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ABSTRACT
Cloud cover is one of the largest uncertainties in model predictions of the future Arctic climate. Previous
studies have shown that cloud amounts in global climate models and atmospheric reanalyses vary widely and
may have large biases. However, many climate studies are based on anomalies rather than absolute values, for
which biases are less important. This study examines the performance of five atmospheric reanalysis
products—ERA-Interim, MERRA, MERRA-2, NCEP R1, and NCEP R2—in depicting monthly mean
Arctic cloud amount anomalies against Moderate Resolution Imaging Spectroradiometer (MODIS) satellite
observations from 2000 to 2014 and against Cloud–Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO) observations from 2006 to 2014. All five reanalysis products exhibit biases in the mean
cloud amount, especially in winter. The Gerrity skill score (GSS) and correlation analysis are used to quantify
their performance in terms of interannual variations. Results show that ERA-Interim, MERRA, MERRA-2,
and NCEP R2 perform similarly, with annual mean GSSs of 0.36/0.22, 0.31/0.24, 0.32/0.23, and 0.32/0.23 and
annual mean correlation coefficients of 0.50/0.51, 0.43/0.54, 0.44/0.53, and 0.50/0.52 against MODIS/CALIPSO,
indicating that the reanalysis datasets do exhibit some capability for depicting the monthly mean cloud amount
anomalies. There are no significant differences in the overall performance of reanalysis products. They all
perform best in July, August, and September and worst in November, December, and January. All reanalysis datasets have better performance over land than over ocean. This study identifies the magnitudes of
errors in Arctic mean cloud amounts and anomalies and provides a useful tool for evaluating future improvements in the cloud schemes of reanalysis products.

