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Abstract. In-situ obsenations of aerosoland cloud condensationnuclei
(CCN) and the GISS GCM Model II' with an online aerosolsimulation
and explicit aerosol-cloudinteractions are usedto quartify the uncertainty
in radiative forcing and autocorversion rate from application of Kohler
theory. Simulations suggestthat application of Kohler theory introducesa
10-20%uncertainty in global averageindirect forcing, and 2-11%uncertainty
in autocorversion. Regionally the uncertainty in indirect forcing ranges
between10-20%,and 5-50%for autocorversion. Theseresults are insensitive
to the rangeof updraft velocity and water vapor uptake coe cien t considered.
This study suggestshat Keohler theory (as implemerted in climate models)
is not a signi cant sourceof uncertainty for aerosolindirect forcing, but can
be substartial for assessmda of aerosole ects on the hydrological cycle in
climatically sensitive regionsof the globe. This implies that improvemerns in
the represemation of GCM subgrid processesind aerosolsizedistribution will
mostly bene t indirect forcing assessmea. Predictions of autocornversion, by
nature, will be subject to considerableuncertainty; its reduction may require
explicit represemation of size-resoled aerosolcomposition and mixing state.

1. Intro duction

The Intergovernmental Panel on Climate Change
(IPCC) [2001]identi ed indirect aerosolforcing as one
of the largest sourceof uncertainty in anthrop ogeniccli-
mate forcing, and urged the accurate represenation of
physicochemical processedinking aerosolsand clouds
in global models. Physically-basedapproactes [Abdul-
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Razzaket al., 1998; Cohard et al., 1998; Abdul-Razzak
and Ghan, 2000; Cohad et al., 2000; Nenesand Sein-
feld, 2003; Fountoukis and Nenes 2005]rely on theory
rst introduced by Kohler [1921], in which aerosolis
assumedto be composedof a mixture of deliquescem
electrolytes and insoluble material. Subsequeh modi -

cationsto Kohler theory considermore complexaerosol-
water interactions, such asthe presenceof slightly solu-
ble compounds [e.g., Shulman et al., 1996], surfactants
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[Shulmanet al., 1996; Facchini et al., 1999], black car-
bon inclusions[Conant et al., 2002], soluble gasegKul-
mala et al. 1993],and solute dissolution kinetics [Asa-
Awuku and Nenes in press].

Assessingthe applicability of Keohler theory (and
its extensions)is required for improving predictions of
aerosol-cloudinteractions. The ultimate test is CCN
\closure", or comparing predictions of CCN concerra-
tions (from application of Kohler theory to measure-
ments of size distribution and chemical composition)
with measuremets obtained with a CCN courter. A
multitude of CCN closure studies have been carried
out with varying degreesof successwith prediction er-
rors usually within 10-50%le.g., Medina et al., in press
and referencegherein]. In-situ cloud drop number con-
certration (CDNC) closure studies[e.g., Conant et al.,
2004; Meskhidzeet al., 2005; Fountoukis et al., in re-
view] are alsoa good test of Kohler theory, although the
degreeof closuredependson the accuracyof other mea-
sured parameters, such as droplet concenration and
cloud updraft velocity.

Closurestudiestypically focuson CCN prediction er-
ror, but do not relate it to uncertainty in the aerosolin-
direct e ect; the latter remainsan outstanding issuefor
constraining anthrop ogenicclimate forcing. Sotiropoulou
et al. [2006] rst addressedhis problem; using ground-
based CCN and aerosolmeasuremets in combination
with the Fountoukis and Nenes [2005] cloud droplet
formation parameterization, CDNC uncertainty result-
ing from application of Kohler theory was found to
be roughly half the CCN prediction uncertainty for a
wide range of aerosol concerration, updraft velocity
and droplet growth kinetics. This study extends the
analysis of Sotiropoulou et al. [2006],and usesa global
model to assesghe uncertainty in cloud droplet num-
ber, indirect radiativ e forcing (i.e., \rst" aerosolindi-
rect e ect) and autocorversionassaiated with applica-
tion of Kohler theory. Hereon,the term \CCN predic-
tion error" expresseghe error arising from application
of Kehler theory. CCN uncertainty assciated with er-
rors in predicted aerosolsize distribution and chemical
composition are left for a future study.

2. Description of global model

The 9-layer NASA Goddard Institute for SpaceStud-
ies (GISS) generalcirculation model (GCM) Model II'
[Hansenet al., 1983;Del Genio et al., 1996]with 4 5
horizontal resolution and nine vertical layers (from sur-
faceto 10 mbar) is used. The model simulates the emis-
sions, transport, chemical transformation and deposi-
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tion of chemical tracers such as sulfate (SOf1 ), ammo-
nium (NHy ), dimethyl sul de (DMS), methanesulfonic
acid (MSA), sulfur dioxide (SO,), ammonia (NH 3), and
hydrogen peroxide (H,O;). The model time step for
theseprocessess onehour. A quadratic upstream mod-
ule for advection of heat and moisture and a fourth-
order scheme for tracer advection are used [Del Genio
et al., 1996]. Seasurfacetemperatures are climatologi-
cally prescribed.

