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ABSTRACT
A dataset is generated from a method to retrieve distributions of cloud liquid water path over partially
cloudy scenes. The method was introduced in a 2011 paper by Foster and coauthors that described the theory
and provided test cases. Here it has been applied to Moderate Resolution Imaging Spectroradiometer
(MODIS) collection-5 and collection-6 cloud products, resulting in a value-added dataset that contains adjusted distributions of cloud liquid water path for more than 10 years for marine liquid cloud for both Aqua
and Terra. This method adjusts horizontal distributions of cloud optical properties to be more consistent with
observed visible reflectance and is especially useful in areas where cloud optical retrievals fail or are considered to
be of low quality. Potential uses of this dataset include validation of climate and radiative transfer models and
facilitation of studies that intercompare satellite records. Results show that the fit method is able to reduce bias
between observed visible reflectance and that derived from optical retrievals by up to an average improvement of
3%. The level of improvement is dependent on several factors, including seasonality, viewing geometry, cloud
fraction, and cloud heterogeneity. Applications of this dataset are explored through a satellite intercomparison
with PATMOS-x and Global Change Observation Mission–First Water (GCOM-W1; ‘‘SHIZUKU’’) AMSR-2
and use of a Monte Carlo radiative transfer model. From the 3D Monte Carlo model simulations, albedo biases are
found when the method is applied, with seasonal averages that range over 0.02–0.06.

1. Introduction
Cloud feedbacks remain a major source of uncertainty
for climate sensitivity in general circulation models
(GCM). One of the leading sources of this uncertainty is
variability in solar radiation from changes in low-level
marine cloud processes, which include shallow cumulus
and stratocumulus-topped boundary layer clouds
(Webb et al. 2013). These clouds cover a vast amount of
Earth’s oceans, giving them an important role in regulating Earth’s energy budget, especially with respect to
incident solar radiation. Approximately 30% of incoming solar radiation is reflected back to space from
these clouds, which causes an overall net cooling effect
at the surface. With continual progress still being made,
studies have found that the variability of the solar
radiative field in GCMs can be attributed to poor
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simulation of clouds, including the neglect of subgridscale processes and cloud morphology (Cahalan et al.
1994b; Pincus and Klein 2000; Larson et al. 2001; Barker
et al. 2003, 2016; Bogenschutz and Krueger 2013;
Herwehe et al. 2014; Xiao et al. 2014).
To obtain computationally efficient global-model
runs, some GCMs simplify the radiative transfer to
one vertical dimension, giving clouds and their boundary conditions a one-dimensional (1D) plane-parallel
assumption. Often, cloud properties and atmospheric
conditions are based on mean values within the grid cell.
Given that the horizontal resolution of commonly used
GCMs ranges from 100 to 200 km, the variability of incloud properties must be parameterized to fit the much
larger grid cell (IPCC 2013). Studies using large-eddy
simulations (LES) of marine boundary layer clouds have
shown that cloud properties such as cloud liquid water
path are sensitive to changes at horizontal resolutions of
100 m (Siebesma et al. 2003; Stevens et al. 2005; Shonk
et al. 2012). The microphysical properties of clouds remain an important part of research since aspects of cloud
microphysical processes are still poorly understood. With
respect to using GCMs for climate projections, a
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misrepresentation of cloud microphysical properties can
lead to errors in atmospheric heating rates, cloud formation and dissipation, and precipitation rates.
The objective of quantifying the magnitude of the bias in
GCMs caused by the treatment of clouds as homogeneous
is the focus of many studies. These studies typically address either the effects of the in-cloud distributions of
properties or the external cloud morphology. The bias
caused from the neglect of in-cloud microphysical properties is referred to as the plane-parallel albedo bias. The
plane-parallel albedo bias is calculated as the difference
between the independent column approximation (ICA)
and the standard 1D plane-parallel calculations (Cahalan
et al. 1994b). The ICA calculation consists of dividing a
given grid cell into several vertical columns and calculating
the individual cloud properties for each smaller grid cell.
This approximation accounts for internal cloud heterogeneity. A variety of studies have been conducted to quantify
the effects of the plane-parallel albedo bias within
models (Cahalan et al. 1994a; Marshak et al. 1998; Barker
et al. 1999; Di Giuseppe and Tompkins 2003, 2005;
Oreopoulos et al. 2004; Räisänen et al. 2004; Barker and
Räisänen 2005). The results of the impacts of the planeparallel albedo bias vary from study to study given the use
of different types of cloud-generating models such as an
LES or a cloud-resolving model and different cloud types.
Studies have also been conducted examining this bias with
satellite data (Barker et al. 1996; Oreopoulos and Davies
1998; Pincus et al. 1999; Fu et al. 2000; Oreopoulos et al.
2007; Zhang et al. 2012). Most important is that certain
studies looked at the plane-parallel bias for marine stratocumulus clouds, which most closely resemble a planeparallel assumption (Cahalan et al. 1994a,b). The results
showed that even stratocumulus clouds are affected by this
bias. The ICA method is able to capture the bias caused by
the neglect of in-cloud properties, but it does not account
for horizontal photon transport between grid cells.
Throughout the range of these studies, satellite observations have been increasingly incorporated into radiative
transfer simulations since they more accurately portray
cloud scenes and provide global data from multiple instruments. Satellite observations are used to identify
cloud microphysical properties as well as to provide a
relationship between clouds and their radiative properties. Satellite instruments provide the only record of
long-term global cloud observations that can provide
validation for models. Satellite records experience their
own set of issues, however. Similar to GCMs, satellite
retrieval algorithms often use 1D radiative transfer for
solving the inverse problem of satellite remote sensing.
This approach causes errors in retrieving cloud optical
properties such as optical depth and particle size. Some
instruments, such as the Moderate Resolution Imaging
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Spectroradiometer (MODIS) instrument, rely on opticaldepth retrievals and particle size to calculate liquid water
path (Seethala and Horváth 2010). In addition, distributions of satellite-derived cloud properties can be skewed
depending on the quality-assurance procedures that are
implemented in the retrieval process. For example,
MODIS uses a cloud mask to determine which pixels are
considered to be cloudy (Ackerman et al. 1998, 2010).
From this, an algorithm called clear-sky restoral (CSR) is
used to perform a series of quality checks to determine
whether cloud-property retrieval will be made for a specific pixel (King et al. 2006). Although the CSR algorithm
provides a filter for pixels that would be poor candidates
for retrievals, it tends to preferentially remove those that
are optically thin and/or are located at the edges of clouds,
which affects the distributions of cloud properties. The
MODIS collection-5 cloud product denotes these pixels
as failed retrievals, whereas MODIS collection-6 contains a separate retrieved variable for pixels for which the
CSR indicates that they are classified as cloud-edge or
inhomogeneous/partially cloudy pixels (Cho et al. 2015).
An objective of this study is to address the issues described above by providing an improved record of
MODIS-observed cloud properties suitable for validation
of climate or radiative transfer models that minimizes
biases introduced by failed/missing retrievals and takes
into account the nonlinear nature of cloud optical properties. To do this, a method introduced in Foster et al.
(2011) is used that creates horizontal distributions of liquid
cloud properties over a given area while conserving the
total-scene observed visible reflectance. This method is
applied to the MODIS record for both Aqua and Terra
from 608N to 608S for marine liquid clouds for a 18 3 18
scale. In section 2, the data used in this study are described
as well as the method from Foster et al. (2011) that was
used to create the horizontal distributions of liquid cloud
properties. In section 3, the method is evaluated over the
MODIS record with respect to the adjustments in the
liquid cloud properties, recreation of the scene visible reflectance, variable dependencies, and validation including
microwave data. In section 4, the applications of the fit
method are explored through a satellite intercomparison
using PATMOS-x and a 3D radiative transfer model. In
section 5, conclusions and future work will be discussed.