1. Introduction
The Arctic has changed dramatically over the past few
decades. It is warming at a higher rate than any other region
in the world, a phenomenon known as polar amplification
(Serreze and Francis 2006; Holland and Bitz 2003). Arctic
sea ice extent and thickness have been decreasing dramatically (Maslanik et al. 2007; Kwok and Untersteiner 2011;
Stroeve et al. 2012), and there have been important changes
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to the large-scale atmospheric circulation (Zhang et al.
2008; Wu and Zhang 2010; Wu et al. 2014). It has become
increasingly clear that the Arctic is a highly variable and
sensitive region in the global climate system (Walsh et al.
2002; Francis et al. 2009).
Changes in cloud cover and cloud properties affect the
surface energy budget and contribute to sea ice growth and
melt, which in turn feeds back to cloud formation (e.g., Kay
et al. 2008; Liu and Key 2014; Liu et al. 2012a; Schweiger et al.
2008). Unlike clouds on a global scale, Arctic clouds warm the
surface most of the year except for a short period in the
summer (Intrieri et al. 2002; Wang and Key 2005; Schweiger
and Key 1994). The influence of clouds on sea ice is particularly relevant for studies of Arctic climate. The interaction
between Arctic clouds and sea ice has been examined by a
number of investigators recently, primarily with regard to
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record minimum ice extents in 2007 and 2012. Liu and Key
(2014), Taylor et al. (2015), and Letterly et al. (2016) provide a
review of the relevant literature.
Arctic cloud formation and dissipation mechanisms are
complex (Curry et al. 1996; Vavrus and Waliser 2008;
Beesley and Moritz 1999; Walsh et al. 2009), and clouds are
one of the main sources of uncertainty in modeling the
Arctic climate (Solomon et al. 2007; Boucher et al. 2013).
There are large discrepancies in modeled clouds, the reasons for which are discussed elsewhere (Randall et al.
1998; Sandvik et al. 2007; Walsh et al. 2002, 2005, 2009;
Vavrus 2004; Inoue et al. 2006; Birch et al. 2009; Wyser
et al. 2008; de Boer et al. 2012), and radiative fluxes in both
regional models (Aas et al. 2015; Klaus et al. 2012; PaquinRicard et al. 2010; Simjanovski et al. 2011; Tjernström et al.
2008; Wilson et al. 2012; Wyser et al. 2008) and global
climate models (Du et al. 2011; Vavrus et al. 2009; Walsh
et al. 2005, 2002; Xie et al. 2013; Zhang et al. 2005; Zhao
and Wang 2010).
Arctic clouds and surface radiation have been examined
in some of the major atmospheric reanalysis products
(Bromwich et al. 2007; Chaudhuri et al. 2014;
Chernokulsky and Mokhov 2012; Clark and Walsh 2010).
Lindsay et al. (2014) compared Arctic surface temperature, radiative fluxes, precipitation, and wind speed in
seven reanalysis products to surface observations and
found that three were most consistent with observations:
the Climate Forecast System Reanalysis (CFSR), the
National Aeronautics and Space Administration (NASA)
Modern-Era Retrospective Analysis for Research and
Applications (MERRA), and the European Centre for
Medium-Range Weather Forecasts (ECMWF) interim
reanalysis (ERA-Interim). Zib et al. (2012) used Baseline
Surface Radiation Network (BSRN) observations from
Barrow and Ny-Alesund to intercompare cloud fraction
and surface radiative fluxes in MERRA, CFSR, ERAInterim, the NOAA Twentieth Century Reanalysis Project (20CR), and the National Centers for Environmental
Prediction (NCEP) U.S. Department of Energy (DOE)
Reanalysis-2 (NCEP R2). They found that all of the reanalyses showed large biases in cloud fraction, especially in
winter, and that the cloud fraction biases lead to surface
radiation biases. Walsh et al. (2009, 2002) examined cloud
fraction and radiative fluxes in the NCEP–National Center
for Atmospheric Research (NCAR) Reanalysis-1 (NCEP
R1), the 40-yr ECMWF Re-Analysis (ERA-40), the
NCEP–NCAR North American Regional Reanalysis
(NARR), and the Japan Meteorological Agency and
Central Research Institute of Electric Power Industry
Japanese 25-year Reanalysis (JRA-25) through comparisons to surface data from Barrow, Alaska. They found that
the reanalyses simulate the radiative fluxes well if and
when the cloud fraction is simulated correctly, but that the
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systematic errors are substantial. Cloud fraction and radiation biases showed considerable variability in the annual mean and seasonal cycle. ERA-40 was found to
perform best for shortwave and longwave fluxes because
its cloud cover was the most realistic.
Satellite data have been employed, though not widely,
in evaluating clouds and radiation in models. Zhang et al.
(2005) and Kay et al. (2012) are two examples of using
satellite data to examine clouds in general circulation
models. For the Arctic, Liu et al. (2005) used two satellite
datasets and surface measurements to evaluate Arctic
surface radiation fluxes in NCEP R2 and ERA-40. They
found that one of the satellite products and NCEP R2
were most similar to in situ measurements of surface
temperature, that both satellite products were more accurate for downwelling shortwave radiation, and that
ERA-40 was best for downwelling longwave fluxes.
Zygmuntowska et al. (2012) compared Arctic cloud
amount and surface radiation in ERA-Interim to surface
measurements and cloud cover detected with active and
passive satellite instruments. They found that the total
cloud cover in ERA-Interim agreed well with surface
observations, but that cloud amount and surface radiation
in the two satellite products and ERA-Interim were very
different, particularly in winter.
In data-sparse regions, such as the Arctic, reanalysis
products are important for studies of climate variability
and change because they synthesize the generally sparse
observational data. But with large uncertainties and inconsistencies in modeled cloud amount (Zib et al. 2012;
Walsh et al. 2002, 2009; Zygmuntowska et al. 2012), can
reanalyses produce reasonable and consistent interannual variations in clouds and other variables that are
related to clouds, such as surface radiation? Furthermore,
if cloud cover in a reanalysis product exhibits a bias, does
that preclude its use in climate studies that are based on
anomalies rather than absolute cloud amount? For example, Liu and Key (2014) examined the relationship
between wintertime cloud anomalies and summertime
sea ice anomalies in 2013. Letterly et al. (2016) extended
that work to the period 1983–2013. In both studies, a bias
in the absolute cloud amount was not relevant because
the anomalies were found to be realistic.
This study examines the performance of five reanalysis
products in depicting the interannual cloud amount variations in the Arctic. The monthly mean cloud amount
(fractional cloud cover) anomalies are evaluated using
satellite-derived anomalies from the Moderate Resolution
Imaging Spectroradiometer (MODIS) instrument on the
NASA Terra and Aqua satellites and the Cloud–Aerosol
Lidar with Orthogonal Polarization (CALIOP) instrument on the Cloud–Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO) satellite. The
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satellite-derived cloud information from MODIS is not
necessarily considered as ‘‘truth’’, but rather as the most
spatially complete observational dataset available and,
therefore, as a useful reference point. CALIOP, being an
active sensor, has superior cloud detection capability in the
polar regions, especially at night, when information in
visible channels is not available. The period of study is
restricted to the periods of data availability: 2000–14 for
MODIS and 2006–14 for CALIOP/CALIPSO (here
called CALIPSO). The five reanalysis products are NCEP
R1, NCEP R2, ERA-Interim, MERRA, and the second
version of MERRA (MERRA-2). This work extends
previous studies in that satellite data provide more complete spatial coverage than in situ point measurements, five
major reanalysis products are examined, and their skill in
depicting both cloud cover (amount) and monthly anomalies is assessed.
We first compare the monthly mean cloud amounts
from MODIS, CALIPSO, and reanalysis products to
show their differences and similarities. We then present
cases of monthly mean cloud amount anomalies in
January 2013 and June 2013 to show how each reanalysis
product performs in describing the negative and positive
anomalies. Finally, we assess the overall performance of
these five reanalysis products in depicting the monthly
mean cloud amount anomalies using the Gerrity skill
score (GSS; Gerrity 1992; Livezey 2011), and correlation
analysis for the entire Arctic (608–908N), over the Arctic
Ocean and over Arctic land.

