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[1] Current estimates of global dust emission vary by over a factor of two. Here, we use
multiple data types and a worldwide array of stations combined with a dust model to
constrain the magnitude of the global dust cycle for particles with radii between 0.1 and
8 mm. An optimal value of global emission is calculated by minimizing the difference
between the model dust distribution and observations. The optimal global emission is most
sensitive to the prescription of the dust source region. Depending upon the assumed
source, the agreement with observations is greatest for global, annual emission ranging
from 1500 to 2600 Tg. However, global annual emission between 1000 and 3000 Tg
remains in agreement with the observations, given small changes in the method of
optimization. Both ranges include values that are substantially larger than calculated by
current dust models. In contrast, the optimal fraction of clay particles (whose radii are less
than 1 mm) is lower than current model estimates. The optimal solution identified by a
combination of data sets is different from that identified by any single data set and is
more robust. Uncertainty is introduced into the optimal emission by model biases and the
uncertain contribution of other aerosol species to the observations.
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1. Introduction

[2] Aerosols are an important component of the global
radiation budget. Mineral (or ‘soil’) dust aerosols are one of
the largest contributors to aerosol radiative forcing [Tegen et
al., 1997; Penner et al., 2001]. In order to compute this
forcing, accurate information is needed on the distribution
of dust within the atmosphere along with the particle size
distribution. These properties have uncertainties associated
with them and therefore contribute to the uncertainty of dust
radiative forcing [Houghton et al., 2001]. This study con-

centrates on constraining the geographic and particle size
distribution of dust aerosols.
[3] Dust emission, whereby soil particles enter the atmo-

sphere, has been measured at only a small number of
locations over a relatively short period of time [Tegen et
al., 2002]. A global value has been extrapolated from
limited observations over specific source regions, such as
the Sahara and Asia [Uematsu et al., 1985; Swap et al.,
1996; Marticorena and Bergametti, 1996; Zhang et al.,
1997]. The global sum resulting from these measurements
ranges over two orders of magnitude from 60 to 5,000 Tg/yr
[Schutz, 1980; Goudie, 1983; Duce, 1995; Goudie and
Middleton, 2001]. Oceanic deposition observations repre-
sent a potential lower bound on global emission but are
scarce.
[4] Dust emission is estimated indirectly by constraining

a model with observations of aerosol amount. Modelers are
confronted with difficulties because dust emission is a non-
linear function of wind speed that depends on many other
factors that are poorly known on the scale of the model grid.
Emission E is often calculated according to:

E ¼ CF rð Þ w� wtð Þw2 for w � wt

0 for w < wt

�
ð1Þ

where w is the surface wind speed, wt is the threshold above
which emission occurs, C is a coefficient of proportionality,
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and F(r) represents the dependence of emission upon
particle size, denoted by radius r [Gillette, 1974]. The
emitted size distribution F(r) depends upon both the size
distribution of particles in the soil and the intricate transfer
of momentum from the largest particles displaced by the
wind to the smallest particles that are buoyant enough to
enter the atmosphere [Alfaro and Gomes, 2001]. While the
coefficient C and size distribution F(r) can be specified
empirically in certain situations, neither is well-known on
the scale of global models. These parameters are often
chosen so that the model dust distribution matches the
observations at a particular location such as Barbados,
where there are long term measurements [Prospero, 1996].
Global emission from recent models varies by over a factor
of two between 800 and 2,000 Tg/yr for particle diameters
below 10 mm [Ginoux et al., 2001; Tegen et al., 2002;
Mahowald et al., 2002; Zender et al., 2004]. Global
emission is sensitive to the data set and region used as a
model constraint, in addition to the physics of the model.
[5] In this article, we constrain the emission and global

distribution of dust aerosols using multiple data types and a
worldwide array of stations. Using the dust distribution
calculated by the NASA Goddard Institute for Space
Studies (GISS) atmospheric general circulation model
(AGCM), we minimize the squared difference between the
model distribution and observations to derive an optimal
value of global dust emission. More precisely, we vary clay
and silt emission separately through the product CF(r) in
order to identify values that are in best agreement with
observations. (Clay particles are defined with radius r less
than 1 mm, compared to larger silt particles.)
[6] In section 2, we review the parameterization of dust

aerosols within the GISS AGCM [Miller et al., 2006]. We
describe the data types used to constrain the model in
section 3. In section 4, we discuss the minimization proce-
dure used to derive a dust cycle that is in optimal agreement
with observations. In section 5, we calculate the optimal
global emission of clay and silt particles, along with a range
of emission that agrees nearly as well with the observations.
We also calculate the sensitivity of the optimal value to
different data sets and how this value changes if we
constrain the model for specific regions such as Africa,
Asia, and Barbados. Our conclusions are given in section 6.

