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[1] Observations of clouds from the ground-based U.S. Department of Energy
Atmospheric Radiation Measurement (ARM) program and satellite-based A-train are used
to compute cloud radiative forcing profiles over the ARM Darwin, Australia site. Cloud
properties are obtained from both radar (the ARM Millimeter Cloud Radar (MMCR) and
the CloudSat satellite in the A-train) and lidar (the ARM Micropulse lidar (MPL) and the
Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO) satellite in
the A-train) observations. Cloud microphysical properties are taken from combined radar
and lidar retrievals for ice clouds and radar-only or lidar-only retrievals for liquid clouds.
Large, statistically significant differences of up to 1.43 K/d exist between the mean ARM
and A-train net cloud radiative forcing profiles. The majority of the difference in cloud
radiative forcing profiles is shown to be due to a large difference in the cloud fraction
above 12 km. Above this altitude, the A-train cloud fraction is significantly larger
because many more clouds are detected by CALIPSO than by the ground-based MPL. It
is shown that the MPL is unable to observe as many high clouds as CALIPSO due to
being more frequently attenuated and a poorer sensitivity. We also isolate the difference
in cloud radiative forcing due to sampling and retrieval differences which are of
comparable importance but are of smaller impact than cloud fraction differences. This
study demonstrates that A-train observations are better suited for the calculation of cloud
radiative forcing profiles at Darwin. In addition, we find that it is necessary to supplement
CloudSat with CALIPSO observations to obtain accurate cloud radiative forcing profiles.
Citation: Thorsen, T. J., Q. Fu, and J. M. Comstock (2013), Cloud effects on radiative heating rate profiles over Darwin using
ARM and A-train radar/lidar observations, J. Geophys. Res. Atmos., 118, 5637–5654, doi:10.1002/jgrd.50476.

1. Introduction
[2] The vertical distribution of radiative heating plays

an important role in determining atmospheric dynamic pro-
cesses and is strongly influenced by clouds. In the tropics,
assessing radiative heating over large scales is important as
it approximately balances latent heating [Stephens, 2005]
and exerts control over general circulation patterns [Slingo
and Slingo, 1988, 1991; Raymond, 2000; Fu et al., 2002].
Radiative heating is also largely responsible for determin-
ing the vertical transport through the tropical tropopause
layer [Hartmann et al., 2001; Gettelman et al., 2004; Corti
et al., 2005, 2006; Fueglistaler and Fu, 2006; Fu et al.,
2007; Yang et al., 2008; Lin et al., 2013] and aids in the
development and maintenance of clouds [e.g., Lilly, 1988;
Ackerman et al., 1988; Hall and Vonder Haar, 1999; Dinh
et al., 2010]. To properly determine the role that radiative
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heating plays in various atmospheric processes, it is impor-
tant to first establish that estimates of radiative heating
profiles are accurate.

[3] Profiles of radiative heating are typically not observed
directly but rather are calculated using a radiative trans-
fer model. This requires a specification of the atmospheric
state including profiles of temperature, water vapor, ozone,
aerosol, and cloud properties. Investigating the impact of
clouds on the radiative heating profile, which is the focus
of this study, will therefore require detailed information
about the cloud vertical structure. Observations from passive
satellite sensors, such as the Moderate Resolution Imaging
Spectroradiometer (MODIS) [Barnes et al., 1998; Platnick
et al., 2003; Ackerman et al., 2008] and the International
Satellite Cloud Climatology Project (ISSCP) [Rossow and
Schiffer, 1999] provide macrophysical and microphysical
properties on a global scale but only provide limited infor-
mation on the cloud vertical structure [Zhang et al., 2004].
Only active remote sensors, such as cloud radars and lidars,
can provide detailed information on the vertical structure of
clouds necessary to calculate profiles of radiative heating.

[4] The U.S. Department of Energy Atmospheric Radi-
ation Measurement program [ARM; Ackerman and Stokes,
2003] operates a millimeter cloud radar (MMCR) and a
micropulse lidar (MPL) providing continuous observations
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of cloud vertical structure at three sites in the tropics: Manus,
Nauru, and Darwin. Cloud properties derived using the
MMCRs at Manus and Nauru have been used to document
the effect of clouds on the vertical structure of radiative
heating [Fueglistaler and Fu, 2006; Mather et al., 2007;
McFarlane et al., 2007; Mather and McFarlane, 2009]. The
ARM sites provide a valuable continuous time series of
cloud observations with high temporal resolution.

[5] Cloud radar and lidar observations as part of the
A-train satellite constellation [Stephens et al., 2002] pro-
vide near-global observations with a sun-synchronous orbit
allowing observations at approximately 0130 and 1330 local
time. Analogous to the ARM MMCR and MPL, the A-train
contains the CloudSat cloud radar and the Cloud-Aerosol
Lidar Infrared Pathfinder Satellite Observations (CALIPSO)
lidar. As part of the CloudSat mission, vertical profiles
of cloud microphysical properties are routinely produced
[Austin et al., 2009] and used as input for the 2B-FLXHR
product which calculates total-sky radiative heating rate and
flux profiles [L’Ecuyer et al., 2008]. An additional CloudSat
product, 2B-FLXHR-LIDAR, incorporates clouds detected
by CALIPSO only into the inputs for calculating the flux
and heating rate profiles [Henderson et al., 2011]. The
2B-FLXHR and the 2B-FLXHR-LIDAR products provide
users with a convenient way to investigate radiative pro-
cesses [e.g., Feldman et al., 2008; Haladay and Stephens,
2009]. An alternative A-train-based radiative flux profile
product is produced as part of the Clouds and the Earth’s
Radiant Energy System (CERES) mission. CALIPSO and
CloudSat cloud profiles are merged inside the footprint of
the CERES instrument on the Aqua satellite to create the
CCCM (CALIPSO-CloudSat-CERES-MODIS) data prod-
uct [Kato et al., 2010]. Radiative fluxes are calculated using
the merged cloud profiles. CCCM has been used to help
improve CERES estimates of the global radiation budget and
to improve uncertainty estimates [Kato et al., 2011, 2012].
Work by Yang et al. [2010] also used multiple instruments
to investigate the radiation budget in the TTL by combin-
ing CALIPSO and ISCCP cloud optical depths along with
CloudSat cloud boundaries.

[6] Depending on the atmospheric process being stud-
ied, either the ARM or A-train observations or both may be
appropriate given their relative temporal and spatial cover-
ages. Therefore, we perform a detailed comparison between
the two sets of observations. In this study, we focus on
comparing statistics of retrieved cloud properties and their
impact on radiative heating profiles. We seek to determine
whether both sets of instruments are well suited for infer-
ring the radiative effect of clouds and to document specific
advantages and disadvantages to each.

[7] Previous studies documenting radiative heating in the
tropics using either ARM or A-train observations have used
cloud inputs from radar only [Fueglistaler and Fu, 2006;
Mather et al., 2007; McFarlane et al., 2007; Mather and
McFarlane, 2009; L’Ecuyer et al., 2008] or have used
merged radar and lidar cloud inputs [L’Ecuyer et al., 2008;
Haladay and Stephens, 2009; Kato et al., 2010; Yang et
al., 2010]. In the current study, we compare cloud radia-
tive effects between ARM and A-train observations using
more accurate combined radar/lidar retrievals for ice clouds.
We will particularly pay attention to the impact of lidar on
the cloud radiative forcing since high, optical thin clouds

in the upper troposphere frequently go undetected by radar
[e.g., Comstock et al., 2002]. Details of the cloud retrievals,
atmospheric profiles, and other radiative transfer model
inputs are discussed in section 2. Mean ARM and A-train
heating rate and cloud radiative forcing profiles are com-
pared in section 3 along with the retrieved cloud properties.
In section 4, we quantify the individual effects of cloud
inputs on the cloud radiative forcing profiles and provide
concluding remarks in section 5.