2. Data and methods
The MODIS instrument on NASA’s Terra and Aqua
satellites measures radiances at 36 wavelengths, including
infrared and solar channels, at spatial resolutions of 250 m,
500 m, and 1 km, depending on the channel. Improvements
in the cloud detection algorithm have been made over recent years (Ackerman et al. 1998; Liu et al. 2004; Frey et al.
2008). During the day (sunlight), 2.7% of the cloudy cases
identified by surface radar/lidar are misidentified as clear in
the MODIS cloud mask, and 6.9% of the clear cases identified by surface radar/lidar are misidentified as cloud; at
night, the misidentification rates of cloud as clear and clear
as cloud are 16.3% and 8.6% for MODIS in the Arctic (Liu
et al. 2004). Liu et al. (2010) used active satellite sensors to
evaluate errors in the MODIS cloud detection over the
Arctic. The results revealed a dependence of MODIS cloud
amount on sea ice concentration such that the differences
between MODIS and spaceborne radar–lidar cloud amount
are 20.1% per 1% sea ice concentration (Liu et al. 2010).
The MODIS level-2 cloud mask (MOD35_L2 for
Terra and MYD35_L2 for Aqua) provides cloud cover
with four confidence levels: confident clear, probably
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clear, uncertain/probably cloudy, and cloudy. All level-2
MODIS cloud mask granules are used to calculate the
daily statistics, and the monthly level-3 product is computed from all the daily files in a particular month on an
equal-angle, 18 latitude by 18 longitude grid. In each grid
cell, cloud fraction is the percentage of cloudy and
uncertain/probably cloudy L2 pixels in all available
level-2 pixels (Hubanks et al. 2015). Here, we use the
monthly mean cloud fraction (cloud amount) from 2000
to 2014. The mean and standard deviation of monthly
mean cloud amount from 2000 to 2014 are calculated at
each grid point, as are the monthly mean anomalies.
Monthly mean cloud amounts from NCEP R1, NCEP
R2, MERRA, MERRA-2, and ERA-Interim over the
same period are used. Other reanalysis products are not
included because they did not cover the entire time
period when MODIS data were available (2000–14)
when we started this study. Monthly mean cloud
amounts at spectral T62 (210 km) model resolution from
NCEP R1 and NCEP R2, 0.668 longitude by 0.58 latitude
from MERRA, 0.6258 longitude by 0.58 latitude from
MERRA-2, and 18 longitude by 18 latitude from ERAInterim are employed. All monthly means are interpolated to a 18 3 18 latitude–longitude grid using
bilinear interpolation to match the MODIS data. The
mean and standard deviation of monthly mean cloud
amount from 2000 to 2014 are calculated for each reanalysis product at each grid point, as are the monthly
mean anomalies.
The CALIPSO vertical feature mask (VFM) from 2006
to 2014 at 5-km resolution (Vaughan et al. 2009) from the
Atmospheric Science Data Center of the NASA Langley
Research Center is used to calculate a monthly mean cloud
amount at 108 longitude by 38 latitude resolution using the
approach in Liu et al. (2012b). It is important to note,
however, that while an active instrument like CALIOP may
be more sensitive to clouds than a passive instrument like
MODIS, its limited sampling introduces some uncertainty.
Liu (2015) estimated the error in monthly mean cloud
amount due to the limited, nadir-view sampling for sensors
like CALIOP and found that the errors are less than 6.5%
(11.5%), with a probability of 80% (95%) for a 100-km
resolution Equal-Area Scalable Earth Grid (EASE-Grid)
cell with a sample size of 1000 and that errors decrease with
increasing sample size. In this study, the CALIPSO
monthly mean cloud cover is calculated at 108 longitude by
38 latitude with sample sizes larger than 1000 to minimize
the sampling error. The mean and standard deviation of
monthly mean cloud amount from 2006 to 2014 are calculated at each grid point, as are the monthly mean anomalies.
To match the CALIPSO data in time and space, the
monthly mean cloud amounts from MODIS and all reanalysis products from 2006 to 2014 are averaged at
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108 longitude by 38 latitude weighted by the square root
of the cosine of latitude. Standard deviations of monthly
mean cloud amount and monthly anomalies from 2006
to 2014 are then calculated.
NCEP R1 (Kalnay et al. 1996; Kistler et al. 2001) uses
the NCEP global spectral model for assimilation,
including a simplified Arakawa–Schubert convective
parameterization scheme (Pan and Wu 1994; Grell
1993) and a diagnostic cloud scheme (Campana et al.
1994) with a parameterized relative humidity–cloud
cover relationship. NCEP R2 (Kanamitsu et al. 2002)
uses the same cloud schemes with a more realistic cloud
cover simulation as a result of further tuning of the
schemes. MERRA uses the Goddard Earth Observing
System (GEOS), version 5 (Rienecker et al. 2011),
which includes a prognostic cloud scheme (Bacmeister
et al. 2006) and a modified version of the relaxed
Arakawa–Schubert convective scheme (Moorthi and
Suarez 1992). MERRA-2 (GMAO 2015) uses an updated GEOS-5 data assimilation system; major changes
are summarized in Reichle et al. (2015). ERA-Interim
(Dee et al. 2011) uses the ECMWF Integrated Forecast
System (IFS), which includes a full prognostic approach
for condensate cloud fraction.
The GSS (Gerrity 1992; Livezey 2011) is used to
assess the capability of the reanalysis products in depicting cloud amount interannual variation. GSS is a
score recommended by the World Meteorological
Organization (WMO) for overall assessment of forecast quality, using two or more categories, when
compared to independent observations (WMO 2010).
The GSS is commonly used to measure categorical
forecast quality using independent observations, but it
can also be applied for assessing ranges of continuous
variables: for example, to evaluate model performance in forecasting precipitation (Lee and Seo 2013)
and 2-m air temperature (Stefanova et al. 2012). One
advantage of the GSS is that it has reasonable reward
matrices for successful forecasting of less likely events
(Livezey 2011).
In this study, GSS is applied to assess how the reanalyses perform in depicting the below-normal, normal,
and above-normal monthly mean cloud anomalies. The
‘‘forecasts’’ are Arctic cloud amount monthly anomalies
from a reanalysis product at each grid cell. The independent observations are the MODIS cloud amount
monthly anomalies. There are three categories: below
normal, normal, and above normal, defined as the
anomalies more than one standard deviation below the
mean, between one standard deviation below and above
the mean, and more than one standard deviation above
the mean. Means are calculated over the period 2000–
14. The GSS is calculated as
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The value of GSS is 1 for a perfect forecast and 0 for
random and constant forecasts. The GSS can be calculated using data from all grids cells and can be done separately for different surface types (e.g., land and ocean).
A Monte Carlo bootstrap approach is used to test the
statistical significance of the calculated GSS. The GSS
calculation is repeated 1000 times with shuffled time series
of monthly anomalies of the reanalysis products and fixed
time series of MODIS observations. The significance level
of the GSS is determined as the percentage of the 1000
values smaller than the calculated GSS.
Correlations between monthly mean cloud amount
anomalies from two different datasets are also calculated.
Statistical significance is determined by the two-tailed
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FIG. 1. Mean cloud amount over the Arctic (608–908N) from Terra MODIS, ERA-Interim,
MERRA, MERRA-2, NCEP R1, and NCEP R2 during 2000–14 and from CALIPSO
during 2006–14.