2. Data and methods
a. Data
1) MODIS
The MODIS instrument is located on the polar-orbiting
satellites Aqua and Terra, containing 36 spectral bands
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that range over 0.4–14.4 mm with spatial resolutions
varying from 250 m to 1 km, depending on the selected band. MODIS has been aboard Terra since
1999 and aboard Aqua since 2002. Used in this study
is the MODIS Atmosphere Level 2 Joint Product
(MY/ODATML2), which contains cloud, cloud-mask,
atmospheric-profile, aerosol, and water vapor products.
Both collection 5 and collection 6 are examined here.
The relevant products come from the cloud and
cloud-mask products. The MODIS Cloud Mask Product
(MY/OD35) uses an algorithm that employs a series of
tests with visible and infrared thresholds (Ackerman et al.
1998, 2010). From this series, confidence levels are assigned to each pixel, with the broadest categories specifying confident clear, probably clear, probably cloudy,
and cloudy. The cloud mask is used to determine cloudy
pixels and cloud fraction over an area. The MODIS Cloud
Product (MY/OD06) combines both visible and infrared
radiances to solve for radiative and physical cloud properties. As used in this study, cloud optical thickness, liquid
water path, effective radius, and cloud particle phase are
derived from the visible, near-infrared, and shortwave
infrared bands. Cloud-top temperature and pressure are
retrieved from the infrared bands (King et al. 1997). A
detailed guide that explains the major updates between
collection 5 and collection 6 for MY/OD06 is given by
Platnick et al. (2015).
The clear-sky restoral algorithm identifies cloudy
pixels to retrieve optical and microphysical properties of
clouds. The MODIS cloud-mask product has certain
pixels that are classified as probably cloudy and probably clear. The clear-sky restoral algorithm identifies
whether those pixels would be poor retrieval candidates.
If the algorithm finds the pixel to be a poor candidate, no
retrieval of optical and microphysical properties is
made. This can happen for instances of dust or smoke,
snow or ice surfaces, and sun glint as well as for cloudedge pixels and pixels identified as highly inhomogeneous at the 250-m subpixel level (King et al. 2006). In
collection 5, cloud properties were not retrieved for
these pixels and were given missing values regardless of
successful retrieval in the cloud-property algorithm.
In collection 6, a separate dataset referred to as ‘‘partly
cloudy’’ (PCL) is created for successful retrievals of the
cloud-property algorithm for which the CSR algorithm
has marked the pixels as cloud edges or inhomogeneous
(Cho et al. 2015).
The MODIS Level 1B Subset Calibrated Geolocation
Dataset (MY/OD02SSH) is used in combination with
the joint-atmosphere product. This dataset is sampled
from the MODIS level-1B 1-km data. The data are
sampled at 0.18 and later separated into 18 3 18 areas to
create a level-2B product.