Moist corvection is implemented by a mass ux
scheme that considers entraining and nonertraining
plumes, compensating subsidenceand downdrafts [Del
Genio and Yao, 1993]. Liquid water assaiated with
convective clouds either precipitates, evaporates or de-
trains into the large scalecloud cover within the model
time step. Liquid water is carried as a prognostic vari-
able in the large scalecloud stcheme [Del Genio et al.,
1996], allowing large-scaleclouds to persist for seweral
time steps.

The parameterization of cloud formation follows the
approadch of Sundqvistet al. [1989],in which the grid
cloud fraction is proportional to the di erence between
the averagegrid-box relative humidity and the relative
humidity in the clear fraction of the grid [Del Genio et
al., 1996]. Auto cornversion of cloud water to precipita-
tion is parameterizedas [Del Genio et al., 1996],

( 2)
(Wauv = Cog 1 exp %

rit

1)

where (g)au is the autocorversionrate (s 1), oyit iS
the critical cloud water content for the onset of rapid
conversion (g m 2), Co is the limiting autocorversion
rate (s ), q is the in-cloud liquid water cortent (g
m 3) and q is the liquid water mixing ratio.

The GISS radiative scheme [Hansen et al.,, 1983]
computesthe absorption and scattering of radiation by
gasesand particles. The gaseousabsorbers included in
the GCM are H,0O, CO,, O3, O,, and NO,, utilizing
twelve spectrally noncortiguous, vertically correlated-
k distribution intervals. Cloud and aerosol radiative
parameters (extinction cross-section,single scattering
albedo, and asymmetry parameter) are treated using
radiativ e properties obtained from Mie calculations for
the global aerosol climatology of Toon and Pollack
[1976]. Six intervals for the spectral dependenceof Mie
parameters for clouds, aerosoland Rayleigh scattering
are used[Hansenet al., 1983]. Multiple scattering of so-
lar radiation utilizes the doubling/adding method [Lacis
and Hansen 1974]with single Gausspoint adaptation
to reproduce the solar zenith angle dependencefor re-
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ected solar radiation by clouds and aerosolswith the
samedegreeof precisionasthe full doubling-adding for
consenative scattering. The six spectral intervals are
superimposedwith twelve absorption coe cien t pro les
to account for overlapping absorption.

2.1. Online aerosol simulation

Anthrop ogenic emissionsinclude the seasonalemis-
sions of SO, from fossil fuel combustion, industrial ac-
tivities [Baughcumet al., 1993; Benkovitz et al., 1996]
and biomass burning [Spiro et al., 1992] compiled by
the Global Emission Invertory Activit y (GEIA) [Guen-
ther et al., 1995]. Natural emissionsinclude SO, from
non-eruptive volcances [Spiro et al., 1992]and oceanic
DMS [Liss and Merlivat, 1986;Kettle et al., 1999]. An-
throp ogenicand natural emissionsof NH3 from domes-
tic animals, fertilizers, soils and crops, oceans,biomass
burning and humans are also considered[Bouwman et
al., 1997].

Global aerosolmassconcerirations are simulated on-
line [Adamset al., 1999;Koch et al., 1999;Adamset al.,
2001]. Aerosolis internally mixed, composedof sulfate
(SOf1 ), ammonium (NH} ), nitrate (NO,), methane-
sulfonic acid (MSA) and water. Gasphasespeciessimu-
lated are dimethyl sul de (DMS), sulfur dioxide (SO,),
ammonia (NH3) and hydrogen peraxide (H,0;). Gas
phase reactions consideredare of DMS with hydroxyl
(OH) and nitrate (NO3) radicals and oxidation of SO,
by OH. In-cloud formation of SO from the oxidation
of HSO; by H,0, is alsoconsidered. Volatile inorganic
species(NH} , NO; , H,0) are assumedto be in ther-
modynamic equilibrium over the 1-hour model time step
[Adams et al., 1999]; ISORROPIA [Neneset al., 1998;
1999] determinesthe partitioning of the volatile chem-
ical species,ammonia, nitrate and water between the
gas and the aerosol phase based on the temperature,
relative humidity and amount of aerosol precursor in
ead grid cell.

The aerosol simulation has been extensiwely evalu-
ated with a wide variety of obsenations [Adams et al.,
1999; Koch et al., 1999]. Simulated concerrations of
sulfate and ammonium generallyagreewithin afactor of
two with EMEFS and EMEP obsenations. Annual av-
eragenitrate concerirations are not reproducedaswell,
likely from uncertainties in measuremets in aerosolni-
trate [Yu et al., 2005],to uncertainty in predicted am-
monium and sulfate (which cortrol aerosolpH, hence
nitrate partitioning) and interaction of HNO3 with dust
and sea-salt.

2.2. Aerosol - Cloud interactions

Aerosol microphysical parameters for CDNC calcu-
lations are obtained by scaling prescribed aerosol size
distributions to the simulated online sulfate masscon-
certration (section 2.1); aerosol nitrate is subject to
considerableerror and therefore is not considered. Two
typesof aerosolsizedistributions are prescribed: i) ma-
rine, for gridcells over the ocean, and, ii) continental,
for gridcells over land (Table 1). Both aerosoltypes
are assumedto be a mixture of ammonium sulfate and
insoluble material.