Student’s t test. The correlation coefficients measure the
linear association between two monthly mean cloud
anomalies. Having both the correlation analysis and the
GSS may provide a better assessment than either
one alone.

3. Results
a. Mean and standard deviation of cloud amount
A comparison of monthly mean cloud amount from
MODIS and reanalysis datasets shows that there is a broad
range in the monthly mean cloud amount in the reanalysis
products (Fig. 1). The annual mean cloud amounts of
ERA-Interim, MERRA, MERRA-2, NCEP R2, and
NCEP R1 from 2000 to 2014 are 78.6%, 70.5%, 74.6%,
49.4%, and 45.7%, respectively, compared to 68.5% for
Terra MODIS from 2000 to 2014, and 76.2% for CALIPSO
from 2006 to 2014. The annual mean cloud amount over
ocean is higher than that over land for ERA-Interim,
MERRA, and MERRA-2 (not shown). The difference
between the ocean and land cloud amounts is large for
ERA-Interim and MERRA-2, over 11% in the annual
mean. For MERRA, the ocean–land difference is approximately 6% for the nonsummer months but somewhat
larger from June to August. The monthly mean cloud
amount of NCEP R2 is only slightly higher—around 2%—
over ocean than land in every month. The only reanalysis
with higher monthly mean cloud amount over land than
over ocean is NCEP R1, which is about 14% higher
throughout the year. For Terra MODIS the difference

between ocean and land is larger from May to September,
over 10%, than for other months.
In addition to overall differences in the monthly mean
cloud amounts, the annual cycles of cloud amount in the
reanalysis datasets do not resemble that from MODIS. The
MODIS annual cycle has cloud amounts over 70% from
May to November and cloud amounts less than 70% from
December to April. This is consistent with annual cycles
from surface observations (Hahn et al. 1995), other passive
satellite datasets (Wang and Key 2005), and active lidar–
radar satellite datasets (Liu et al. 2012b). In fact, the
CALIPSO annual cycle from 2006 to 2014 is uniformly
larger than the MODIS by 7.7%, and the correlation between these two cloud amount annual cycles is 0.96.
Except for NCEP R1, the reanalysis products generally have the highest cloud amounts from November
to January, a decrease to the minimum in June, and then
an increase (Fig. 1). Four of the five reanalysis products
exhibit similar annual cycles, with the correlation coefficients of MERRA, MERRA-2, and NCEP R2 with
ERA-Interim of 0.95, 0.91, and 0.89, respectively. In contrast, the correlation coefficients of monthly mean cloud
amount annual cycles from ERA-Interim, MERRA,
MERRA-2, and NCEP R2 with Terra MODIS and
CALIPSO are 20.10 and 0.11, 20.27 and 20.10, 20.48
and 20.29, and 0.18 and 0.34, respectively. The annual
cycle from NCEP R1 is different in shape and magnitude
from the other annual cycles.
The standard deviations of the monthly mean cloud
amount over the period 2000–14 (2006–14 for CALIPSO)
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FIG. 2. (a) One standard deviation (SD) of cloud amount over the Arctic (608–908N) from
Terra MODIS, ERA-Interim, MERRA, MERRA-2, NCEP R1, and NCEP R2 during 2000–14
and from CALIPSO during 2006–14; (b) as in (a), but standardized and without NCEP R1.

(Fig. 2a) exhibit the following characteristics: First, the
standard deviations from MODIS, CALIPSO, and most
reanalysis datasets except NCEP R1 have maximum values
from January to March. They then decrease to a minimum
between September and November, with annual mean
standard deviations of 7.65, 7.04, 6.00, 7.19, 8.47, 8.19, and
8.22 for ERA-Interim, MERRA, MERRA-2, NCEP R1,
NCEP R2, MODIS, and CALIPSO. The correlations
between the monthly mean standard deviations of

ERA-Interim, MERRA, MERRA-2, NCEP R1, and
NCEP R2 with MODIS and CALIPSO are 0.54 and 0.76,
0.66 and 0.82, 0.53 and 0.74, 20.22 and 20.49, and 0.72 and
0.75, respectively, which indicates that their variabilities are
similar over the annual cycle. This is illustrated by the
standardized cloud amount standard deviations shown in
Fig. 2b. In the figure, the monthly standard deviations are
standardized by subtracting their annual mean and dividing
by their annual standard deviation. Second, the differences
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FIG. 3. The difference in cloud radiative forcing from MERRA calculated for cloud amount
one standard deviation above and below the monthly mean, averaged over the entire Arctic,
the Arctic Ocean, and Arctic land areas.

