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[1] Numerical simulations and sensitivity studies have been performed to assess the
potential for using brightness temperature spectra from a ground-based Atmospheric
Emitted Radiance Interferometer (AERI) during the United Arab Emirates Unified
Aerosol Experiment (UAE2) for detecting/retrieving mineral dust aerosol. A methodology
for separating dust from clouds and retrieving the dust IR optical depths was developed by
exploiting differences between their spectral absorptive powers in prescribed thermal
IR window subbands. Dust microphysical models were constructed using in situ data from
the UAE2 and prior field studies while composition was modeled using refractive index
data sets for minerals commonly observed around the UAE region including quartz,
kaolinite, and calcium carbonate. The T-matrix, finite difference time domain (FDTD), and
Lorenz-Mie light scattering programs were employed to calculate the single scattering
properties for three dust shapes: oblate spheroids, hexagonal plates, and spheres. We used
the Code for High-resolution Accelerated Radiative Transfer with Scattering (CHARTS)
radiative transfer program to investigate sensitivity of the modeled AERI spectra to
key dust and atmospheric parameters. Sensitivity studies show that characterization of the
thermodynamic boundary layer is crucial for accurate AERI dust detection/retrieval.
Furthermore, AERI sensitivity to dust optical depth is manifested in the strong subband
slope dependence of the window region. Two daytime UAE2 cases were examined to
demonstrate the present detection/retrieval technique, and we show that the results
compare reasonably well to collocated AERONET Sun photometer/MPLNET micropulse
lidar measurements. Finally, sensitivity of the developed methodology to the AERI’s
estimated MgCdTe detector nonlinearity was evaluated.
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1. Introduction

[2] The effect of mineral dust on the Earth’s climate
system remains highly uncertain [Intergovernmental Panel
on Climate Change, 2007] due in part to a lack of reliable
data and a comprehensive understanding of its complex
radiative properties, particularly in the thermal IR where
common dust minerals exhibit a wide range of spectral
features [Sokolik and Toon, 1999]. Exploiting the longwave
properties of dust for the purpose of measuring and mod-
eling high-resolution dust spectra has been the focus of
recent research efforts [DeSouza-Machado et al., 2006;
Hong et al., 2006; Pierangelo et al., 2004, 2005]. Although

significant progress has been made, accurate dust parame-
terizations for remote sensing and climate applications will
strongly depend on the availability of quality global dust
data (e.g., size and shape parameters, mineral composition,
spectral refractive indices, etc) from major source regions
around the world.
[3] In response to the need for dust data, there has been a

large increase in field studies designed to measure key dust
properties in areas affected by dust aerosol. One such study,
the United Arab Emirates Unified Aerosol Experiment
(UAE2), was conducted from August to September 2004.
During the UAE2, over two dozen research organizations
convened in the United Arab Emirates (UAE) to participate
in field experiments designed to include the following
objectives: (1) to provide ground truth for satellite and
model products in the region’s highly heterogeneous envi-
ronment, (2) to evaluate the properties of dust particles from
the numerous sources that converge in the UAE region,
(3) to determine the impact of aerosol particles on the local
radiation budget, and (4) to determine the effect of the
radiative perturbations on regional mesoscale flow patterns.
[4] The primary ground sites deployed during the UAE2

were: the Naval Research Laboratory’s Mobile Atmospheric
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Aerosol and Radiation Characterization Observatory
(MAARCO) located along the coast approximately 60 km
northeast of Abu Dhabi at (24�N; 54�E) and the NASA
Goddard Space Flight Center’s Surface-sensing Measure-
ments for Atmospheric Radiative Transfer (SMART) located
in the interior desert at Al-Ain airport near (24�N; 55�E) just
west of Oman. Both sites were strategically located to
include the UAE coastal and desert regions to provide
comprehensive instrumental coverage for measuring both
aerosol properties and surface radiation. The UAE2 hosted a
diverse array of instrumentation both at the surface and
onboard aircraft and satellite platforms. Among the ground-
based instruments deployed was the SMART Atmospheric
Emitted Radiance Interferometer (AERI) which has much
potential for dust remote sensing applications. The AERI’s
high spectral resolution allows us to exploit the absorptive
differences of dust minerals across prescribed thermal IR
‘‘clean’’ window subbands enabling the differentiation of dust
from cirrus and liquid water clouds and the retrieval of dust IR
optical depths. AERI has been used by previous investigators
for providing near-continuous profiling of temperature,
moisture and atmospheric stability [Feltz et al., 2003], cloud
phase determination and retrieval of cloud properties
[Turner et al., 2003], measuring cirrus cloud visible-to-
infrared spectral optical depth ratios [Deslover et al., 1999],
evaluating surface aerosol IR forcing [Vogelmann et al.,
2003], and measuring IR emissions from the Saharan Air
Layer (SAL [Nalli et al., 2006]) using the M-AERI system,
an IR spectroradiometer designed for shipboard applications.
[5] This paper investigates the potential for detecting and

retrieving airborne mineral dust properties using AERI
brightness temperature (BT) spectra with applications to
the UAE2 field experiment. To this end, detailed sensitivity
studies of the modeled spectra to key dust and atmospheric
parameters are examined which include dust particle size
and shape, dust optical depth, dust layer thickness and
altitude, and the vertical distributions of water vapor and
temperature. A methodology has been developed for detect-
ing/separating dust from cloud and retrieving the dust IR
optical depths. The physical basis for the approach relies on
the complex spectral variability of the IR optical properties
for common mineral dust components. Dust detection
follows the physical principles of dust and cloud particle
absorption across the thermal IR window, while the retrieval
scheme employs a c2 statistical optimization approach in
the AERI ‘‘clean’’ subbands for determining the dust IR
optical depths. The dynamical state of the column atmo-
sphere is accounted for by combining the AERI retrieved
temperature and moisture profiles from the University
of Wisconsin, Space Science and Engineering Center’s
(UW-SSEC) AERIPLUS physical retrieval algorithm [Feltz
et al., 2003] with regional sounding data using the
MAARCO radiosondes. To illustrate the detection and re-
trieval methodology, AERI data from two daytime UAE2

cases were evaluated. Case 1 demonstrates the method’s
ability to successfully separate dust from cirrus clouds under
mostly cloudy skies, while case 2 illustrates the retrieval of
dust optical depths during typical dust conditions. The
preliminary results are then compared to the collocated
Micropulse Lidar Network (MPLNET) micropulse lidar
and Aerosol Robotic Network (AERONET) Sun photome-
ter measurements. Detection and retrieval errors due to the

estimated AERI mercury-cadmium-telluride (MgCdTe) de-
tector nonlinearity are also evaluated. Application of the
current methodology using the UAE2 AERI data set cor-
rected for the detector nonlinearity will be discussed in a
following paper with implications for computing the dust
longwave surface radiative forcing. Although the UAE2

AERI measurements are daytime only, the technique can
also be applied to nighttime measurements. Potential re-
search areas that may benefit include daytime and nighttime
dust hazard mitigation, assessment of the diurnal effects
of regional dust surface radiative forcing, and validating
satellite-based dust aerosol remote sensing products.
[6] This paper is organized as follows. Section 2 dis-

cusses dust microphysics and single-scattering properties in
the thermal IR window, and the structure of the radiative
transfer model. Section 3 details the sensitivity studies to
key dust and atmospheric parameters, the estimated
MgCdTe detector nonlinearity error, and the model atmo-
sphere and clear-sky spectra. The AERI detection and
retrieval methodology along with two UAE2 case studies
with and without estimated nonlinearity error corrections
applied are examined in section 4 and lastly, a summary is
given in section 5.

2. Dust Microphysics and Single-Scattering
Properties in the Thermal IR Window

[7] Conventional approaches for calculating dust’s single-
scattering properties in the thermal IR window depend on a
priori knowledge and/or assumptions about dust composi-
tion, shape and size distributions. The following describes
the modeling of each key dust parameter, and its imple-
mentation in the current study along with the theoretical
basis and rationale.