CDNC is computed using the physically - basedpa-
rameterization of Fountoukis and Nenes [2005]. This
parameterization is one of the most comprehensie
and computationally e cien t formulations available for
global models. Its accuracyhasbeenevaluated with de-
tailed numerical simulations [Nenesand Seinfeld 2003;
Fountoukis and Nenes 2005] and in-situ data for cu-
muliform and stratiform clouds of marine and continen-
tal origin [Meskhidzeet al., 2005; Fountoukis et al., in
review]. The parameterization is basedon the frame-
work of an ascendingcloud parcel; the maximum su-
persaturation, Smax , cortrols CDNC and is determined
by the balance of water vapor availability from cool-
ing and depletion from the condensational growth of
activated droplets. The concept of \p opulation split-
ting" (in which droplets are classi ed by the proximity
to their critical diameter) allows sy to be determined
from the numerical solution of an algebraic equation.
Population splitting also allows the accurate treatment
of complex aerosolchemistry and kinetic limitations on
droplet growth, such as from the presenceof organics
that depresssurface tension and water vapor uptake
[e.g., Fountoukis and Nenes 2005].

In our simulations, a single cloud-baseupdraft veloc-
ity is prescribed to compute droplet number, which for
the \basecase"simulation issetto 1ms ! overland and
0.5m s ! over ocean. The \basecase"value of water
vapor massuptakecoe cient, ¢, issetto 0.042,consis-
tent with laboratory [Pruppacherand Klett, 1997; Shaw
and Lamb, 1999],and in-situ CDNC closurestudies[Co-
nant et al., 2004; Meskhidzeet al., 2005; Fountoukis et
al., in review]. The sensitivity of our simulations to the
updraft velocity and . is also considered(Section 6).

3. Quanti cation
error

of CCN prediction

In-situ measuremets of aerosol size distribution,
chemical composition and CCN concerirations are used
for characterizing CCN prediction error. The data was
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Table 1. Trimodal lognormal aerosol size distributions used in this study. Dg is the modal geometric mean

diameter ( m), N4, is the mode concerration (cm 3), is the geometric standard deviation, and so, is the
sulfate massfraction. Distributions obtained from Whitby,[1978]
Aerosol type Nuclei Mode Accumulation Mode CoarseMode

Dg Nap S04 Dg Nap SOy Dg Nap S04
Marine 0.020 1.47 230 033 0.092 160 177 033 0580 249 3.10 0.95
Continental 0.016 1.60 1000 050 0.067 210 800 050 0930 220 0.72 0.50

obtained at the Atmospheric Investigation, Regional
Modeling, Analysis and Prediction (AIRMAP) Thomp-
sonFarm (TF) site (Durham, NH) during the ICARTT
(International Consortium for Atmospheric Researt on
Transport and Transformation) campaign (July-August
2004). TF aerosolis primarily regional, in uenced by
somelocal biogenic emissionsfrom the surrounding for-
est[e.g., DeBell et al. 2004].

CCN concerirations were measured at 0.20, 0.30,
0.37,0.50, and 0.60% s, with a Droplet Measuremet
Tedhnologies,Inc. (DMT) streamwise thermal-gradient
cloud condensationnuclei counter [Rokerts and Nenes
2005;Lance et al., 2006]. Throughout the measuremen
period, the CCN courter operatedat a ow rate of 0.5L
min ! with a sheath-to-aerosolo w ratio of 10:1. CCN
concerrations were measuredat ead s for 6 minutes
yielding a spectrum ewvery 30 minutes. Measuremeits
of the aerosolsizedistribution were obtained every two
minutes for mobility diameters between7 and 289 nm
with a TSI Scanning Mobility Particle Sizer (SMPS,
model 3080, which included a TSI model 3010Conden-
sation Particle Counter (CPC) and a TSI model 3081L
long Di eren tial Mobilit y Analyzer (DMA)). Simultane-
ously, size-resoled chemical composition was measured
every 10 minutes with an Aerodyne Aerosol Mass Spec-
trometer (AMS) [Jayne et al., 2000].

For most of the period, polluted cortinental air was
sampled from the Great Lakes;roughly equal amounts
of freshly condensedsecondaryorganic aerosols(SOA)
and primary organic carbon (POA) composedthe car-
bonaceousfraction [Cottrell et al., 2006]. Occasionally
polluted rural air (characterized by higher CCN con-
certrations and larger sulfate massfractions) was col-
lected from south of the sampling site. The sulfate mass
fraction ranged in our dataset between 0.06 and 0.54,
with an averageof 0.24 0.09. Sulfate and ammonium
always dominated the inorganic fraction. The aerosol
number conceriration ranged between1366-841%cm 3
with an averageof 3786 1360cm 3. A detailed de-
scription and analysis of the dataset can be found in
Medina et al. [in press]and Cottrell et al., [2006].

Kohler theory, combined with the obsened aerosol
size distribution and chemical composition from the
ICARTT campaignyields \predicted" CCN concerira-
tions. Following Sotiropoulou et al. [2006], both \pre-
dicted" and \observed" CCN concerirations are t to
the \mo di ed power law" form of Cohard et al. [1998;
2000], where CCN approach a constart value at high
supersaturations (which in this study is takento be the
total aerosolnumber). The \modi ed power law" is se-
lected for its simplicity, and ability to describe a CCN
spectrum for a very wide range of supersaturations Co-
hard et al. [1998;2000].