between the standard deviations of the reanalysis datasets
and Terra MODIS are relatively small except for MERRA-2.
MERRA-2 shows larger differences in standard deviations compared to Terra MODIS. Mean differences
are 20.54, 21.15, 22.19, 21.0, and 0.28 of ERA-Interim,
MERRA, MERRA-2, NCEP R1, and NCEP R2 compared to MODIS, with root-mean-square errors (RMSEs)
of 1.20, 1.36, 2.40, 1.47, and 0.68. Third, the standard deviations over land are larger than those over ocean in most
months for ERA-Interim, MERRA, MERRA-2, MODIS,
and CALIPSO (not shown).

b. Cloud amount anomaly
To illustrate the importance of accurate cloud amount
anomalies, anomalies in the cloud radiative effect at the
surface, or ‘‘forcing,’’ are examined. Cloud radiative
forcing is calculated as the difference between the allsky and clear-sky net radiative fluxes at the surface.
The surface cloud forcing was calculated for every
month in every year at each grid point. The surface
cloud forcing was then averaged over the entire Arctic, over Arctic land, and over the Arctic Ocean, but
only for monthly cloud amount anomalies larger than
one standard deviation above the mean, and again for
cloud amount anomalies less than one standard deviation below the mean. The differences between
cloud forcing based on these anomalously high and
low cloud amounts calculated from MERRA are
shown in Fig. 3. The differences are positive in winter,
with a maximum value for the entire Arctic of

16 W m22. The differences decrease after January and
become negative in April–May, reaching a minimum
of 226 W m22 in August. The differences then start to
increase and become positive in September–October.
The differences are larger over ocean in the daytime
(sunlit) portion of the year and more negative over ocean
during nighttime (dark) than those over land. The differences between cloud forcing based on anomalously high
and low cloud amounts calculated from MERRA-2 and
the ERA-Interim are shown in Fig. 4. The results from
MERRA-2 show similar characteristics as MERRA, except that the differences are closer over ocean and over
land. The largest positive and negative cloud forcings for
ERA-Interim are 14 and 223 W m22 in December and
July, respectively; the differences are larger over land in
the daylight portion of the year and more negative over
land during the nighttime than those over ocean.
Why is this important? One example is the influence
of cloud forcing on sea ice growth. Theoretically, a
1 W m22 radiative flux anomaly would produce a 0.85-cm
sea ice growth anomaly in one month (Liu and Key 2014).
Therefore, a 216 W m22 radiative flux anomaly would
produce a 114-cm sea ice growth anomaly in a month,
and a 26 W m22 radiative flux anomaly would produce
a 222-cm sea ice growth anomaly (i.e., less ice growth).
Accurate estimates of the cloud amount and cloud forcing anomalies are critical for studying feedbacks and interactions in Arctic climate.
Previous studies have shown that the reanalysis products
have some skill in estimating monthly mean Arctic cloud
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FIG. 4. As in Fig. 3, but for (a) MERRA-2 and (b) ERA-Interim.

amount anomalies (Liu and Key 2014; Letterly et al. 2016).
Figure 5 shows the monthly mean cloud amount anomalies
in January 2013 and June 2013 from CALIPSO, MODIS,
ERA-Interim, MERRA, MERRA-2, NCEP R1, and
NCEP R2. In January 2013, both CALIPSO and Terra
MODIS show negative cloud amount anomalies over most
of the Beaufort Sea, Chukchi Sea, Canada Basin, the
Laptev Sea, northern Greenland, and part of north central
Russia, with maximum negative anomalies of 220% or
lower. Of the five reanalysis products, MERRA and NCEP
R2 show similar spatial distributions and magnitudes. The

cloud amount anomaly from ERA-Interim is negative over
part of the Arctic Ocean, and MERRA-2 resembles ERAInterim without the warming pattern over the Canada
Basin. NCEP R1 shows very little similarity to other reanalyses and to Terra MODIS. In June 2013, both
CALIPSO and Terra MODIS show positive cloud
amount anomalies over the Canada Basin, Beaufort Sea,
and Chukchi Sea and negative cloud amount anomalies
over northern Europe. NCEP R2 is most similar to MODIS
and CALIPSO, with both positive and negative anomalies
over the ocean and land. ERA-Interim, MERRA, and
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FIG. 5. Cloud amount anomalies (%) in (top) January 2013 and (bottom) June 2013 from (left)–(right) CALIPSO relative to the 2006–14
mean, and Terra MODIS, ERA-Interim, MERRA, MERRA-2, and NCEP R2 relative to the 2000–14 mean.

MERRA-2 only show negative anomalies over northern
Europe. As in January, NCEP R1 bears little resemblance
to MODIS and to the other reanalyses.
To assess the overall performance of the reanalysis
products, the GSS and correlation coefficients are
calculated for each reanalysis as the ‘‘forecast’’ with
MODIS (2000–14) as the independent observation for
the Arctic, Arctic land, and Arctic Ocean. The GSS
and correlation coefficients are also calculated between MERRA and ERA-Interim, with MERRA as
the forecast and ERA-Interim as the independent
observation, and between Aqua MODIS and Terra
MODIS, with Aqua MODIS as the forecast and Terra
MODIS as the observation. All the GSS values and
correlation coefficients are given in Table 1.