2. Data and Methodology
[8] Observations from multiple instruments are taken

from the Darwin, Australia ARM site (12.325ıS,
130.891ıE) from July 2006 through December 2010. For
A-train data, observations are taken from a 2.5ı � 2.5ı
latitude-by-longitude box centered on the Darwin site. The
ARM observations are limited to times within ˙2 h of the
A-train overpasses through the spatial domain, which occur
approximately at 0130 and 1330 local time. Only times
when all four primary instruments used in this study—the
MMCR, MPL, CloudSat, and CALIPSO—are producing
quality data are considered for comparison. After screening
for data quality and the collocation of the observations in
space and time, we are able to compare 27,405 ARM pro-
files (at 2 min resolution) and 34,053 A-train profiles (at
1.1 km resolution).

[9] The evaluation of each data set is performed sta-
tistically including comparisons of mean profiles and
two-dimensional probability density functions (PDFs).
Therefore, discussions in this study include whether or not
differences between observations are statistically significant.
Statistical significance at the 95% level is determined using
the moving-block bootstrap technique [Efron, 1982; Wilks,
1997]. In this study, the block lengths are set by the col-
location criterion for each data set—entire A-train passes
through the spatial domain and ARM profiles within ˙2 h
of these overpasses are considered as single blocks. More
details on the use of this method for the comparison of
ground-based and A-train data can be found in Thorsen et
al. [2011] and Liu et al. [2010].

2.1. ARM
[10] The ARM sites are equipped with multiple, collo-

cated instruments capable of collecting detailed information
about the atmospheric state. We derived profiles of the quan-
tities necessary for input into a radiative transfer model from
various instruments including radiosondes, surface meteo-
rology instruments, a microwave radiometer (MWR), and
the MMCR and MPL at the Darwin site. The MWR mea-
sures downwelling radiation at 23.8 and 31.4 GHz allowing
simultaneous retrievals of the integrated amount of water
vapor and liquid water [Liljegren and Lesht, 1996]. The
MMCR is a vertically pointing Doppler cloud radar operat-
ing at 35 GHz in four different modes to achieve different
sensitivities and vertical resolutions [Clothiaux et al., 1999].
The MPL is a vertically pointing, polarization-sensitive
532 nm backscatter lidar [Campbell et al., 2002].
2.1.1. Cloud Retrievals

[11] Cloud microphysical properties are computed using
the Combined Retrieval (CombRet; Comstock et al. [2013])
which combines MMCR, MPL, and MWR measurements.
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The CombRet cloud mask applies the cloud detection algo-
rithm of Wang and Sassen [2001] to the MPL data and
combines this with the best-estimate MMCR cloud mask
from the Active Remote Sensing of Clouds (ARSCL) value-
added product (VAP; Clothiaux et al. [2000]). Cloud phase
is determined following Shupe [2007] utilizing the lidar
backscatter and radar Doppler moments (reflectivity, spec-
tral width, and Doppler velocity) with parameters adjusted
for tropical regimes.

[12] The CombRet liquid cloud radar retrieval is essen-
tially the same algorithm as the ARM MICROBASE VAP
[Miller et al., 2005] with a modification to the assumed
total number density of water droplets which is assumed to
be 100 cm–3 [Mather et al., 2007]. Liquid clouds detected
by lidar only are assumed to have a small 5 �m effec-
tive radius since the particle size must be too small for
the radar to detect. The LWC for these lidar-only liquid
clouds is calculated from the empirical relationship of Slingo
[1989] using the retrieved lidar extinction (˛e; Comstock and
Sassen [2001]). For layers identified as drizzle or rain, the
rain water content (RWC) and effective radius are taken from
an assumed Marshall-Palmer distribution computed using
the rain rate following Wood [2005]. When drizzle or rain is
not present in the profile, the cloud liquid water path (LWP)
retrieved from the radar and lidar is scaled to match the LWP
from the MWR.

[13] Ice cloud microphysical properties are determined
conditionally depending on available measurements. When
both radar and lidar detect a cloud layer, the algorithm of
Wang and Sassen [2002] is applied to the radar reflectivity
(Ze) and ˛e to retrieve the ice water content (IWC) and gen-
eralized effective diameter (Dge). When only lidar detects
cloud, the method of Heymsfield et al. [2005] is applied to
˛e and temperature (T) to calculate IWC. Dge can then be
computed using Fu [1996], which is also used in the Wang
and Sassen [2002] combined radar and lidar portion of Com-
bRet. For radar-only ice clouds, the Ze-IWC-T relationship
of Hogan et al. [2006a] is used to retrieve the microphysi-
cal properties. Additionally, no lidar data are used when the
lidar is severely attenuated—defined as times when the high-
est radar cloud top height exceeds the highest lidar cloud top
height by more than 1 km.

[14] After the retrieval is run for a given profile, it is run
again with the radar reflectivity corrected for attenuation by
water drops [Lhermitte, 1990]. The MPL backscatter is aver-
aged to 2 min to improve the signal-to-noise ratio prior to its
use in CombRet. CombRet retrieves profiles every 2 min at
a 60 m vertical resolution.
2.1.2. Other Data

[15] Besides cloud properties, the calculation of radia-
tive heating requires profiles of pressure, temperature, water
vapor, ozone, and several other trace gases. In this study, we
do not consider aerosol impacts on the radiative heating pro-
files. Radiosondes at the ARM sites are typically launched
twice daily providing profiles of pressure, temperature, and
humidity. Humidity corrections of Miloshevich et al. [2004,
2009] are applied to each radiosonde profile to account for
the known dry bias and time lag of the radiosonde humid-
ity sensor. The column-integrated water vapor, as measured
by the MWR, is used to scale the corrected humidity profile
[Turner et al., 2003]. Since ARM sites do not make ozone
measurements, monthly mean ozone profiles are taken from

the nearby Southern Hemisphere Additional Ozonesondes
(SHADOZ; Thompson et al. [2003]) Watukosek, Java site
(7.6ıS, 112.7ıE).

[16] ARM radiosonde and SHADOZ observations are
typically available up to �25 km. Above this altitude, we
supplement these balloon-borne observations with tempera-
ture data from the UKMO stratospheric analysis [Swinbank
and O’Neill, 1994] and water vapor and ozone observations
from the HALOE instrument on-board the UARS satellite
[Russell et al., 1993]. Monthly mean upper-air climatologi-
cal profiles are derived from 10 years (1995–2005) of data
from both the UKMO and HALOE data sets. Individual
radiosonde/ozonesonde profiles are blended to these upper-
air climatologies using a linear function following Hollars
[2004]. While the balloon-borne profiles of temperature are
used up to their highest altitude, radiosonde-based water
vapor measurements are only used up to 19 km to avoid large
errors that occur in very dry conditions.

[17] Profiles of pressure, temperature, and water vapor
are then linearly interpolated to the times of the CombRet
cloud retrieval. Profiles are then either linearly (temperature,
ozone) or logarithmically (pressure, water vapor) interpo-
lated in height to the CombRet resolution of 60 m. Above
21 km in altitude, the vertical resolution is decreased to
100 m (21.1 to 25 km), 1 km (26 to 50 km), and 5 km (55 to
70 km). Above 50 km, the standard tropical profile is used
[McClatchey et al., 1972]. ARM 1 min surface meteorology
observations are used to weight the interpolated profiles up
to 600 m following Hollars [2004].