2.1. Dust Composition

[8] Individual dust particles are usually mixtures of dif-
ferent types of minerals. These include silicates, such as
quartz and clays (e.g., kaolinite, montmorillinite and illite),
and nonsilicates, which include carbonates (e.g., calcite and
dolomite), iron oxides (e.g., hematite and magnetite) and
sulfates (e.g., gypsum). Significant work in modeling dust
composition has been performed by Sokolik and Toon
[1999] and Kalashnikova and Sokolik [2004].
[9] To model dust composition for application to AERI

dust detection/retrieval during the UAE2, we employed the
refractive indices of typical minerals observed around the
UAE region, consisting of pure silicates (mainly quartz) and
clays (kaolinite and illite). We selected quartz and kaolinite
to be the major components of dust, since quartz is often
found to be dominant in terms of mass [Sokolik and Toon,
1999] and the mineralogical composition of clay-size mode
particles collected from Saudi Arabia, which is just south of
UAE, were found to contain kaolinite at approximately 55%
by weight [Sokolik and Toon, 1999]. Studies of airborne
dust properties in other nearby regions [Singer et al., 2004]
also show quartz and kaolinite to be dominate mineral
species in collected dust samples. Illite is also evaluated
on the basis of work performed by Aba-Husayn and Sayegh
[1977]. Last, to consider particles with a heterogeneous
composition, we investigated dust mixtures consisting of
hematite (10%) and calcium carbonate (50%) internally
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mixed with kaolinite and quartz. The calcium carbonate was
used to account for the large distributions of distinct
limestone sources found throughout the UAE region [Reid
et al., 2008] and hematite for the possibility of traces of iron
oxide in the soil. The Bruggemann effective medium
approximation was used to calculate the refractive indices
of internally mixed dust minerals [Sokolik and Toon, 1999].
Back trajectories from a kinetic trajectory code, provided by
NASA-GSFC and made available by the AERONET pro-
gram [Holben et al., 1998], show evidence for Saharan dust
in the UAE region. For this reason, the Volz [1973]
refractive indices were employed to represent transported
Saharan desert dust.
[10] Figure 1 is a log plot of the imaginary components of

the complex refractive index for common dust minerals in
the thermal IR window (800–1200 cm�1). In the wave-
length domain, the window region corresponds to 8–12 mm;
however for the remainder of the paper, we will continue to
use wave number when referring to AERI spectra. For
convenience, the curves are color coded according to
mineral class, i.e., red for clays, green for quartz, and light
blue for carbonate. The refractive indices from the Volz
[1973] bulk dust sample (black) are shown for comparison.
Note the large spectral variability between mineral classes,
whereas for the bulk dust sample, the spectrum is smoothed
out because of internal mixing of the component minerals.
Unlike liquid water (orange) and ice (blue), minerals have
strong absorption features due to their dominant molecular
vibrational motions. The differences in the refractive indices
between minerals and liquid water and ice in the thermal IR
widow form the basis for this paper’s dust/cloud detection
technique.

2.2. Dust Size and Shape Distributions

2.2.1. Particle Size
[11] Particle size is a crucial parameter over which the

single-scattering properties for individual sizes and shapes
are integrated to yield bulk dust optical properties. In this
study, dust particle sizes were characterized by using
synthesized lognormal size distributions, based on size
parameters obtained from the UAE2 MAARCO aerodynam-
ical particle sizer (APS 3321) data set [Reid et al., 2008].
[12] For unique APS size groups that were found to be

characteristic of specific dust source regions, the volume
median diameters (VMD) and their geometric standard

deviations (sgv) were identified [Reid et al., 2008]. Each
of these groups was associated with a specific source
location. The average VMD and sgv were 3.8 ± 0.4 mm
and 2.0 ± 0.1, mm respectively. To account for the possi-
bilities of fine and coarse mode dust at SMART, the range of
VMDs were extended to include smaller (VMD = 1.5 mm)
and larger (VMD = 10 mm) sized particles each with a sgv =
1.9–2.0. The effective size range employed in this study
was reff = 0.75–5.0 mm. Since the AERI retrieved IR optical
depths will be dominated more significantly by the presence
of coarse-mode dust as compared to the fine-mode influence
in the visible wavelengths, the extended range of size
parameters is significant for determining, if any, the sensi-
tivity of the AERI BT spectra to particle size. Details are
given in section 3. The size distributions were constructed
using the averaged integrated coarse-mode (0.8–10 mm)
dust particle concentrations above 200 mm3 cm�3 which
corresponded to 16 dust events including one of the largest
that occurred on 12 September 2004 [Reid et al., 2008].
2.2.2. Particle Shape
[13] Dust particles are rarely spherical as evidenced from

numerous prior works [e.g., Okada et al., 1987, 2001;
Parungo et al., 1995; Koren et al., 2001; Reid et al.,
2003] which show that as dust particle size increases as in
the case of heavy dust outbreaks, so too does its circularity
(ratio of particle’s perimeter to its cross-sectional area), a
dimensionless parameter for measuring the particle’s devi-
ation from a perfect sphere. This study used both spherical
and nonspherical dust particles for examining the sensitivity
to dust and atmospheric parameters. To investigate the effect
of sharp-edged dust particles, a single randomly oriented
particle geometry involving a hexagonal flat plate (i.e.,
compact hexagonal column) was chosen to represent clay
particles with an aspect ratio L/2A of 1, where L is the axial
length parameter and A is the half width. Table 1 gives the L
and A values used in the calculation based on the volume-
equivalent spherical radii of 0.1, 1.0 and 2.5 mm.
[14] We also assumed dust particles are randomly orient-

ed, rotationally symmetric oblate spheroids following the
work of Reid et al. [2003] and Okada et al. [2001] who
found typical aspect ratios for dust particles to be in the
range of 1.4–1.9, on the basis of samples collected during
PRIDE and in China, respectively. Aspect ratio distributions
from PRIDE [Reid et al., 2003], which preliminarily seem

Figure 1. Log plot of the imaginary components (mi) of the complex refractive index for common dust
minerals versus liquid water and ice in the thermal IR window. Calcium carbonate is scaled 100 times for
comparison.

D18202 HANSELL ET AL.: REMOTE SENSING OF MINERAL DUST AEROSOL

3 of 18

D18202



to match the findings during the UAE2 field campaign, were
used in this study to account for the range of particle shapes
when calculating the dust single-scattering properties. Reid
et al. [2003] found the aspect ratios to be large and broad-
based with median values averaging 1.9 ± 0.9 with the
largest particles (>10 mm) representing approximately 3%
of the sampled population.

2.3. Dust Single-Scattering Properties

[15] The classical approach for computing dust single-
scattering properties is to assume that dust particles are
spheres so that the Lorenz-Mie scattering code can be
applied. The nonspherical and irregular nature of dust
particles however, demands that a more detailed light-
scattering code capable of resolving the nonspherical particle
geometry be employed for determining the single-scattering
properties. Several such codes are available. The T-matrix
method [Waterman, 1971;Mishchenko and Travis, 1994], an
analytical approach to light scattering, is useful for simulat-
ing spheroids, circular cylinders and Chebyshev particles.
For this study, we treat dust particles as oblate spheroids in
which the shape and size parameters are specified by the
aspect ratio (a/b, ratio of the horizontal to vertical semiaxis)
and the radius of an equal volume sphere, rv. Dust particles
with extremely large aspect ratios and imaginary refractive
indices or large sizes may cause the T-matrix method to
produce unrealistic results (e.g., single-scattering albedos v
> 1) or fail to converge [Mishchenko and Travis, 1998]. The
T-matrix code’s sensitivity to these extreme parameters was
evaluated by iteratively calculating the single-scattering
properties for a range of particle aspect ratios, compositions,
and sizes over the window region. It was found that using
common silicate minerals with a/b < 4.0 for the size range
employed in this study yields physically realistic single-
scattering properties in the thermal IR window. When
particle asphericity was further increased, the T-matrix
method failed to converge, most likely because of numer-
ical instability caused by extreme values in the particle
parameters [Mishchenko and Travis, 1998]. To ensure the
physical correctness of the computed results and for
consistency with observed shape parameter data, the sin-
gle-scattering properties were integrated over a more mod-
erate range of aspect ratios from 1.2 to 2.2 for particles that
are nearly spherical to those that are elongated (oblate)
spheroids. We also employ the finite difference time domain
method (FDTD [Yee, 1966; Yang and Liou, 1995]), which is a
numerical approach for simulating light scattering by par-
ticles of more complicated shapes. For this study, dust
particles were represented as compact hexagonal columns
(i.e., flat plate-like structures [Reid et al., 2003]), similar to
the common clay kaolinite [Kalashnikova and Sokolik,
2004].
[16] Both the T-matrix and FDTD methods were used to

calculate the single-scattering properties for individual par-
ticle sizes and shapes over the thermal IR window based on