2. Dust Model

[7] Dust aerosol is calculated using the newly available
modelE AGCM of the NASA Goddard Institute for Space
Studies [Schmidt et al., 2006]. The dust model represents a
substantial upgrade to the version developed by Tegen and
Miller [1998], and is described in more detail in a compan-
ion article [Miller et al., 2006].
[8] The AGCM has horizontal resolution of 4� latitude by

5� longitude and 20 layers extending from the surface to
0.1 mb, of which 10 are in the troposphere. The planetary
boundary layer (PBL) is simulated using a non-local,
second-order model of turbulence that extends throughout
the depth of the atmosphere [Cheng et al., 2002], an
improvement to the previous version of the GISS model
where turbulent mixing occurred only up to the middle of
the first layer around 200 m. Tracers (including dust) are
advected using the quadratic upstream scheme [Prather,

1986], which computes the slope and curvature of a tracer in
addition to its grid box average, increasing the effective
resolution.
[9] The model transports four size categories of soil dust:

one for clay with particle radii less than 1 mm, and three for
silt with radii of 1–2, 2–4, and 4–8 mm. Particles with radii
less than 1 mm are transported as one class because they are
not fractionated by gravitational settling, due to the par-
ticles’ similar fall speeds [Tegen and Lacis, 1996]. However,
in the radiative transfer calculations, the clay category is
further divided into four size bins.
[10] Enclosed basins containing former lake beds or

riverine sediment deposits provide an abundance of small
clay-sized particles that are loosely bound, and dominate
global dust emission according to the Total Ozone Mapping
Spectrometer (TOMS) aerosol index satellite retrieval
[Prospero et al., 2002]. Modeling studies show that inclu-
sion of these ‘preferred’ source regions improve the realism
of the model dust load in the vicinity of the sources [Zender
et al., 2003]. To identify these regions, we choose from
several alternative representations based upon topography
[Ginoux et al., 2001] (hereafter referred to as GINOUX), the
presence of dry lake basins [Tegen et al., 2002] (hereafter
TEGEN), an alternative identification of dry lakes (referred
to as Geomorphology by Zender et al. [2003]) (here referred
to as ZENDER1), and a linear function of surface reflec-
tance retrieved from Moderate Resolution Imaging Spec-
troradiometer (MODIS) [Grini et al., 2005] (hereafter
ZENDER2). For the TEGEN case, emission results from a
combination of preferred sources and sources identified
using conventional vegetation and soil wetness criteria.
We weight these so that preferred sources contribute roughly
90% of the global emission, consistent with Tegen et al.
[2002], although our results are insensitive for fractions as
low as 50%. We will consider the sensitivity of our results
to the preferred source formulation.
[11] Dust emission depends upon the fraction of the wind

stress absorbed by soil particles, as opposed to ‘roughness
elements’ like vegetation and topography; wind erosion of
soil decreases with the roughness of the surface. We use the
European Remote Sensing (ERS) microwave scatterometer
measurements to identify regions of low surface roughness.
The ERS is very sensitive to surface roughness and can
detect subtle changes in desert morphology [Prigent et al.,
2001, 2005]. We permit emission in the fraction of the grid
box where the ERS backscattering is less than �13 dB,
corresponding to a roughness length below 0.1 cm.
[12] Together, particle availability and surface roughness

determine the susceptibility of a region to wind erosion and
dust emission. This susceptibility is defined as the product
of the grid box fractions permitting emission, according to
the preferred source and roughness prescriptions, and is
plotted in Figure 1 as a fraction of the maximum value. The
lightest shade corresponds to susceptibilities below one-
quarter of the maximum; the darkest corresponds to sus-
ceptibilities above three-quarters, and represents what are
potentially the most productive source regions. Beneath
each figure is the percentage of grid boxes in each category.
For example, the most productive grid boxes represent 3.6
and 3.3% of the total in the GINOUX and ZENDER2
prescriptions, as opposed to only 1.0% in the TEGEN
prescription. In the former cases, dust emission is poten-
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tially more concentrated within a few grid boxes. Also listed
is the total source area as a percentage of the global surface
area. In the ZENDER2 case, dust emission occurs over a
total area that is roughly three times the area of emission in
the GINOUX and TEGEN prescriptions. There are regional
differences in susceptibility that influence where dust is
emitted. Susceptibility is larger over Asia and Australia in
the TEGEN prescription, compared to GINOUX, which
emphasizes the Sahara. (Note that the TEGEN source has a
small component based upon a conventional vegetation
criterion that is not shown in Figure 1.)
[13] Saltation is observed as the main dust entrainment