2.2. A-Train
[18] The A-train constellation of satellites allows for

near-coincident measurements from multiple remote sensing
instruments. CALIPSO [Winker et al., 2010] and CloudSat
[Stephens et al., 2002] both joined the A-train constel-
lation in April 2006 and started collecting data in June
2006. CloudSat is a 94 GHz nadar-viewing cloud radar,
and CALIPSO is equipped with CALIOP (Cloud-Aerosol
Lidar with Orthogonal Polarization), a 532 and 1064 nm
polarization-sensitive backscatter lidar. Similar to the ARM
retrievals, a combined radar/lidar method is used to retrieve
ice cloud microphysical properties, while liquid cloud prop-
erties are retrieved using a single instrument. Profiles are
derived at the same vertical resolution as the ARM pro-
files. Other qualities besides cloud properties (i.e., pressure,
temperature, water vapor, and ozone) are taken from the
ECMWF (European Centre for Medium-Range Weather
Forecasts) ERA-Interim daily data [Dee et al., 2011] that
are linearly interpolated to the time, latitude/longitude, and
altitude of each profile layer. The standard tropical profile
[McClatchey et al., 1972] is used above 1 mb to complete
the profiles up to 70 km.

[19] The A-train cloud mask and phase determination
used in this study is part of the DARDAR (raDAR/liDAR)
project (DARDAR-MASK, version 1.14), the details of
which are given in Delanoë and Hogan [2010]. The
DARDAR-MASK merges CloudSat reflectivity from the
2B-GEOPROF product (release 4; Marchand et al. [2008])
and CALIPSO backscatter from the Level 1B product
(version 3; Anselmo et al. [2006]) by horizontally aver-
aging lidar beams that fall within each CloudSat footprint
(1.1 km). The reflectivity and backscatter are re-gridded to
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60 m in the vertical. A cloud mask is determined by combin-
ing the CloudSat 2B-GEOPROF product with the CALIPSO
Vertical Feature Mask (VFM; Vaughan et al. [2009]) as
described in Delanoë and Hogan [2010]. In DARDAR-
MASK, the high-resolution CALIPSO backscatter is used
to refine the VFM mask and remove the effect of larger
amounts of averaging (J. Delanoë, personal communica-
tion, 2012). Therefore, unlike the official CALIPSO VFM
product, DARDAR-MASK only contains CALIPSO clouds
identified using at a single averaging interval of 1.1 km.
Cloud phase is determined using the method of Hogan and
O’Connor [2004].

[20] Ice cloud microphysical properties are taken from
the DARDAR-CLOUD product (version 2.1; Delanoë and
Hogan [2010]). DARDAR applies a variational retrieval
algorithm (Varcloud; Delanoë and Hogan [2008]) to lidar
and radar data. In the algorithm’s forward model, radar
reflectivity is derived using the T-matrix approach, and lidar
backscatter is derived from the multiple-scattering model of
Hogan [2006b]. When only the radar signal is available, the
retrieval tends toward Ze-IWC-T relationships [e.g., Liu and
Illingworth, 2000; Hogan et al., 2006a; Protat et al., 2007].
When only the lidar signal is available, the visible extinction
is retrieved [Delanoë and Hogan, 2008]. Portions of a cloud
detected by both radar and lidar, when available, are used
to adjust the a priori estimates for radar-only and lidar-only
retrievals.

[21] Microphysical properties of liquid clouds identi-
fied in the DARDAR-MASK product are taken from 2B-
CWC-RVOD [Austin et al., 2009] and 2C-RAIN-PROFILE
[Lebsock and L’Ecuyer, 2011] from release 4 of the Cloud-
Sat data products. For rain layers identified by DARDAR-
MASK, we use the 2C-RAIN-PROFILE product when
possible; otherwise, the retrieval of LWC from the 2B-
CWC-RVOD product is taken as the rain water content.
Both 2B-CWC-RVOD and 2C-RAIN-PROFILE retrievals
are performed at CloudSat’s 240 m vertical resolution. The
liquid microphysical properties for the 60 m DARDAR-
MASK bins are taken from the closest 240 m bin in
the CloudSat products. Visible extinction of liquid clouds
detected by CALIPSO only is calculated following Young
and Vaughan [2009] using an assumed lidar ratio of 18 sr
and a multiple-scattering factor of 0.6. The effective radius
for these lidar-only liquid clouds is assumed to be 10 �m.

2.3. Radiative Transfer Model
[22] The aforementioned cloud and atmospheric profiles

are inputted into the NASA-Langley Fu-Liou radiative trans-
fer model [Fu and Liou, 1992, 1993; Fu, 1996; Fu et
al., 1998; Rose and Charlock, 2002]. The delta-four-stream
method is used for both the shortwave and longwave spectra
[Liou et al., 1988; Fu and Liou, 1993]. Gaseous absorp-
tion due to H2O, CO2, O3, N2O, and CH4 is parameterized
using the correlated k-distribution method [Fu and Liou,
1992]. Additionally, absorption by CO2 and CFCs in the
window region is considered [Kratz and Rose, 1999]. H2O
continuum absorption in the thermal spectra is accounted
for using the CKD 2.4 [Tobin et al., 1999]. The parame-
terizations of Fu [1996] and Fu et al. [1998] are used for
the single-scattering properties of nonspherical ice parti-
cles. The infrared single-scattering properties of ice particles
with Dge less than 15 �m are parameterized following

Figure 1. CloudSat and CALIPSO cloud mask from the
DARDAR-MASK product on 25 December 2010. The leg-
end gives the terminology used in this study when delineat-
ing clouds by lidar/radar instrument(s).

Robinson [2007]. The single-scattering properties of water
clouds are parameterized based on Mie calculations using
the liquid water content and mean effective radius [Slingo,
1989]. For rain, single-scattering properties are based on
Mie calculations and the assumed size distribution of
Manton and Cotton [1977].

[23] The surface albedo is set to 0.05 (typical for an ocean
surface) and trace gas concentrations (CO2, N2O, CH4, and
CFCs) are taken from annual global-mean National Oceanic
and Atmospheric Administration (NOAA) Earth System
Research Laboratory (ESRL) observations. Both ARM and
A-train cloud phase algorithms classify mixed phase clouds;
however, in this study, only the radiative transfer due to the
liquid portion of these clouds is considered as we expect
the liquid to dominate the radiative flux in that cloud layer.
In this study, we calculate instantaneous radiative fluxes by
determining the solar zenith angle for each profile’s time
and location.

3. Comparison of ARM and A-Train Cloud and
Radiative Heating Profiles

[24] In this section, we present the comparison of ARM
and A-train derived heating rates and cloud radiative forcing
profiles. Also examined are cloud fraction profiles and prob-
ability distributions of the retrieved microphysical cloud
properties. Throughout this paper, the following terminology
is used to delineate cloud layers by the instrument they are
detected by (see Figure 1 for an example):

[25] 1. “radar only”: Clouds detected only by radar, not
lidar (red in Figure 1).

[26] 2. “lidar only”: Clouds detected only by lidar, not
radar (green in Figure 1).

[27] 3. “both radar and lidar”: Clouds detected by both
radar and lidar (teal in Figure 1).
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Figure 2. Vertical profiles of the mean ARM (black line) and A-train (red line) (a) net, (b) shortwave,
and (c) longwave clear-sky heating rate.

[28] 4. “radar”: Clouds detected by “radar only” or “both
radar and lidar” (red and teal in Figure 1).

[29] 5. “lidar”: Clouds detected by “lidar only” or “both
radar and lidar” (green and teal in Figure 1).

[30] 6. “combined radar and lidar”: All clouds that are
detected by either radar only, lidar only, or both radar and
lidar. We also use “radar + lidar” to represent this category.
When no specification is made, the quantity being analyzed
falls into this category (red, green, and teal in Figure 1).