observed dust parameters. The single-scattering properties
include the extinction and scattering coefficients (be and
bs), the single-scattering albedo (v), and the asymmetry
parameter (g). We integrated be, b s, v, and g over the
UAE2-APS size distributions and the aspect ratio shape
distributions from PRIDE [Reid et al., 2003] across the
thermal IR window to derive the bulk (mean) optical dust
properties using the following expressions:

beh i ¼
Xl2

i¼l1

Xa2
j¼a1

XN
k¼1

wk aoð Þse aoð Þj

" #
n aoð ÞjDao

( )
ð1Þ

bsh i ¼
Xl2

i¼l1

Xa2
j¼a1

XN
k¼1

wk aoð Þse aoð Þj

" #
n aoð ÞjDao

( )
ð2Þ

vh i ¼ bsh i
beh i ð3Þ

gh i ¼

Pl2
i¼l1

Pa2
j¼a1

PN
k¼1

wk aoð Þg aoð Þjss aoð Þk
� �

n aoð ÞjDao

( )

bsh i ð4Þ

where hbei, hbsi, hvi, and hgi, all functions of wavelength,
are the bulk mean extinction and scattering coefficients,
single-scattering albedo, and mean asymmetry parameter,
respectively. Particle extinction and scattering cross sections
are denoted as se and ss, respectively. In equations (1), (2),
and (4), the first summation from l1 to l2 is over the
wavelength spectral domain, while the second summation
from a1 to a2 is over the APS size intervals [n (ao)], where n
is particle count per cm3 evaluated at the center of each APS
size bin ao (mm). The third summation from 1 to N is over
the shape distribution for N possible dust shapes with w (ao)
being the aspect ratio weighting factor. It is noted that the
size integration of optical properties for the oblate spheroid
was performed over size bins ranging from 0.1 to 5 mm in
steps of 0.2 mm. Because of the large memory requirements
and computational time required by FDTD, the size
integration for the compact hexagon was performed over
three size bins from 0.1 to 2.5 mm (Table 1).
[17] Figures 2a and 2b show the calculated single-

scattering albedos (v) and asymmetry parameters (g) for
pure and internally mixed mineral compositions employing
the T-matrix and FDTD methods over the window region.
Oblate spheroids and compact hexagons are labeled (OS)
and (CH), respectively. Four mineral compositions are
shown, including the Volz model (V), 100% quartz (Q),
kaolinite/10% hematite mixture (K/H) and a kaolinite/50%
calcium carbonate mixture (K/C). Pure kaolinite (not
shown) has similar values as compared to the mixtures.
Figures 2c and 2d show the corresponding size variation for
the Volz v and g, respectively. The single-scattering prop-
erties show little change with size as compared to mineral
composition, although some slight differences are noted.
For example, Figure 2c shows that as particle size increases,
so too does v (�4%), due possibly to an increase in particle

Table 1. FDTD Size Parameters

Volume-Equivalent Spherical Radius (mm) L (mm) A (mm)

0.1 0.148 0.296
1.0 1.48 2.95
2.5 3.69 7.39
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surface area. Radiative transfer simulations show that in-
creased scattering reduces the magnitude of the emissivity
effects of the resulting BT spectrum when observed from a
ground-based AERI system. The spectral average and the
root mean square (RMS) variance of v and g are 0.4629 ±
0.0231 and 0.1563 ± 0.0162, respectively. In Figures 2a and
2b, we note the complex spectral variability in the optical
properties of each composition. For comparison, the solid
black curves represent the FDTD optical parameters for the
Volz compact hexagon with an effective size distribution
reff = 2 mm. Consistent with Highwood et al. [2003], our
single-scattering properties for the cases analyzed exhibit
greater spectral variability with refractive index compared to
particle size or shape. This illustrates the significance of
having a priori knowledge of particle composition for
accurately retrieving dust properties. It further demonstrates
the ability of using AERI spectra for retrieving the mineral
composition of airborne dust.
[18] In Figure 2a, the compact hexagons in the 8–9 mm

spectral region scatter more (by about a factor of 2) than
oblate spheroids. In the intermediate part of the window
region, both shapes have similar single-scattering albedos,
whereas in the 11–12 mm region, the hexagonal particles
exhibit greater absorption. These differences may be attrib-
uted to the reduced size integration for the compact hexa-
gon, where contributions from larger sized particles were
not considered. Differences may also be caused by the

integration over particle shape for the oblate spheroid since
we only considered a single shape using FDTD. In Figure 2b,
the compact hexagons are shown to have a significantly
greater amount of forward scatter than do oblate spheroids.
It is noted that the asymmetry parameter for FDTD is scaled
down 3 times for comparison. Generally, the asymmetry
parameter for each composition is found to decrease with
wave number.

2.4. Radiative Transfer Model

[19] We used the Code for High-resolution Accelerated
Radiative Transfer with Scattering (CHARTS [Moncet and
Clough, 1997]) for simulating the downwelling AERI
radiances. CHARTS employs the adding-doubling method
for aerosol and cloud scattering, coupled with a line-by-line
radiative transfer model (LBLRTM [Clough et al., 1992])
having a line resolution (Dn) of 0.00015 cm�1, for calcu-
lating gaseous absorption/transmission using the HITRAN-
2000 line parameter database [Rothman et al., 1992]. This
radiative transfer code also includes the CKD2.4 water
vapor continuum model developed by Clough et al.
[1989]. The dust parameters shown in Figure 2 were
incorporated into CHARTS along with the dust scattering
and absorption coefficients for calculating the AERI spec-
tral radiances, which were subsequently converted into
equivalent BT spectra. Model calculations were carried
out from level 1 (surface), while the viewing zenith angle

Figure 2. Dust single scattering properties for compact hexagons (CH) and oblate spheroids (OS)
with variable compositions in the thermal IR window. (a) Single scattering albedo for four compositions.
(b) Asymmetry parameter for the same dust parameters. (c) Volz size variation of single scattering albedo.
(d) Same as Figure 2c but for asymmetry parameter.
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was defined to be at 0� with respect to the local zenith. To
adequately represent the regional atmospheric state, the
temperature and relative humidity profiles employed in
the model atmospheres were taken from MAARCO and
Abu Dhabi airport radiosondes and covered over 43 vertical
layers with a grid spacing of 1 km. The bottom boundary
was characterized by an averaged spectral emissivity over
the window region corresponding to a dark brown quartz
surface. Assuming that the lowest dust layer is adjacent to
the surface (i.e., near the source), the transfer of IR radiation
in a dust-laden atmosphere can be partitioned into three
components involving emissions by the dust layer(s), trans-
mitted clear-sky emissions mainly from water vapor, and
reflections of the surface emissions by dust layer(s). The
downward IR radiance reaching the surface can then be
expressed by

I #¼
Z psur

ptop

B T p0ð Þ½ � d=dust p� p0ð Þ
dp0

dp0

þ =clr=dust

Z ptop

p
0

B T p0ð Þ½ �
 

d=clr p� p0ð Þ
dp0

dp0

þ r =dustð Þ B Tsurð Þ=dust þ
Z psur

ptop

B T p0ð Þ½ � d=dust p� p0½ �
dp0

dp0

" #

ð5Þ

where I # is the downward surface radiance, B[T] is the
Planck radiance, and =clr and =dust are the transmitted
radiances for both clear and dust layers, respectively. The
variables psur, ptop and p0 represent the surface pressure,
pressure at the top of the dust layer(s) and pressure at the top
of the atmosphere, respectively. Last, r is the reflectance
from both the surface and the dust layer(s), which is
negligible compared with the emission terms since the dust
is at the surface. Note that the longwave scattering effects of
mineral aerosols have been previously investigated by
Dufresne et al. [2002]. The wave number (n) dependency of
all the variables is implied in equation (5). The model dust
layers range from the surface up to a maximum of 5 km,
consistent with most field observations and the dust
properties are prescribed to be uniform and homogeneous
inside each layer.

3. Sensitivity Studies: Pristine and Dust-Laden
Atmospheres

[20] Simulations were performed to evaluate the sensitiv-
ity of the AERI surface BT spectra to a number of critical
dust and atmospheric parameters over the thermal IR
window. First, we evaluate the AERI spectral response to
changes in precipitable water vapor (PWV) as a potential
constraint in the methodology. Second, the effect of the
vertical distribution of water vapor and temperature on
AERI clear-sky spectra is investigated for cloud and dust-
free atmospheres. Third, the spectral response to various
dust-cloud scene scenarios for developing an AERI detec-
tion algorithm is examined. Fourth, the sensitivity of AERI
spectra to key dust parameters including particle size and
shape, optical depth and dust cloud altitude and thickness
are evaluated. Fifth, an estimated radiance error spectrum is
constructed corresponding to the nonlinear response of the

MgCdTe detector which is used for testing the sensitivity of
the dust detection/retrieval methodology (results are pre-
sented in section 4). Last, the model atmosphere and clear-
sky spectra employed in this study are presented.