The degreeof CCN closureis typical of polluted en-
vironments and larger than for pristine ones[Medina et
al., in pressand referencesherein]; using size-areraged
chemical composition, CCN closure is achieved within
36  29%, while introducing size-dependert chemical
composition CCN concertrations is overpredicted by
17  27%. Under certain conditions (e.g., externally
mixed aerosolor freshly emitted carbonaceousaerosol)
the closure error may be larger; whether or not this is
important enoughto have a global impact remains to
be seen. For this study, we will assumethat the TF
dataset can be used to estimate the CCN prediction
error throughout the globe.

The CCN prediction error,
pressedin fractional form as,

Fo(s) Fp(s)

Fo(s)

'cen (S), is then ex-

(2)

"cen(s) =

where F (s) is the CCN conceriration asa function of s
(i.e., the CCN \spectrum”), subscript\o" refersto ob-
senations, and \p" to predictions. From the CCN spec-
tra of the dataset, we compute the averagefractional er-
ror, "2\ (), and its standard deviation, ccn (S). Us-
ing least squaresminimization, "7y (s) and the maxi-
mum fractional error, "Z2% (s) = "2y (S) + ccn (),
can be expressedas (Figure 1),

n(a:Vé]N (S) - 0088]5 0:3960
" (s) = 0:18265 O (3)
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Figure 1. Averageand maximum fractional CCN pre-
diction error obtained from the ICARTT dataset (Med-
ina et al. [in press]).

" &3\ (s) correspondsto the averageCCN prediction er-

ror when considering size-resoled aerosolcomposition
(i.e., computing CCN using the measuremets of size-
dependart composition); "T% (s) correspnds to the
average CCN prediction error when the aerosolis as-
sumed to have a size-invariant composition (i.e., the
size-averaged composition is usedin the calculation of
CCN concertrations [Medina et al., in press]).

4. Implications for CDNC, indirect
forcing and auto conversion rate

The \basecase" model simulation corresponds to
presert day emissions (year 2000), from which the
\basecase"smax , CDNC, shortwave (SW) cloud forcing
at the top of the atmosphere(TO A) and autoconversion
rate are determined. In ead grid cell and model time
step, "2y (s) and "2 (s) are computed using Equa-
tion 3 and the \basecase"smax . The \basecase"size
distribution, FP3%¢ s then varied sothat the changein
CCN at smax correspondsto "2 3, (s) and "2, (s) as,

Favg' = [1+ O:SI'?:V(:QN (Smax )] [ base

Fav9 = [1 0:5"28\ (Smax )] FP*°

Fme = [1+ 05 ZZY (Smax )] F 22

FT™ = [1 0:5"ERYy (Smax )] F** (4)
whereF 29" (Fav9 ) js Fbase gcaledto the upper (lower)
limit of averageerror "2'9, (Smax ), and, F M " (Fmax )

is FP2¢ scaled to the upper (lower) limit of maxi-
mum error "% (Smax ). In applying equation 4 we

Favg* Favg

have assumedthat "0\ (Smax) = e and
" _ pmax + F max
Con (Smax ) = F Bse

The modi ed distributions in Equation 4 are intro-
duced into the activation parameterization to compute
its importance for predictions of CDNC, rst aerosol
indirect forcing and autoconversion rate. Figure 2 out-
lines the calculation procedure.

4.1. CDNC error

navg ; nmax
The average,"cpy ¢, and maximum, "2% -, frac-

tional CDNC error are calculated as,

wavg _ Ngvg Ngvg
CDNC — base
Nd
nmax —_ N(;nax N(rjnax (5)
CDNC — Nbase
d

where N £3¢ is the CDNC for the \basecase" scenario,
and N9 N29 NP’ and N  arethe CDNC
corresponding to Fav9™ | Favg  Emax’ gpg Fmax  re.
spectively (Figure 2). Normalization in ead grid cell is
done by using monthly mean droplet number concen-
trations.

4.2. Indirect forcing error

Calculation of the SW TOA cloud forcing is done
using the GCM radiativ e transfer routine. The cloud
optical depth in eadch GCM grid cell is calculated as,

I .
9 hsqud :

T Ziger ©

where is the cloud optical depth, h is the vertical

thickness of the grid cell (m), q is the grid-averaged
liquid water mixing ratio, Ny is the cloud droplet num-

ber concerration (m 2) calculated by the Fountoukis
and Nenes [2005] parameterization, , is the density

of water (kg m %), is the density of air (kg m 3), C

is the grid-cell cloud fraction.  relates the volumetric

radius to e ectiv e radius, and is assumedto be 0.67 for

cortinental air massesand 0.80for maritime air masses
[Martin et al., 1994].

GCM vertical resolution is too coarse to resolwe
cloudsand optical thicknessis overestimated by assum-
ing the gridbox is vertically full with cloud. This issue
is addressedby introducing a corrected optical depth,

0 in the radiativ e calculation [Del Genio et al., 1996],
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Figure 2. Methodology usedfor estimating the error in CCN, CDNC, indirect forcing and autocorversion rate.