3.1. Radiative Heating Profiles
[31] The mean ARM and A-train clear-sky radiative heat-

ing rate profiles are shown in Figure 2. In these mean
profiles, the maximum (mean) differences are 0.25 (0.06),
0.10 (0.03), and 0.27 (0.07) K/d for the net, shortwave,
and longwave, respectively. For comparison, the maximum
difference in the mean net radiative heating rate profiles
for total-sky conditions is 1.47 K/d (not shown). While
the differences in mean clear-sky heating rate profiles in

Figure 2 are statistically insignificant, attributing the heat-
ing rate differences to the differences in inputs (i.e., ARM
observation-based versus A-train reanalysis-based pressure,
temperature, water vapor, and ozone) is a worthwhile task
but will not be addressed further here. Given the large differ-
ences in the total-sky radiative heating rate, we instead focus
our efforts on resolving the impact of cloud inputs on the
mean radiative heating rate profiles. Instead of comparing
the total-sky heating rate, the impact of clouds is isolated by
comparing the mean cloud radiative forcing profile defined
as follows:

CF(z, i) = QR,total-sky(z, i) – QR,clear-sky(z, i), (1)

where QR,total-sky is the total-sky radiative heating rate and
QR,clear-sky is the radiative heating rate for clear-sky condi-
tions for profile i and layer z.

[32] Mean cloud radiative forcing profiles are given in
Figure 3 (solid lines). Large differences exist, particularly in
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Figure 3. Vertical profiles of the mean ARM (black) and A-train (red) (a) net, (b) shortwave, and
(c) longwave cloud radiative forcing calculated using clouds detected by radar (dashed line) and clouds
detected by the combination of radar and lidar (solid line).
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Figure 4. Vertical cloud fraction profiles of (a) combined
radar and lidar observations (solid line) and (b) radar (dashed
line) and lidar (dotted line) observations for the ARM
(black) and A-train (red) data sets.

the longwave, with the A-train cloud radiative forcing sig-
nificantly larger from around 12 to 17 km. Over this range
of altitudes, the difference in cloud radiative forcing reaches
a maximum of 1.43, 0.28, and 1.27 K/d in the net, short-
wave, and longwave, respectively. Below about 8 km, ARM
cloud radiative forcing shows that clouds at some altitudes
cause a mean longwave cooling, while in the A-train data,
the longwave cloud radiative forcing is consistently positive.
These differences at lower altitudes are smaller, reaching a
maximum of 0.51, 0.17, and 0.54 K/d in the net, shortwave,
and longwave, respectively. The results in Figure 3 suggest
that very large differences exist in either the retrieved micro-
physical cloud properties and/or the vertical profile of cloud
fraction, particularly for ice clouds.

3.2. Cloud Fraction
[33] Vertical profiles of combined radar and lidar cloud

fraction are shown in Figure 4 (solid lines) along with the

radar (dashed lines) and lidar (dotted lines) cloud fraction.
In Figure 4a, the comparison between ARM and A-train
cloud fraction demonstrates close agreement below about
12 km and very poor agreement above. Above 12 km, the
A-train cloud fraction is much larger than ARM, reaching
a maximum difference of 0.25 at �16 km. After examining
Figure 4b, it is evident that the large differences at higher
altitudes is due mainly to the difference between the MPL
and CALIPSO cloud fraction profiles. It is worth noting that
the altitude range where the lidar cloud fraction differs the
most in Figure 4b is similar to the altitudes in Figure 3 where
the cloud forcing shows large disagreement. This suggests
that at least part of the difference in cloud radiative forc-
ing may be due to differences in the lidar cloud fraction.
Agreement between MMCR and CloudSat cloud fraction
is reasonably good (no differences are statistically signif-
icant), although the MMCR has a larger cloud fraction at
higher altitudes (above about 11 km). This may be due to
the MMCR’s higher sensitivity (–35 to –48 dBZ at 11 km;
Clothiaux et al. [1999]) compared to CloudSat (–30 dBZ;
Tanelli et al. [2008]), allowing the MMCR to detect more
thin cirrus clouds.

3.3. Impact of Lidar Observations
[34] Figure 3 shows the cloud radiative forcing for com-

bined radar and lidar (solid lines) and radar (dashed lines)
observations. The comparison of ARM and A-train radar
cloud forcing in Figure 3 (dashed lines) exhibits better agree-
ment than the combined radar and lidar cloud radiative
forcing (solid lines). The large differences from 12 to 17 km
are reduced by using radar clouds to 0.39, 0.29, and 0.33 K/d
for the net, shortwave, and longwave cloud radiative forcing,
respectively. Cloud forcing calculated using clouds detected
by radar also slightly improves the agreement at lower
altitudes.

[35] The cloud radiative forcing for the combined radar
and lidar observations (solid lines in Figure 3) show that
for the ARM observations, additional clouds detected by the
MPL have almost no impact on the shortwave cloud forc-
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Figure 5. Height-dependent probability density functions (HPDFs) of cloud visible extinction
(colors) derived from (a) ARM and (b) A-train observations. Also given are the mean in-cloud profiles of
cloud visible extinction derived from ARM (brown line) and A-train (red line) observations. For HPDFs,
altitude is divided into 1 km bins and extinction into 50 logarithmically spaced bins from 10–4 to 103 km–1.
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ing but add some longwave heating at upper altitudes (above
about 12 km). However, in the A-train data set, additional
clouds detected by CALIPSO have a much larger impact on
the cloud radiative forcing in both the shortwave and the
longwave. This leads to different conclusions on the addition
of lidar to radar observations. For ARM observations, the
MMCR observations alone result in a similar cloud radia-
tive forcing profile to the combination of the MMCR and
MPL. But for A-train observations, the CloudSat observa-
tions alone do not produce an accurate representation of the
cloud radiative forcing due to the large number of clouds
detected by CALIPSO only. For the ARM observations, the
smaller effect of MPL-only clouds is likely due to a smaller
cloud fraction than CALIPSO (Figure 4) and also partially
due to the higher sensitivity of ground-based radar to high
clouds (Figure 4b). This large discrepancy in the impact the
lidars have in these ARM and A-train observations illustrates
the importance of quality lidar observations in regions with
frequent high clouds. Quantifying the impact cloud fraction
has on cloud radiative forcing profiles is explored in detail
in section 4.

3.4. Retrieved Cloud Extinction
[36] The cloud visible extinction coefficient retrieved

from the ARM and A-train data are shown in Figure 5
including the mean in-cloud vertical profiles of ARM
(brown line) and A-train (red line) extinction. Also given in
Figure 5 is the height-dependent probability density func-
tions (HPDF, colors; Protat et al. [2010]). HPDFs are
two-dimensional PDFs where the normalization is made sep-
arately by the total number of points in each altitude bin.
The statistics of the retrieved extinction show large dif-
ferences between the ARM and A-train observations with
ARM extinction larger at lower altitudes (below about 5 km)
and at higher altitudes (above about 12 km).

[37] The difference at lower altitudes corresponds to alti-
tudes where clouds are typically liquid water. Both sets of
observations show a bimodal HPDF for liquid clouds where
the contribution to the lower mode is mainly due to driz-
zle/rain layers and the mode at higher values of extinction is
mainly due to clouds. This cloud mode of extinction is less
pronounced in the A-train observations, causing the mean
A-train extinction profile to be less than the ARM profile
below about 5 km. Relative to ice cloud retrievals, both data
sets use simpler and less accurate retrievals of liquid cloud
properties possibly causing this discrepancy in the retrieved
liquid cloud extinction. Another possibility could be due to
a bug in the CloudSat CWC-RVOD product used in this
study, which causes an underestimate in the retrieved LWC
and effective radius when the radar reflectivity is high (N.
Wood, personal communication, 2012). Regardless of the
reason for the differences in retrieved liquid cloud extinction
in Figure 5, the cloud radiative forcing at lower altitudes in
Figure 3 does not show particularly large differences rela-
tive to higher altitudes. In Figure 3, only a few layers below
5 km exhibit statistically significant differences.