3.1. Sensitivity of BT to Water Vapor and Temperature

[21] The thermal IR window is a relatively ‘‘clean’’
spectral region, useful for retrieving aerosol and cloud
properties [Turner et al., 2003; Deslover et al., 1999;
Pierangelo et al., 2004, 2005; DeSouza-Machado et al.,
2006]. With the selection of narrow ‘‘subbands’’ [Deslover
et al., 1999] inside the window region (see Table 2 for
subband locations), the effects of line absorption by water
vapor and other trace gases are further minimized. However,
absorption due to water vapor continuum remains to be a
source for error in IR remote sensing applications. Previous
studies of the affects of water vapor in the IR have included
Realmuto and Worden [2000], Kumar et al. [2003], Kahn et
al. [2005], and Moy et al. [2005], to name a few. Moy et al.
[2005] in particular, conducted an AERI noise analysis,
including instrumentation and water vapor uncertainties and
showed that the water vapor error clearly dominates the
AERI signal in the 10 mm region. Accounting for the
dynamic effects of water vapor is therefore critical for IR
remote sensing applications.
3.1.1. Sensitivity of BT to PWV
[22] To test the sensitivity of the clear-sky spectra to

changes in total column water vapor amount, radiative
transfer simulations using CHARTS were performed on
the basis of the scaled water vapor profiles from averaged
MAARCO radiosonde data during September 2004 for a
range of PWV consistent with AERONET measurements
(�1.5–4 gcm�2). Profiles were averaged to represent the
mean atmospheric state during this relatively active dust
period. Figure 3 shows the sensitivity of the AERI BT
spectra at each subband (denoted by the markers) to changes
in total column water vapor inside the window region. The
curves roughly corresponding to the minimum, maximum
and average PWV profiles during the UAE2 are labeled
1.57, 3.96 and 2.43 g cm�2, respectively. The plot reveals
that the sensitivity is strongly dependent on wave number,
where large changes in BT are more evident in the shorter
wave number regions (i.e., 800–900 cm�1) because of

Table 2. AERI Subbands

Subband Index n (cm�1) l (mm)

1 809.0–812.9 12.30
2 815.3–824.5 12.10
3 828.3–834.6 12.00
4 842.8–848.1 11.80
5 860.1–864.0 11.60
6 872.2–877.5 11.43
7 891.9–895.8 11.16
8 898.3–905.5 11.08
9 929.6–939.7 10.60
10 959.9–964.3 10.39
11 985.1–998.1 10.00
12 1076.7–1084.9 9.25
13 1095.0–1098.2 9.12
14 1113.5–1116.1 8.97
15 1124.4–1132.6 8.86
16 1142.2–1148.0 8.73
17 1155.3–1163.5 8.63
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larger water vapor continuum absorption coefficients
[Grant, 1990].
[23] Observed changes in the retrieved PWV derived

from the 0.94 mm channel of the AERONET Sun photom-
eter [Bruegge et al., 1992] can vary as much as 15–30% in
as short as several hours. Such changes over short time
scales could underestimate or overestimate the effects of
dust if not properly accounted for in the detection/retrieval
scheme. For example, an 18% increase in PWV from 2.8 to
3.3 g cm�2, will increase the average clear-sky BT spectra

by �3.9% or 9.3 K, around the same order of magnitude as
dust [e.g., Highwood et al., 2003]. Furthermore, a ±10%
uncertainty in the PWV retrieval [Bruegge et al., 1992] for
the range of PWV considered in this study translates to an
uncertainty in the averaged clear-sky BT spectra of about
±4–6 K. On the basis of radiative transfer calculations, this
uncertainty corresponds to an IR optical depth (t) of
�0.075 at 962 cm�1 or �0.15 at 0.55 mm using a Volz
extinction coefficient ratio for 1 mm sized dust particles.

Figure 3. Sensitivity of AERI ‘‘clear-sky’’ subband spectra to changes in PWV (g cm�2). Markers
denote subband locations.

Figure 4. Sensitivity of AERI BT spectra to changing RH and temperature profiles for 3 days during
UAE2. (a) RH profiles with the same PWV (�2.3 g cm�2). (b) BT sensitivity to RH (DBT = profile �
reference spectrum). (c) Temperature profiles for same days. Inset shows profiles inside PBL. (d) BT
sensitivity to temperature.
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[24] To minimize bias, a look up table (LUT) of PWVand
BT spectra can be constructed to remove the continuum
effects of water vapor (i.e., a clear-sky correction) from
spectral measurements. This is further discussed in sections 4
and 5 in connection with AERI dust detection. Last, there is
also uncertainty in the vertical distribution of water vapor
having the same PWV. Sensitivity of the BT spectra to this
and uncertainty in the vertical temperature distribution are
discussed in the following.
3.1.2. Sensitivity of BT to Water Vapor and
Temperature Vertical Distributions
[25] UAE2 radiosonde data from Abu Dhabi Airport were

analyzed to examine the sensitivity of AERI BT spectra to
variable water vapor distributions having the same PWV
(2.3 ± 0.01 g cm�2). Figure 4a shows the relative humidity
(RH) profiles for 3 days (12 and 15August and 19 September)
where water vapor peaks near the surface. The BT spectrum
for each case was computed and differenced with an
arbitrarily chosen reference spectrum (DBT, 12 August
due to its smaller BTs) to plot the relative differences.
Figure 4b shows the sensitivity of 2 days (15 August and
19 September) with respect to the reference spectrum.
Given the selected water vapor distributions, the three cases
in terms of their mean differences over the window region
were within �0.005 to 3.37 K of each other. For a fourth
case analyzed (not shown), the mean spectral difference was
about 8 K because of a peak shift in water vapor from the
surface to a height of nearly 5 km, attributed likely to a
passing dust storm.
[26] Using the same sounding data, a similar analysis was

conducted by evaluating the BT sensitivity to changes in the
vertical temperature profiles while holding water vapor
constant. Figures 4c and 4d show the temperature profiles
and relative BT differences between the same 3 days,
respectively. The variability of temperature inside the

boundary layer is shown in the inset to Figure 4c, where
a maximum difference of �8�C is evident. For these cases,
the relative BT differences were within �1.18 to 3.0 K of
each other. Similarly for the fourth case analyzed, a max-
imum difference of �6 K was observed.

3.2. Sensitivity of BT for Cloud/Dust Discrimination

[27] Subbands that are most sensitive to clouds or dust
were selected for developing a dust detection algorithm
using AERI spectral radiances. A description of the cloud
and dust models follows with the specified parameters
adequately representing the observed dust/cloud conditions
during the UAE2.
3.2.1. Cloud and Dust Model Descriptions
[28] The FDTD IR database [Yang et al., 2005] was used

to model the cirrus cloud optical properties where ice crystals
were assumed to be hexagonal columns with an effective size
of 12 mm based on the size distribution data collected by the
Cloud, Aerosol, and Precipitation Spectrometer (CAPS)
aboard the WB-57 aircraft during CRYSTAL-FACE. Using
UAE2 MPL data to identify cirrus cloud positions, the model
cirrus cloud top heights were located between 7 and 9 km
with geometrical thicknesses ranging from 1 to 2 km. Cirrus
cloud optical depths (COD) were varied from 0.05 to 3,
however, we mainly focused on the BT effects of thin cirrus
(tc � 1) having spectra very similar to dust. Liquid water
clouds were assumed to be composed of spherical particles
with a monodispersed droplet radius of 32 mm. On the basis
of UAE2 MPL data, the water cloud base heights were
positioned between 3 and 4 km with a geometrical thickness
of 2 km. Water COD (tw) was varied from 0.05 to 10 in the
sensitivity study.
[29] The model dust layers consisted of four mineralog-

ical compositions: Volz (V), quartz (Q), kaolinite (K), and
kaolinite carbonate (K/C) mixture. Dust particle shape and