mechanism [Iversen and White, 1982; Shao et al., 1993].
We assume that wt in (1) represents the threshold for the
saltating particles that are first lifted by the wind. These in
turn liberate from the surface the smaller particles that
remain suspended as aerosols, which we explicitly model.
Although wind tunnel measurements show that dust emis-

sion increases with the surface wind stress [Gillette, 1978],
here we use surface wind speed, which is related through
the surface roughness. In essence, we are making the
common approximation that the former lake beds that are
prolific sources have a globally uniform roughness length.
Marticorena et al. [1999] show that the gross features of the
seasonal cycle of Saharan dust emission are represented
quite well with the threshold for emission defined in terms
of surface wind speed.
[14] Realistic simulation of dust emission in an AGCM is

inhibited by the model’s coarse resolution compared to the
scale of the circulations observed to mobilize dust. Follow-
ing Cakmur et al. [2004], we introduce a probability
distribution p(w) dw of surface wind speed within each grid
box, so that (1) becomes:

E ¼ CF rð Þ
Z 1

wt

w2 w� wtð Þ p wð Þ dw ð2Þ

Figure 1. Susceptibility to dust emission (defined as the product of the grid box fractions identified as a
preferred source and satisfying a roughness criterion), categorized as a quarterly fraction of the maximum
value among all source grid boxes. The darkest squares (representing what are potentially the most
prolific dust sources) correspond to susceptibility within three-quarters of the maximum; the lightest
squares correspond to fractional susceptibility below one-quarter. Fractions below 0.001 are not plotted.
Below each panel, the global percentage of grid boxes in each category is listed, followed by the
percentage of the globe covered by dust sources. (While the susceptibility is labeled according to its
preferred source prescription, it varies additionally with surface roughness.)
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Although the emitted fractional size distribution F(r) is a
function of wind speed [Alfaro and Gomes, 2001], we
neglect this dependence for simplicity. The subgrid
probability distribution p(w) dw is calculated as in Cakmur
et al. [2004], based upon the AGCM parameterization of
PBL turbulence, along with dry and moist convection. In
the AGCM, subgrid wind fluctuations are dominated by dry
convection. This favors dust emission over deserts, where
there is continuous mixing within the boundary layer due to
intense solar heating of the surface. Given the introduction
of subgrid variability, the AGCM’s dust aerosol burden
improves significantly compared to satellite retrievals
[Cakmur et al., 2004]. Through the subgrid wind speed
parameterization, the AGCM identifies meteorological
situations that favor dust emission. This ‘preferred’
meteorology complements the preferred sources of erodible
particles described above.
[15] As described in section 4, separate values of the

product CF(r) are chosen for clay and silt to maximize
model agreement with the observations. Often, F(r) is
specified using a global survey of soil particle size. How-
ever, this survey is typically intended for agricultural
purposes [Zobler, 1986], and may not be the most relevant
estimate of particles susceptible to erosion, which often are
emitted by natural features such as dry lake beds. As noted
above, F(r) depends additionally upon the cascade of
momentum from larger particles dislodged by the wind
to the smaller aerosol particles. Because the calculation of
F(r) is complicated [Grini et al., 2002], we derive it
empirically in section 4. The effect of surface wetness
upon emission is parameterized by increasing the emission
threshold according to soil moisture, similar to the rela-
tionship suggested by Shao et al. [1996]. The resemblance
of the model dust distribution to observations is fairly
insensitive to the rate of threshold increase as described in
greater detail by Miller et al. [2006]. There is no dust
emission over snow or ice covered surfaces. In addition,
the model assumes an unlimited availability of soil par-
ticles for emission, ignoring any possible surface crusting
effects.
[16] Once the dust particles are emitted from the surface,

they scatter both solar and thermal radiation and get trans-
ported by the winds. In this study, the radiative forcing is
calculated as a diagnostic only and does not modify the
circulation. Dust radiative forcing is calculated as described
by Tegen and Lacis [1996] with two modifications. First,
the solar absorption is reduced (through the imaginary part
of the index of refraction) according to Sinyuk et al. [2003].
Second, optical thickness at thermal wavelengths is in-
creased by 30% to account for the neglect of thermal