1) GSS WITH MODIS 2000–14 AND CALIPSO
2006–14
Figure 6 shows the GSS for each month in the entire
Arctic (Fig. 6a), over the Arctic Ocean (Fig. 6b), and over
Arctic land (Fig. 6c). The figure reveals the following
features: First, the GSSs for Aqua MODIS against Terra

MODIS are between 0.65 and 0.8 throughout the year,
with average scores of 0.71, 0.68, and 0.74 in the Arctic,
over the Arctic Ocean, and over Arctic land, respectively.
A perfect score would be expected for these two satellite
products if the two satellites viewed the same clouds and
if the cloud detection schemes were the same. The spectral characteristics and cloud detection capabilities of
Aqua and Terra MODIS are nearly identical, so the departures from perfect scores can be attributed to internal
variability in cloud cover on the synoptic scale and diurnal variations, as Terra and Aqua have different
equator crossing times [see Shupe et al. (2011) for a discussion of Arctic cloud diurnal cycles].
Second, all the scores are statistically significant at the
95% confidence level except for NCEP R1, as determined using the Monte Carlo test. This indicates that
the reanalysis products have skill in estimating cloud
amount anomalies relative to MODIS. The annual mean
scores are close for all reanalysis datasets except NCEP
R1, with average scores of 0.36, 0.31, 0.32, and 0.32 for
ERA-Interim, MERRA, MERRA-2, and NCEP R2.
There is no statistically significant difference between

TABLE 1. GSSs and correlation coefficients of reanalysis for the Arctic overall, over land, and over ocean.
GSS

ERA-Interim
MERRA
MERRA-2
NCEP R1
NCEP R2
ERA-Interim/MERRA
Terra MODIS
Aqua MODIS

Correlation coefficient

Terra MODIS

CALIPSO

Terra MODIS

CALIPSO

0.36, 0.45, 0.26
0.31, 0.40, 0.22
0.32, 0.40, 0.23
0.0, 0.0, 0.0
0.32, 0.37, 0.26
0.49, 0.56, 0.42

0.22, 0.29, 0.16
0.24, 0.29, 0.18
0.23, 0.29, 0.16
0.0, 0.0, 0.0
0.23, 0.25, 0.19

0.50, 0.70, 0.35
0.43. 0.65, 0.30
0.44, 0.64, 0.31
0.0, 0.0, 0.0
0.50, 0.62, 0.44
0.56, 0.75, 0.44

0.51, 0.61, 0.39
0.54, 0.65, 0.43
0.53, 0.66, 0.40
20.02, 0.01, 20.04
0.52, 0.58, 0.47

0.71, 0.74, 0.68

0.33, 0.35, 0.30
0.35, 0.36, 0.32

0.92, 0.94, 0.90

0.49, 0.70, 0.35
0.72, 0.75, 0.69
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FIG. 6. GSSs of ERA-Interim, MERRA, MERRA-2, NCEP R1, and NCEP R2 cloud
amount anomalies assessed by Terra MODIS cloud amount anomalies for the period 2000–14
over (a) the Arctic, (b) the Arctic Ocean, and (c) Arctic land.

these annual mean scores at the 99% confidence level.
At the 95% confidence level, ERA-Interim has more
skill than MERRA; the NCEP R2 has more skill than
MERRA over ocean; and ERA-Interim and MERRA
have more skill than NCEP R2 over land. These scores
are lower than a perfect score, which suggests that future
improvements are needed. All reanalyses show the best

performance in July, August, and September and the
worst performance in November, December, and January. It should be emphasized that ERA-Interim shows
somewhat better performance with respect to MODIS
from May to September.
Third, the performance of reanalysis products is better
over land than over ocean. The average scores are 0.45,
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FIG. 7. Dependence of ERA-Interim cloud amount anomaly GSSs on the standard deviation
threshold. GSS is relative to Terra MODIS for the period 2000–14.

0.40, 0.40, and 0.37 over land and 0.26, 0.22, 0.23, and
0.26 over ocean for ERA-Interim, MERRA, MERRA-2,
and NCEP R2. All are statistically significant at the 99%
confidence level.
Fourth, the scores of MERRA against ERA-Interim
are 0.49, 0.56, and 0.42 for the Arctic overall, Arctic
land, and Arctic Ocean. The score over land is significantly better than over ocean at the 99% confidence
level, and the scores are significantly better than those
against MODIS.
Fourth, the score depends on how an anomaly is defined. The results shown are for the normal defined as
between one and minus one standard deviation of the
monthly mean cloud amounts over the period 2000–14.
When the standard deviation threshold used to define
the normal is varied over the range 0.5–1.5, the scores
decrease for ERA-Interim with increasing threshold
(Fig. 7), as well as for MERRA, MERRA-2, and NCEP
R2. This implies that the capability of reanalysis products to depict cloud amount anomalies weakens for
more extreme anomalies. It should be emphasized that
the significance level of GSS is higher than 95% even
when the standard deviation threshold is set to 1.5.
GSS is also calculated for each reanalysis product as the
‘‘forecast’’ with CALIPSO (2006–14) as the independent
observation to assess the reanalysis performance. The
results are shown in Fig. 8. The GSSs for Aqua (Terra)
MODIS against CALIPSO have average scores of 0.35
(0.33), 0.36 (0.35), and 0.32 (0.30) in the Arctic, over the
Arctic land, and over the Arctic Ocean, respectively, with
no significant differences at the 95% confidence level.