2) PATMOS-X
The PATMOS-x dataset contains atmospheric and
surface products from the AVHRR instrument, which
has been aboard NOAA meteorological satellites since
1979 (Heidinger et al. 2014). The instrument has six
spectral bands that range from solar to terrestrial infrared. The cloud mask is defined by employing a
Bayesian algorithm using collocated Cloud–Aerosol
Lidar and Infrared Pathfinder Satellite Observations
(CALIPSO) data. PATMOS-x is processed using global
area coverage (GAC) data with a resolution of approximately 1 km 3 4 km. A level-2B product is created
from sampling the GAC data using the closest pixel in
relation to a 0.18 3 0.18 grid. These data are hosted at the
NOAA National Centers for Environmental Information. PATMOS-x has the ability to process other satellite datasets, such as MODIS data.

3) AMSR-2
The Advanced Microwave Scanning Radiometer 2
(AMSR-2) is on board the Global Change Observation
Mission–First Water (GCOM-W1; ‘‘SHIZUKU’’) satellite, which replaced the Advanced Microwave Scanning
Radiometer for Earth Observing System (AMSR-E)
aboard Aqua in 2012. For this study, a year of gridded
daily GCOM-W1 level-3 data from the Japan Aerospace
Exploration Agency (JAXA) GCOM-W1 Data Providing Service (https://gcom-w1.jaxa.jp/) were used. The
level-3 product used is the cloud liquid water path
globally averaged on a 0.18 3 0.18 grid to match the
MODIS data.

b. Methods
1) HORIZONTAL DISTRIBUTIONS OF CLOUD
PROPERTIES CONSERVING SCENE VISIBLE
REFLECTANCE

This method uses MODIS satellite measurements to
calculate liquid cloud properties over partially cloudy
scenes while conserving the total-scene reflectance
(Foster et al. 2011). The ocean from 608N to 608S is
studied using MODIS data. Ice clouds are filtered out.
The ocean regions are chosen because the variability of
surface emissivity over ocean is less than that over land.
Many of the equations for the fit method rely on relationships with reflectivity values that are sensitive to
variations of the surface albedo. Horizontal distributions of liquid water path will be generated using the
successful retrievals from MODIS (mask method) and
derived distributions using a fit function between optical
depth and visible reflectance (fit method) over a 18 3 18
area.
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(i) Mask method
The mask method refers to using the successful cloudproperty retrievals made by the MODIS algorithms.
The mask method obtains its cloudy pixels from the
cloud mask. Pixels that have liquid water path retrievals
are used to create a distribution. Cloud fraction is calculated from the ratio of pixels with liquid water
path retrievals to the total number of pixels within the
18 3 18 area.

(ii) Fit method
The fit method refers to the method published in
Foster et al. (2011) that aims to include the neglected
optical retrievals from thin clouds and cloud-edge pixels.
The horizontal distributions are generated with respect
to liquid water path. This method can also be used to
create horizontal distributions of other cloud properties
such as cloud optical depth and cloud effective radius.
The focus of this study is liquid water path.
Different from the mask method, the fit method calculates liquid water path on the basis of a relationship
between cloud optical depth and visible reflectance
over a 18 3 18 area where pixels have been sampled at
0.18. From the valid retrievals of cloud optical depth in
the original dataset, the relationship between the visible
reflectance Rvis and retrieved optical depth t ret can be
seen as the following, where a, b, and c are coefficients
that account for directional dependence from solar
zenith angle, single-scattering albedo, and asymmetry
parameters as well as geometric series that account for
multiple-scattering effects between the cloud and surface (Koren et al. 2008; Foster et al. 2011):
2

Rvis 1

c(1 2 Rvis )
at ret
5
.
1 2 cRvis
1 1 bt ret

(1)

Next, the equation can be solved with respect to cloud
optical depth t ret. Values of cloud optical depth are then
calculated for the entire scene. A different equation
must be used to solve for liquid water path because
effective-radius values are not available for each calculated value of cloud optical depth. Using equations from
Bennartz (2007), liquid water path is calculated using
droplet number concentration, condensation rate, and
cloud optical depth. Condensation rate is calculated
from the following Eq. (2), where
desat (T) dT
dz
dT
is the derivative of the saturation vapor pressure with
respect to temperature and saturated adiabatic lapse
rate for an adiabatically ascending parcel. Here, RH2 O is
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the gas constant for water vapor. The condensation rate
is calculated at 80% of the adiabatic value assuming the
adiabatic ascent of an air parcel and the condensation of
water exceeding saturation:
cw 5 0:8

desat (T) dT
.
RH OT dT
dz
1

(2)

2

Equation (3) calculates droplet number concentration, where k is the ratio between the liquid-droplet
volume-mean radius and the effective radius to the third
power and Q is the extinction efficiency. The term CF
denotes cloud fraction. Droplet number concentrations
and condensation rate are averaged over the scene and
are considered to be constants when calculating the individual pixel liquid water path:
23 
 25/2 
22
225/2 3 W
3
3
Qp
t
cw1/2 .
N5
CF
5
4prL
k

(3)

The droplet number concentration is considered to
be constant relative to the size of the spatial domain.
Equation (3) can then be solved for liquid water path as
seen in Eq. (4). When using this equation to denote a
single value of liquid water path, CF is assumed to be 1.
Extinction efficiency Q is approximately 2 for visible
light, and k is estimated at a constant value of 0.8
(Lu and Seinfeld 2006):
"
23 
22 #2/5

225/2 t 3fit 3
3
Qp
cw1/2
.
W5
4prL
k N 5

(4)