scattering, as suggested by the calculations of Dufresne et
al. [2002].
[17] Dust particles are removed from the atmosphere by

both dry and wet deposition. The former is implemented
according to a resistance-in-series scheme derived from the
Harvard-GISS Chemical Transport Model [Chin et al.,
1996; Koch et al., 1999, 2006]. There is no remobilization
of settled dust. Wet deposition depends on the AGCM
surface precipitation and removes dust according to a
scavenging coefficient of 700 [Tegen and Miller, 1998] up
to the cloud top calculated by the model.

3. Data Sets

[18] To compute an optimal dust budget by minimizing
the error between the model and observations, this analysis
utilizes multiple data types and a worldwide array of
stations. These data sets are summarized in Table 1. The
first data set consists of aerosol optical thickness (AOT)
measured since the beginning of the 1990s by the Aerosol
Robotic Network (AERONET), based upon CIMEL Sun/
sky radiometers [Holben et al., 1998; Dubovik et al., 2000;
Holben et al., 2001]. These photometric observations are
able to determine aerosol optical thickness accurately,
although the aerosol species and chemical composition must
be determined separately. We select AERONET stations
where dust is likely to dominate the aerosol load to reduce
any contribution by other aerosols, although there may be
times of the year when the latter contribute significantly. We
measure the sensitivity of our optimal solution to this
‘contamination’ in section 5.5, where we calculate the
model AOT using a multi-component aerosol distribution
in addition to dust.
[19] We also use AOT retrievals from the advanced very

high resolution radiometer (AVHRR) from 1997 to 2000.
Here the AOT is derived from a two-channel retrieval
algorithm [Mishchenko et al., 1999; Geogdzhayev et al.,
2002], which has been validated against in situ measure-
ments at Sable Island [Mishchenko et al., 2003] and long-
term sun-photometer measurements over oceans [Liu et al.,
2004]. AOT retrievals exceeding unity are reset to this value
to minimize cloud contamination, which introduces a low
bias. A third measurement of AOT is provided by TOMS
from 1997 to 2000 [Torres et al., 2002]. The TOMS
retrieval overestimates the AOT compared to other satellites
and AERONET [Myhre et al., 2004], but its combination
with AVHRR may offset the low bias that results from the
cloud screening algorithm of the latter. The optical thickness
retrieved by AVHRR and TOMS are at 550 nm and 380 nm,
respectively, in comparison to the 550 nm AOT measured

Table 1. Data Used to Constrain the Dust Cycle in This Study and Its Temporal Coverage

Data Set Reference Period

AOT AERONET Holben et al. [2001] 1990s–Present
AOT AVHRR Mishchenko et al. [1999]; Geogdzhayev et al. [2002] 1997–2000
AOT TOMS Torres et al. [2002] 1997–2000
SURFACE CONCENTRATION Prospero [1996] 1980– late 1990s
DEPOSITION (DIRTMAP) Tegen et al. [2002]; Kohfeld and Harrison [2001] 1980–mid 1990s
DEPOSITION (GINOUX) Ginoux et al. [2001] 1980s
SIZE DISTRIBUTION Holben et al. [2001]; Dubovik et al. [2002] 1990s–Present
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by AERONET and computed by the AGCM. We neglect the
change of AOT between these two wavelengths. The
difference is small for large dust particles, but can be larger
for small far-traveled particles [Chiapello et al., 2000]. In
comparing to the satellite retrievals, we use regional aver-
ages because these allow a better comparison to the AGCM
which computes grid box averages. Moreover, a regional
comparison reduces the effect of transport errors where the
AGCM winds depart from actual values. We select regions
whose aerosol load is dominated by mineral dust, because
the retrievals do not distinguish different aerosol species.
We use the clear sky AOT computed by the model given
that the satellite and surface observations of AOT are
computed using a cloud masking algorithm. Additionally,
the nonsphericity of dust particles introduces an uncertainty
to the retrieved AOT [Mishchenko et al., 1995]. This
problem cannot be solved with either AVHRR or TOMS
data [Mishchenko et al., 2003]. Through radiance measure-
ments at multiple wavelengths, both MODIS and Multi-
angle Imaging Spectroradiometer (MISR) retrievals allow
more accurate estimate of AOT and identify the aerosol type
with greater confidence [Chu et al., 2002; Remer et al.,
2002]. In addition, MISR retrieves parameters related to
particle shape [Kahn et al., 2001]. As these data sets extend
over a longer period, they will provide a useful additional
constraint on the magnitude of the dust load, although we
do not include them in the present study.
[20] We use surface dust concentration measured by the