Figure 5. Positions and properties of dust/cloud layers used in model simulations for AERI detection.
Double-sided arrows represent the altitude range of cloud layers evaluated.
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size distributions were characterized by the parameters
defined in section 2. The dust was uniformly distributed
within the lowest 3 km in all scenarios with dust optical
depths (td) ranging from 0.05 to 1.0. The model dust and
cloud layers are illustrated in Figure 5.
3.2.2. Model Simulations
[30] Theoretical calculations were performed for a num-

ber of possible dust/cloud scenarios: (1) dust (D) only,
(2) cirrus cloud (C) only, (3) cirrus cloud with dust (C/D),
and (4) liquid water cloud with dust (W/D). The model
results for all scenarios are presented in Figure 6a. The dust
only and mixed optically thin cirrus (tc = 0.5) and dust
cases (solid black curve and dotted black curve with
crosses, respectively) show a common trend in the BT slope
from l = 10 mm (subband 11) to l = 11.16 mm (subband 7),
herein referred to as a BTD 11–10. For simplicity, the dust
model results are given in terms of spherical quartz particles
with a reff of 2 mm. Since most minerals with the exception of
pure calcium carbonate tend to absorb more at wavelengths
near 10 mm than at 11.16 mm (Figure 1), their BTD 11–10
are negative. This behavior is similar to that of the slope
of MODIS BTD 8–11 versus BTD 11–12 which is used by
Hansell et al. [2007] for distinguishing dust from cloud.
[31] The results for scenarios 1 (dust only, i.e., tc/tw = 0)

and 2 (cirrus only, i.e., td = 0) are presented in Figure 6a
where the BTD 11–10 is plotted as a function of optical
depth (t). The shaded gray region around the dust only

curve represents the variability in the BTD 11–10 as
particle size changes where the lower, center and upper
bounds of the region represent particles having sizes 0.75, 2
and 5 mm, respectively. Likewise, the error bars on the dust
only curve represent the variability in BTD 11–10 due to a
25% uncertainty in PWV (2.4 g cm�2 is the mean, and 1.8
and 3.0 g cm�2 are the extrema). Clearly the variability in
BTD 11–10 due to the uncertainty in PWVexceeds that due
to particle size. As both particle size and PWV increase, so
too does the BTD 11–10, which may cause the detection of
clouds to be overestimated. Likewise, the BTD slope for
water vapor when PWV � 1.84 g cm�2 is similar to mineral
dust which may cause dust to be overestimated. For optical
depths greater than 0.12, dust has a negative BTD 11–10,
whereas when dust is optically thin (td � 0.12), the effects
of water vapor dominate and the BTD 11–10 becomes
positive. The cirrus only case on the other hand displays a
positive BTD 11–10 since ice water absorbs more strongly
with longer wavelengths. Note the zero-point threshold
(BTD 11–10 = 0) is given by the dashed black line.
[32] Two mixed dust/cirrus cases are presented to de-

scribe the effect on BTD 11–10 when the cloud optical
depth (tc) increases from 0.5 to 3 (dotted and solid black
curves with crosses, respectively). When cloud and dust are
optically thin, the effects of water vapor dominate and the
BTD 11–10 is positive. As dust optical depth increases
under a thin cirrus cloud, the BTD 11–10 becomes increas-

Figure 6. (a) BTD 11–10 versus optical depth for dust (Q) and cloud conditions. Shown are the cirrus
(C)/dust (D) only and mixed cloud/dust scenarios including liquid water cloud (W). (b) BTD clear-sky
correction uncertainty versus PWV. (c) Dust and cloud with BTD corrections applied. L/H represents the
low/high ends of PWV uncertainty. See text for details.
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ingly negative (dotted black). When cirrus cloud optical
depth increases (solid black) or as the height of the cirrus
cloud is reduced (e.g., from 9 to 7 km), the BTD 11–10
becomes more positive which makes it more difficult to detect
dust even when dust optical depths are high. Figure 6a, for
example, shows that under an optically thin cirrus cloud,
dust would require a minimum optical depth threshold (t =
0.12) to be detected. If the COD were to increase, the
threshold for detecting dust would be well over 0.6. Similar
analysis employing satellite data for mixed aerosol and
cirrus cases, including dust, was performed by Roskovensky
et al. [2004], Roskovensky and Liou [2005], and Hansell et
al. [2007].
[33] Figure 6a also shows an example of dust and water

cloud (gray curve with solid circles) with a tw of 10. The
BTD 11–10 is positive for all dust optical depths; that is,
the dust will not be detected. This same result occurred
when the layers of water cloud and dust were reversed (e.g.,
in a transported dust plume). Not shown is the case for a
thin water cloud (t = 1), where BTD 11–10 is negative for
dust optical depths greater than 0.05. Last, the sensitivity to
cloud height was evaluated by elevating the water cloud to
5–6 km. No significant change in the BTD 11–10 was
observed; hence the main variable controlling the BTD 11–
10 behavior of water cloud with dust is the COD. A
summary of the results presented is given in Table 3.
[34] Last, sensitivity of the BTD 11–10 to dust particle

asphericity was evaluated by comparing the spherical case
to a shape distribution of oblate spheroids (section 2). Over
the range of optical depths (0.05–1.0), the mean absolute
difference was found to be �4 K with a tendency to shift the
BTD 11–10 more negative.

3.3. Sensitivity of BT to Dust Parameters

3.3.1. Particle Size and Shape
[35] To assess the sensitivity of the AERI BT spectra to

dust particle size and shape, we examined spheres (S),

oblate spheroids (OS) and compact hexagons (CH) each
having a lognormal size distribution with an effective radius
that is increased from 0.5 to 2.0 mm in steps of 0.5 mm. Dust
composition was prescribed using the Volz [1973] refractive
indices. For each size step, dust optical depths were adjusted
to 0.05, 0.4 and 1.0 to assess both optically thin and thick
dust layers. The sensitivity results shown in Figures 7a and
7b are expressed as a function of both effective size and
shape and are plotted in terms of their BTD slope across the
upper (BTD 17–13) and lower (BTD 11–1) subbands,
respectively. To illustrate differences between each param-
eter, the sphere and compact hexagon results were com-
pared over the specified size range at an optical depth of
0.4.
[36] Comparing Figure 7a with Figure 7b shows that

particle shape sensitivity appears to be greater across the upper
subbands (USB), while particle size sensitivity is greater
across the lower subbands (LSB). For example, the BTD
between sphere and compact hexagon shown in Figure 7a
varies from 4 to 8 K over the given particle size range,
whereas in Figure 7b, the same BTD varies only from 0.3 to
2 K. Likewise, although the BTDs between particle sizes
are much greater for submicron particles, particularly com-
pact hexagon, variations are less than 0.5 K across the USB
to between 0.5 and 1.5 K across the LSB. It is also
interesting to point out that as the effective size increases,
the BTD slope increases/decreases for the USB/LSB
regions, respectively.
[37] The BTD sensitivity for both parameters was also

found to increase with dust optical depth and for particles
having effective radii less than or equal to 1 mm. An
increase in optical depth from 0.05 to 1, for example,
produces a fivefold increase in the BTD size sensitivity in
the LSB region for a 1 mm sized compact hexagon. For the
geometries and sizes considered, similar changes in the
BTD shape sensitivity were also noted although these
changes were generally found to be greater in magnitude

Table 3. Summary of BT Sensitivity for Dust/Cloud Detectiona

Mineral

Cloud

PWV (g cm�2)

Altitude (km)