[38] Mean ARM extinction at higher altitudes (Figure 5)
is also larger than A-train with the ARM HPDF skewed
towards larger values of extinction. The extinction differ-
ences occur above about 10 km, similar to where the A-train
cloud fraction begins to become larger than ARM (Figure 4)
and where the cloud radiative forcing shows its largest

disagreement (Figure 3). The comparison of extinction in
Figure 5 is influenced by the cloud that can be detected.
For example, at high altitudes, where much more thin cirrus
clouds are detected by CALIPSO than the MPL, the A-train
statistics of extinction will have more influence from thin
cirrus clouds than ARM statistics. Therefore, differences
in the extinction shown in Figure 5 are a combination of
both the differences in the retrieval methods and the vertical
occurrence of clouds that can be detected.

[39] A more direct comparison can be made by separat-
ing the comparison of cloud properties derived from radar,
lidar, and both radar and lidar. In this manner, the com-
parisons become roughly separated by cloud type. Such a
comparison of ice cloud microphysical properties is given
in Appendix A, where it is shown that ice cloud proper-
ties agree better than is implied by Figure 5. But notable
disagreement still exists in the retrieved cloud property
statistics.

4. Attribution of Cloud Radiative
Forcing Differences

[40] In the previous section, we outlined the differences
between ARM and A-train profiles of cloud fraction and
retrieved cloud properties, which cumulate in some man-
ner to produce large differences in cloud radiative forcing
profiles, particularly from 12 to 17 km. In this section, we
quantify the impact of retrieved cloud properties and cloud
fraction on the difference in cloud radiative forcing. We
also examine the possible reasons for the large discrepancies
between the MPL and CALIPSO: whether sensitivity, atten-
uation, or the amount of averaging performed is responsible.

4.1. Lidar Signal Averaging
[41] Lidar observations are typically averaged to improve

the signal-to-noise ratio and thereby improve the detection
of cloud boundaries and the retrieval of extinction profiles.
As more averaging is applied to a lidar signal, cloud frac-
tion can artificially increase as clouds become smeared in
the horizontal. Therefore, two different lidar data sets may
have cloud fraction differences due to the amount of aver-
aging applied. In this study, the ARM MPL backscatter is
averaged to 2 min, and the CALIPSO backscatter is averaged
to within each CloudSat footprint of 1.1 km (typically three
CALIPSO beams). Note that CALIPSO’s averaging differs
from the official level 2 cloud products which use multi-
ple amounts of horizontal averaging from 333 m to 80 km
[Vaughan et al., 2009]. Thorsen et al. [2011], comparing the
official CALIPSO L2 cloud layer product and ARM TWP
MPL observations, showed CALIPSO’s larger cloud frac-
tion to be partially explained by CALIPSO’s larger amount
of horizontal averaging. We perform an analysis similar to
Thorsen et al. [2011] to determine if 2 min of temporal aver-
aging applied to the MPL data is approximately equivalent
to a 1.1 km spatial average applied to the CALIPSO data.

[42] To convert the time average of the MPL data into a
spatial one, we use the wind speed to determine the amount
of atmosphere advected above the MPL in a 2 min period.
The mean MPL horizontal sampling is as follows:

Nx(z) = Nu(z)�t, (2)
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Figure 6. MPL (black line) and CALIPSO (red line) hori-
zontal sampling imposed by the amount of averaging of the
lidar signal.

where Nu is the mean wind speed profile taken from
radiosonde observations during our sampling period and
�t is the time average of the MPL, 2 min. The MPL
horizontal sampling profile is shown in Figure 6. While
exact agreement with the amount of CALIPSO horizontal
sampling varies with height, the MPL horizontal sampling
remains similar to CALIPSO. Therefore, we do not expect
the amount of lidar averaging to explain any significant
portion of the difference in cloud fraction (Figure 4).

4.2. Cloud Fraction Profiles
[43] The A-train cloud fraction above 12 km is signifi-

cantly larger due to the larger amount of clouds detected
by CALIPSO relative to the MPL (Figure 4). To assess the

impact this discrepancy has, we remove the impact of the
frequency of occurrence of clouds on the comparison of
cloud radiative forcing by forcing the combined radar and
lidar cloud fraction profiles to match each other. This is
accomplished through a Monte Carlo method which creates
two new data sets with clouds removed at altitudes where
the cloud fraction is larger than that of the other data set.
Clouds are removed until the data set with the larger cloud
fraction matches the data set with the smaller cloud frac-
tion at each altitude. Physically, this removal of clouds can
be considered as an A-train set of observations degraded to
the sensitivity of the combination of the MPL and MMCR.
The removal of clouds is determined randomly with the
probability following

PARM(z) =
cfARM(z) – cfAtrain(z)

cfARM(z)
, (3)

and
PAtrain(z) =

cfAtrain(z) – cfARM(z)
cfAtrain(z)

, (4)

where cfARM(z) and cfAtrain(z) are the mean ARM and A-train
cloud fraction profiles. Separate probability profiles are cal-
culated for day and night. Cloud layers are only removed, not
added; therefore, negative probabilities are not considered:

P0D(z) =
�

PD(z), if PD(z) > 0
0, if PD(z) � 0, (5)

where D represents either the ARM or A-train data set. For
each ARM and A-train profile, i, we chose a uniformly dis-
tributed random number (r) between 0 and 1. Cloud layers
are removed to create a new set of cloud profiles:

YD(z, i) =
�

XD(z, i), if P0D(z) � r(i)
0, if P0D(z) > r(i), (6)

where XD is the original set of cloud property profiles and
0 represents the removal of cloud properties from a layer

(a) (b) (c)

Figure 7. Vertical profiles of the mean (a) net, (b) shortwave, and (c) longwave cloud radiative forcing.
Shown is the ARM (purple line) and A-train (orange line) observations which are forced to have the same
mean combined radar and lidar cloud fraction profiles. The shading indicates the maximum and minimum
cloud forcing from all iterations. The mean cloud radiative forcing profiles derived from the unmodified
ARM (black line) and A-train (red line) observations are also given.
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(a) (b) (c)

Figure 8. Vertical cloud fraction profiles of (a) clouds detected by radar only, (b) clouds detected by
lidar only, and (c) cloud detected by both radar and lidar. Shown is the ARM (purple line) and A-train
(orange line) observations which are forced to have the same mean combined radar and lidar cloud frac-
tion profiles. The shading indicates the maximum and minimum cloud fraction from all iterations. The
cloud fraction profiles derived from the unmodified ARM (black line) and A-train (red line) observations
are also given.

(i.e., the layer is considered as clear sky). This process leads
to two entirely new cloud properties data sets (YARM and
YAtrain) which have the same mean cloud fraction profiles.
We repeat this process 500 times to create 500 new sets of
profiles for both ARM and A-train observations. The value
of interest is calculated by taking the mean over all itera-
tions. The maximum and minimum cloud radiative forcings
at each altitude over all iterations are used to estimate the
range of possible solutions. The distribution of A-train, as
well as ARM, retrieved cloud properties (Figures A1, A2,
and A3 in Appendix A) does not change significantly after
cloud layers are removed (not shown).

[44] The mean cloud radiative forcing profiles for the
ARM and A-train data sets with the same combined radar
and lidar cloud fraction profiles are shown in Figure 7. Also
plotted in Figure 7 is the mean cloud radiative forcing pro-
files from the unmodified ARM and A-train observations
(duplicated from Figure 3). The shading on the YD profiles
(purple/orange in Figure 7) represents the maximum and
minimum mean cloud forcing from the 500 data sets cre-
ated using the cloud layer removal process. The difference
between cloud forcing calculated using YARM (purple) and
XARM (black) is small since only a relatively small number of
cloud layers are removed from the original observations. At
higher altitudes, changes to the A-train mean cloud forcing
profile are more drastic with a large number of cloud layers
being removed. This significantly reduces the cloud forc-
ing at these altitudes. Relative to the unmodified data sets,
matching the combined radar and lidar cloud fraction vastly
improves the agreement for the net and longwave cloud forc-
ing reducing the maximum differences above 12 km to 0.28
(net) and 0.40 (longwave) K/d. Therefore, we conclude that
much of the difference in cloud radiative forcing profiles
at higher altitudes is due to the difference in cloud frac-
tion between the ARM and A-train observations. For the
shortwave cloud forcing, differences increase at some alti-
tudes with a maximum difference of 0.41 K/d above 12 km.