The GSSs are higher from May to September than in
other months, which implies better daytime MODIS
cloud detection. The annual mean (range) GSSs of ERAInterim, MERRA, MERRA-2, NCEP R1, and NCEP R2
against CALIPSO are 0.22 (0.29, 0.16), 0.24 (0.29, 0.18),
0.23 (0.29, 0.16), 0.00 (0.00, 0.00), and 0.23 (0.25, 0.19) in
the Arctic, over Arctic land, and over the Arctic Ocean.
All scores are statistically significant at the 95% level
except for NCEP R1, as determined using the Monte
Carlo test. There is no statistically significant difference
between these values at the 95% level. As with the scores
against MODIS, all reanalyses also demonstrate the best
performance in July, August, and September and the
worst performance in November, December, and January against CALIPSO. The performance of all reanalysis
datasets is significantly better over land than over ocean
at the 95% level. All features are consistent with those
seen with MODIS.
The GSSs of reanalyses against CALIPSO are significantly lower than those against MODIS. These two
datasets have different temporal coverage and spatial resolutions, where CALIPSO covers 2006–14 with 108 longitude by 38 latitude resolution, and MODIS covers 2000–14
with 18 longitude and 18 latitude resolution. GSSs of the
reanalyses against MODIS for the same time period and
spatial resolution as CALIPSO were also calculated. They
are not significantly different than those for the original
MODIS analysis. This suggests that the GSSs are sensitive
to the validation datasets used but may not be very sensitive to the spatial resolution or the time period of the
products.
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FIG. 8. GSSs of ERA-Interim, MERRA, MERRA-2, NCEP R1, and NCEP R2 cloud
amount anomalies assessed by CALIPSO cloud amount anomalies for the period 2006–14 over
(a) the Arctic, (b) the Arctic Ocean, and (c) Arctic land.

2) CORRELATION ANALYSIS WITH MODIS
2000–14 AND CALIPSO 2006–14
The correlation analysis is presented in the same way as
that for GSSs. The conclusions are also similar. Figure 9
shows the correlation coefficients for each month over the
entire Arctic (Fig. 9a), over the Arctic Ocean (Fig. 9b), and
over Arctic land (Fig. 9c). The correlation coefficients for

Aqua MODIS against Terra MODIS are high throughout
the year, with average scores of 0.92, 0.94, and 0.90 in the
Arctic, over Arctic land, and over the Arctic Ocean, respectively. The annual mean correlation coefficients are
similar for all reanalysis datasets except NCEP R1, with
average values of 0.50, 0.43, 0.44, and 0.50 for ERAInterim, MERRA, MERRA-2, and NCEP R2. All the
correlations are statistically significant at the 95%

1 SEPTEMBER 2016

LIU AND KEY

6077

FIG. 9. Correlation coefficients of ERA-Interim, MERRA, MERRA-2, NCEP R1, and
NCEP R2 cloud amount anomalies assessed against Terra MODIS cloud amount anomalies
for the period 2000–14 over (a) the Arctic, (b) the Arctic Ocean, (c) and Arctic land.

confidence level except for NCEP R1. There is no statistically significant difference between these annual means
at the 99% level. For the 95% confidence level, the ERAInterim and NCEP R2 are better (higher, significant
correlations) than MERRA and MERRA-2; NCEP R2 is
better than other reanalyses over ocean; and ERA-Interim

is better than other reanalyses over land. All reanalyses show overall better performance in July, August, and September than that in December, and
January. The performance of reanalysis products is
better over land than over ocean. The average scores
are 0.70, 0.65, 0.64, and 0.62 over land and 0.35, 0.30,
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FIG. 10. Correlation coefficients of ERA-Interim, MERRA, MERRA-2, NCEP R1, and
NCEP R2 cloud amount anomalies assessed against CALIPSO cloud amount anomalies for
the period 2006–14 over (a) the Arctic, (b) the Arctic Ocean, and (c) Arctic land.

0.31, and 0.44 over ocean for ERA-Interim, MERRA,
MERRA-2, and NCEP R2. All are statistically significant at the 99% level. The agreement of MERRA
and ERA-Interim (0.56) is significantly better than
that between each reanalysis and MODIS, and it is
significantly better over land than over ocean, with average

scores of 0.75 and 0.44. The findings of the correlation
analysis are consistent with those of the GSS analysis.
Correlation analysis is also carried out for each reanalysis
dataset with CALIPSO (Fig. 10). The correlation coefficients for Aqua (Terra) MODIS against CALIPSO
have average scores of 0.72 (0.49), 0.75 (0.70), and
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0.69 (0.35) in the Arctic, over Arctic land, and over the
Arctic Ocean, respectively, with significantly higher
values for Aqua MODIS over the Arctic and the Arctic
Ocean. The best performance is from July to September,
possibly as a result of more daylight in the Aqua data
and therefore better cloud detection. The annual mean
(range) correlation coefficients of ERA-Interim,
MERRA, MERRA-2, NCEP R1, and NCEP R2
against CALIPSO are 0.51 (0.61, 0.39), 0.54 (0.65, 0.43),
0.53 (0.66, 0.40), 20.02 (0.01, 20.04), and 0.52 (0.58,
0.47) in the Arctic (over Arctic land and over the Arctic
Ocean). All coefficients are statistically significant at the
95% level except for NCEP R1. There is no statistically
significant difference between these annual means at the
95% level over the entire Arctic. Over land, the coefficients of MERRA and MERRA-2 are significantly
higher than those of ERA-Interim and NCEP R2. Over
ocean the coefficients are higher for NCEP R2 than for
ERA-Interim. The seasonal differences in the coefficients are not apparent. The performance of all reanalysis datasets is significantly better over land than
over ocean. All the features are consistent with those for
the MODIS analysis.
In contrast to the GSS analysis, the correlation coefficients of the reanalyses against CALIPSO are
slightly higher than those against MODIS for MERRA
and MERRA-2, with no significant differences for
ERA-Interim or NCEP R2. Correlation coefficients for
the reanalyses against MODIS for the CALIPSO time
period and spatial resolution were also calculated, with
no significant differences. As with the GSS analysis, this
suggests that the correlation analysis may not be sensitive to the spatial resolution and time period of the
validation datasets. The sensitivity to different validation datasets is much lower than that of the GSS.