BTD 11–10 (K)bPhase COD Dust Cloud

Q NC - 2.4 1–3 - �5.48 ± 2.22
Q NC - 1.8 1–3 - �11.37 ± 2.02
Q NC - 3.0 1–3 - �1.84 ± 1.38
V NC - 2.4 1–3 - �6.00 ± 2.27
K NC - 2.4 1–3 - �3.87 ± 2.03
K/C NC - 2.4 1–3 - �4.84 ± 1.67
ND I - 2.4 - 9 6.43 ± 1.72
ND W - 2.4 - 3–4 1.41 ± 0.71
V I 0.05 2.4 1–3 9 �2.13 ± 3.31
V I 0.05 2.4 1–3 7–8 �1.92 ± 3.32
V I 3.00 1.8 1–3 7–8 2.41 ± 2.47
V I 3.00 1.8 1–3 9 0.70 ± 3.14
V I 3.00 3.0 1–3 7–8 4.42 ± 2.37
V I 3.00 3.0 1–3 9 4.01 ± 3.03
V W 10.00 1.8 1–2 3–4 0.38 ± 0.23
V W 10.00 2.4 1–2 3–4 0.61 ± 0.24
V W 10.00 3.0 1–2 3–4 0.84 ± 0.25
V W 10.00 2.4 1–2 5–6 0.61 ± 0.24
V W 1.00 2.4 1–2 3–4 �1.45 ± 1.22
aMineral nomenclature: Q, quartz; V, Volz; K, Kaolinite; KC, Kaolinite/Carbonate; ND, no dust; NC, no cloud; I, ice cloud; W, water cloud; COD, cloud

optical depth.
bBTD 11–10 is calculated as an average quantity plus 1 standard deviation (1s) over the respective particle sizes and optical depths (refer to text for

discussion).
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as compared to particle size. For example, the BTD size
sensitivity for a compact hexagon when averaged over the
size range is �1.36 ± 1.2 K. In comparison, the BTD shape
sensitivity for a 0.5 mm sized particle when averaged over
each shape is �6.19 ± 3.5 K.
3.3.2. Dust Optical Depth
[38] The theoretical basis for the optical depth retrieval

method lays in the subband slope dependence of dust
optical depth, particularly from 1100 to 1200 cm�1 which
covers subbands 13–17. This spectral region is emphasized
because of the higher BT sensitivity to PWV from 800 to
1000 cm�1 (Figure 3) and also the strong ozone absorption
at 1086 cm�1. Two cases are presented in Figure 8 to
illustrate the slope sensitivity from subbands 13 to 17 by
employing two dust microphysical models: Volz hexagonal
plates and kaolinite/carbonate mixture of oblate spheroids.
The curves are dust DBT spectra where DBT is defined as
follows:

DBT ¼ BTdust � BTclear ð6Þ

where BTdust and BTclear represent the modeled or observed
dust and clear-sky spectra respectively, across AERI
subbands. To a first approximation, DBT over the window
region can be used as a rough qualitative indicator of the
dust IR forcing, since this is where most dust absorption
occurs. The markers from left to right denote the subband
locations 1–17. Dust optical depths were varied from 0.05 to
1.0 in increasing order from bottom to top. For both cases,
AERI observed spectra (broken gray curves) are shown for
comparison. Note the reasonable fit between subbands
13–17; however, larger differences occur particularly in the
800–900 cm�1 region, which can be attributed to water
vapor and uncertainty in dust composition. Similar results
were also found using other dust models.
[39] Figures 8a and 8b show a positive increase in the

subband slope as optical depth becomes larger because of
enhanced particle absorption at these wavelengths. The lines
connecting subbands 13–17 (Figure 8a) illustrate the opti-
cal depth slope dependence. Also note the sharp spectral
folding (Figure 8a) and the much smoother spectral roll-off

(Figure 8b) near 1100 cm�1 for each dust model, respec-
tively. This spectral behavior follows the imaginary terms of
the refractive indices (Figure 1), which shows that most
minerals exhibit peak absorption around 1000–1100 cm�1

with smaller secondary peaks scattered throughout the
window region. As the absorption increases, so too does
the spectral peak, which causes the slope to further increase.
3.3.3. Dust Altitude
[40] To assess the sensitivity of the AERI BT spectra to

changes in dust altitude (Z), we took a homogeneous dust
layer near the surface with a geometrical thickness of 1 km
and progressively increased its altitude in 1 km increments
until a layer height of 5 km was reached. This is analogous
to dust being lifted and transported away from its source.

Figure 7. Particle size and shape BT sensitivity across (a) upper subbands (USB: 13–17) and (b) lower
subbands (LSB: 1–11). Shown are spheres (S) and compact hexagons (CH) with an effective size range
of 0.5–2 mm. Dust optical depth is fixed at 0.4.

Figure 8. BT sensitivity to dust optical depth at 962 cm�1

with markers denoting locations of AERI subbands 1–17
from left to right. (a) Volz CH model spectra for four optical
depths with best fit AERI spectrum. (b) Same as Figure 8a
but for K/C OS dust model.
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The dust model consisted of spherical particles with a
lognormal size distribution (reff = 2.0 mm; sgv = 2.0) and
mineral composition defined by the Volz refractive indices.
The resulting changes in BT for a given altitude change
(DBT/DZ) at dust IR optical depths of 0.05 and 0.4 are
presented in Figures 9a and 9b for altitudes of 1, 3, and 5
km. As the dust layer’s altitude increases, the magnitude of
the resulting BT spectrum decreases but is dependent on
dust optical depth. Optically thin dust (td = 0.05) having
undergone an altitude change of 5 km, results in a relatively
small BT decrease of �1.8 K (Figure 9a). This means that
AERI is not very sensitive to the altitude changes of light
dust and the resulting error will be small. Increasing the
optical depth to 0.4 (Figure 9b) for the same altitude change,
however, results in a much larger BT decrease of up to 10 K
because of enhanced dust absorption. This has significant
implications for detecting/retrieving transported dust
plumes such as in the case of dust inside the SAL.
3.3.4. Dust Thickness
[41] The effects of dust layer thickness (DZ) on AERI

surface spectra are examined by successively incrementing
the number of dust layers used during each simulation.
Beginning with the first dust layer near the surface, addi-
tional layers are added until the geometrical thickness of the
dust cloud reaches 5 km. This range in dust thickness is
consistent with observations during the UAE2 where dust
top heights were often capped by a strong inversion around
5 km. The dust properties were assumed to be uniform and
homogeneous across each layer. Dust particle shape and

size were characterized by spheres with a lognormal size
distribution of reff = 2 mm and sgv = 2. A vertical
distribution of dust optical depths from the UAE2 level
1.5a MPLNET [Welton et al., 2001] data set on 22 Septem-
ber 2004 was used (Figure 9c). The black and gray curves
denote the MPL retrieved optical depth profiles at 0.55 and
10 mm, respectively, where the latter was obtained by
scaling the visible optical depths using the Volz extinction
coefficient ratio between 0.55 and 10 mm. The circles on the
gray curve represent the scaled IR optical depths
corresponding to the centers of each model dust layer.
The BT spectra for a 1, 3 and 5 km thick dust cloud are
shown in Figure 9d. A fivefold increase in layer thickness
(from 1 to 5 km) can result in a positive increase of the
averaged AERI spectra of �10 K over the window region.
This represents the maximum error using the assumed
optical depth profile. Uncertainty in dust thickness at higher
altitudes (e.g., from 3 to 5 km) where dust optical depths are
reduced would result in errors in the range of 2–5 K. As
more layers are added, the relative difference between each
resulting spectrum decreases. Level 1 denotes a one-layer-
thick dust cloud; Level 1–3 denotes a three-layer-thick dust
cloud etc. Refer to Table 4 for a summary of the BTsensitivity
for the dust and atmospheric parameters presented.

3.4. AERI MgCdTe Detector Nonlinearity

[42] The estimated radiance errors due to the MgCdTe
detector nonlinearity were based on the prior works of

Figure 9. (a) BT sensitivity to dust cloud height for altitudes z = 1, 3, and 5 km at optical depth t =
0.05. (b) Same as Figure 9a but for t = 0.4. (c) MPL optical depth profile used to model optical depths for
each layer. (d) BT sensitivity to dust cloud thickness.

D18202 HANSELL ET AL.: REMOTE SENSING OF MINERAL DUST AEROSOL

12 of 18

D18202



Turner et al. [2004] and Knuteson et al. [2004]. The former
authors studied the impact of the AERI MgCdTe detector
nonlinearity on observed radiance spectra by using the
corrections discussed by Knuteson et al. [2004]. The study
found that the detector error was largest in clear-sky con-
ditions for radiometrically cold scenes where the nonlinear
response in the detector’s electronics causes underestima-
tion of the observed radiances. The effect is most evident in
the window region, where the radiance residuals are in the
approximate range of �0.3–0.75 RU (1 RU = mW m�2

sr�1 cm�1). Radiance residuals given by Turner et al.
[2004] and Knuteson et al. [2004] were used to construct
an estimated radiance correction spectrum over the thermal
IR window with random noise added to account for the
underestimated signal. Figure 10a shows the estimated
nonlinearity corrections. Although the corrections are not
exact, they provide a sense as to their potential effect on the
detection/retrieval methodology. Details of the results are
given in section 4.