0_ C|l=3 (7)
avg

The average, U7, and maximum, U, error in
indirect forcing arising from CCN prediction error is,

UO= CFRW Rt
U = CRSL RIS ®)
whereCF9 , CF&9  CFM ", and CFI"@ arethe
SW TOA cloud forcings for optical depths correspond-
ing to F&¥9 | Fa&ve EMax " gnd FM& | respectively.

4.3. Impact on auto conversion rate

Results are expressedn terms of the average,U,i“L’Jg,

and maximum, Ug™ , fractional error in autocorversion

rate,
uma - (@R (@R
(q_) base
e = WO o

where (q_)base is the \basecase" autoconversion rate,
@2, (@2, (@7 and (@)X are the auto-
corversionscorrespnding to Fav9" | Fave  Fmax” gng

Fmax  respectively. Normalization in ead grid cell is

done by using monthly mean autocorversion rates.

Auto conversionrates vary substartially betweenpa-
rameterizations; to assesghe robustnessof our results,
we repeat the error calculation for multiple autocon-
version formulations. We usethe parameterizations of
Rotstayn [1997] and Khairoutdinov and Kogan [2000],
which explicitly consider CDNC. Rotstayn [1997]mod-
ied the work of Manton and Cotton [1977] to ac-
court for the fractional cloudinessoften encourtered in
a GCM grid cell,

0:1049E au g g
= C 2 4 8
(@)au [ (Ng o2 o) C, Ger
(10)
where is the dynamic viscosity of air (kg m ! s 1),

g is the gravitational acceleration(m s 2), and Eay is
the mean collection e ciency (assumedto be 0.55). H
is the Heaviside function which suppressesautocornver-
sion until g—'l readhes a \critical" liquid water mixing
ratio, gcr = 3 wrggNg= (where rcg is the \criti-
cal" volume-meancloud droplet radius for the onset of
autocorwversion, setto 7.5 m).

Khairoutdinov and Kogan [2000]developed their pa-
rameterizations using Large Eddy Simulations of stra-
tocumulus cloud elds. Two formulations are provided,
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one explicitly in terms of droplet number,

g 2:47
(d)au = 1350C o) (Ng

10 6) 1:79 (11)

and another, in terms of drop mean volume radius, r,

(m):

(@au = 41 10°Crde (12)

Equations 11 and 12 have beenmodi ed to accourt for
the fractional cloud cover in the GCM grid cell.

Equations 10, 11, and 12 consider changesin auto-
conversion from increasesin submicron CCN concen-
trations, but not the impact of giant CCN (GCCN) on
drizzle formation. The latter have beenshown to ac-
celerate the formation of drizzle in numerous remote
sensing[Rosenfeldet al., 2002; Rudich et al., 2002]and
modeling studies[Levin et al., 1996;Reisin et al., 1996;
Feingold et al., 1999; Yin et al., 2000; Zhang et al.,
2006]. Despitetheir potential importance, including the
impact of GCCN on autocorversionis challenging (and
currently not consideredin parameterizations) because
of the highly nonlinear physics involved and the lack
of obsenational constraints. GCCN impacts may not
be as important in our study, becausewe are assess-
ing autocorversion changesthat arise from di erences
in aerosolchemical composition (more exactly, its size-
dependence),but not size distribution. Shifts in com-
position would not a ect concerrations of GCCN in
all of the simulations, astheir large size (i.e. very low
critical supersaturation) ensuresthat they would always
activate, regardlessof their composition. Thus, GCCN
impacts on cloud microphysicswill a ect primarily the
\basecase" value of autocorversion but not its sensi-
tivit y to modest changesin CCN concerrations. It
should be noted however that our simulations do not
completely neglectthe presenceof GCCN; their impact
on smax (by competing for water vapor) is considered,
as our prescribed lognormal distributions predict non-
negligible concenrations of GCCN in most regions of
the globe.

5. Results and Discussion

5.1. Basecase simulation

Figure 3 preserts the \basecase"annual meanCDNC
(top panel) and preindustrial-current day aerosolindi-
rect forcing (bottom panel). Largest values of CDNC
are predicted in the mid-latitudes of the Northern Hemi-
sphere, downwind of sourcesin industrialized regions.
High values of CDNC are also seenin the North At-
lantic, from long range transport of pollution plumes,

98.82
90
45
0
-45
-90
-180 -90 0 90
0 5 25 100 500  250C
-1.00
90
45
0
-45
-90
-180 -90 0 90
-116 -25 -15 -08 -03 0
Figure 3. \Basecase" annual mean cloud droplet

number concerirations (top panel, cm 3) and anthro-
pogenic aerosol indirect forcing (bottom panel, W
m 2). The global averageis shown in the upper right
hand corner of eac panel.

and in the Southern Hemispheredownwind of biomass
burning. Figure 3 alsoillustrates the annual mean an-

throp ogenicaerosolindirect forcing (bottom panel), de-

ned asthe di erence in the TOA net shortwave incom-

ing ux betweenthe preser-day and pre-industrial sim-

ulations. The globally-averagedTOA indirect radiative

forcing is -1.00 W m 2, consistert with most assess-
ments to date [e.g., Suzuki et al., 2004; Lohmann and

Feichter, 2005]. The spatial pattern of indirect forcing

tendsto follow that of CDNC, with largestvalues( -10

W m 2) computed downwind of industrialized regions
of the globe.

