates,althougherrors are typically 2 to 4 times larger for MRO. Geneally,
RMSEsfor the LW exceedthosefor the SW, with largesterrorsocairing in the uppe
tropical troposphereand nearthe surfaceat high southen latitudes.Excessve MRO
errorsin theuppertropicaltroposplerecomefrom horizontalhomogenizationof highly
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and(b) for maximum-railom overlapwith horizortally homogeneusclouds(MRO). (c) and(d): As (a) and(b)
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variablearvil clouds.The lower southen troposphee is proneto large errorsdueto a
combinationof alundant cloudines andrelatively high vertical resolution.Theselead
to large LW coolingrateswhencloudsareexposdto spae incorrectly

6. CONCLUSIONS AND DISCUSSION

The main point of this study wasto presenta stochasc cloud geneator whose
purposss to produe setsof subcdumnswithin LSAM columns.The primary motiva-
tion behindbuilding the generatomwasto facilitateuseof the Monte CarloIndepenent
ColumnApproximation(MclCA) for radiative transfer This generatocould, however,
alsobeof valuefor parametrizatiormf precipitation,andposébly other proceses.

Thegeneratocreatesloudfieldsonacolumn-by-cédumnbasis Sincetheapproah
is stochatic, statisticalcharacteristicef generatedieldsbemmeincreasinglyaccurate
asthenumbe of subolumnsA increags.Vertical overlap of cloudfractionandcloud
condesateare descibed with two parametershoth of which canbe expresedusing
decorrelatiordepthsThefollowing simplifying assimptionsareinvolved
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(i) it is sufiicientto consder only adjacenlayercorrelations;
(i) correlationsarealwaysnon-ngative; and

(iii ) probalilit y distributionsof cloudwatercontern areindepemnlentof cloud
geometry(i.e.,thesamefor overlappingandnon-overlappingcloudycells).

Performancef thecloudgeneatorwasassesedusingasingleday’s worth of data
obtainedrom anLSAM simulationthatemployeda low-resolution2D cloudresolving
model (CRM) in eachof its column. Biasesas®ciatedwith the geneator are small,
althoughthereis aslighttendemy towardsunderesmation of total cloudfraction.When
thegeneratowasinitiali zedwith CRM dataandrandomnoisewasredu@dto nea zero,
RMSEsfor radiative fluxesandheding ratesweregenerallyat least60% smallerthan
thosefor maximum-randm overlap of homog@eousclouds.

Uniting thegeneatorwith McICA in anLSAM hasseveral distinctadvantageover
the currentparadigmfor modellingradiative transfer First, it is moreflexible thanthe
corventionalapproab becaiseit is far easie to defire unresdved cloud structurethan
to interweae it into 1D radiationcodes. In additionto cloud fraction and condesate
amoun, variationsin particlesize,phaseandhabit could be incorporatedSecongthe
geneatorcoud beextertedto includeunresdvedvariationsn abseobinggase,aerosols
andsurfacepropertiesTwo simple extersionsof the preseh geneator areoutlinedin
Apperdix A, while Appendx B demonstratethathorizontalvariationsin watervapou
couldbeaccountedfor by formulatingthe geneatorin termsof total atmospleric water
(vapaur + cloud)insteadof cloud cordensgée amouwnt. Third, simpleradiationschems
that arefree of cloud overlap, horizontalvariability, andeven cloud fraction, areused
with MclCA.

At leastfour areador furtherreseach canbeidentified.First, overlap parameters
and probalili ty distributions of cloud condesatemustbe parametrizedand setdiag-
nosticdly in ordinaryLSAMSs. Sinceconstructiorof thesenecesarilyscde-dependnt,
condtional parametrizationwvill likely beanarduaustask,it is wiseto first assesthe
sersitivity of radiative transferandLSAMs to theseparametersThisis straightforvard
with McICA andthe geneator.

Secmd, analygsundetaken hereusal A/ = 10, 000 subolumns,which virtually
eliminatesrandomerrorsin radiative fluxes andheatingratesasso@tedwith thegener
ator Dueto computationatondraints,randomerrorscannot be avoided in operationa
LSAM use.Themagnitudeof randomerrors,andtheir corditional depenienceoncloud
field andradiationcodepropertiesneal to be quantifiedasdoestheirimpacton LSAM
simulationg(cf. Pincusetal. 2003.

Third, it would be pertinentto testthe generatos performancdor paramérization
of precipitation.Given the intermittentnatureof precipitationproceses,andthe high
sersitivity of parametrizedarge-scalegorecipitationto cloud overlap (Jakob andKlein
1999, this could provide amoredemanthg testthanradiatve transfercalculations

Fourth, the geneator presentedhereshoud not beregardel asthe “final” product.
Rather it is only the first incarnationof a scremethatis, in principle, entirely open
endel (cf. theappadices).
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CRM dataand correspondingfields producedby the full geneator (bin width A7 = 2). Resultsare shavn for
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APPENDIX A
Two Example of Extending the Geneator

(@) Horizontalvariability of clouddrople sizeandconcetration

Aircraft obsenations showv thatthereis oftena clearrelationbetwee cloudliquid
watercontentw; andcloud dropleteffective radiusr. (e.g.,Korolev etal. 2001).Any
functionalrelationshipbetweerthesevariablescanbeincludedeasilyin the geneator.
The sameis true for assunptionsabou effective ice crystalsizeandice watercontent
w;.