3.5. Model Atmosphere and Clear-Sky Spectra

[43] To account for the temporal variability of the thermo-
dynamic state parameters in the column atmosphere (i.e.,
temperature, relative humidity, etc), we combined the retrieved
temperature and moisture profiles from the UW-SSEC
AERIPLUS physical retrieval algorithm [Feltz et al.,
2003] for the planetary boundary layer (PBL) with regional

sounding data using MAARCO radiosondes up to a height
of 18 km. The AERIPLUS retrievals using only AERI data
are limited below 2.5–3 km since most of the IR signal
detected at the surface comes from the lower atmospheric
emissions [Feltz et al., 2003]. Because the AERI instrument
measures near-surface emission precisely, the AERIPLUS
retrieved parameters well represent the atmospheric state of
the PBL.
[44] Figures 10b and 10c show the AERIPLUS retrieved

time-height temperature and water vapor mixing ratio
(WVMR) profiles for 22 September 2004 during the
UAE2. Temperature bias with and without the estimated
MgCdTe error correction was 0.1�C, while that for WVMR
was generally less than 0.5 g kg�1, except the value at the
surface of about 2 g kg�1.

4. Dust Detection/Retrieval Methodologies and
Case Studies

4.1. Detection Methodology

[45] Following the discussion in section 3, the AERI
cloud/dust detection scheme employs the BTD 11–10 for
separating cloud and dust using a dynamic threshold (BTD
11–10 = 0) where positive/negative BTD 11–10 is labeled
as cloud/dust, respectively. Points near the zero-point
threshold, i.e., within 0.1 K, are classified as uncertain. To
compensate for water vapor in the algorithm and the

Table 4. Summary of BT Sensitivity to Dust and Atmospheric Parameters

Parameters DBT Uncertainty (K) Comments

Atmospheric
PWVa ±4.00–6.00
Water vapor variabilityb ±0.005–3.37
Temperature variabilityb ±1.180–3.00

Dust
Particle sizec fix shape and vary sizes (0.05, 1.0, 1.5, 2.0 mm) at td = 1
Compact hexagon (CH) 2.81 ± 2.61
Oblate spheroid (OS) �0.46 ± 0.17
Sphere (S) 2.071 ± 1.37
Particle shaped fix size and vary shapes (CH, OS, S) at td = 1
Reff = 0.5 mm �6.19 ± 3.50
Reff = 1.0 mm �5.08 ± 2.40
Reff = 1.5 mm �4.60 ± 2.10
Reff = 2.0 mm �4.38 ± 1.90
Optical depthe COMPACT hexagon (Volz)
td = 0.05 3.86 ± 0.184
td = 0.2 4.48 ± 0.566
td = 0.6 5.56 ± 1.017
td = 1.0 6.02 ± 1.133
Altitudef (Z) (relative to level 1 at 1 km) (�) sign ! BT decrease
Level 1 to 2 (2 km) �1.63 ± 1.07
Level 1 to 3 (3 km) �2.95 ± 1.97
Level 1 to 4 (4 km) �4.35 ± 2.94
Level 1 to 5 (5 km) �5.65 ± 3.86
Thicknessg (DZ) (relative to one layer) (+) sign ! BT increase
Two layers 8.70 ± 5.15
Three layers 14.64 ± 8.13
Four layers 18.81 ± 9.86
Five layers 21.19 ± 11.84
aConstrained by ±10% error in AERONET retrieved PWV during the UAE2.
bSoundings from Abu Dhabi Airport having same PWV were used ((±0.01 g cm�2).
cDBT is averaged over the size range across the lower subbands.
dDBT is averaged over the shape range across the upper subbands.
eDBT is averaged over particle size range 0.75–5 mm for upper subbands.
fDBTs averaged over dust optical depths td = 0.05, 0.2 and 0.4. Altitude measured from level of dust top height for a 1 km thick dust cloud.
gDBTs averaged over dust optical depths td = 0.05, 0.2 and 0.4. Thickness measured relative to a 1 km thick dust cloud.
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potential for misclassifying dust, a BTD 11–10 clear-sky
corrective term (offset), a function of PWV was introduced.
The BTD correction was determined by comparing coinci-
dent measurements of AERONET derived PWV with AERI
to a LUTwhich was calculated using the data from Figure 3
and then interpolated using a PWV spacing of 0.1 g cm�2.
For the cases examined and neglecting those dust episodes
associated with strong weather systems (for example, ha-
boob dust storms [see Miller et al., 2008]), the water vapor
uncertainty (total column and vertical variability) can pro-
duce averaged clear-sky BTD errors in the range of
�0.005–6 K with most error attributed to the total column.
The sensitivity of the BTD 11–10 to water vapor vertical
distribution with a constant PWV was found to be in the
range of �0.005–3.37 K. The effects of column water
vapor uncertainty are shown in Figure 6b in terms of the
BTD 11–10 clear-sky correction as a function of PWV. The
horizontal error bars denote the ±10% PWV uncertainty in
the AERONET measurements, while the vertical error bars
represent the corresponding BTD uncertainty. For atmos-
pheres with PWV � 1.84 g cm�2, the corrections are
negative implying that the BTD slope for water vapor and
dust is similar (see Figure 3). For these cases, the correction
was added. For values of PWV > 1.84 g cm�2, the BTD
slope of water vapor and dust is of opposite sign and the
correction was subtracted.
[46] Figure 6c shows the impact of PWV uncertainty on

the AERI detection scheme for a mixed case of dust and
cirrus assuming a PWV of 2.4 ± 0.1 g cm�2. The top solid
curve represents the BTD 11–10 for dust and cirrus before
the corrections are applied. Note that for each dust optical
depth, the BTD 11–10 lies above the zero-point threshold;

hence dust will not be detected. For the specified range of
PWV, adding the corrections from Figure 6b yields a range
of the corrected BTD 11–10 shown by the broken curves.
The correction effectively reduces the magnitude of BTD
11–10, but depending on the error in the PWV measure-
ment. For example, if the retrieved PWV is on the high (H)
and low (L) end (10%), dust may be overestimated and
underestimated.
[47] To further compensate for uncertainties in PWV and

detecting cloud and dust near the BTD 11–10 threshold, the
algorithm accounts for high-frequency temporal instabilities
in the BT spectra, an approach similar to the AERONET
cloud screening procedure [Smirnov et al., 2000]. This is
accomplished by evaluating the change in the BTD slope
during each AERI measurement where rapid changes are
indicative of cloud transits. Last, in the event that cloud is
misclassified as dust, we check to see if the magnitude of
the BT subband spectrum averaged over the window do-
main exceeds a prescribed threshold taken to be 270 K on
the basis of radiative transfer simulations. The algorithm
labels the event as cloud when BT � 270 K.

4.2. Optical Depth Retrieval Methodology

[48] The retrieval methodology relies on a statistical
optimization approach whereby a search is conducted for
the maximum likelihood that DBT (observed) takes on the
functional form of DBT (calculated) evaluated over the
prescribed subbands. The retrieval algorithm is given by
minimizing a residual sum, c2, defined as follows:

c2 ¼
Xb
i¼a

ln DBTi
calc t; ae;T ; nð Þ

�
� ln DBTi

aeri T ; nð Þ
� �
 �2 ð7Þ

where the summation is performed over subbands a to b and
DBT is a function of optical depth (t), effective radius (ae),
temperature (T), and wave number (n). The retrieval is
repeated for each cloud-free AERI measurement following
the dust/cloud detection scheme to yield a best fit IR optical
depth at 962 cm�1. Other works utilizing this and similar
approaches using thermal IR observations include Rathke
and Fischer [2000] and Pierangelo et al. [2004].
[49] The retrieval methodology employs a LUT of mod-

eled dust DBT for the dust microphysical models presented
in section 2. To this end, a LUT is constructed for each
critical dust parameter including 5 mineral compositions
(quartz, kaolinite, kaolinite mixed with hematite, kaolinite
mixed with carbonate, and the Volz dust model) and 3
particle shapes (compact hexagon, oblate spheroid, and
sphere). This allows us to compare the performance of each
dust model in terms of a best fit with the observed BT data.
In the current scheme, particle size is not retrieved because
of the relatively small variability in the window region. The
IR optical depths of the modeled dust spectra were inter-
polated over a range extending from t = 0.05–1.0 in steps
of 0.10. The atmospheric profiles used in the retrieval
scheme were based on model clear-sky calculations using
the combined AERIPLUS derived state parameters and
MAARCO sounding data (section 3). Since the model
clear-sky is continuously updated for each AERI observa-
tion, PWV is no longer considered a free parameter in the
retrieval. Finally, it should be noted that the present retrieval

Figure 10. (a) Estimated radiance error (residuals) due to
MgCdTe detector nonlinearity with vertical axis given in
radiance units (1 RU=mWm�2 sr�1 (cm�1)). (b) AERIPLUS
retrieved temperature profile from 22 September 2004
during UAE2. (c) Same as Figure 10b but for WVMR.
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scheme also accounted for local temporal changes in the
ambient surface temperatures by subtracting a BT thermal
offset from each subband where a table of thermal corrections
was constructed by differencing the clear-sky spectrum for a
range of local times ranging from 0600 to 1700 UTC with a
reference ‘‘cold’’ spectrum at 0600 UTC.