The longwave cloud forcing profiles still show nontrivial
differences especially from 14 to 16 km with differences
of about 0.3 K/d. Since we have eliminated cloud fraction
differences, these remaining cloud forcing differences are
somehow related to the difference in the retrieved cloud
properties and/or differences in cloud sampling. Further
resolution of the cloud forcing differences is explored in
section 4.3. We also note that at lower altitudes agreement
is only slightly improved, which is expected considering
profiles are hardly modified at those altitudes.

[45] In Appendix B, these modified data sets are used to
partition missing clouds due to MPL attenuation and the
MPL’s relative lack of sensitivity. The largest amount of
missing clouds is due to complete attenuation of the MPL
signal by lower clouds, which occurs about twice as often
compared to CALIPSO. In addition, a nontrivial amount of
ice clouds are not detected by the MPL even for profiles
determined to be transparent to the MPL beam. This includes
profiles identified as clear sky, i.e., the MPL observations
have a significant number of clear-sky profiles which likely
have cirrus clouds present.

4.3. Retrieved Cloud Properties
[46] After we force the mean combined radar and lidar

cloud fraction profiles to be identical, the remaining cloud
radiative forcing differences between the modified data sets
in Figure 7 are related to the differences in retrieved cloud
properties and a sampling difference which is illustrated in
Figure 8. Figure 8 shows cloud fraction profiles for cloud
layers detected by radar only, lidar only, and both radar and
lidar in the unmodified data sets (black and red lines in
Figure 8) and the data sets with the combined radar and lidar
cloud fraction forced to match (purple and orange lines in
Figure 8). We partition the cloud fraction this way because
the type of clouds being sampled varies depending on the
instrument(s) the cloud is detected by. For example, the
clouds detected by lidar only are optically thin. In addi-
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(a) (b) (c)

Figure 9. Vertical profiles of the mean (a) net, (b) shortwave, and (c) longwave cloud radiative forcing.
Shown is the ARM (purple line) and A-train (orange line) observations which are forced to have the
same mean radar-only/lidar-only/both radar and lidar cloud fraction profiles. The shading indicates the
maximum and minimum cloud forcing from all iterations. The mean cloud radiative forcing profiles
derived from the unmodified ARM (black line) and A-train (red line) observations are also given.

tion, the retrieval method and accuracy varies depending
on which instrument(s) detected the cloud layer. Therefore,
despite forcing the combined radar and lidar cloud fraction
profiles to be the same, the remaining differences in Figure 7
are still partially due to different occurrences of radar-only,
lidar-only, and both radar and lidar cloud layers (Figure 8,
orange and purple lines) and partially due to differences in
the retrieved cloud properties.

[47] Figure 8 shows that for high clouds, above about
12 km, the ARM observations (black line) contain more
radar-only clouds relative to A-train (red line), while A-train
contains more lidar-only and both radar and lidar clouds.
This is also the case when comparing the ARM (purple line)
and A-train (orange line) observations with the same mean
combined radar and lidar cloud fraction, although the lidar-
only A-train cloud amount is reduced greatly. The ARM
observations do show more cloud layers detected by both
radar and lidar below 8 km, but there are relatively few ice
clouds at those altitudes. Note that while there are a portion
of liquid clouds detected by both radar and lidar, they are not
shown in Figure 8c since these cloud properties are retrieved
using radar-only measurements.

[48] The ARM data’s heavier reliance on the MMCR for
ice cloud detection is partially due to the poorer performance
of the MPL. However, even if both sets of instruments per-
formed exactly the same, a spaceborne viewpoint will allow
for more cloud layers to utilize the more accurate retrievals
which use both radar and lidar due to attenuation consid-
erations alone. This is because relative to a ground-based
viewpoint, where attenuation can completely mask high
clouds (Appendix B), CALIPSO, when attenuated, is able to
observe at least a portion of the ice clouds in the profile.
This allows for more lidar-only retrievals and both radar and
lidar retrievals for ice clouds (Figures 8b and 8c). There-
fore, all else being equal, a spaceborne combined radar
and lidar ice cloud retrieval may be more accurate than a
ground-based one solely due to lidar attenuation.

[49] We now determine how much of the remaining dis-
crepancies in A-train and ARM cloud radiative forcing

profiles (Figure 7, orange and purple lines) is due to the
retrieved cloud microphysical properties. Ideally, a com-
parison of cloud retrievals should be performed using the
same cloud mask (radar only, lidar only, both radar and
lidar) and cloud phase identification. This allows the dif-
ference between data sets to be interpreted as solely due
to retrieval methods and assumptions. As a proxy for this,
we apply the method outlined in section 4.2 to match the
radar-only, lidar-only, and both radar and lidar cloud fraction
profiles (Figure 8, red and black lines). The result of this is
two idealized data sets which, in the mean, have the same
occurrence of radar-only, lidar-only, and both radar and lidar
cloud layers.

[50] Figure 9 shows the cloud radiative forcing profiles
for the ARM and A-train observations which have been
forced to have the same mean cloud fraction profiles of
radar-only, lidar-only, and both radar and lidar cloud layers.
Comparing these results to those when only the combined
radar and lidar cloud fraction is forced to be the same
(Figure 7), we see that the agreement in the net cloud forc-
ing is similar at most altitudes and the maximum difference
above 12 km is reduced to 0.13 K/d. Both the shortwave
and longwave cloud forcing agreement show improve-
ment when each data set has the same radar-only/lidar-
only/both radar and lidar cloud fraction with maximum
differences above 12 km reducing to 0.20 and 0.17 K/d,
respectively.

[51] After cloud layers are removed to either match the
combined radar and lidar cloud fraction profiles or to match
the radar-only/lidar-only/both radar and lidar cloud frac-
tion, we find better agreement in the cloud radiative forcing.
However, some of the reduction of differences relative to
the unmodified data sets may be due to the reduction in
the number of clouds. To examine this, we scale the dif-
ferences in cloud radiative forcing in these modified data
sets by the ratio of the unmodified A-train cloud fraction
to the modified combined radar and lidar cloud fraction
profile. After doing so, the maximum difference in the
cloud radiative forcing profiles due to the combination of
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sampling and retrieval discrepancies (Figure 7) remains sim-
ilar with 0.32, 0.42, and 0.43 K/d differences in the net,
shortwave, and longwave, respectively. After scaling to the
A-train cloud fraction profile, the maximum difference due
to retrieval differences alone (Figure 9) increases to 0.43,
0.61, and 0.56 K/d in the net, shortwave, and longwave,
respectively. These larger differences indicate that there is
some cancelation of errors between the retrieval and sam-
pling differences. To isolate the differences due to sampling
alone, we take the difference between the scaled error profile
due to the combination of sampling and retrieval discrep-
ancies and the scaled error profile due to the retrieval
discrepancies alone. This shows that the maximum differ-
ences due to sampling alone are 0.23, 0.35, and 0.31 K/d
in the net, shortwave, and longwave, respectively, compa-
rable to those due to retrieval differences alone. Note that
even after scaling, the sampling and retrieval differences
remain smaller than the impact the cloud fraction differ-
ences has on the comparison of ARM and A-train cloud
radiative forcing.