University of Miami at nearly two dozen stations worldwide
from the early 1980s to the late 1990s [Savoie and
Prospero, 1977; Prospero, 1996]. In addition, we use
sediment trap measurements of ocean deposition during
the early 1980s to mid-1990s from the Dust Indicators
and Records of Terrestrial and Marine Palaeoenvironments
(DIRTMAP) [Kohfeld and Harrison, 2001]. Measurement
errors in the locations of high sedimentation considered in
this study are on the order of 25%, although there are
additional sources of uncertainty. We use the compilation by
Tegen et al. [2002], which selects measurements at near-
uniform depths to minimize any signal by fluvial inputs or
hemipelagic reworking [Yu et al., 2001]. Most DIRTMAP
values are based upon several seasons of measurements,
although a few have records as short as 50 days. Nearby
stations within the same AGCM grid box were averaged for
comparison to model values, which removes some of the
effect of short records. Only annual averages are compared
to the model, which obviates distortion of the seasonal cycle
by the lag between deposition at the ocean surface and
biological transport to the sediment trap [Bory et al., 2001].
Complementary deposition measurements compiled by
Ginoux et al. [2001] provide additional data for a longer
period during recent decades.
[21] Finally, we compare the size distribution retrieved by

AERONET [Dubovik and King, 2000; Dubovik et al.,
2002], after interpolation to model size categories using
the effective radius. Other aerosols are discernible within
the accumulation mode, as indicated by the local maximum
in the size distribution for radii smaller than roughly 0.2 mm
[see Miller et al., 2006, Figure 8]. To exclude other aerosol
species, we restrict the comparison of the model and
observed size distribution to particles with radii greater than
0.2 mm. A potentially larger problem is the bias between

the model monthly size distribution and the observed
distribution, which is restricted to dusty days with AOT
greater than 0.5 in order to minimize contamination
by aerosols other than dust [Dubovik et al., 2002].
However, as we note in section 5.3, the optimal solution
is nearly unchanged when the size distribution retrievals
are excluded.

4. Methodology

[22] In order to constrain the global dust cycle we
formulate a statistic F that represents the error between
the model and the observations:

F2 �

1

M

XM
i¼1

Xm
i � X o

i

� �2
S2

; ð3Þ

where S is a normalization factor:

S2 ¼ 1

2M

XM
i¼1

Xm
i

� �2þXM
i¼1

X o
i

� �2" #
; ð4Þ

Xi
o and Xi

m are the observed and modeled values,
respectively, and the sum is over all M observations. The
subscript i varies according to both measurement location
and climatological month. The normalization S is chosen so
that the errors corresponding to different data sets are of
comparable order; F of order 1 indicates no agreement
between the model and the observations.
[23] The error corresponding to individual observations is

often weighted by the inverse of the observational uncer-
tainty [Press et al., 1992, chapter 15], so that more accurate
observations make a larger contribution to the total error F
and provide a stronger constraint upon the minimum value.
In our case, the observations are climatological values
where interannual variability typically makes a larger con-
tribution to uncertainty than measurement error (although
the latter is poorly documented). This variability generally
increases with the magnitude of the observed dust load. For
this reason, we decline to weight by the inverse of the
uncertainty, which would have the undesired effect of
emphasizing observations during the least dusty season,
when measurement error is comparatively strong.
[24] Equation (3) predominantly weights stations near the

source where the dust concentration is larger. This is a
reasonable weighting, given that model results at far stations
are influenced more strongly by the model’s error in
transport and deposition, which can distort the inferred
emission. (For a heuristic example of how remote observa-
tions can distort the estimated emission as a result of
transport and deposition errors, see Appendix B.) However,
were our model applied to iron uptake by ocean biology
(e.g.), which is sensitive to dust deposition in iron-limited
ocean regions that are typically far from the source, a
weighting which emphasizes remote stations would be more
appropriate.
[25] As noted in section 2, we assign separate values of

the product CF(r) for clay and silt, which determine the
emitted dust mass for a given distribution of wind speed
(see equation (2)). We simultaneously vary the clay and silt

D06207 CAKMUR ET AL.: CONSTRAINING THE GLOBAL DUST CYCLE

5 of 24

D06207








