At this point, there is a measurement of liquid water
path for every observed visible reflectance, meaning
there are values for both clear sky and cloudy sky.
Assuming a Gaussian distribution of clear-sky reflectance, the clear sky can be subtracted from the totalsky reflectance distribution. The center of the clear-sky
distribution is defined as the median of the clear-sky
reflectance values determined by the cloud mask. To
create the distribution of liquid water path, the clear-sky
reflectance is converted to optical depth using the relationship of optical depth and visible reflectance
established in Eq. (1). The values of clear-sky optical
depth are subtracted from the fit method–derived totalsky values of optical depth, and the values of cloudy-sky
optical depth can be converted to liquid water path as
described in Eq. (4) for a calculation of a distribution of
cloudy-sky liquid water path. The cloud fraction is
solved using a ratio of the number of clear-sky pixels
from the symmetric distribution divided by the number
of pixels in the total-scene reflectance and subtracting
from the total distribution.
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(iii) PDFs of liquid water path
Statistical moments of liquid water path produced for
the mask and fit methods are used to create probability
distribution functions (PDF) to identify the horizontal
distribution and probability of occurrence for each
scene. A gamma function or a Gaussian function can
be applied for these distributions. Because the gamma
function performed better in Foster et al. (2011), it is
used in this study. The gamma function is the following
from Heidinger (2003), where n is the width parameter:
 n
1
n

W n21 e2(Wn/W ) .
(5)
PDF(W) 5

G(n) W

(iv) Total-scene reflectance calculation
The total-scene reflectance is calculated by using the
cloud fraction, the mean reflectance of the cloudy portion, and the mean reflectance of the clear portion [Eq. (6)].
Here, CF is the cloud fraction calculated for each
method over the 18 3 18 area:
Rtot 5 CF(Rcld ) 1 (1 2 CF)(Rclr ) .

(6)

The mean reflectance for the clear sky Rclr is the mean of
the clear pixel defined by the cloud mask. The mean
reflectance for the cloudy portion of the sky Rcld is determined by converting the PDF of liquid water path
into a PDF of visible reflectance [Eq. (7)]. This is done
by converting the PDF of liquid water path back to a
PDF of optical depth using Eq. (4). The distribution of
cloud optical depth is converted back to reflectivity, and
the mean of this distribution is used to solve the mean
visible reflectance for the cloudy part of the sky:
ð‘
Rcld 5
Rvis PDF(W) dW .
(7)
0

2) RADIATIVE TRANSFER SIMULATION
The application of the fit method is explored through
the use of a 3D radiative transfer model. Using the derived distributions of liquid water path, the Intercomparison of 3D Radiation Codes (I3RC) community
Monte Carlo model (Cahalan et al. 2005; Pincus and
Evans 2009) runs simulations to recreate the top-ofatmosphere albedo. The top-of-atmosphere albedo is
compared with the visible reflectance directly observed
by MODIS, and therefore the radiative transfer is performed over the wavelengths 620–670 nm, which is the
interval for band 1 of MODIS. The gaseous absorption
and aerosols are neglected in the simulations.
The scattering properties are calculated using Mie
theory to create a phase-function table as a function of

effective radius for a distribution of spherical particles.
The particles are identified as water, ice, or aerosols. For
the purpose of applying the fit method to 3D radiative
transfer, the only particles included are water particles
since ice clouds are screened out from the analysis. The
program calculates the phase-function table along with
extinction and single-scattering albedo of the particles.
For each 3D simulation, the 18 3 18 domain is employed with a sampling of 0.18 3 0.18, where each grid
cell is considered either fully cloudy or clear. The surface albedo is 0.06 given that all scenes are over the
ocean. The height and temperature profiles are from the
MODIS Atmospheric Profile Product (MY/OD07_L2),
which is retrieved for 20 vertical levels. The 3D scene is
constructed from the MODIS cloud product. The geometric thickness of the cloud is calculated using liquid
water path and condensation rate and is placed on the
basis of the cloud-top-height variable (Bennartz 2007).
If there is no cloud-top height available for a measurement of liquid water path, the height is estimated from
the mean of the cloud-top heights that are available in the
scene. Two separate scenes are created using the values of
liquid water path supplied by both the fit method and the
mask method. The height and temperature profiles are a
daily average over the specified ocean domain.

3. Results
a. Assessment of the mask and fit methods
Using the fit and mask methods, horizontal distributions of liquid cloud properties are generated for 18 3 18
areas over the ocean from 608N to 608S during 2003–14
for both Aqua and Terra. Results from Foster et al.
(2011) show that, for many cases, the statistical moments
generated by the fit method create liquid water path
distributions that more closely conserve cloud amount
and total-scene reflectance when compared with
methods that generate distributions only using valid
liquid water path retrievals. Recreating scene visible
reflectance assesses the validity of these distributions.
The ability to reconstruct the scene visible reflectance is
due to the relationship between cloud optical properties
and radiances in models. One way a GCM or radiative
transfer model may be evaluated is simulating top-ofatmosphere or surface radiances and comparing them
with the observed reflectance from satellite data. Biases
in the distribution of cloud properties will affect the
model’s capacity to reproduce the observed data. The
method was applied to MODIS collection 5, collection 6,
and collection 6 including the PCL retrievals. Datasets
are generated for both Aqua and Terra; because of the
similarities between the two datasets, only the results
from Aqua will be shown for brevity. The corresponding
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FIG. 1. Average monthly bias between derived and observed reflectance for the mask (circle)
and fit (triangle) methods for the Northern Hemisphere (solid) and Southern Hemisphere
(dashed) for collection 5 (green), collection 6 (blue), and collection 6 PCL (red) for Aqua from
2003 to 2014.