[52] Forcing the radar-only/lidar-only/both radar and lidar
cloud fraction to be the same is not meant to be a thor-
ough comparison of the CombRet and DARDAR ice cloud
retrievals. In these modified data sets, some altitudes show
significant changes to the distribution of the retrieved cloud
properties, an indication that this idealized comparison
excludes certain cloudy situations. A more direct compari-
son of DARDAR and CombRet retrieval methods requires
the application of both retrieval algorithms to the same
set of instruments (i.e., identical inputs) as was performed
by Comstock et al. [2013] using ARM data at Darwin.
Comparisons in the Comstock et al. [2013] study of cloud
radiative forcing profiles showed Varcloud (the variational
algorithm that produces the DARDAR product) to have
more heating in both the shortwave and longwave than Com-
bRet. However, in the context of this study, such retrieval
errors are small in comparison to the impact of cloud
fraction differences.

5. Summary and Conclusions
[53] Spatially and temporally collocated ARM and A-

train observations of clouds and atmospheric state are used
to compute radiative heating and cloud radiative forcing pro-
files from July 2006 through December 2010 at the Darwin
ARM site. Both ARM and A-train data sets use combined
radar/lidar ice cloud retrievals and radar-only or lidar-only
retrievals for liquid clouds.

[54] Very large, statistically significant differences (up
to 1.43 K/d) exist between the mean ARM and A-train
net cloud radiative forcing profiles. The largest differences
occur over an altitude of about 12 to 17 km where the
A-train data showed a larger cloud forcing. At the same
altitudes, A-train observations had a larger cloud fraction,
reaching a maximum difference of 0.25 at �16 km. Cloud
fraction profiles show good agreement below 12 km. Exam-
ining the cloud fraction profiles separated by instrument
showed that the large difference at higher altitudes was
due to a discrepancy in the lidar cloud fractions—above
12 km the CALIPSO cloud fraction is significantly larger
than the MPL. For ARM observations, the MMCR observa-
tions alone result in a similar cloud radiative forcing profile

to the combination of the MMCR and MPL. But for A-train
observations, the CloudSat observations alone do not pro-
duce an accurate representation of the cloud radiative forcing
due to the large number of clouds detected by CALIPSO
only. When only using clouds detectable by radar, profiles of
cloud radiative forcing showed better, although not perfect,
agreement, with the difference in cloud radiative forcing
from 12 to 17 km reduced to 0.39 K/d.

[55] To remove the influence of cloud fraction differ-
ences on the cloud radiative forcing comparison, we used a
Monte Carlo method to create new ARM and A-train data
sets which have the same mean combined radar and lidar
cloud fraction profiles. The agreement between cloud radia-
tive forcing profiles using these modified data sets showed
a vast improvement—the A-train cloud forcing was signifi-
cantly reduced from 12 to 17 km. The maximum difference
in net cloud forcing reduced from 1.43 to 0.28 K/d at these
altitudes. Therefore, the majority of the difference in cloud
radiative forcing profiles is due to the difference in ARM and
A-train cloud fraction.

[56] After matching the mean combined radar and lidar
cloud fraction profiles, the occurrence of cloud layers
detected by radar only, lidar only, and both radar and lidar
still do not agree. This means that the ARM and A-train data
sets contain a different sampling of cloud types. In order to
remove the effect of the different sampling of cloud types,
we create idealized data sets which have matching mean
lidar-only, radar-only, and both radar and lidar cloud frac-
tion profiles. In these idealized data sets, the differences
in cloud radiative forcing profiles are due to differences in
the retrieved microphysical properties alone. After account-
ing for the reduced cloud occurrence in the modified data
sets, we show that the impact of the different cloud micro-
physical retrievals and the effect of sampling cause com-
parable differences in the cloud radiative forcing. However,
even after scaling, the sampling and retrieval differences
remain smaller than the impact the cloud fraction differ-
ences have on the comparison of ARM and A-train cloud
radiative forcing.

[57] The performance of the ARM data for calculat-
ing radiative heating and cloud forcing will be improved
using newly deployed instruments at the Darwin site. These
include a Ka ARM Zenith Radar (KAZR), replacing the
MMCR, and a Raman lidar. The KAZR is more sensitive to
high thin cirrus compared to the MMCR. The Raman lidar
operates its elastic channel in the ultraviolet (355 nm) which
reduces the impact of daytime noise relative to the MPL.
In addition, the Raman lidar transmits a higher power laser
beam than the MPL, which may help improve sensitivity and
reduce the number of profiles where the signal is completely
attenuated. The combination of the KAZR and the Raman
lidar at Darwin will be better suited for the calculation of
radiative heating and cloud forcing.

Appendix A: Retrieved Ice Cloud Properties
[58] Figures A1, A2, and A3 show HPDFs and mean in-

cloud profiles of ice visible extinction, ice water content,
and ice effective radius, respectively. The cloud properties in
each of these figures are shown separately for cloud layers
detected by radar, lidar, and both radar and lidar. Compared
in this manner, the comparisons become roughly separated
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Figure A1. Height-dependent probability density functions (HPDFs) of ice cloud visible extinction (col-
ors) derived from (a, c, e) ARM and (b, d, f) A-train observations. Also given are the mean in-cloud
profiles of ice cloud visible extinction derived from ARM (brown line) and A-train (red line) observations.
The HPDFs and mean profiles are shown separately for the cloud layers detected by radar (Figures A1a
and A1b), lidar (Figures A1c and A1d), and both radar and lidar (Figures A1e and A1f). For HPDFs,
altitude is divided into 1 km bins and extinction into 50 logarithmically spaced bins from 10–4 to 103 km–1.

by cloud type. This is done to avoid differences due to dif-
ferences in the vertical occurrence of clouds that can be
detected (see section 3.4).

[59] The definition of the ice effective radius used in
DARDAR is that of Foot [1988]:

re =
3

4�i

IWC
Ac

, (A1)

where �i is the density of solid ice and Ac is total cross-
sectional area of the ice particles per unit volume. In
contrast, the ARM CombRet retrieves generalized effective
diameter which is related to the Foot [1988] effective radius
by [Fu, 1996, equation 3.12]

re =
3(3)1/2

8
Dge. (A2)

The above relationship converts the CombRet Dge to re to
compare retrieved ice particle sizes in this section.

[60] Comparing the extinction in Figure 5 to Figure A1,
we see that the agreement improves above 12 km. When
separating cloud properties by instrument, the statistics of
ice water content is also improved (statistics of combined
radar and lidar ice water content not shown). For effective
radius comparisons, the improvement is minimal (statistics
of combined radar and lidar ice effective radius not shown).
Separated in this manner, the cloud properties from when
both radar and lidar detect the cloud layer would be the most
accurate portion of their respective retrievals. The cloud
properties for cloud layers detected by radar or lidar will
be less accurate, being some combination of both radar and
lidar retrievals and radar-only or lidar-only retrievals.

[61] While agreement in ice water content and extinc-
tion improves when we examine the distribution of cloud
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Figure A2. Same as Figure A1, but for ice water content in 50 logarithmically spaced bins from 10–5 to
101 g m–3.

properties separated by instrument, differences still exist.
The most obvious differences occur when comparing
clouds detected by both radar and lidar above �14 km
(Figures A1e, A1f, A2e, A2f, A3e, and A3f). The ARM
observations show no clouds above 16 km and very poor
sampling above 15 km. The A-train distributions have
clouds above these altitudes which have relatively large
extinction, ice water content, and effective radius suggest-
ing that these are thick clouds. This discrepancy is due to
the difference in platform—A-train’s spaceborne viewpoint
allows thick cloud layers to be detected by both radar and
lidar near the cloud top before CALIPSO becomes attenu-
ated. The same thick clouds viewed from a ground-based
perspective would completely attenuate the MPL before it
could be used to detect/retrieve cloud properties near the
cloud top.