5.2. Fractional CCN error

The spatial distributions of "%, and "% in the

model surface layer are presered in Figure 4. The
global average" ¢y, (panela) is 0.09(i.e., 9%), and the
global mean "%y, (panel b) is 0.18 (i.e., 18%). Larger

CCN prediction error is found where in-cloud Smax IS
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Figure 4. Annual averagesurfacelayer a) "2y, b)
T2\ C)_”éngch d) "Z8c- The global averagevalue
is shown in the upper right hand corner of eat panel.

low, such asin regionsa ected by industrial pollution

plumes (North America, Europe) and long range trans-

port of pollution plumes(North Atlantic). Between20N

and 60N, the annual mean "2 ("2, ) is 0.10 (0.21);

for the corntinental United Statesthe corresponding val-

ues are 0.10 (0.22), and for Europe, 0.11 (0.24). In

pristine areas,in-cloud smax is high (between 1% and

2%), suppressingCCN prediction error (which ranges
between 0.09 and 0.15). The above analysis suggests
that assuming internally mixed aerosolswith a size-
invariant chemical composition (expressedoy "£% ) re-
sults in twice the CCN prediction error comparedto as-
suming size-resoled chemical composition (expressed
by "2, ). Variations in CCN concerration changes
cloud smax 0.04%betweenF 9" and F&¥9 | and 0.08%
betweenF ™ " and F max

5.3. Fractional CDNC error

nav n
SN (panelc) and "2 - (panel

Figure 4 presers

d) that result from "0, (panel a) and "2% (panel
b), respectively. SinceCCN changesgenerallyleadto a
sublinear responsein CDNC, "cpn ¢ is spatially corre-
lated with "ccn, but is of smaller magnitude. Larger
values of CDNC error are predicted over cortinents
in the Northern Hemisphere; between 20N and 60N,
"SNc is 0.08and "% . is 0.17. The sameapplies
over Europe and the continental US, while CDNC er-
ror over pristine regions tends to be smaller, ranging
between 0.05 and 0.15 (Figure 4). In summary, CCN
prediction error implies a 8-17% CDNC error in pol-

luted regions, and a 5-15% error in pristine regions of
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Figure 5. Annual mean in the model surfacelayer.
The global averageis shawvn in the upper right hand
corner.

the globe.

5.4. Relativ e sensitivit y of CDNC to CCN

Dividing the fractional errors yields the relative sen-
sitivit y of CDNC to CCN error, :

navg (S ) nmax (S )
max
= _conSmax) o CeNSma) (g5
CDNC CDNC

Low valuesof  suggesthigh sensitivity of CDNC to
CCN prediction error and vice versa.

Figure 5 presers the spatial distribution of the an-
nual . Smaller valuesof are obsened over pristine
regions,where CCN and CDNC concerrations are low,
henceCDNC are more sensitive to CCN prediction er-
ror. The highest s predicted for polluted regions,
such as SW USA, Europe, and Asia. In sud regions,
the large error in predicted CCN concertrations do not
translate to large error in CDNC, becausedynamical
readjustmert of in-cloud smax under polluted condi-
tions tends to compensate for changesin CCN. The
areaNE of India (Tib etan plateau) hasa value close
to unity, becauseCCN concerrations are low and in-
cloud smax is high. The annual average between20N
and 60N is 1.22;for USA and Europe, rangesbetween
1.25and 1.30. This meansthat CDNC error is 22 - 30%
lower than CCN prediction error for polluted regionsof
the globe.

5.5. Impact of CCN error on cloud radiativ e
forcing

The spatial distributions of UZ?, and U are
shown in Figure 6a and 6b, respectively. The average
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Figure 6. Annual averageU? (top panel), and, U
(bottom panel), expressedin W m 2. The global av-
eragevalue is shown in the upper right hand corner of
ead panel.

error in indirect forcing is equalto 0.1W m 2 while the
corresponding maximum error is equalto 0.2 W m 2.
Thus, CCN prediction error leadsto a 10-20%error in
global indirect e ect. Regionally, indirect forcing error
is highest ( 0.5 W m 2) downwind of industrialized
and biomassburning regions; SW forcing in the surface
layer of the oceansis thus subject to a 5-20%error. The
leastindirect forcing error is predicted over desertsand
the subtropical southern oceans,where anthrop ogenic
CCN perturbations are least e ectiv e in a ecting cloud
optical depth.

5.6. Impact of CCN error on auto conversion
rate

Auto conversionparameterizationsare usually \tuned"
to reproduce obsenations; we did not follow this pro-
cedureto explore the robustnessof UZ}® and U2, in
the absenceof tuning. Figure 7 presens \basecase
autocorversion rates for ead parameterization consid-

eredin this study (Equations 1, 10-12). All parame-
terizations are anticorrelated with the spatial patterns
of CDNC (Figure 3), but dier substartially (a fac-
tor of 20) in predicted autocornversion rate. Compared
to the \default" GISS autoconversion scheme (Equa-
tion 1), Khairoutdinov and Kogan [2000]predicts lower
autoconversionand Rotstayn's [1997],higher (Figure 7).
The di erence betweenthe parameterizations are not a
result of error in predicted cloud microphysical char-
acteristics (droplet number concerration, liquid water
content), but rather aninherert error in the parameteri-
zations. Comparedto the parameterization of Rotstayn
[1997], the cortrast betweenland and seais larger us-
ing Khairoutdinov and Kogan [2000] parameterization;
this is not surprising, given the stronger dependenceof
Equation 11 on CDNC. The discrepancy between for-
mulations could be reducedif the parameterizationsare
tuned to match obsenations; this is beyond the scope
of this study.