results from Terra can be found in the online supplemental material.
After applying both the fit and mask methods to
11 years of Aqua MODIS data, the percentage bias is
shown for monthly hemispheric averages in Fig. 1. The
percentage bias is defined as the difference between the
derived and observed reflectance. Most notable is that a
seasonal cycle is shown for the mask method using collection 5 and collection 6. The mask method shows a
positive bias, with the largest bias in the respective
summer months for each hemisphere. Collection 5
shows a larger bias using the mask method than does
collection 6. For collection 6 including PCL pixels, the
bias from the mask method is considerably reduced and
there is a dampening of the seasonal cycle. The mask
method continually overestimates the observed scene
visible reflectance, with a positive bias ranging from
0.75% to 4.5%. A seasonal cycle for the average of
monthly bias of the fit method is nonexistent, with the
average bias reaching very close to zero for both satellites and hemispheres. The fit method bias ranges
from 20.9% to 0.3%. The collection-5 data benefit most
from using the fit method, with the lowest amount of bias
for recreating the scene visible reflectance. The
collection-6 data including PCL pixels show the largest
negative bias of all three datasets from using the fit
method. Although it shows this underestimation in recreating the scene visible reflectance, the fit method still
creates a smaller difference than the mask method does.

Terra shows a slightly smaller bias in comparison with
Aqua for both the mask and the fit methods. This could
possibly be linked to the cloud amounts present during
the satellite overpass time. A study from King et al.
(2013) reviewing the spatial and temporal distributions
of clouds observed by both Aqua and Terra showed that
the oceans tend to be cloudier during Terra’s earlier
overpass. With more cloud pixels detected, the fit
method is likely to create a better fit function between
the observed visible reflectance and retrieved optical
depth measurements.
From these results, the fit method can be seen as an
overall improvement relative to the mask method. The
analysis was expanded globally to determine which
areas experience the greatest benefit from the fit
method. Figure 2 shows the mask bias, the fit bias, and
the percentage improvement between the biases of the
mask and fit methods. The percentage improvement is
calculated as the absolute difference between the biases
of the fit and mask methods. Positive values indicate that
the fit method shows a smaller bias than the mask
method, and negative values indicate cases in which the
mask method shows a smaller bias than the fit method.
The mask bias steadily decreases from collection 5 to
collection 6 PCL, with consistent overestimation. Maskmethod bias for collection 5 and collection 6 is the
largest along the equator, and the mask-method bias for
collection 6 PCL shows only a small amount of overestimation in this region. The fit bias for all of the
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FIG. 2. Global maps displaying the difference between the derived and observed reflectance for the (left) mask and (center) fit methods
and (right) the percentage improvement between the fit and mask methods for (top) collection 6 PCL, (middle) collection 6, and (bottom)
collection 5 for Aqua from 2003 to 2014.

datasets is relatively similar, with the exception of collection 5 displaying a slight overestimation along the
equator. Otherwise, the fit-method bias is marginally
skewed toward underestimating the scene visible reflectance. For the percentage improvement, collection 5
shows the greatest improvements, with the largest over
the tropics with maximum values reaching up to 7%,
especially for regions in the ITCZ that experience precipitation. The collection-6 data spatially look similar to
those of collection 5, but the percentage improvement
decreases approximately 2%–3%. With the inclusion of
the PCL pixels, collection 6 only shows a small amount
of improvement using the fit method, with the mask
method performing slightly better around some regions
in the tropics.
Overall, the inclusion of the partly cloudy pixels in
collection 6 greatly improves the distributions derived
from the mask method. This result shows that the
missing edge pixels, optically thin clouds, and highly
heterogeneous clouds are important when recreating
the scene visible reflectance. The percentage of missing
retrievals for each scene is calculated by the difference
between the number of pixels identified as cloudy by the
cloud mask and the number of liquid water path retrievals, which is then divided by the total number of
pixels for each scene. Figure 3 shows the percentage of
missing retrievals in comparison with the difference
between the derived and observed reflectance for both

the mask and fit methods for each dataset. The percentage
of missing retrievals cannot surpass 80% since scenes with
cloud fractions of less than 0.2 were filtered out. For the
mask method, there is always an overestimation of the
visible reflectance regardless of the missing number of
retrievals for all datasets and satellites. As the percentage
of missing retrievals increases, the bias between the derived and observed reflectance also increases. The mask
bias for collection 6 including PCL pixels increases linearly as the number of missing retrievals increases. For the
fit method, all datasets show an exponential decrease
from 0% to 10% of missing retrievals. As the number of
missing retrievals increases, the slight negative bias increases toward zero, indicating that the fit method restores the missing retrievals while maintaining the scene
visible reflectance. The fit method shows more positive
biases around 75% of missing retrievals.
The fit method remained relatively constant for each
dataset, showing that the fit function used is able to
maintain the relationship between the visible reflectance
and cloud properties. Despite a few areas where there
was no improvement using the collection 6 PCL dataset,
the fit method displayed the ability to overall minimize
bias and recreate the scene visible reflectance.