4.3. UAE2 Case Studies

[50] Two cases from the UAE2 were selected to illustrate
the potential of the detection/retrieval methodology: 22
September and 30 September 2004 during which prevalent
dust and cirrus cloud conditions occurred, respectively. We
first demonstrate the strength of the dust detection approach.
Figure 11 shows the SMART MPLNET micropulse lidar
(MPL) normalized relative backscatter (NRB) signal de-
scribed by Campbell et al. [2002] for 30 September 2004.
Note the persistent cirrus cloud coverage from 0930 to
1430 UTC interrupted by several small breaks at 0950 UTC,
1300–1330UTC and 1400 UTC. The AERI detection results
are given by the red andwhite labels where the top, center and
bottom rows represent cloud, dust and uncertain conditions
(i.e., near the BTD 11–10 zero point), respectively. The
colors indicate AERI data with (white) and without (red)
the estimated MgCdTe nonlinearity corrections applied.
As shown by the positions of the labels, the results are
not sensitive to the estimated error and were found to be
within 1% of each other. Consistent with the MPL, the
AERI algorithm detected mostly cirrus with some dust at each
cloud break (�80% and 17% of the AERI observations,
respectively). Several points around 1200 UTC were also
identified as dust in the presence of cirrus.
[51] Next, we tested the dust retrieval technique using

cloud-screened AERI radiances from 22 September during
the 4-h period 0600–1000 UTC. We performed the retrieval
employing the channel 1 AERI data set with and without the
estimated MgCdTe nonlinearity corrections. Figure 12a
shows the AERI retrieved IR optical depths at 962 cm�1

(10.4 mm) assuming a spherical Volz dust model with an
effective radius of 1 mm. The gray and black curves at the
bottom are the data with and without corrections, respec-
tively. If the MgCdTe detector nonlinearity is not accounted
for, the mean estimated error in the retrieved optical depths

would range from �3–5% over the 4-h period. For com-
parison are the AERONET retrieved visible optical depths
(top curve) at 0.55 mm. Note the similar trend in the
retrieved optical depths of each instrument. The AERI
optical depths were then scaled to 0.55 mm for direct
comparison with AERONET using the Volz visible-to-IR

Figure 11. AERI detected cloud/dust versus MPL for 30 September 2004. ‘‘Cloud,’’ ‘‘dust,’’ and
‘‘uncertain’’ classifications are given by the top, center, and bottom rows, respectively. White/red markers
represent detection with/without estimated nonlinearity applied. See text for details.

Figure 12. (a) AERI retrieved IR optical depths for
22 September 2004 with/without nonlinearity corrections
applied (NC, not corrected; C, corrected). (b) AOTscatterplot
of AERI versus AERONET retrieved optical depths at
0.5 mm. See text for details.
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extinction coefficient ratio (b0.55mm/b10.4mm) which varies
from 2 to 3 for dust particle sizes in the range of 0.75–
1.5 mm. The scatterplot in Figure 12b shows the linear trend
between the scaled AERI and the AERONET optical depths
with a correlation coefficient of 0.78, indicating the retrieval
is able to capture the temporal variability in the dust load
with some success. The horizontal and vertical error bars
depict the variability in the retrieved optical depths due to
AERONET retrieval and AERI particle sizing uncertainties,
respectively. Note that the AERI retrieved optical depths
agree with those from AERONET within the uncertainty
estimates.

5. Summary

[52] Detailed sensitivity studies to key dust and atmo-
spheric parameters in the thermal IR window were con-
ducted to examine the potential for developing
methodologies to detect and retrieve dust aerosol using
ground-based AERI BT spectra during the UAE2. To this
end, dust microphysical models characterizing mineral
composition, particle shape, and size were constructed by
combining in situ data from the UAE2 with that from prior
field studies. Using FDTD and T-matrix light scattering
codes, the dust single-scattering properties were calculated
and found to be most sensitive to the refractive index of
component minerals, consistent with previous studies. Com-
prehensive studies of uncertainties in water vapor measure-
ments and its vertical variability were critically analyzed in
the thermal IR window for their impact on AERI applica-
tions. Results indicated (1) a 10% measurement uncertainty
in PWV amounts to an error in the averaged clear-sky
BT spectra of �±4–6 K, corresponding to a dust visible
(0.55 mm) optical depth of �0.15, and (2) uncertainties in
the vertical distribution of water vapor and temperature for
cases not associated with strong weather systems, resulted
in BT errors between �1–3 K in the averaged spectra.
Consequently, a dynamic BTD clear-sky correction was
formulated for dust detection and the AERIPLUS retrieved
temperature and relative humidity profiles were employed
to characterize the time-dependent thermodynamic state of
the lower troposphere for dust retrieval. The vertical vari-
ability in temperature and the large surface temperature
gradients measured during UAE2 also necessitated the need
for a thermal correction in the retrieval methodology.
[53] Detailed sensitivity studies of critical dust parameters

revealed significant effects on the AERI BT spectra. Unique
to AERI detection was the BTD 11–10 dynamic threshold,
which exploits the differences in the absorptive properties of
minerals and liquid/ice water for separating dust from cloud.
The BTD 11–10 for dust was shown to be negative while
that for clouds was positive. Most common minerals except
for pure calcium carbonate exhibit this effect. Water vapor
causes BTD 11–10 to increase which can cause dust to be
underestimated. Particle size and shape effects on the AERI
spectra using compact hexagons, oblate spheroids and
spheres for sizes in the range of 0.5–2 mm exhibited unique
spectral dependence over the subbands and were found to
increase with dust optical depth. Independent of shape, the
potential strength for particle size separation in the window
region appears more likely for particles less than 1 mm with
decreasing sensitivity toward 2 mm. For the cases analyzed,

compact hexagons showed the greatest sensitivity which
emphasizes the significance of particle asphericity in dust
remote sensing applications. AERI sensitivity to dust optical
depth displays strong subband slope dependence particularly
around 1100–1200 cm�1 for most minerals including quartz
and the kaolinite/carbonate dust mixture. Investigation of
the AERI sensitivity to dust layer altitude and thickness
shows a significant impact on the vertical distribution of
dust optical depths. The spectra in elevated dust layers were
found to be reduced in magnitude between 2 and 10 K for
the range of optical depths 0.05–0.4. The largest spectral
change to dust thickness occurs in the first two layers
(�8–10 K) and is reduced in the remaining layers with
relative differences amounting to �2–5 K.
[54] On the basis of the sensitivity results, a combined

detection/retrieval methodology was formulated and tested
using two daytime dust and cirrus cases from the UAE2.
Consideration to the MgCdTe detector nonlinearity was
addressed to examine the methodology’s sensitivity to the
estimated errors. By comparing the detection/retrieval results
with collocated AERONET Sun photometer/MPLNET
micropulse lidar measurements, we illustrated that the
present scheme can be used to separate dust from cloud,
and retrieve dust IR optical depths during daytime condi-
tions with some confidence; that is, (1) the AERI and
AERONET retrieved optical depths correlate well (r2 =
78%) and show good agreement, well within the experi-
mental uncertainties and (2) consistent with the MPL
results, about 80% of the total AERI observations were
classified as cloud while dust amounted to about 17% of the
observations. Comparison of the detection results with and
without the estimated MgCdTe detector nonlinearity cor-
rections, revealed small differences (<1%), although this did
increase the magnitude of the retrieved optical depths on
average between �3–5%. Further constraints in the AERI
dust detection approach can be achieved by integrating
cloud observations from coincident ground and satellite-
based platforms, including those from the ‘‘A-Train’’ satel-
lite constellation (e.g., AIRS and CALIPSO synergy) and
collocated lidar systems. A forthcoming paper will address
application of the present methodology using the corrected
UAE2 AERI data set along with implications for computing
the region’s longwave dust surface radiative forcing.
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