4. Discussion and conclusions
There are significant differences in the monthly mean
Arctic cloud amount in reanalysis products, and none of the
reanalysis products examined here resembles the annual
cycle of cloud amount from MODIS or CALIPSO satellite
products. Despite differences in the mean cloud amount, the
reanalysis datasets do exhibit some capability for depicting
the monthly mean cloud amount anomalies, as demonstrated
for the period 2000–14. The GSS and correlation coefficients
of all reanalysis products included in this study except NCEP
R1 are statistically significant, which demonstrates that there
is skill in estimating the cloud amount anomalies with reanalysis products. While cloud schemes in the reanalysis
models have been periodically updated and improved
(Kanamitsu et al. 2002; Dee et al. 2011; Rienecker et al.
2011), the results of this study indicate that there is no
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significant difference between the performance of the
prognostic and diagnostic schemes in simulating the
monthly mean cloud cover anomalies, and further improvement may be needed. The GSS and correlation
coefficient values provide a baseline for the current
performance and can be used to evaluate future
improvements.
Cloud detection in the polar regions using passive
satellite instruments, such as MODIS, is difficult given
the similarity in temperature and reflectance of the
ubiquitous low-level clouds and the surface. This is
particularly true in the wintertime, when shortwave
(visible through solar infrared) data are not available
and when stronger temperature inversions exist
(Zygmuntowska et al. 2012). In addition to MODIS,
there are other options for reference cloud amount and
anomaly climatologies, such as active spaceborne radar–
lidar and surface observations. CALIPSO cloud amount
data from 2006 to 2014 are therefore employed in this
study as a complement to the MODIS cloud data.
However, while active sensors may be more effective in
cloud detection than passive sensors, there are challenges in their use, including difficulties in detecting the
low-level clouds (Zygmuntowska et al. 2012; Liu et al.
2012b) and uncertainties due to limited spatial sampling (Liu 2015). Sampling error is a potential problem
in the analysis of (Wyser et al. 2008), particularly for
comparisons over a short time period, such as daily
averages. For the evaluation of monthly means, the
uncertainty introduced by sampling error is much
smaller (Guan et al. 2013). Here, the CALIPSO cloud
amount is averaged over a large area in this study to
minimize the sampling error. Regarding in situ observations, their spatial coverage is very limited in the
polar regions. It would be a difficult task to optimally
combine all these observations to produce a highquality cloud amount product.
The annual cycles of Arctic cloud cover from the
reanalyses do not resemble those from MODIS and
CALIPSO. This is consistent with results of other
studies (Wyser et al. 2008; Wyser and Jones 2005).
MERRA, MERRA-2, and ERA-Interim show higher
cloud amount in the winter than MODIS and CALIPSO.
It has been suggested that an optical thickness
threshold should apply to modeled cloud amount so
that clouds with thicknesses lower than the threshold
would be removed (Wyser et al. 2008; Wyser and
Jones 2005; Karlsson and Svensson 2011). Such an
approach results in a better agreement between the
modeled and observed annual cycle. This approach,
however, will not work for NCEP R2 or NCEP R1,
which have lower cloud amounts than MODIS
throughout the year.
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The reanalysis products perform better in depicting
the monthly mean cloud amount anomalies over land
than over ocean. This may be a result of the fact that the
reanalysis products assimilate many available atmospheric and surface state variables directly (e.g., air
temperature, pressure, and moisture), and such measurements are dense over land but sparse over the
ocean. The land–ocean difference is apparent in
the GSS.
Satellite simulation software has been developed to
evaluate the cloud parameterization of numerical
weather prediction and climate models using satellite
retrievals (Bodas-Salcedo et al. 2011). Cloud outputs
generated with the Cloud Feedback Model Intercomparison Project (CFMIP) Observation Simulator
Package (COSP) simulators have been used to understand and quantify climate model cloud biases (Kay
et al. 2012). Such information would be useful, but it is
not currently available (Naud et al. 2014).
Walsh et al. (2005) advocates that both cloud amount
and radiative fluxes should be assessed in evaluating
modeled clouds in the Arctic. The reason is that errors in
cloud amount and cloud microphysical properties can
offset each other and result in similar radiative fluxes, and
it is the radiative effect of clouds that controls the energy
budget (de Boer et al. 2014; Cox et al. 2014). In this study,
only cloud amount was evaluated against satellite data, as
satellite-derived radiative flux estimates have large uncertainties because they depend on cloud amount, other
cloud properties, surface temperature and albedo, and
atmospheric temperature and water vapor. Errors in each
of these quantities propagate through the calculation of
radiative fluxes and can collectively be substantial (Key
et al. 1997). When a reliable satellite-derived radiative
flux product is available, radiative fluxes in the reanalyses
should be evaluated using the same approach employed
here for cloud amount.
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