b. Variable dependencies
Although the fit method greatly reduces the amount of
bias in recreating the scene visible reflectance, certain
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FIG. 3. The percentage of missing retrievals in comparison with the difference between the
derived and observed visible reflectance for the fit (solid) and mask (dashed) methods for
collection 5 (green), collection 6 (blue), and collection 6 PCL (red) for Aqua.

variables may introduce sensitivity into the fit method.
This section seeks to diagnose the characteristics of
when the fit method shows the most success recreating
the scene visible reflectance as based on analysis of
cloud fraction, viewing geometry, and cloud heterogeneity, which have relationships with 3D radiative cloud
effects as well as the effects of the number of missing
retrievals of liquid water path.
Using a 3D histogram allows us to examine the sensitivities of multiple variables at once. Figure 4 shows
scattering zenith angle on the x axis, cloud heterogeneity
on the y axis, and cloud fraction on the vertical z axis.
The cubes are a measure of the bias between the fitderived visible reflectance and the observed visible reflectance. For instance, looking at Aqua in the Northern
Hemisphere from December to February (DJF), a cube
with a scattering zenith angle of 508–688, a heterogeneity
of 0.7–0.9, and a cloud fraction of 0.2–0.4 has a bias of
approximately 24. The histograms were split up into
Northern and Southern Hemispheres to analyze any
seasonal sensitivity. These histograms were made for an
array of different variables, but for brevity this analysis
will focus on the relationship among scattering zenith
angle, cloud heterogeneity, and cloud fraction. The
histograms shown here use collection 6 PCL and showed
patterns that are similar to those of collection 6 (no
PCL) and collection 5.
Used in this analysis, cloud heterogeneity is a metric
that is defined as the standard deviation of the visible
reflectance in a scene divided by the mean visible reflectance to give a measure of the heterogeneity of the

cloud scene (Liang et al. 2009). A high value indicates a
heterogeneous cloud field, and a low value indicates a
more homogeneous cloud field.
With the combination of cloud heterogeneity, scattering zenith angle, and cloud fraction, Aqua shows
seasonality between the Northern and Southern Hemispheres (Fig. 4). The hemispheric summer months observe greater biases than do the hemispheric winter
months, similar to the monthly biases explored in Fig. 1.
Both hemispheres show a negative bias for areas with
cloud fractions below 0.4, corresponding to scenes with
midrange cloud heterogeneity and smaller scattering
angles. Positive biases are shown for overcast scenes
with higher scattering angles with a tendency to be either completely homogeneous or heterogeneous. The
smallest biases are shown for partially cloudy scenes
(0.4–0.8) and midrange heterogeneity (0.3–0.9), with no
strong dependence on the scattering angle.
The primary trend in the 3D histograms was the dependence on cloud fraction. There is a negative bias for
scenes with lower cloud fraction, meaning the fit method
is underestimating the observed visible reflectance. This
would suggest that the distribution of liquid water path is
skewed toward small values of liquid water path or that
the calculated cloud fraction of the scene is too small. At
lower cloud fractions, it is possible that there are fewer
points available to calculate the ideal coefficients for a
fit function between the observed optical depth and
corresponding visible reflectance. Further exploration
has shown that the differences at these lower cloud
fractions are associated with large differences between
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FIG. 4. 3D histograms showing bias between fit-derived reflectance and observed visible reflectance with respect
to sensor zenith angle (x axis), cloud heterogeneity (y axis), and cloud fraction (z axis) for Aqua (left) DJF and
(right) JJA in the (top) Northern and (bottom) Southern Hemispheres.

the mask-derived and fit-derived cloud fractions, which
can be attributed to the derivation of clear and cloudy
sky. These scenes tend to show a breakdown in the
method during the separation of the clear and cloudy
portions of the visible reflectance. Most scenes that were
tested showed the clear-sky area of the visible reflectance to be approximately Gaussian, but there are certainly situations in which this is not the case (Gorroño
et al. 2016). At this point in time, the fit method is currently constrained to using the Gaussian distribution,
although future work includes finding a viable solution
to consider other ways to distinguish between the clear
and cloudy portions of the visible-reflectance distribution. To eliminate that negative bias, it is suggested to
filter out scenes for which the difference between the
mask- and fit-derived cloud fractions is greater than 0.2.
With the incorporation of the cloud-scene heterogeneity, the scenes with higher cloud fraction tend to
have a positive bias for certain cloud heterogeneities.
For the summer months, this was observed for both high
and low cloud heterogeneity. The winter months only
showed positive bias for high cloud heterogeneity. This
means that scenes with overcast skies are overestimated

by the fit method, which implies that these scenes may
not benefit as heavily from using the fit method. The
effects of viewing geometry were primarily seen at
scenes with lower cloud fractions, with larger bias coinciding with smaller scattering angles. Many of the
points closest to nadir were screened out because of the
effect of sun glint over water, which makes it difficult to
assess the success of the fit method for these angles.
Overall, there seemed to be minimal biases for scenes
with midlevel cloud fractions between 0.2 and 0.8 along
with heterogeneities varying from 0.2 to 1.0. These
scenes did not show a large dependence on viewing
angle aside from a slight increase in the negative bias for
the summer months for lower scattering angles.

c. Liquid water path validation with AMSR-2
Passive microwave sensors and passive multispectral
imagers are often compared since they each use different physical mechanisms to derive cloud liquid water
path. The comparison between these two instruments is
important because they have different limitations to
using them. Multispectral imagers are subject to scattering effects and dependence on drop size distributions,
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FIG. 5. Seasonal variations in liquid water path for AMSR-2 (blue), the MODIS fit method
(green), and the MODIS mask method (red) for the Northern Hemisphere (solid) and the
Southern Hemisphere (dashed) for 2013.