The averageand maximum errors in autocorversion
rates using the scdhemesof Khairoutdinov and Kogan
[2000]and Rotstayn [1997]are shown in Figure 8. The
largest autocornversion error is predicted for polluted
regions, becausepristine clouds, corntrary to their pol-
luted cournterparts, have a high precipitation e ciency
(since their droplets are generally large) henceare less
sensitive to CDNC error. The autocorversion schemes
of Khairoutdinov and Kogan [2000] are most sensitive
to Ny, hence CDNC error (Table 2). As a result, the
percert Uy’ (Uxy ) induced by Kehler theory using
Equation 11 is 5.6% (11:4%), while the corresponding
one using Equation 10 is 2.3% (4:7%).

6. Sensitivit y tests

It is instructiv eto explore the sensitivity of our nd-
ings to poorly constrained parameters that in uence
cloud droplet formation, namely, updraft velocity and

c. The sensitivity tests are done for conditions that
would decreasein-cloud smax ; Simulations for higher
Smax are not required, as that would further decrease
the already small \basecase"error in CDNC and indi-
rect forcing.

It is well known that droplet number is a strong
function of updraft velocity, as it cortrols the parcel
expansionrate (i.e., cooling rate), hence parcel super-
saturation, droplet concernration, sizeand and the time
available for coalescence.At cloud base,a decreasein
updraft velocity decreaseCDNC and vice-versa(every-
thing elsebeing equal). Since cloud-baseupdrafts are
not explicitly resolved in GCMs, but prescribed (as is
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Figure 7. Basecaseautocorversion rates ( 10'° kg
kg 's 1) asestimatedusingthe autocorversionscheme
of: a) Khairoutdinov and Kogan, [2000] (Equation 11),
b) Khairoutdinov and Kogan, [2000] (Equation 12), c)
Rotstayn [1999] (Equation 10), d) Equation 1. The
global annual averagevalue is shown in the upper right
hand corner of eat panel.

donein this study) or diagnosedfrom turbulent kinetic
energy it constitutes a major sourceof error in CDNC
calculations. We repeat the \basecase"simulation, but
for updraft velocity equalto 0.5 m s ! over land and
0.25m s ! over ocean.

¢, formally de ned as the probability of a water
vapor moleculeremaining in the liquid phaseupon col-
lision with a droplet [Seinfeld and Pandis, 1998],is a
parameter which determinesthe size dependenceof the
water vapor masstransfer coe cien t. Despite the con-
siderablework to date (seeFountoukis and Nenes 2005,
and referencegherein), . is still subject to substartial
error (e.g., Fountoukis et al., in review), partly because
it is usedto parameterizethe e ect of multiple kinetic
limitations, not only accommadation of water molecules
in the gas-liquid interface. To accourt for this error, we
repeat the \basecase"simulation for . = 1, which de-
creasegglobal sy, sincedroplet growth is accelerated
in the initial stagesof cloud formation.

6.1. Sensitivit y to updraft velocity

The decreasein updraft velocity leadsto a decrease
in global smax , from 1.21%in the \basecase"simulation
to 0.79%. The decreasein smax , however, causesonly
a slight increasein "ccn; "&¢y is raised from 0.09
to 0.10 globally, from 0.10to 0.11 between 20N-60N,

from 0.10to 0.12 for USA, and from 0.11to 0.12 for

Sotiropoulou et al.
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Figure 8. Average(panelsa, c, €) and maximum (pan-
elsb, d, f) fractional error in autocorversionrate using
the autocorversion parameterizations of Khairoutdinov
and Kogan [2000],Equation 11 (panelsa, b), Khairout-
dinov and Kogan [2000], Equation 12 (panelsc, d), and
Rotstayn [1999], Equation 10 (panelse, f). The global
annual averageis shonn at the upper right hand corner
of eadh panel.

Europe (Table 2). CDNC error is virtually una ected;
as a result,  slightly increases,i.e., CDNC become
lesssensitive to CCN prediction error (Table 2). U®
and UL)° are also not a ected by changesin updraft

velocity.

6.2. Sensitivit y to droplet growth Kkinetics

Simulations for . = 1 decreaseglobal Smax , from
1.21 % (\basecase" simulation) to 0.77%. This leads
to a slight increasein "ccn, With negligible e ect on
"conc. Specically, the global "8, increasesto 0.10,
while for the region between 20N and 60N is 0.11 and
for the continental US and Europe "33, is 0.12. Con-
sequettly,  slightly increases;for the region between
20N and 60N the annual mean is 1.28; for the con-

tinental US the corresponding value is 1.30, while for
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navg

wavg
Table 2. Annual average" 3y .