[62] Another notable area where clouds are present in one
set of observations but not the other occurs near the melting
level (about 5–6 km). Here the ARM distributions of cloud
properties show optically thin clouds with small ice water

contents, while the A-train observations have no clouds in
these smaller bins.

[63] ARM lidar clouds at higher altitudes are optically
thinner (Figure A1c) and have smaller ice water contents
(Figure A2c) than A-train lidar clouds (Figures A1d
and A2d). The ARM HPDF and mean profiles tend to be
noisy above about 16.5 km due to the MPL’s poor sampling.
Both ARM and A-train HPDFs and mean profiles of lidar
cloud effective radius agree well at all altitudes (Figures A3c
and A3d).

[64] ARM and A-train radar clouds have similar ice water
content distributions above about 10 km (Figures A2a and
A2b), while at the same altitudes, A-train clouds are opti-
cally thinner (Figures A1a and A1b). Therefore, we expect
the A-train effective radius above 10 km to be larger for
radar clouds. This is shown to be the case in Figures A3a
and A3b where A-train radar cloud effective radius is biased
to larger sizes at all altitudes. The A-train radar cloud
effective radius also has a wider HPDF, particularly at
higher altitudes.
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Figure A3. Same as Figure A1, but for ice particle effective radius in 2.5 �m bins.

Appendix B: Impact of MPL Attenuation and
Sensitivity on Cloud Fraction

[65] When creating data sets with the same combined
radar and lidar cloud fraction profile (section 4.2), many
cloud layers are removed from the A-train observations since
the ARM cloud fraction is much smaller at higher alti-
tudes. Here we examine the A-train profiles where clouds
have been removed by the Monte Carlo method described
in section 4.2 to determine the scenarios in which ARM
observations have a relative lack of clouds. We interpret dif-
ferences in the overall cloud fraction as differences in the
frequency of cloud detected by the lidars since this accounts
for the majority of cloud fraction differences at higher alti-
tudes. To do so, we begin by defining a binary representation
of cloud occurrence:

CX,D(z, i) =

(
1, if XD(z, i) > 0
0, if XD(z, i) = 0,

(B1)

where D represents either the ARM or A-train data set and
XD is the original set of cloud property profiles (i) with zero
representing a clear layer and greater than zero indicating a
cloud layer. Likewise for the set of cloud properties which
have had cloud layers removed (YD):

CY,D(z, i) =

(
1, if YD(z, i) > 0
0, if YD(z, i) = 0.

(B2)

We then determine the similarity between each pair of ARM
profiles (j) and A-train profiles (k) which have had cloud
layers removed by calculating the phi coefficient

�( j, k) = corr[CY,ARM(z, j), CY,Atrain(z, k)], (B3)

where corr denotes the calculation of the phi coefficient
which is a special case of the Pearson correlation coefficient
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Figure B1. Vertical profiles of the difference in (a, c) daytime and (b, d) nighttime cloud fraction
between the unmodified A-train observations and the A-train observations where the mean combined
radar and lidar cloud fraction profiles have been forced to match (see text). Differences (Figures B1a and
B1b) are taken for three categories of ARM profiles: clear-sky profiles (teal line), profiles with clouds
transparent to the MPL (red line), and profiles with clouds which completely attenuate the MPL (blue
line). The total difference (black line) is also given. The differences in these three categories are also
shown as a percentage of the total cloud fraction difference (Figures B1c and B1d). The shading indicates
the maximum and minimum differences from all iterations.

for the association between two binary variables. The set of
A-train profiles (M) with clouds at similar altitudes to each
ARM profile (j) is defined by

M( j) = {k : �(j, k) > 0.57}. (B4)

We require the profiles to have a correlation coefficient
greater than 0.57. This cutoff ensures at least one matching
profile for more than 99% of the ARM profiles across all
500 iterations. The matching of profiles is performed sep-
arately for day and night profiles. The median number of
A-train cloudy profiles matching each ARM cloudy profile
using this method is 278 during the daytime and 264 dur-
ing the nighttime. The mean correlation coefficient in these
matching sets of cloud profiles is 0.69 for both the day
and night.

[66] We then estimate the difference in cloud fraction for a
given ARM profile relative to what A-train would observe as

�cf(z, j) =
P

n2M(j) CX,Atrain(z, n)
|M( j)|

–
P

n2M(j) CY,Atrain(z, n)
|M( j)|

, (B5)

where |M(j)| is the number of members in the set M(j). In
equation (B5), the first term on the right-hand side is the
mean cloud fraction profile for the original A-train data
(XAtrain) for the profiles in set M(j). The second term is the
mean cloud fraction profile for the A-train data where cloud
layers have been removed (YAtrain) for the profiles in the set
M(j). The evaluation of equation (B5) estimates the differ-
ence in cloud fraction for each ARM profile if that profile
was hypothetically viewed using the A-train.

[67] The original set of ARM data (XARM) is divided
into three categories based on the state of the MPL: (1)
clear-sky profiles, (2) profiles with clouds transparent to the
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MPL, and (3) profiles with clouds which severely attenu-
ate the MPL. As discussed in section 2.1.1, profiles where
the MMCR highest cloud top is more than 1 km above the
MPL highest cloud top are considered completely attenuated
and MPL data are not used in the retrieval. While we refer
to profiles matching this criteria as attenuated, it is likely
that there are some attenuated profiles not identified by this
method. For example, it is possible that the MPL could be
partially attenuated by lower clouds and then become com-
pletely attenuated in a thin high cloud that is undetectable by
the MMCR. In such a case, the MPL would be considered
transparent in the ARM data set.

[68] For each ARM profile in the three categories,
we calculate the mean difference in cloud fraction using
equation (B5) across all 500 sets of profiles created by the
method described in section 4.2. Figure B1 shows the mean
difference in cloud fraction for the three categories for the
daytime (Figure B1a) and nighttime (Figure B1b) along
with the difference expressed as a percent of the total cloud
fraction difference (cfARM – cfAtrain; Figures B1c and B1d).
Figure B1 only shows these differences above 10 km where
the A-train cloud fraction is much larger than ARM. This
comparison reveals that in addition to attenuation blocking
the MPL’s view of high clouds, the MPL is also much less
sensitive than CALIPSO. This is illustrated by the nontriv-
ial amount of cloud fraction differences due to the MPL
completely missing high clouds in otherwise clear profiles
(teal line in Figure B1). This lack of sensitivity also trans-
lates to missing clouds in profiles considered transparent to
the MPL (red line in Figure B1). Even without considering
the effect of attenuation, the MPL performance is inferior to
CALIPSO, which causes a significant difference in the cloud
fraction and cloud radiative forcing profiles above about
12 km.

[69] The MPL signal is completely attenuated for 69% of
cloudy daytime profiles and 41% of cloudy nighttime pro-
files. The fraction of cloudy profiles that completely attenu-
ate the CALIPSO signal is smaller—27% of daytime profiles
and 29% of nighttime profiles. It is shown in Figure B1 that
during the daytime the majority of the difference in cloud
fraction at all altitudes is due to complete attenuation of the
MPL signal. This is also the case during the nighttime below
16 km; above that, the MPL is missing clouds mainly due
to partial attenuation of the signal by lower clouds. While
differences in platform (i.e spaceborne versus ground-based
viewpoint) impacts the ability to observe high clouds when
the lidar signal is attenuated, the effect on the fraction of
attenuated cloudy profiles should be smaller. This is because
complete attenuation of the lidar signal is determined by the
integrated optical thickness of clouds in the column. The
MPL’s larger occurrence of attenuated profiles indicates that
it has more difficultly penetrating through all cloud layers
than CALIPSO. This further exacerbates the difficultly of
observing high clouds from a ground-based lidar. The impact
of MPL attenuation is more pronounced during the daytime
with the MPL more than twice as likely to be attenuated
relative to CALIPSO.
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