whereas microwave sensors are subject to uncertainties
such as sea surface and cloud temperatures, surface
emissivity, and precipitation. Comparison studies of
these two sensors are important to climate studies and
model validation (Bennartz 2007; Greenwald 2009;
Seethala and Horváth 2010). Here, the fit- and maskderived liquid water paths are compared with AMSR-2
for 2013, where the data are averaged over a 18 3 18 area.
Given that it is hard to distinguish the differences in
liquid water path on the basis of the biases and sensitivities introduced by each instrument, the seasonal cycles of liquid water path are compared. Figure 5 shows
the seasonal cycle of liquid water path normalized by the
global mean for each hemisphere, comparing the
MODIS fit- and mask-derived liquid water paths with
the GCOM-W1 AMSR-2 liquid water path. Similar to
Fig. 1, the mask liquid water path shows a much stronger
seasonal cycle than the fit liquid water path. The magnitude of the fit liquid water path seasonal cycle is in
closer alignment with the AMSR-2 seasonal cycle for
both the Northern and Southern Hemispheres. AMSR-2
shows a standard deviation of 4.52 and 3.19 g m22 for the
Northern and Southern Hemispheres, whereas the
MODIS fit liquid water path has a standard deviation of
5.7 and 7.3 g m22. The MODIS mask liquid water path
has a seasonal cycle standard deviation of 17.34 and
20.88 g m22 for the Northern and Southern Hemispheres. The fit method brings the magnitude of the
seasonal cycle more into alignment with the AMSR-2
data in comparison with the mask data.

4. Applications of the fit method
a. Satellite intercomparison
An advantage of using this method is that it can be
applied to any satellite dataset that provides measurements of visible reflectance and cloud optical properties,

which allows for satellite comparison as well as applications of different cloud-processing algorithms. Here,
the method is applied to two different instruments,
MODIS and AVHRR, and two different types of cloud
processing, standard MODIS processing and PATMOS-x.
The main difference between the MODIS measurements and the PATMOS-x-processed AVHRR measurements is that PATMOS-x does not include any pixel
filtering in the processing of cloud products, although
there are physical circumstances in which the optical
retrieval algorithm fails to converge and return a value.
NOAA-18, which contains the AVHRR instrument, has
the closest equatorial overpass time and overlapping
years to Aqua. PATMOS-x/NOAA-18 and MODIS/
Aqua are compared for 2013 (Fig. 6).
The percent change is calculated for the liquid water
path of PATMOS-x and MODIS using both the fit
method and the mask method. The fit method–derived
mean liquid water path shows a smaller difference between the two datasets in comparison with the mask
method. The MODIS liquid water path tends always to
be larger than the PATMOS-x liquid water path. The fit
method shows the smallest changes between the two
datasets along the marine stratocumulus regions off the
coasts of California, Peru, and Angola. When simply
comparing the mean liquid water path for PATMOS-x
and MODIS, there are large differences, especially
around the ITCZ and midlatitudes. For the fit method,
the ITCZ region still shows the largest differences between the PATMOS-x and MODIS data, but the differences in the midlatitude liquid water path values have
become much smaller.
Two-dimensional histograms comparing the mean
liquid water path show more linearity of the fit method
between MODIS and PATMOS-x in comparison with
the mask method. The fit data also bring the data closer
to a 1-to-1 relationship. The bias calculated for the mask

Unauthenticated | Downloaded 01/09/23 06:18 AM UTC

JUNE 2017

GUMBER AND FOSTER

1777

FIG. 6. For (left) the mask method and (right) the fit method for 2013, a satellite intercomparison between MODIS Aqua and PATMOS-x
NOAA-18 AVHRR showing (top) the percentage difference for the liquid water path and (bottom) 2D histograms of the relative frequency
of occurrence for the liquid water path.

method is equal to 27%, whereas the fit method reduces
the bias to 14.3%. This application of the fit method to
two satellite datasets brings the mean liquid water paths
closer together, indicating that the restored missing retrievals of liquid water path add value to the datasets.

b. Radiative transfer
Another application of this method is its use in radiative transfer modeling. The fit method can be applied to
improve the relationship between model output and the
satellite data. Here, a radiative transfer model is used to
identify radiative differences between the distributions
of liquid water path applying the fit method. Using the
I3RC Monte Carlo model, model input is created using
MODIS data and applying the fit and mask methods as
described in section 2. Two scenes are used to explore
the utility of the fit method. The scenes for which the full
distributions of liquid cloud properties are used are referred to as 3D fit and 3D mask. For this application, a
year of the MODIS level-2B data over a 208 3 308 area
over the South Pacific is sampled and run through the
model to generate albedo values. Approximately 50
scenes per day are sampled.