CDNC'

UFE? (W m 2) and US° (%) for the three autocorversion parame-
terizations used. Results are given for i )\basecase" simulation (\B"),

ii ) \basecase"with updraft velocity equalto

0.5ms ! overland and 0.25m s ! over ocean(\ w"), and, iii ) \basecase"with .= 1(\ ").
Parameter World 20N-60N USA Europe
B w c B w c B w c B w c

N 0.09 0.0 010 0.0 011 011 o010 012 012 011 0.12 0122
"SoNC 0.07 0.09 009 009 009 009 009 009 009 0.09 0.09 0.09

117 118 118 119 128 128 123 130 130 126 135 1.35
(Uhals 0.10 0.0 010 0214 0415 015 010 0112 0.2 0.09 011 012
Ua? (Eq. 10) 231 218 214 522 515 501 693 6.62 639 748 738 7.42
Us?® (Eq. 11) 561 551 554 1123 1155 11.61 1276 13.32 13.36 14.38 15.04 15.09
Ua® (Eq. 12) 493 486 490 950 9.87 9.96 10.95 11.65 11.71 12.09 13.01 13.17

Europe 1.35. U7E? and UZ)? are practically una ected
by the changein . (Table 2).

7. Implications and Conclusions

The focus of this study is to quartify the error in
aerosol indirect radiative forcing and autoconversion
rate arising from application of Kohler theory. The
GISS GCM Model II' with online aerosol mass sim-
ulation and explicit aerosol-cloud coupling is used to
quantify the error in indirect forcing and autoconversion
rate; CCN prediction error is obtained from a compre-
hensiwe dataset of aerosoland cloud condensationnuclei
(CCN) obsenations obtained during the ICARTT 2004
campaign. Simulations suggestthat the global aver-
age CCN prediction error rangesbetween 10 and 20%;
CDNC error rangesbetween7 and 14%. Assuming that
aerosolis internally-mixed and with a size-degndert
solublefraction decrease£CN prediction error twofold,
comparedto assumingsize-irvariant chemical composi-
tion. Theseresults are insensitive to the range of up-
draft velocity and water vapor uptake coe cien t, and
fairly insensitive to the autocorversion parameteriza-
tion considered.

In terms of indirect forcing, application of Kohler
theory introducesa 10-20 % error in indirect forcing,
both globally and regionally. The regionalindirect forc-
ing error can be ashigh as-0.5W m 2, but is always a
small fraction of the total indirect forcing. This implies
that CCN prediction error is not a signi cant sourceof
error for assessmes of the aerosolindirect e ect.

Application of Kehler theory doesnot intro duce sig-
ni cant error on global autocorversion (2-11%, depend-
ing on the parameterization used). Howewer, for regions
a ected by pollution and biomassburning, the error can
be large, as high as 50%. This implies a large error in
predictive understanding of the hydrological cycle over

climatically-sensitive regions of the earth, suc as sub-
SaharanAfrica, the Midw estregion of the United States
and East Asia.

Future changesin aerosollevels may a ect the error
in indirect forcing and autoconversion; this largely de-
pends on whether aerosolburdens will increase,as the
latter largely cortrols in-cloud supersaturation (hence
CCN prediction error). However, basedon Sotiropoulou
et al. [2006]and this study, it is unlikely that the er-
ror in indirect forcing would exceed50%, becauseour
simulations suggestthat indirect forcing error is roughly
proportional to CDNC error (which for the climatically-
relevant range of snax is lessthan 50%). The error
however in autoconversion is expected to increasecon-
siderably in a more polluted future.

Perhaps the most important implication from this
study is on the feasibility of improving indirect forc-
ing assessmes. As suggestedby the simulations, CCN
prediction error may not bean important sourceof error
for indirect forcing, becauseclouds mostly cortributing
to the \rst" indirect e ect are those with moderate
levels of pollution (hence higher levels of supersatura-
tion). This meansthat indirect forcing assessmes are
not limited by the simplied description of CCN and
CDNC formation embodied in state-of-the-art meda-
nistic parameterizations, and that the error in indirect
forcing will decreaseas the represenation of aerosol,
subgrid cloud formation and dynamics are improved in
climate models. The samecannot be said about aerosol
e ects on the hydrological cycle; the precipitation ef-
ciency of cloudsis most a ected under polluted con-
ditions, where CCN prediction error is largest. This
implies that the inherent error in autoconversion and
precipitation rate will cortinue to be large, even asthe
represenation of subgrid cloud processesmprove. For
the regionssubject to the largest error, information on
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the CCN mixing state may be required to reduce CCN
prediction error to lessthan 10%.

The conclusionsof this study are important and re-
quire additional work to assesdheir robustness. First,
the CCN closure dataset usedfor estimating the CCN
prediction error needsto be expandedto include a wide
range of aerosol conditions. Of particular importance
are datasets characterizing oceanic regions (both pris-
tine and polluted), biomass-burningaerosoland regions
with active chemical ageing, such as pollution mixing
with mineral dust. The error assessmenshould also
be repeated with other GCMs, and aerosol-cloudin-
teraction parameterizationsto assesghe robustnessof
our conclusions. The CCN prediction error calculation
should also be repeated with an aerosolsimulation that
includes the impact of sea-salt,organic and black car-
bon and mineral dust; inclusion of sudch speciescould
potentially result in a larger error. The useof a GCM
coupledwith explicit aerosolmicrophysics,size-resolhed
composition and aerosol-cloudinteractions [e.g., Adams
and Seinfeld 2002]will be the focus of a future study.
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