To illustrate this point, Fig. A.1 shavs frequeny distributions of meanvalueand
relative stancrddeviation of cloudliquid phag opticaldepthfor the GCM datagt, for
theassimptionof congantr, = 10 um (asusedabove), andfor

re =162 x w, "’ (A1)

In bothcaestheglobalmeanopticaldepthis thesameWhenr . is assimedto increase
with r., therearefewer thick cloudsand more cloudsnearthe mean.Variationsin r.
also reducethe subgid-scalevariationsof optical depth,in acord with Raisanen et
al. (2003). The impactof changing the defintion of r, is very similar for the original
CRM fields(blacklines)andfor fieldsprodu@dby thefull generatofgrey lines).
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(b) Accountingfor correlationsbetweersurfacetypeandcloud

Another issue that appeas to be completely beyond the reach of the current
paradignof modellingradiatvetransferin LSAMs involvesvariationsn surfacealbedo
that are correlatedwith clouds This is a frequentoccurrene for LSAM cells that
straddlecontinentalcoastal lines. Often, mostnotablyin stratocumulusegions cloud
will beprimarily over waterandnotover land.Currentmodelssimply constructanareal
averagesurfacealbedoandusethatvalueasthe lower bounday condtion. This could
beacwountedfor by the geneatorasfollows.

Imaginethatafraction fy of theunderlyingsurfaceof anLSAM cell is water and
thatay, andag, aresurfacealbedosver waterandland.OnceC,,; hasbeen determined,
onewould have to decidehow to partition cloudines betweernand andwaterso asto
defire fractionalamouwnts of cloudoverwaterCyy andlandCy,. Thisis constrainedy

Ciot = fwCw + (1 — fw) Cr. (A.2)

Then gereratinga uniform randomnumberRN; for ead subcdumn 5, surfacealbedo
«a; for cloudy subolumnswould bedefinedas

o RNijWCW

Ciot
p— A.3
“ fwCw (A3)
aj, ; RNJ > ﬁ,
)
wherea for cloud-freesubcdumns,
_ fw (1 -Cw)
a RN. < 22~ 77
o — W 1= 1= Cm (A.4)
’ _ fw (1-Cw) '
ar, 3 RN_] > 1_—%

Genealizationsto othersurfaces(e.g.,ice or snaw andbareland or openocean) or to
sydemsinvolving morethantwo surfaces arestraightforvard.

It is acknavledgedthatin practice,useof this appoachin an LSAM would not
be straightforvard since to our knowledge,no attemptshave beenmadeto partition
cloudiness within an LSAM grid cell acording to surface type. Nevertheless,this
exampledoes sene to demorstratetheflexibility of the McICA-geneatorunion.

APPENDIX B

Applyingthe Geneator to a Total Water Scheme

Tompkins’s (2002)cloudschemeperate®n total watermixing ratio ¢ (condesed
+ vapaur) and uses the betaprobability dengty function p(q) to describefluctugions
in g. A slightly alteredversion of the gereratorcanbe appliedto this type of schene.
Begin by dispengng with settingcloudfractionfor subcdumncells.As with condesed
waterin the maingeneratqrtotal watermixing ratiosg; ;. for all cellsaregeneratedby
solving

45,k
Yjk = /0 pr(q)dg, (B.1)

wherey; ; is the cumulative frequeng distribution of ¢, andpy(g) is thecorrespoding
distribution of ¢ for the kth layer As usud, values for y; ,—; aredravn atrandomasin
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(10), while for all otherlayers

Yjk = {

whereRN1;; andRN2;; areuniquerandomnumbersdistributed evenly between0
andl, andr,c 1 Is the Ilnear correlationbetweerthe cumulatve frequencis of ¢ in
adjacenlayers Thereforejike themain algorithm,valuesof y; , simply jump between
perfectcorrelationfor a fractionr]_, , of cells andno correlationfor the remainder

Designatinghesaturationvapour mixing ratio for eat layerasg;®, cloudmixing ratio

is definal as
cM_{O ;%i—ﬁ“<0

; I{PJIJ k \~Tk 1,k
; I{qujk >'Tk Lk

Yjk—1

RN2, k=2,...K; j=1,..

N, (B.2)

cld _ B.3
Tk Gk — G 5 gk — G >0. (B3)
The apped of this simple procedurethatappeas to be sowell suitedto schenes
basedon variability of total water is tarnishedsomevhat by correlationsin cloud
fraction overlap andconcensateboth beingequalto 7, . For this reasm, we opted

for thegeneratopresetedin themaintext.
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