The application of the 3D Monte Carlo model using
the fit and mask methods shows that changes in albedo
occur when altering the distributions of liquid water
path to include possibly missed retrievals. Figure 7
shows the albedo bias between the 3D fit and 3D mask
over the South Pacific region for each season. The
largest albedo bias occurs during June–August (JJA)
over the southwestern portion of the scene, with a mean
bias of 0.06. The spring and autumn months show
moderate mean albedo biases of 0.04 and 0.03, respectively. DJF shows the lowest amount of bias, with a
mean value of 0.02. The seasonality of the albedo differences between the summer and winter months could
correspond to the type of clouds observed in this region
during each season. Over the South Pacific, cloud heterogeneity tends to be higher in JJA than in DJF. This
suggests that the more heterogeneous types of clouds
show the largest changes in albedo when the fit method
is applied.
These biases in the derived albedo show that there is a
change occurring when using mask- and fit-derived distributions of liquid water path in each scene. Because of
the large 0.18 sampling, full 3D effects such as the
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FIG. 7. The albedo bias between the 3D fit–derived and 3D mask–derived albedos for each season of 2008 over
a 208 3 308 region in the South Pacific Ocean.

horizontal transport of photons between grid cells are
not observed, and results can be similarly computed
from a 1D radiative transfer model (Marshak et al.
1995). Future work seeks to apply the fit method to a
range of smaller grid sizes and regions to analyze the 3D
radiative effects as well as to expand the calculations to
include intensity and surface-heating rates.

5. Discussion and conclusions
The effects of internal heterogeneity were explored by
the application of the fit method used to create horizontal distributions of cloud properties over a 18 3 18
area and were assessed by how well the method could
recreate the observed visible reflectance using the
MODIS instrument on Aqua from 2003 to 2014. This
included a comparison of MODIS collection 5, collection 6, and collection 6 with partly cloudy pixels. When
recreating the visible reflectance, the mask method
continually overestimated for all datasets, with biases
ranging from 0.75 to 4.6. The mask method showed a
seasonal cycle, with the largest overestimation occurring
during the hemispheric summers for collection 5 and
collection 6. Collection 6 with PCL pixels reduced the
bias and seasonal cycle of the mask method. The fit
method tends to slightly underestimate the observed
visible reflectance, with biases ranging from 20.74

to 20.1. Utilization of the fit method showed global
improvement relative to the mask method. Collection 5
showed the most improvement using the fit method,
with improvements up to 7%. Collection 6 also benefited from the use of the fit method, with improvements
up to 5%. When the partly cloudy pixels were added to
the collection-6 data, the mask bias was greatly minimized, and the fit bias remained relatively constant in
comparison with the other datasets.
Adding the partly cloudy pixels to collection 6 adds
value when parameterizing distributions of cloud properties. The stratocumulus regions off the coast of California, Peru, and Angola were notable areas where the
least amount of improvement occurred, likely because of
their homogeneous structure. An analysis of the number
of missing cloud-property retrievals in a scene shows that
the fit method performs the best when 20%–70% of retrievals are missing. This fit method is capable of restoring the missing retrievals and maintaining the
scene visible reflectance.
Three-dimensional histograms were used to determine sensitivities of the fit method with respect to cloud
fraction, cloud heterogeneity, and viewing geometry.
From a seasonal perspective, the hemispheric summers
tended to show larger biases. An underestimation of the
visible reflectance was seen in scenes with low cloud
fraction. Cloud heterogeneity showed the largest effect
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on overcast scenes. There was a positive bias for both
high and low values of the cloud heterogeneity index.
The effects of viewing geometries showed a negative
bias for low cloud fraction, increasing in magnitude as
the angles become closer to nadir. The fit method did not
show much sensitivity to scenes with medium amounts
of cloud fraction and midvalue cloud heterogeneity index,
which means the application of the fit method would help
these scenes the most. The Gaussian assumption of clear
sky is subject to causing biases for scenes with lower cloud
fraction values. There is currently no viable way to change
the distribution that the fit method uses to separate clear
sky from cloudy sky, but future work includes seeking
out a way to fix this problem.
The fit method also shows its utility in the comparison
with other satellite datasets. A comparison of the seasonal cycle of liquid water path shows that the fit method
generates a seasonal cycle that is closer to the GCOM-W1
AMSR-2 satellite than is that generated by the mask
method. A satellite intercomparison was also conducted
since the fit method can be applied to any dataset that
contains both cloud-property retrievals and visiblereflectance measurements. The PATMOS-x processing
was used on NOAA-18, which, unlike MODIS, does not
perform pixel filtering within its algorithms. The fit
method was applied to PATMOS-x and MODIS. When
compared with the mask method, the fit method
showed a stronger relationship and more linear fit between the derived liquid water path values.
Another application of the fit method is the ability to
incorporate the adjusted distributions of liquid cloud
properties into a radiative transfer model. The I3RC
Monte Carlo model is used to apply the fit and mask
methods to 3D Monte Carlo radiative transfer simulations to 1 year of MODIS data over the South Pacific.
Overall, the albedo bias between the fit and mask
methods was the highest during the Southern Hemisphere winter. The albedo bias between the seasons
ranged from 0.02 to 0.06. The grid size is a factor that
influences the horizontal transport of photons, and
therefore future work seeks to study the impact of 3D
effects with the fit method by varying the grid size.
The applications of this method serve to diminish the
bias of internal heterogeneity within GCMs and to add
value to parameterizations of cloud properties. The
variable dependencies and spatial analysis show that
external heterogeneity also plays a role in the relationship of cloud properties and visible reflectance. Ongoing
work aims to incorporate the fit method and metrics for
identifying external heterogeneity into a 3D radiative
transfer model. The goal of this work will be to identify
the radiative bias contributed by the sources of internal
and external heterogeneity on the MODIS dataset. This

value-added MODIS maritime cloud liquid water climatology will be publicly available online (ftp.ssec.wisc.
edu/pub/modis_value_added/).
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